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Multiple Defect Diagnostics of Gas Turbine Engine using
Real Coded GA and Artificial Neural Network

Donghyuck Seo* -+ Junyoung Jang* - Taeseong Roh** - Dongwhan Choi**

ABSTRACT

In this study, Real Coded Genetic Algorithm(RCGA) and Artificial Neural Network(ANN) are used
for developing the defect diagnostics of the aircraft turbo-shaft engine. ANN accompanied with large
amount data has a most serious problem to fall in the local minima. Because of this weak point, it
becomes very difficult to obtain good convergence ratio and high accuracy. To solve this problem, GA
based ANN has been suggested. GA is able to search the global minima better than ANN. GA based
ANN has shown the RMS defect error of 5% less in single and dual defect cases.
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Fig. 1 The structure of GA based ANN
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Fig. 2 Structure of ANN model
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Table 1. Input data for Learning
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Table 2. Test data
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"0 | )/ (kg/sed) | rzo) | R B
1 690/0.032
-3.3 -4.6 -1.9
2 690/0.038
3 1,000/0.032
-1.3 -2.6 -3.9
4 1,000/0.038
5 1,710/0.032
4.3 -1.6 -2.9
6 1,710/0.038
7 2,190/0.032
2.3 -3.6 -4.9
8 2,190/0.038
9 2,670/0.032
4.3 -1.6 =29
10 2,670/0.038
11 3,150/0.032
-2.3 -3.6 -4.9
12 3,150/0.038
13 3,630/0.032
-4.3 -1.6 -29
14 3,630/0.038
15 4,350/0.032
-3.3 -4.6 -1.9
16 4,350/0.038
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Fig. 3 Estimated RMS Defect Error Rate and

Efficiency of Compressor
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Fig. 4 Estimated RMS Defect Error Rate and
Efficiency of GG-Turbine
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Fig. 5 Estimated RMS Defect Error Rate and
Efficiency of Power Turbine
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