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Fig.1 Basic unit of LSTM network model
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Fig.5 Partial enlargement of prediction results
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Table 1 Prediction errors of dataset

T 5 9 yruse/ (M5 yyup/(mes™)  yaaps/%
SVM 3.340 2.550 34.324
BPNN 3.375 2.585 33.908
LSTM 3.304 2.499 33.037
CRNN 3.298 2.489 32.810
MCLSTM 3.311 2.504 32.851
MCLSTM-CNN 3.281 2.475 32.793
MCLSTM-CNN-EC 3.242 2.329 29.713

F 2 BUIEEERET 150 P FNEE N TR = B iR
Table 2 Prediction errors of the first 150
prediction results of dataset

T 7y vk yruse” (mes™) yyap/ (mes™)  Yyape/ %
SVM 2.940 2.375 29.616
BPNN 2.958 2.369 29.072
LSTM 2.921 2.336 28.499
CRNN 2.937 2.342 28.468
MCLSTM 2.940 2.355 28.593
MCLSTM-CNN 2.920 2.313 28.221
MCLSTM-CNN-EC 2.801 2.108 25.824
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Wind speed prediction based on multi-channel long short-term

memory convolution neural network
XIU Chunbo, SU Huan, SU Xuemiao
(School of Control Science and Engineering, Tiangong University , Tianjin 300387, China)

Abstract: A wind speed prediction method based on the combination of multi-channel long short-term memory network and
convolution neural network is proposed to improve the prediction performance of wind speed. The prediction model is composed
of multiple long short-term memory sub-networks and convolution networks. Future wind speed values are calculated by each
sub-network with the different input data length, which can avoid difficultly selecting the input data length in the single
prediction network. Convolution and max-pooling operations of the calculation results of sub-networks are performed by the
convolution network ,and the prediction values of the wind speed are output by the fully connected layer of the convolution
network. In order to overcome the accumulation and drift of prediction errors,the dynamic error compensation method is used to
correct the prediction values. The network can be used in the ultra-short-term prediction of wind speed. Simulation results show
that the network can better fit the variation trend of the actual wind speed series than the existing prediction networks based on
deep learning, and the network shows better prediction performance.

Keywords : ultra-short-term ; wind speed prediction ;long short-term memory network ; convolution neural network ; error compen-

sation ; deep learning
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