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Abstract It takes long time in numerical simulation because structural design for tire requires the
nonlinear material property. Neural networks has been widely studied to engineering design to
reduce numerical computation time. The numbers of hidden layer, hidden layer neuron and
training data have been considered as the structural design variables of neural networks. In
application of neural networks to optimize design, there are a few studies about arrangement
method of input layer neurons. To investigate the effect of input layer neuron arrangement on
neural networks, the variables of tire contour design and tension in bead area were assigned to
inputs and output for neural networks respectively, Design variables arrangement in input layer
were determined by main effect analysis. The number of hidden layer, the number of hidden layer
neuron and the number of training data and so on have been considered as the structural design
variables of neural networks. In application to optimization design problem of neural networks,
there are few studies about arrangement method of input layer neurons. To investigate the effect
of arrangement of input neurons on neural network learning tire contour design parameters and
tension in bead area were assigned to neural input and output respectively. Design variables
arrangement in input layer was determined by main effect analysis.
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' Perform the FEA using OA & ABAQUS

Select Input Neuron Set
using Main Effect Analysis

v

Perform the FEA
using Latin—Hyper Cube & ABAQUS

v

Construct the Optimum Conditions

of NNs using Main Effect Analysis

v

Predict the Responses

using Neural Networks

Fig. 1 Flow chart of estimation
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Fig. 3 Design variables for tire contour

Table 1 Bounds of design variables

Bounds (mm)

400 <A <1200

180 <B <350

Tire contour

30<C<50

57375<D<76.5

70 <E<90

<+— Qutput layer

- +— Hidden layer

A B C D E <— Input layer

Fig. 4 Neuron network model
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Main Effects Plot (datameans) for Tension(MPa)
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Fig. 6 Main effects plot for tension®
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Table 3 Latin-hyper cube

N Factors Response
0.
A B C D E Tension
1| 859.84 | 269.83 | 37.77 1 60.00 | 73.14 | 32.86

2117032 | 181.80 | 41.80 ) 63.28 | 89.38 | 34.86

3| 970.96 | 326.35| 42397357 76.17| 30.29
48| 441.20 | 250.70 | 40.86 | 64.11 | 87.00 | 32.06
49| 69824 132540 | 31.55165.14180.66 | 30.77

50| 1118.32 | 294.04 | 36.

(¥

7|58.99 | 88.90 | 34.87

Table 4 Test data for confirmation

Factors Response
mo- A B C D E Tension
1 |851.36 1290.092,40.622 | 64.81 | 89.694| 31.69
3 1029.84/302.281|39.988 | 76.251 | 72.19 | 27.46
3 | 744.48 238.242|30.704 | 70.416  86.44 | 29.68
4 141936 [281.898] 35.81 [62.096 81.178| 28.30
5 11088.48/187.021)44.824 | 66.524 1 70.366 | 28.14
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Table 5 Levels of factor

Table 6 Optimal conditions for each case

Level of factor
Level _ No. of hidden
€Vel | Learning| Momentum Epochs neuron
rate rate
2EA|3EA|5EA
1 0.01 0.1 50,000 | 3 4 6
2 0.02 0.5 100,000 6 7 9
3 0.1 0.9 150,000, 9 10 | 12

Main Effects Plot {datameans) for error
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Fig. 7 Main effects plot for error®

Factor
No. of
Case i
Learning Momentum Epochs hidden
rate rate
neuron
1|2EA 0.02 0.9 150,000 3
H|3EA 0.02 0.1 50,000 7
oI SEA 0.01 0.1 150,000 6
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Fig. 8 Learning results for Latin-hyper cube data

Table 7 Results of % error for learning

Case Error (%)
1 2EA 3.01
11 3EA 3.33
111 SEA 1.48
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Table 8 Estimation results for test data

Exp. Results
No|
Case 1 2 3 4 5
Test | 31.32 | 26.48 | 30.95  30.84 | 27.98
I[2EA] FEA | 31.69 | 2746 | 2968 | 28.30 | 28.14
%FError| 1.18 | 358 | 428 897 | 056
Test | 31.89 | 31.93 | 36.65 | 26.40 | 31.59
HIBEA| FEA | 31.69 | 2746 | 2968 | 2830 | 28.14
%Error| 0.64 | 1623 | 2348 | 6.71 | 12.28
Test | 3426 | 28.11 | 30.76 30.69 | 2574
ITISEA| FEA | 31.69 | 27.46 | 29.68 | 2830 | 28.14
%FError| 8.11 236 3.64 844 | 832
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