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Energy consumption prediction of
printing workshop based on MEA-BP neural network
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2 Guizhou Xiniuwang Printing Co., Ltd., Guiyang 550008, China)

[ Abstract] With the development of manufacturing industry, the demand for the energy is increasing, and it is urgent to achieve
energy conservation and emission reduction. In view of the complexity of energy consumption in printing workshop, a BP neural
network model improved by MEA algorithm is proposed as a solution to energy consumption prediction. MEA algorithm uses
multiple subgroups in the algorithm solution space to find the optimal individuals, adopts the organic combination of " convergence"
and " alienation" to output the optimal individuals, and decodes the weight and threshold value of the network, therefater establishes
the MEA - BP neural network prediction model. The convergence rate and generalization ability of BP neural network can be
improved effectively, and the global representation of weights and thresholds can be guaranteed. Through the simulation test, the
experiment proves that the MEA —BP neural network has better prediction accuracy and can be used in the energy consumption
prediction of the printing workshop.
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Fig. 1 System structure diagram of thinking evolution algorithm
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Fig. 2 Topological structure of BP neural network
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Fig. 3 Schematic diagram of the training process of BP neural

network
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Fig. 4 Flowchart of MEA-BP neural network algorithm
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Fig. 5 Neural network topology
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Tab. 1 Parameters table of the algorithm
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Fig. 6 Subpopulation convergence process before dissimilation
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Fig. 7 Subpopulation convergence process after alienation
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Tab. 2 Output data comparison

Y5 SEBRE BP fiil{ti MEA-BP Fiill{i
1 81.53 83.59 82.34
2 79.25 76.39 78.55
3 85.61 84.22 84.98
4 84.99 87.36 85.74
5 86.23 84.32 85.66
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Tab. 3 Model evaluation indicators

EIEELTR MAE RMSE R
BP 1.3524 1.659 8 0.9359
MEA-BP 0.256 1 0.342 1 0.986 3
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