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Abstract: The surface machining quality of cylinder liner is usually evaluated by surface roughness Ry set, it is of great

significance to establish a prediction model between roughness Ry set and machining parameters, and analyze the

influence of machining parameters on honing quality of cylinder liner. Based on the rough honing experiments on

cylinder liner under different honing pressure (P), different honing head rotation speed (/) and different reciprocating

speed (Vge), the values of the surface roughness Ry set were obtained. In order to predict the Ry, R and Ry of the
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surface roughness R, set of the inner bore of cylinder liner during the rough honing process, and to optimize the honing
parameters, the P, V' and VR, were taken as decision variables, and R, roughness set was taken as the object response,
multi-objective optimization was implemented to obtain the optimal machining parameters of P, Vg and Vg.. The
roughness prediction models based on generalized regression neural network (GRNN) and response surface
methodology (RSM) were established respectively. For the GRNN method, it was necessary to use the K-fold cross
validation method to optimize the smoothing factor (i.e., spread), the value of the smoothing factor can greatly affect the
prediction performance of the network. The minimum MSE can be obtained in the process of five-fold cross validation,
the smoothing factor was 0.01 when the MSE had the minimum value. Twenty-one groups of experiment data were
trained to achieve the prediction model by GRNN, and other 6 groups were regarded as test samples to verify the
accuracy of the proposed model. The Box-Behnken Design (BBD) method of response surface method was used to
design the experiment, and 17 groups of experiments were conducted to establish the response relationship between the
honing parameters and the surface roughness R, set. The surface roughness R; set can be predicted by the optimized
regression models based on RSM. And comparing with a full factorial honing test with three factors and three levels, the
result showed that the prediction results obtained by the proposed models were in good agreement with the experimental
results. The mean value of R’ of the coefficient of determination of GRNN prediction model was 0.959, the mean value
of R® of the coefficient of determination of the multiple regression prediction model established by RSM was 0.963.
Comparing with the multiple regression prediction model established by RSM, the GRNN prediction model had higher
prediction accuracy and smaller prediction error for prediction of Ry and R, and R’ of Ry and Ry increased by 0.025
and 0.020 respectively. The multiple regression model established by RSM was better than the GRNN prediction model
when predicting Ry, and R’ increased by 0.057. The influence significance of three decision variables on the roughness
was analyzed by the RSM, and the ranking result for R was Vg, > P>V, for Ry was P> Vg > Vg, for Ry was P> Vg, > V.
In order to select the appropriate values of P, V' and Vg, to make the R, roughness set relatively small, based on the
regression model established by the RSM, a multi-objective optimization was implemented to obtain the Pareto front of
the Pareto optimal solutions by combining the multiple regression models with NSGA-II (non-dominated Sorting
Genetic Algorithm II) optimization algorithm. More machining parameters combinations for rough honing of cylinder
liner were provided to get high honing quality. Eight groups of optimum roughness values and the corresponding rough
honing parameters of cylinder liner were given.

Key words: honing process; roughness prediction; neural networks; response surface methodology; multi-objective
optimization
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Table 1 Factors and level of experiment design in rough
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Number P/% Vgyo/(m/min) Ve/(t/min) Ry/um  Ry/um R, /um

1 30 14 40 8.20 2.12 3.57
2 30 14 50 3.80 1.01 3.20
3 40 14 40 6.36 232 4.12
4 40 14 50 2.56 1.02 2.33
5 50 14 40 7.72 3.26 4.72
6 50 14 50 3.20 1.69 3.09
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-1 30 12 30
0 40 13 40
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Table 2 Parameters and results of experiments

Number P/% Vg/(m/min) Vp/(t/min)  R/um  Ry/um - Ry/pm

1 30 12 30 7.70 0.83 1.82
2 30 12 40 7.63 2.04 3.09
3 30 12 50 4.28 1.02 2.70
27 50 14 50 3.20 1.69 3.09
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honing
Level Pr% Vre/(m/min) Vr/(r/min)
-1 30 12 30
0 40 13 40
1 50 14 50
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Fig. 6 Comparison between predicted and measured roughness based on GRNN model
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Table 5 Experimental parameters and results of BBD

Number P/% Vr/(m/min) Vgp/(r/min) R/pum  Ry/um Ry /pum
1 40 13 40 5.78 1.89 3.32
2 50 12 40 7.18 3.15 4.08
3 40 13 40 6.12 2.56 3.50
4 40 13 40 6.52 2.28 3.70
5 40 12 30 6.53 2.01 3.20
6 50 13 50 4.04 1.61 2.84
7 30 13 50 3.73 0.95 2.87
8 30 12 40 7.63 2.04 3.09
9 50 14 40 7.72 3.26 4.72
10 40 12 50 3.44 1.19 2.07
11 40 13 40 6.10 2.1 391
12 40 14 50 2.56 1.02 2.33
13 30 13 30 7.60 0.82 2.20
14 40 14 30 6.36 1.96 4.28
15 30 14 40 8.20 2.12 3.57
16 50 13 30 7.53 2.04 4.60
17 40 13 40 6.55 233 3.71

&6 HAMEE R [EIIRB S E S

Table 6 Variance analysis of Ry regression model

Factors SS DF MS F P Mismatch test result
Model 43.84 9 4.870 28.45 0.000 1 Significant
A 0.059 5 1 0.059 5 0.347 5 0.5740 —
B 0.000 5 1 0.000 5 0.002 6 0.960 5 —
C 25.38 1 25.38 148.23 <0.000 1 Significant
AB 0.000 2 1 0.0002 0.0013 09721 —
AC 0.036 1 1 0.0361 0.2108 0.660 0 —
BC 0.126 0 1 0.1260 0.736 0 04194 —
A’ 6.430 1 6.430 37.53 0.000 5 Significant
B’ 0.228 6 1 0.228 6 1.330 0.2858 —
c 12.52 1 12.52 73.13 <0.000 1 Significant
Residual 1.200 7 0.1712 — — —
Lack of fit 0.7819 3 0.260 6 2.500 0.198 4 Not significant
Pure error 04176 4 0.104 2 — — —
Cor total 45.04 16 —_ - —_ -

Note: SS represents sum of squares; DF represents degrees of freedom; MS represents mean square
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Fig. 9 Three-dimensional response surface and contour of Ry roughness prediction model
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Table 7 Variance analysis of Ry, regression model

Regression Mismatch
SS DF  MS F P

model test result

Model 7.130 9 0.7923 993 0.003 1 Significant
Lack of fit 03046 3 0.1015 1.60 0.3226 Not significant
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model test result =75t
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Table 9 Comparison of prediction accuracy of Ry
regression model before and after optimization

5 P F

Model Lack of fit Model Lack of fit
Before optimization 0.973  0.000 1 0.198 28.45 2.500
After optimization 0.986 <0.000 1 0.576 52.99 0.751
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Fig. 17 Comparison of evaluation indexes of prediction performance of GRNN and RSM models
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Table 10 The optimum surface roughness and the
corresponding processing parameters

Number P/% Vpo/(m/min)  Vg/(t/min) Ri/um  Ry/um  Ry/um
1 40 12 50 3.38 1.11 2.12
2 40 13 50 2.71 0.81 2.22
3 39 12 50 3.40 1.08 2.13
4 39 13 50 2.73 0.77 2.23
5 38 12 50 342 1.05 2.16
6 38 13 50 2.77 0.75 2.25
7 35 12 50 3.59 1.04 2.32
8 35 13 50 3.06 0.74 2.40
5 4hig
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