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Prediction of Surface Roughness for 304 Stainless Steel
Turning Based on Evolutionary Neural Network

MA Meng, WANG Minghong

(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science ,Shanghai 201620, China)

Abstract; The surface roughness is one of the important indicators for the quality of machined surface. It is helpful for

improving machining quality to predict surface roughness in advance. Dry turning 304 stainless steel with YG8 carbide

tool was carried out by orthogonal test method, the surface roughness was obtained under different cutting conditions.

Due to the prediction accuracy of BP neural network algorithm not high and easy to get into the local minimum value, the

structure and initial value of BP neural network were optimized by the global search ability of genetic algorithm, and the

surface roughness prediction model based on evolutionary neural network was established. The results show that

evolutionary neural network model overcomes the defect of BP neural network easily falling into local minimum point, and

realizes the accurate prediction of surface roughness.
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Table 1  Chemical composition of
workpiece materials %
(0 Si S P Mn
0.061 61 0.351 18 0.024 46 0.021 41 1.765 96
Ni Cr Mo Cu Fe
8.249 58 18.260 23 0.073 76 0.238 61 70.956 20
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Table 2 Test parameters and results

VI E, R Wzl JIREIR FiE

& (m-min~") (mm-r7") B/mm  ERE/mm RERE/ um
1 60 0.20 0.5 0.4 3.646
2 60 0.15 0.3 0.6 1.618
3 60 0.10 0.1 0.8 1.466
4 100 0.15 0.5 0.8 1.668
5 100 0.10 0.3 0.4 1.528
6 100 0.20 0.1 0.6 2.525
7 140 0.10 0.5 0.6 1.423
8 140 0.20 0.3 0.8 2.088
9 140 0.15 0.1 0.4 2.231
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Figure 2 Three-layer BP neural network model
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Figure 3  Evolutionary neural network model
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Figure 4 Comparison of surface roughness between

predicted value and experimental value
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Table 3 Comparison of experimental results and

prediction results

FIHLRERE/ wm
liac) HIRHRE L/ %
Sl BP + GA lI{i
1 3.646 3.744 2.7
2 1.618 1.571 3.1
3 1.466 1.545 5.4
4 1.668 1. 660 0.0
5 1.528 1.530 0.1
6 2.525 2.578 2.1
7 1.423 1.486 4.4
8 2.088 2.146 2.8
9 2.231 2. 141 4.2
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