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The Short-Term Temperature Prediction Based on
Bidirectional Multi-Scale LSTM

CHENG Pengyu' ,ZHAO Jia'" ,HAN Longzhe' ,ZHANG Yiying’, WU Yannian’

(1. School of Information Engineering, Nanchang Institute of Technology , Nanchang Jiangxi 330099 , China;
2. College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457 , China;
3. Shenzhen Guodian Technology Communication Corporation Limited ,Shenzhen Guangdong 518000, China)

Abstract: Because at the LSTM (Long Short-Term Memory) cannot effectively extract the multi-scale features and
inverse features of temperature data,the BMS-LSTM ( Bidirectional Multi-scale Skip Long Short-Term Memory )
short-term temperature prediction model is proposed. The model uses LSTM as the core unit, and uses a two-way
deep network structure to extract reverse features. The multi-scale feature is extracted according to the daily cycle
setting of the number of jump connections in the temperature data,which solves the problem of the jump scale being
too large in the later stage of the exponentially increasing number of jump connections. Finally,the fully connected
layer is used for feature fusion prediction. The experiment’s results show that BMS-LSTM has successfully extracted
the multi-scale features and reverse features of temperature data,and the average prediction error is only 3. 890,
which is better than the comparison model and is an effective short-term temperature prediction model.

Key words: Long Short-Term Memory ( LSTM) ; temperature prediction; multi-scale ; reverse feature ; skip connec-

tion ; feature fusion
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