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The Short-Time Temperature Prediction for Multi-Channel CNN-BIiLSTM

LI Changxiang,ZHAO Jia“ ,HAN Longzhe , FAN Tanghuai, LI Zhenzhen
(School of Information Engineering, Nanchang Institute of Technology ,Nanchang Jiangxi 330099, China)

Abstract ; Temperature data have obvious reverse ,temporal correlation and multi-scale features. The key to improve
the accuracy of temperature prediction is to exiract the above features from temperature data effectively. In order to
extract these features,a short-time temperature prediction model is propsed for Convolutional Neural Network-Bidi-
rection Long Short-Term Memory ( CNN-BiLSTM). BiLSTM is used to extract reverse feature and temporal correla-
tion feature from data. Multi-channel CNN with different sizes and expansion rates is used to extract multi-scale fea-
ture from the data and composed the data after learning multi-scale feature. The data and the original data are used
as multi-channel input of BiLSTM layer,and the output data passes through the full connection layer to form the fi-
nal prediction result. The experimental results show that the short-time temperature prediction model for multi-chan-
nel CNN-BIiLSTM can effectively extract the reverse, temporal correlation and multi-scale features of the data,and
can effectively improve the accuracy of temperature prediction. Therefore, it is an effective short-time temperature
prediction model.

Key words: temperature prediction ; convolutional neural network ; long short-term memory ; multi-channel ; multi-

scale feature

(RIEHREE  H/NER)



