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A Study on High Temperature Low Cycle Fatigue
Crack Growth Modelling by Neural Networks
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Abstract

This paper presents crack growth analysis approach on the basis of neural networks, a branch
of cognitive science to high temperature low cycle fatigue that shows stron, nonlinearity in
material behavior. As the number of data patterns on crack growth increase, pattern classifica-
tion occurs well and two point representation scheme with gradient of crack growth curve
simulates crack growth rate better than one point representation scheme. Optimal number of
learning data exists and excessive number of learning data increases estimated mean error with
remarkable learning time. J'-da/dt relation predicted by neural networks shows that test condi-
tion with unlearned data is simulated well within estimated mean error (5%
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