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Defect Diagnostics of Gas Turbine Engine Using Support
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ABSTRACT

In this Paper, Support Vector Machine(SVM) and Artificial Neural Network(ANN) are used for
developing the defect diagnostic algorithm of the aircraft turbo-shaft engine. The.system that uses the
ANN falls in a local minima when it learns many nonlinear data, and its classification accuracy ratio
becomes low. To make up for this risk, the Separate Learning Algorithm(SLA) of ANN has been
proposed by using SVM. This is the method that ANN learns selectively after discriminating the
defect position by SVM, then more improved performance estimation can be obtained than using ANN
only. The proposed SLA can make the higher classification accuracy by decreasiﬁg the nonlinearity of
the massive data during the training procedure.
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Table 1. Design Point of the Turbo-Shaft Engine

Value

Sea Level Static
Standard Condition

Variable

Atmospheric condition

Mass flow rate(kg/s) 2.008
Fuel flow rate(kg/s) 0.0402
Compressor PR 8.037
TIT(K) 1254
Shaft horse power(hp) 416

SFC(kg/kW hr) 0.3478

Gas generator rotational
speed(100% RPM)

Propeller rotational
speed(100% RPM) 6000

54850

Compressor_efficiency 0.8028(isentropic)
Compressor turbine eff. 0.9209(isentropic)
Power turbine eff. 0.9206(isentropic)
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Table 2. The Range of Defect Diagnostic

Class 1] Class 2] Class 3] Class 4
State| Normal Abnormal state
Position state (Single Defect)
Compressor - O - -
Comp. Turbine| =— - O -
Power Turbine - - - O
QO : Defect, — : Normal

Table 2+ A’ AEl(Normal state)9} B34

o

‘3l (Abnormal state)E 3}
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Table 3. Training Set Extraction from Turbo-Shaft

Engine Model
Defect Each Total
input for | training set | training set
training number number
Normal 0% 1 Set
state
Compressor 05 A)[, 11 Sets
-1~-10%
34 Sets
Compressor| -0.5%, 11 Sets
Turbine -1~-10% ¢
Power -0.5%, ‘
Turbine | -1--10% | 11 Set
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Table 4. Testing Set Exiraction and Classification
Rate of Multi-Class :SVYM

Defect Testing |Classification
input for . set rate for
testing number testing
Compressor 03%. 0.6% 30 sets 100%
Compressor | 599 ... | 30 sets |  100%

Turbine 93% 96%

Power 999 ’ 9
Turbine © 30 sets 100%
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Table 5. Training sets for MLP Learning

Input Data Output Data
Deteriorated
. Pu/Pyr Tn/To: | o
Training isentropic efficiency
T/ Ty SHP T
sets (Health Monitoring
(Sensed Parameter) Parameter)
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Fig. 7 Standard MLP Structure for Single Defect
Diagnostic
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Table 6. Result Comparison of Standard MLP and Proposed MLP for Single Defect Diagnostic

Compressor Comp. Turbine Power Turbine Trainine time
Mean error Mean error Mean error 8
E —-10°% Standard MLP 0.694% 0.544% 0.087 % 37.4 sec
max MLP using SLA 0.132% 0.118% 0.119% 4.2 sec
B _10-6 Standard MLP - -
max "~ MLP using SLA 0.054% l 0.032% ’ 0.037% 5.8 sec
E =10"7 Standard MLP - -
max MLP using SLA - [ - [ 0.012% 2.5 sec
-Emax : Tolerance, SLA : Separate Learning Algorithm, — : No Convegence
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