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Feature-Based Analysis for Fault Diagnosis of Gas Turbine using Machine
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Fault diagnosis and condition monitoring of rotating machines are important for the maintenance of the gas turbine system.
In this paper, the Lab-scale rotor test device is simulated by a gas turbine, and faults are simulated such as Rubbing,
Misalignment and Unbalance, which occurred from a gas turbine critical fault mode. In addition, blade rubbing is one of the
gas turbine main faults, as well as a hard to detect fault early using FFT analysis and orbit plot. However, through a
feature based analysis, the fault classification is evaluated according to several critical faults. Therefore, the possibility of a
feature analysis of the vibration signal is confirmed for rotating machinery. The fault simulator for an acquired vibration
signal is a rotor-kit based test rig with a simulated blade rubbing fault mode test device. Feature selection based on GA
(Genetic Algorithms) one of the feature selection algorithm is selected. Then, through the Support Vector Machine, one of
machine learning, feature classification is evaluated. The results of the performance of the GA compared with the PCA
(Principle Component Analysis) for reducing dimension are presented. Therefore, through data learning, several main faults
of the gas turbine are evaluated by fault classification using the SVM (Support Vector Machine).
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1. ME
NOMENCLATURE
BR = Blade rubbing 7k EEa 2R d 7 A W SHESL 22 A4
CBM = Condition based maintenance SHENA FH LA o] 8FH L 9o MM HQl AEE =35}
GA = Genetic algorithms 7] Wil o]Alo] HHAIFS w] ZzFAol A ¢lolo] woku)l
ML = Machine learning of it tfeAo] @ Ec}!

PCA = Principle component analysis
PM = Preventive maintenance
PMA = Parallel misalignment

74 EIRLE HESto] Abd@dtel] &4 21 3A 71A19) =4
IA 22 B33 (Unbalance), <3 (Bent Shaft), AEESF

SR = Shaft rubbing (Misalignment), &#-2(Loose Part), 7Z(Rubbing) 5] 1o
SS = Steady state Aol elojd Ao o2 1Ak Yolo] | 2= olr}. & Qs Al
SUB = Static unbalance H19] 60%% AX|3he B 71APE o m HAE A9 AR

SVM = Support vector machine 4, 4208 5 QG AN £ol za 4 ik TeEw
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Table 1 Comparison of measured rubbing misalignment and
unbalance data by using lab-scale fault simulator

Case SS BR PMA SUB SR
1-1 o
1-2 (6]
1-3 o
1-4 o
1-5 (6] o
1-6 (0] (¢} o
1-7 (6] o
2-1 o
2-2 (0]
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2-5 (¢ o
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Table 2 Vibration signal features on time and frequency domain

Features

Time-Domain Frequency-Domain

Peak value Frequency center

Root-Mean-Square RMS of frequency

Kurtosis Root variance frequency
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Clearance factor

Impulse factor
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Entropy

Skewness

Square mean root

5th normalized moment
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Mean

Shape factor2
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Fig. 5 The result of FFT spectrum
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Fig. 6 The result of GA-based features selection (Rubbing and
misalignment)
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Fig. 7 The result of PCA (Rubbing and misalignment)
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Fig. 8 The result of GA-based features selection (Rubbing and
unbalance)
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