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Table 1 2A12 content of main chemical elements
% Fe Si Mn Ni Cu Ti Zn Mg
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Table 2 Excitation frequency of each pathway

3 sl s2 s3
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Table 3 Maximum crack length and life of the test piece

RIS BI B2 B3 B4
ZABCK E /mm 35 34 359 32.1
FFAm AL 143541 133810 127854 136359
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Fig.3 Schematic of neurons in the pattern layer
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A Quantitative Monitoring Model of Structural Crack Propagation Based on
Generalized Regression Neural Network

An Yuqing, Yang Yu, Wang Li
Aircraft Strength Research Institute of China, Xi’an 710065, China

Abstract: The real-time monitoring of cracks on metal structures is of great significance to the damage tolerance and
fatigue test of aircraft, as well as the life determination of aircraft, the safety and reliability assurance and the
maintenance arrangement during aircraft service. In order to monitor the fatigue crack propagation process of metal
structures in real time, the generalized regression neural network method is used to investigate the quantitative
relationship between the multi-dimensional damage parameters extracted from the guided wave signal and the crack
length. The results show that the guided wave signal changes regularly with the crack length, and there is a certain
non-linear correlation between the damage parameters and the crack length. What's more, It also shows that the multi-
dimensional damage parameters can achieve a relatively accurate crack quantitative monitoring. It is concluded that
the generalized regression neural network can be used to establish a high accuracy model of the guided wave-crack
quantitative monitoring.

Key Words: crack length; quantitative monitoring; damage parameter; guided wave; generalized regression neural
network
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