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Surface Quality Prediction Based on BP and RBF Neural Networks
PENG Bin-hin, YAN Xian-guo, DU Juan

(School of Mechanical Engineering, Taiyuan University of Science and Technology, Taiyuan 030051, China)

ABSTRACT: The work aims to study the role of RBF and BP neura networks in milling, so as to realize the prediction of
milling quality and improve the milling performance. Firstly, the circular milling cutter was compared with the commonly used
spherical milling cutter, and then based on the MATLAB platform, an RBF neural network model was established with the
milling speed, feed and milling depth as input parameters and surface roughness as output parameters. The RBF neural network
model was trained through a large amount of experimental data, and then the trained RBF neural network model was used to
predict the surface roughness, and the predicted value was compared with the measured value to verify the prediction
performance of the RBF neura network. After the BP neural network model was trained in the same way, the prediction results
of the model established with the RBF neural network were compared. The absolute value of the surface roughness relative error
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by the RBF method did not exceed 6%, the maximum error was 0.056 098, the average error was 0.022 277, while the maximum

error of the BP method was 0.074 947, and the average error was 0.036 578. The processing quality of circular milling cutter is
better. RBF neural network model has better prediction ability than BP neural network, and has shorter modeling time, higher

convergence speed, stable training process and faster learning speed, and can effectively predict the milling quality.
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Fig.1 Circular milling cutter
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Tab.1 Mechanical properties of workpiece materials

Density/(kg-m™)  Elastic modulus/GPa Poisson’s ratio

2820 717 0.33

x2 JTIEMBRNFEMERE

Tab.2 Mechanical properties of cutter materials

Density Elastic Poisson’s Spscn;l‘ccipeat
/(kg-m™)  modulus/GPa ratio i J-igfl.gfl)
14 800 640 0.22 220
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Tab.3 Process parameter factor coding level

Factor level 1 2 3 4
Al(r-min ) 60 90 120 150
B/(mm-r) 0.1 0.2 0.3 0.4
C/mm 0.2 0.4 0.6 0.8
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Tab.4 Experimental scheme

Experi- A B

mer_1ta| /(r-min’l) /(mm:. r’l) C/mm Ral/um Ra2/um

coding
1 60 0.1 0.4 0.582 0.542
2 60 0.1 0.2 0.633 0.560
3 60 0.2 0.4 0.715 0.615
4 60 0.3 0.6 0.625 0.505
5 60 04 0.8 0.698 0.570
6 90 0.1 0.4 0.665 0.545
7 20 0.2 0.2 0.702 0.576
8 90 0.2 0.6 0.657 0.522
9 20 0.3 0.8 0.732 0.551
10 90 0.4 0.6 0.719 0.536
11 120 0.1 0.6 0.611 0.499
12 120 0.2 0.8 0.699 0.533
13 120 0.3 0.2 0.654 0.561
14 120 0.3 04 0.617 0.568
15 120 0.4 0.4 0.684 0.557
16 150 0.1 0.8 0.743 0.571
17 150 0.2 0.6 0.641 0.571
18 150 0.2 0.2 0.747 0.583
19 150 0.3 0.4 0.651 0.571
20 150 0.4 0.2 0.714 0.589
21 120 0.4 0.6 0.683 0.565
22 60 0.3 0.2 0..658  0.561
23 90 0.1 0.2 0.667 0.556
24 90 0.3 0.4 0.711 0.560
25 120 0.1 0.2 0.682 0.511
26 120 0.2 0.6 0.603 0.514
27 150 0.1 0.8 0.641 0.571
28 150 0.4 0.2 0.618 0.589
29 60 0.4 0.2 0.697 0.562
30 90 0.1 0.6 0.559 0.502
31 60 0.1 0.4 0.616 0.542
32 60 0.1 0.8 0.599 0.530
33 90 0.2 0.4 0.717 0.556
34 60 0.1 0.4 0.649 0.542
35 90 0.3 0.2 0.682 0.571
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Fig.2 BP network structure diagram
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Tab.5 Comparison of measured surface roughness by RBF
neural network and predicted value

Experimental Measured Predictive Relative

coding value/pm value/um error
26 0.514 0.5294 —0.029 920
27 0.571 0.5642 0.011 983
28 0.589 0.6021 -0.022 232
29 0.562 0.5883 —0.046 840
30 0.502 0.5302 —0.056 098
31 0.542 0.5507 —0.016 004
32 0.530 0.5308 —-0.001 533
33 0.556 0.5455 0.018 910
34 0.542 0.5507 —0.016 004
35 0.571 0.5691 0.003 244
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Fig.4 Contrast line graph between measured value by RBF
and predicted value
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Tab.6 Comparison of measured surface roughness by BP
neural network and predicted value

Experimental  Measured Predictive Relative
coding value/um value/um error
26 0.514 0.5278 —0.026 930
27 0.571 0.5573 0.024 005
28 0.589 0.5719 0.029 062
29 0.562 0.5199 0.074 947
30 0.502 0.5281 —0.052 028
31 0.542 0.5572 —0.028 050
32 0.530 0.5092 0.039 294
33 0.556 0.5789 -0.041 271
34 0.542 0.5572 —0.028 050
35 0.571 0.5836 -0.022 139
0,60 BP surface roughness
: —a— Measured value
—e— Predictive value
0.58 |
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g
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Fig.5 Contrast line graph between measured value by BP and
predicted value
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