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A Study on Fatigue Damage Model using Neural Networks
in 2024-T3 Aluminium Alloy
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I Abstract f

To estimate crack growth rate and cycle ratio uniquely, many investigators have developed various kinds of mechanical
parameters and theories. But, these have produced local solution space through single parameter. Neural Networks can
perform pattern classification using several input and output parameters. Fatigue damage mode] by neural networks was
used to recognize the relation between da/dV N/M, and half-value breadth ratio B/Bo, fractal dimension D, and fracture
mechanical parameters in 2024-T3 aluminium alloy. Learned neural networks has ability to predict both crack growth rate
da/dN and cycle ratio N/N, within engineering estimated mean error(3%).
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Fig. 1 Block of backpropagation neural networks
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Fig. 2 Relation between crack growth rate da/dN and crack
length a
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Fig. 6 Relation between fractal dimension D and cycle
ratio N/,
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Fig. 8 Neural networks for fatigue damage model
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Table 1 Initial conditions for learning of neural networks

number | number
of hidden | of hidden | learning | momentum | number | number
layer units rate rate of data { of epochs
1 10 0.1 0.9 5l 100000

Table 2 Optimal conditions and estimated mean error
for learning of neural networks

parameter | number of
hiddenunits | % | cpoch
optimal condition 6 51 2000000
estimated |y | 00243 | 00243 | 00140
mean
emor() | NN, | 00100 | 00100 | 00049

Table 3 Generalization and learning by initial optimal
conditions of neural networks

cstimatcd learning generalization
mean error ¢
da/dN 0.014 0.15
NN, 0.0049 0.2785
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