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Process Optimization of Cold Extrusion Process of
Flange Shaft Based on Neural Network

ZHENG Gan,LIU Shumei, WANG Dongsheng
(School of Materials Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract ; In order to study the influence of cold extrusion process parameters on the forming quality of flange shaft and
solve the problems of unsatisfactory filling of flange and folding defects of stepped shaft during the forming of flange
shaft, a three-factors and three-levels orthogonal experiment was designed and a three-layers topology was used to
construct. It was a bible network model for the optimization of cold extrusion process of flange shaft by taking the
extrusion speed of punch, friction coefficient between mold and blank and the radius of rounded corner at the step axis as
input layer neurons and folding angle and the forming load as output layer neurons. The model was trained by "
normalization method" , and the model was tested by prediction. The results show that the model has better prediction
performance and higher accuracy. The production verification proves that the optimized process can effectively solve the
problems of unsatisfactory filling of flange and folding defects, and provides a reference for solving the multivariate and
multi-response complex nonlinear engineering problems.
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Orthogonal test scheme and results

Table 1

TR OBRFEERE EEEE PES TEMA B
o/(mm-s™")  Hu  CERER/mm o/(°) W/kN
1 4 0.05 3 208 25.1
2 4 0.05 3 210 21.1
3 4 0.05 4 360 15.4
4 5 0.08 4 335 26.3
5 5 0.08 5 300 19.6
6 5 0.08 5 251 16.8
7 6 0.12 3 208 26.8
8 6 0.12 4 210 20.0
9 6 0.12 5 211 16.1
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Figure 2 Flange shaft parts forming defects
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Figure 3 Neural network optimization

model structure
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Table 2 Neural network model forming process

parameters and horizontal value

K L5 s l’%*f? W Bl £
o/(mm+s”!) PR% 4% R/mm
1 4 0.05 3
2 6 0.12 5

3 M E LAY R T FA I IE
3.1 HEM&IZ

XETE 22 B I T M M A BT 5, 5 2
PRI R R WA T Z2 0 2k, B Kolmogorov E BRI H5Y
B Z AT B0 7, IR Ry 0. 035, Mg
SREEBE N 0. 01, B 1k UG, HARERZE N 1 x
107, 71 tramnmx bR ECHEATIH— ko BRI 25 i1 H
RERNZEANIE 4 i, DAIE A n] LA AR B i Y1
REREIR 11, 1565 4 896 YUk, IZRAYIR 21K
ST ABRRZE, BT LA TUERE HA BT AR L, fiE
WS A JE AP ZECAN Y Z R E T A SE AR o

10°

WrinzE
=

2000 3000 4000 5000
ISR

B4 FhzREAER MWK

Figure 4 Performance curve of
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Figure 5 Contrast line chart of training
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Table 3  Neural network model validation sample table

95 o/ (mm - s) m R/mm a/(°) W/kN
1 4.5 0.06 3.5 310 26.8
2 5.0 0.07 4.0 345 27.0
3 5.5 0.10 4.5 231 19.1
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Figure 6  Scatter plot of verify sample
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