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In many fields, long-term prediction on time series data with exogenous variables has been performed. However,
it is difficult to deal with some noise in input data and to qualitatively understand the obtained results. In this
paper, first, we extend the DA-RNN proposed by Qin et al so that it can be used in the different time range from
the original method. Also, the DA-RNN is extended to be applicable to long-term prediction. Second, we develop
a new method of long term prediction based on the extended DA-RNN and the subsequence time-series clustering.
An evaluation method of major factors in the exogenous variables is proposed by visualizing the weight of attention
mechanism. We tested our method using dataset named SML2010. It is shown that our method has high prediction
ability and robustness against noise, accountability of the results.
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1:
RMSE MAE MAPE

Encoder-Decoder 2.800 2.096 0.100

Attention 2.608 1.971 0.095

DA-RNN-Tp 2.572 1.886 0.091

Proposed 2.508 1.812 0.088

2:
RMSE MAE MAPE

DirRec 0.252 0.186 0.009

Encoder-Decoder 0.249 0.183 0.009

Attention 0.281 0.216 0.010

DA-RNN-TpLP 0.233 0.157 0.007

Proposed 0.239 0.164 0.008

3:
RMSE MAE MAPE

DA-RNN 0.556 0.361 0.017

Proposed 0.555 0.352 0.016

4:
RMSE MAE MAPE

DA-RNN 0.051 0.039 0.002

Proposed 0.048 0.039 0.002
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