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A Study on Fatigue Damage Modelling
Using Back-propagation Neural Networks
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ABSTRACT

It is important to evaluate fatigue damage of in-service material in respect to assure safety
and remaining favgoue life in structure and mechanical components under cyclic load. Fatigue
damage is represented by mathematical modelling with crack growth rate da/dN and cycle ratio
N/Ny and is detected by X-ray diffraction and ultrasonmic wave method etc. But This is
cstimaied gencrally by single pammeter but inflienced by many test conditions. The
characteristics of it indicates fatigue damage has complex fracture mechanism. Therefore, in
this study we propose that back-propagation neural networks on the basis of ratio of X-ray
hailf-value breadih B/B,, fractal dimension Dy and fracture mechanical parameters can construct
artificial intelligent networks estimating crack growth rale da/dNV and cycle ratio N/ without
regard to stress amplitode o .

Fa7]%8o] . Fatigue Damage Modelling (¥ 242 99), Ratio of X-ray Half-value
Breadth (X4 uwb7}FZ9)]), Fractal Dimension (ZH: g 2} 4Y), Crack Growth
Rate (F€A#4%). Cycle Ratio (¥ =2 <=w1|), Back-propagation Ncural
Networks (2 7 41 7 3] 217
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