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Abstract

Abstract: The outlet temperature of the decomposition furnace is a key indicator in the cement production
process. Aiming at the problem that traditional prediction methods only consider the influence of wind,
coal, and materials, a temperature prediction model of ElasticNet combined with Long Short-Term
Memory (LSTM) neural network is proposed. The ElasticNet-LSTM export temperature prediction model
is constructed by using the ElasticNet method to estimate the parameters of different variables, fully
considering the influencing factors and realizing the variable screening, and analyzing the influence of the
number of hidden layers and nodes on the accuracy of the neural network. Simulation results show that
the proposed method is superior to LSTM, Least Absolute Shrinkage and Selection Operator-LSTM, BP
neural network, and RBF neural network, and has higher prediction accuracy.
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Tab. 3 Comparison of some results of different prediction methods
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87 895.601 898.224 2.623 897.064 1.463 895.209 -0.392
88 896.022 898.357 2.335 897.446 1.424 896.457 0.435
89 895.601 899.195 3.594 897.954 2.353 896.986 1.385
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Tab. 4 Error comparison of prediction results
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Fig. 5 Temperature difference curve of comparison method
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