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Abstract In the development of practical application system of Internet of Things(IoT) ,traditional regression methods
have the problems of non-uniform expression, poor non-linear correction ability and dynamic adaptability for physical
quantity regression of A/D conversion. Based on the analysis of the physical quantity regression elements of A/D con-
version,and according to the non-linear mapping ability in BP artificial neural network, this paper proposed a BP neural
network optimized by cuckoo search algorithm,and utilized it to realize physical quantity regression method of A/D con-
version with unified mathematical expression. Practice shows that this method has the characteristics of uniform mathe-
matical formula,strong nonlinear correction ability and dynamic adaptability. This method is not only suitable for IoT
system using communication methods to send A/D acquisition data to PC directly,but also suitable for the environment
in which PC is used to learn. The neural network structure parameters are stored in the Flash of MCU,and the A/D
value is directly converted to the actual physical quantity at the terminal IoT.

Keywords A/D conversion, BP neural network, Cuckoo search algorithm, Physical quantity regression, Dynamical
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Fig. 1 Schematic diagram of physical quantity conversion
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Fig. 2 Principle diagram of BP neural network
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Fig. 3 Flowchart of BP network optimized by cuckoo algorithm
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Table 1 Training efficiency comparison for number of hidden nodes
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Fig.5 Changing trend of training error in CS-BP neural network
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Table 3

Parameters of each layer in CS-BP neural network
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Table 4 Performance comparison of physical quantity

regression methods
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Fig. 7 Physical regression test based on CS-BP neural network
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Table 5 CS-BP network output test
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2F91 8.5 8.6 0.1
30B3 12.2 12.3 0.1
3243 23.3 23.5 0.2
3417 38.2 38.2 0
34E3 47.2 47.2 0
3625 58.6 58.4 0.2
37E5 85.5 85.4 0.1
38C1 105. 8 106. 0 0.2
398B 113.1 112.8 0.3
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Online dynamic correction flow of physical quantity regression
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