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Defect Diagnostics of Gas Turbine Engine with Mach Number
and Fuel Flow Variations Using Hybrid SVM-ANN

Wonjun Choi* - Sangmyeong Lee* - Taeseong Roh** - Dongwhan Choi**

ABSTRACT

In this paper, the hybrid algorithm of Support Vector Machine and Artificial Neural Network is used
for the defect diagnostics algorithm for the aircraft turbo-shaft engine. The results of learning of ANN,
especially, accuracy or speed of convergence are sensitive to the number of data, so a comparison
between design point and off-design area, especially, Mach number and fuel flow variable area, is
essential research. From application results for diagnostics of gas turbine engine, it was confirmed that
the hybrid algorithm could detect well in the off-design area as well as design point.
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Table. 1 Input data of SVM

Input Data
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Table. 2 Classification rates of Multi-class SVYM

Mach |Classification| Fuel Flow |Classification
No. | Rate (%) (kg/s) Rate (%)
0.1 100 0.0310 100
0.2 100 0.0328 100
Comp. 0.3 100 0.0346 100
04 100 0.0364 100
0.5 100 0.0382 100
0.1 100 0.0310 100
02 100 0.0328 100
Comp.- g7 100 0.0346 TR
Turbine
04 100 0.0364 100
0.5 100 0.0382 100
0.1 100 0.0310 100
0.2 100 0.0328 100
Tower 703 100 0.0346 100
0.4 100 0.0364 100
0.5 100 0.0382 100
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Table. 3 Input and Output Data of ANN

Input Data

Output Data
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Table. 4 Defect error to real data by ANN

Defect error Defect error
Rate for Mach No. | Rate for Fuel flow
(%) (%)
No. Error Fuel Error
0.1 4.50 0.0310 4.10
02 323 0.0328 3.40
Comp. 0.3 4.78 0.0346 5.38
04 4.03 0.0364 7.10
0.5 3.83 0.0382 7.86
0.1 15.11 0.0310 8.65
0.2 11.75 0.0328 9.17
romp- 03 713 | 00346 | 746
0.4 3.30 0.0364 5.35
05 7.66 0.0382 353
0.1 293 0.0310 4.35
0.2 3.86 0.0328 2.27
power 703 476 | 00346 | 104
0.4 449 0.0364 2.75
0.5 1.08 0.0382 5.44
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Comp.-Turbine Defect Error (% ) Compressor Defect Error (% )

Power-Turbine Defect Error (% )
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Fig. 2 Defect error of Compressor
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Fig. 3 Defect error of Comp.-Turbine
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Fig. 4 Defect error of Power-Turbine
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