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Abstract - Not only growth of importance to understanding economic trends, but also the prediction to overcome the uncertainty is
coming up for long—term maritime recession. This paper discussed about the prediction of BDI with artificial neural networks (ANN)
ANN is one of emerging applications that can be the finest solution to the knotty problems that may not easy to achieve by humankind.
Proposed a prediction by implementing neural networks that have recurrent architecture which are a Recurrent Neural Network
(ENN) and Long Short-Term Memory (LSTM). And for the reason of comparison, trained Multi Layer Perceptron (MLP) from
2009.04.01 to 2017.07.31. Also made a comparison with conventional statistics, prediction tools;, ARIMA. As a result, recurrent net,
especially RNN outperiormed and also could discover the applicability of LSTM to specific time-series (BDI).
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Table 1. z} Q1&414 % 2% 8 MSE, RMSE, MAE,
MAPE

MLP RNN LSTM

MSE 30212.066 25269.133 1590464

RMSE 173.816 158.963 1261.136

MAE 156.802 141.315 1212.233

MAPE 23.789 22.816 181.0035

2015.04.01 20150720 2015.12.15 2016.04.20 2016.09.15 2017.02.01 2017.08.01
Date
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