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A Study on the Prediction of Fatigue Damage
in  2024-T3 Aluminium Alloy Using Neural Networks

Seok Swoo Cho*, Deuk Yul Jang**, Won Sik Joo

ABSTRACT

Fatigue damage is the phenomena which is accumulated gradually with loading cycle in material. It is
represented by fatigue crack growth rate da/dN and fatigue life ratio N/Ny . Fracture mechanical parameters
estimating large crack growth behavior can calculate quantitative amount of fatigue crack growth resistance in
engineering material. But fatigue damage has influence on various load, material and environment. Therefore, In
this study, we propose that artificial intelligent fatigue damage model can predicts fatigue crack growth rate da/dN
and fatigue life ratio N/Ny simultaneously using fracture mechanical and nondestructive parameters.

Key words : Fatigue damage (3] &4, Artificial intelligent fatigue damage model (13458 IR EHE
d)), Fatigue crack growth rate (¥ 278434 %), Fatigue cycle ratio (3] Z4H|), Estimated
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Table 2 Change of learning and momentum rate with
number of epochs

epoch
20000 | 40000 | 60000 | 80000 | 100000
case rate
learning rate 09 0.7 05 03 0.1
casel
momentum rate | 09 0.7 05 03 0.1
learning rate 0.1 03 05 07 09
case2
momentum rate | 0.1 03 05 07 09
learning rate 09 07 05 03 0.1
case3
momentum rate | 0.1 03 05 0.7 09
learning rate 0.1 03 05 0.7 0.9
cased
momentum rate | 0.9 0.7 05 0.3 0.1
learning rate 09 09 09 09 09
caseb
momentum rate | 09 09 09 0.9 0.9
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Table 3 Optimal conditions and estimated mean error
for learning of neural networks

parameter number of | number of | number of
hidden units data epoch
optimal condition 6 51 2000000
estimated mean | 9/dN 0.0243 0.0243 0.0140
error N/Ny 0.0200 0.0100 0.0049
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