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Optimization study of cutting parameters of micron wood fiber
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Abstract: In order to improve the process of micron wood fiber cutting, an improved particle swarm algo-
rithm and BP neural network based on the combination of optimization algorithm is proposed to achieve
the precision machining of micron wood fiber. The error back propagation algorithm is used to achieve the
best structure selection of the complex relationship between cutting parameters. The improved particle
swarm optimization algorithm (PSO) solves the defect of local minimum convergence of BP network, and
gives a scientific and reasonable output of cutting parameters. The precision and effectiveness of the pre-
cision training of the algorithm are verified by the simulation and optimization experiments of the cutting
parameters of different tree species. The research shows that the improved optimization algorithm proposed
in this paper can predict the cutting parameters of the wood to be processed and has a high training preci-

sion.
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Fig. 1  BP network structure
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Fig. 2 The topology structure of BP neural network
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structure map based on BP neural network
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Table 1  Micron wood fiber cutting experimental data
_— A, /73 A,/ A,/ A,/ A/ A/ A,/ 0, /71 0, /71 3
(z-em™) (MPa)  (MPa)  (MPa)  (MPa) pm pm (mesT) (m-s7)
IKAZ 2 0.342 29.6 54.6 3.8 24.9 40 5 23.84 0.0975 24-
Evial 0. 458 33.8 63.6 7.8 20. 6 90 5 22.76 0.017 1 267
L2 0.592 62.5 111.2 7.7 50.7 60 10 22.84 0.0114 27
1 0.792 53.9 126. 8 13.1 68.5 80 10 21.68 0.0145 29
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Table 2 Training results and error of cutting speed

-1

m-=*s

_— Wi SR VI
VMR UIHIEREE R
KAz 1 23.56 23.531 1 -0.0289
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Table 3 Feed speed training results and errors
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Table 4 Training results and error of cutting angle
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Table 5 BP and PSO - BP algorithm output error comparison
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