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A Study on Fatigue Crack Growth and Life Modelling
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Abstract

Fatigue crack growth and life is estimated by various fracture mechanical parameters but affected
by load, material and environment. Fatigue character of component without surface notch cannot be
evaluated by above-mentioned parameters due to microstructure of in-service material. Single fracture
mechanical parameter or nondestructive parameter cannot predict fatigue damage in arbitrary
boundary condition but muitiple fracture mechanical parameters or nondestructive parameters can.
Fatigue crack growth modelling with three point representation scheme uses this merit but has limit
on real-time monitoring. Therefore, this study shows fatigue damage model using backpropagation
neural networks on the basis of X-ray half breadth ratio B/B,, fractal dimension D; and fracture
mechanical parameters can predict fatigue crack growth rate da/dN and cycle ratio N/Ny at the same
time within engineering estimated mean error(5%).
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Table 1 Initial conditions for learning of neural

networks
Number| Number
o . Nurmber [ Number
of of |Learning] Momentum of ¢
ol
hidden | hidden | rat rate
. © data | epochs
fayer | units
1 10 0.1 0.9 51 | 100000
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Table 2 Optimal conditions and estimated mean error for learning of neural networks

p . Number of | Number of | Learning | Momentum | Number of | Number of
ame!
arameter hidden layer | hidden units rate rate data epochs
Optimal conditions 1 6 0.9 0.9 51 2000000
Estimated |,/ 0.0738 0.0243 | 0.06523 0.13015 0.0243 0.0140
mean
error N/Ny 0.01101 0.0100 0.02502 0.03908 0.0100 0.0049
Table 3 Change of momentum and learning rate with number of epochs
epochs
20000 40000 60000 80000 100000
case rate
case 1 learning rate 0.9 0.7 0.5 0.3 0.1
momentum rate 0.9 0.7 0.5 0.3 0.1
case 2 learning rate 0.1 0.3 0.5 0.7 0.9
momentum rate 0.1 0.3 0.5 0.7 0.9
case 3 learning rate ’ 0.9 0.7 0.5 0.3 0.1
s momentum rate 0.1 0.3 0.5 - 0.7 0.9
case 4 learning rate 0.1 0.3 0.5 0.7 0.9
momentum rate | 0.9 0.7 0.5 0.3 0.1
casc S learning rate i 0.9 0.9 0.9 0.9 0.9
as momentum rate 0.9 0.9 0.9 0.9 0.9
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Table 4 Estimated mean error of learning and generalization by neural networks with data

transformation method

case case 1 case 2 case 3 case 4 case 5
error
Estimated mean|  go/4N 0.0513 0.0111 0.0172 0.0168 0.0129
error of
learning NN 0.0098 0.0030 0.0039 0.0043 0.0047
Estimated mean,  g5/7v 0.0828 0.0732 0.0932 0.0488 0.0692
error of
generalization N/N; 0.0541 0.2559 0.2265 0.0321 0.3053
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