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Optimization algorithm for cloud manufacturing service portfolio
based on CNN satisfaction model

WANG He, ZHOU Jingquan, FAN Qi

(College of Electronic and Optical Engineering & College of Flexible Electronics ( Future Technology) ,
Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: This paper investigates the problem of cloud manufacturing service portfolio and proposes a dynamic model of
satisfaction based on Convolutional Neural Network ( CNN) to build an optimization algorithm for cloud manufacturing service
portfolio based on dynamic model and improved genetic algorithm. An asymmetric multi—scale Convolutional Neural Network is
constructed and the CNN is trained using historical data to achieve dynamic adjustment of weights, so as to construct a dynamic
model of cloud manufacturing service satisfaction that meets different needs of users. A dynamic elite strategy is adopted for the
genetic algorithm and a crowding mechanism and fast non—dominated ranking are introduced. The results show that the obtained user
satisfaction of the cloud manufacturing service portfolio is 17. 33% higher than that of the linear weighted model and 9. 34% higher
than that of the non-linear model constructed by BP neural network, and the Mean Square Error ( MSE) is reduced to 0. 002 26.
The feasibility and effectiveness of the proposed model construction method and algorithm strategy are verified in the cloud
manufacturing service platform, and the convergence speed is still fast in the high dimensional model. The proposed model
construction method and algorithm strategy are validated in a cloud manufacturing service platform, and the convergence speed is
still fast in high—dimensional models, which overcomes the drawbacks of previous linear combinations using fixed weights, resulting
in improved satisfaction while having high stability.
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Fig. 1 Structure diagram of service composition optimization based on convolutional neural network
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Fig. 2 Cloud manufacturing total time costing model
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Fig. 3 Schematic diagram of resource utilization
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Fig. 4 Convolutional Neural Network architecture
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Fig. 6 Degree of data fitting reflected in the regression curve
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Fig. 8 Optimization method of cloud manufacturing service portfolio
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Table 1 Evaluation index of prediction results of each model
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