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Prediction on V-shaped free bending angle and springback based on
DPSO-BP neural network

Zhan Shaowei' , Gong Junjie', Wei Yuanyuan', Wang Jinrong”, Chen Yangdong®
(1. College of Mechanical Engineering, Yangzhou University, Yangzhou 225000, China;
2. Jiangsu Yawei Machine Tool Co. , Lid. , Yangzhou 225200, China)

Abstract: A prediction method about V-shaped free bending angle and springback considering material parameters and geometric parameters
was proposed, according to the machine learning algorithm modelling based on the BP neural network optimized by the DPSO algorithm ( DP-
SO-BP). The method mainly introduced the nonlinear inertia weight to improve particle swarm (PSO) algorithm, further optimized the ini-
tial weight and threshold of the neural network, and constructed the neural network prediction model. Then, the different batches of SUS304
stainless steel sheets was taken as the research object, 45 training sample data were obtained by designing orthogonal experiment, and the
accuracy of the constructed prediction model was verified. The results show that the average errors of the forming angle and the springback
angle predicted by the DPSO-BP neural network model are 0. 150° and 0. 120°, respectively. Compared with the PSO-BP neural network
model before optimization, the average errors of the forming angle and the springback angle are significantly reduced, and the calculation
time is greatly shortened from 14. 0 min to 0. 8 min, achieving high prediction accuracy and high calculation efficiency at the same time.

Key words: springback; V-shaped free bending; BP neural network; PSO algorithm; springback angle
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Fig. 1 Schematic diagram of V-shaped free bending
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Fig. 2 Stress and strain during bending loading-unloading process
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Table 1 Mechanical properties of SUS304 stainless
steel with different batches

i fffg iffff WACIER AL Ro/E

1 194.5 296. 81 0.4287  0.293  1.53x107
2 196. 1 279. 45 0. 4241 0.298  1.43x107°
3 192.6 285. 39 0.4238  0.293  1.48x107°
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Table 2 Schemes and results of orthogonal experiments

R s t/ 1% v/ D/ BB g
ia=2 o mm mm mm mm  o/(°) Aa/(°)

1 1.43x107 L. 1.0 8 1.53 140.71 3.53

2 1.43x107° 1. 1.0 8 1.97 127.33 3.81

3

—_

1.0 8 2.84 98.93 4.46

0
0
.43%x107° 1.0 1.0 8 2.40 114.59 4.12
4 1.43x107 1.0

0

5 1.43x107% L 1.0 8 3.13 91.93  4.53
6 1.43x10° 1.5 0.8 12 2.29 139.4 3.48
.43%107° 1.5 0.8 12 2.95 126.6  3.59

~
—_

.43x107° 1.5 0.8 12 3.60 114.13 4.17

oo

9 1.43x10° 1.5 0.8 12 4.26 98.54 4.49

10 .43x107° 1.5 0.8 12 4.78 91.97 4.55

—_

11 1.43x107° 2.0 1.2 20 3.82 140.13 3.95
12 1.43x10° 2.0 1.2 20 4.91 126.87 4.18

44 1.53x10° 2.0 0.8 8 2.84 98.48 4.0l
45 1.53x10° 2.0 0.8 8 3.13 91.91 4.24
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Fig. 4 Bending experiment diagram in situation
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Fig. 5 Angles before (a) and after (b) unloading of sheet in experiment 5
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Table 3 Experimental test samples

&4 BPHEMZEBETNMHEAMEERRIRE (°)

Table 4 Forming angles, springback angles and errors

predicted by BP neural network model (°)

e BE W {E xR 2%

FP5 mUoBM WS RUBM [ AUBM B
' 140.77 3.94 140.12  3.39 0. 65 0.55
2 127.24  4.15 126.93  3.86 0.31 0.29
392,03 4.00 92.30  4.22 -0.27  -0.22
4 92,67  5.00 91.96  4.35 0.71 0. 65
5 12782 4.79 127.86  4.72 -0.04  0.07

&5 PSO-BP #HZMERBTNUME AFEEARIRE (°)

Table 5 Forming angles,

springback angles and errors

predicted by PSO-BP neural network model (°)

Wy HE R {E EURURE

P59 Wibf WERM MU WS OB WA
' 140.46  3.69 140.12  3.39 0.34 0.30
2’ 127.08  4.00 126.93  3.86 0.15 0. 14
392,02 3.97 92.30  4.22 -0.28  -0.25
4 9245  4.78 91.96  4.35 0.49 0.43
5 127.70  4.63 127.86  4.72 -0.16  -0.09
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Table 6 Forming angles,

)

springback angles and errors

predicted by DPSO-BP neural network model ( °)

BIFS R./E #/mm r/mm V/mm  D/mm
v 1.43x1073 1.0 0.8 8 1.53
2' 1.43x1073 1.5 1.0 12 2.95
3 1.48x1073 1.5 1.0 8 3.13
4! 1.48x1073 2.0 1.2 12 4.85
5’ 1.53x1073 1.5 0.8 20 4.91
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Fig. 11 Comparison of average errors for forming angle and springback

angle and calculation time by different prediction models
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