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Gas Path Fault Mode Identification of Turboshaft Engine Based
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Abstract: In order to improve the performance of gas path fault diagnosis for turbo shaft engine, a ReliefF—
LMBP based method was proposed to fault feature extraction and pattern recognition. Firstly, the available engine
sensor measurements were analyzed and assigned feature weights, and the fault feature subsets were ordered and
determined after iterative selection by ReliefF algorithm. The effective feature measured parameters were gathered
by similar samples, and the rest parameters fell in the discrete heterogeneous sample subsets. Afterwards, the
LMBP Neural Network algorithm was employed to build up the relationship between the fault modes and features
of reduced measurements. The tests of gas path fault diagnosis are carried out on a turbo shaft engine, and results
show the capability of feature extraction and superiority of fault pattern recognition.
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Fig. 1 Principle diagram of turbo shaft engine
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Table 1 Health parameters and measureable parameters of turbo shaft engine

Control parameters Health parameters

Measureable parameters

Fuel flow W,

Compressor efficiency 7
Load torque a Compressor flow I".
Gas turbine efficiency 7,

Gas turbine flow I7,

Power turbine efficiency 1,

Power turbine flow ]_'p

Power turbine speed N,

Gas turbine speed N,
Compressor outlet temperature Ty
Compressor outlet pressure p,
Power turbine outlet temperature T
Power turbine outlet pressure ps
Nozzle inlet temperature T'q

Nozzle inlet pressure pg
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FAR AR5 Z% 5 HASFIF B A 20 R3], £ &8 IR IR
SIKS B . SC Rl ot ReliefF 8 5 JEATHRAE VR 8 /E
Y B T AL TS G 2 ket T i A SR AT R
R S B A B BP W 45, DL A 28 0 46 B 1 IR
SR B, I BEAR SR VL (R 1 57 2% i

Table 2 Gas path failure modes of turbo shaft (%)

Modes n.  I'¢ m, I, m, T, F;ﬁit:

I -1 - - - - -

I - -1 - - - - Compressor

m -07 -1 - - - -

v - - -1 - - -

\Y% _ - - +1 - - Power turbine

Vi - - -1 -1 - -

- - - - a1 -

VI - - - - - -1-

X ) B - B o4 . Gas turbine

X - - - - -0.6 +1
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Table 3 Prediction weight of individual features under different flight status points

N, N, P T, s T, e T,
1 0.0066 0.0931 0.0009 -0.0017 -0.0493 0.0126 -0.0453 0.0118
2 0.0617 0.1032 0.0259 -0.0081 -0.0585 0.0206 -0.0646 0.0238
3 0.0825 -0.0014 0.1173 0.0870 -0.0768 0.0230 -0.0796 0.0173
4 0.0502 0.1125 0.0240 -0.0037 -0.0565 0.0097 -0.0601 0.0080
5 0.0210 0.0725 0.0216 0.0042 -0.0497 0.0312 -0.0503 0.0299
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Fig. 5 Feature selection results

Table 4 Individual characteristics are sorted by predicted

weight under different flight points

Testing point Sensor parameter features
N, T Te Ny Ps3 T, Ps Ps
2 N, Np Ps3 Ty T Ty Ps Ps
3 Ps3 Ty N, T Ty N g Ps Pe
4 N, Np Ps3 Ts Ty Ty Ps Ps
5 N, Ts Ts D3 Ny Ty Ps Pe
Neural network
Hidden Output

SEC IS

(a) BP neural network structure
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Time: 0:00:18
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Gradient: 0.712 [EN632X10=00 1.00x107

Mu: 0.00100 1.00x107* 1.00x10%
Validation Checks: 0 6 6

(b) Tanning process

Fig. 6 BP neural network training process
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Table 5 Comparison of simulation results under BP
Feature number 1 2 3 4 5 6 7 8
1 0.5009 0.7355 0.7764 0.8682 0.8973 0.9991 0.9218 0.8773
2 0.4373 0.7018 0.9473 0.8836 0.9082 0.9945 0.9909 0.8818
Training 3 0.6127 0.7764 0.9309 0.8918 0.9818 0.9927 0.9100 0.9155
4 0.4164 0.7382 0.9891 0.9845 0.9655 0.9964 0.9427 0.9127
5 0.4173 0.7500 0.7982 0.9518 0.8936 0.9755 0.9345 0.9391
1 0.4773 0.7409 0.7609 0.8682 0.8955 0.9973 0.9145 0.8645
2 0.4345 0.7200 0.9491 0.8918 0.9018 0.9955 0.9945 0.8818
Test 3 0.5891 0.7591 0.9227 0.8891 0.9800 0.9964 0.9064 0.9118
4 0.3909 0.7127 0.9827 0.9827 0.9700 0.9973 0.9391 0.9191
5 0.3800 0.7364 0.8027 0.9345 0.8955 0.9755 0.9291 0.9327
1.0
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0.8
< 07
0.6 o o
Training accuracy Training accuracy
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Fig. 7 Accuracy of classification varies with the number of characteristics under BP
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Table 6 Comparison of simulation results under LMBP
Feature number 1 2 3 4 5 6 7 8
1 0.5355 0.9582 0.9973 0.9991 1.0000 1.0000 1.0000 1.0000
2 0.4555 0.8855 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Training 3 0.5073 0.8955 0.9973 1.0000 1.0000 1.0000 1.0000 1.0000
4 0.4418 0.8455 0.9973 0.9955 1.0000 1.0000 1.0000 1.0000
5 0.4218 0.8164 0.9936 0.9982 1.0000 1.0000 0.9991 0.9973
1 0.5009 0.9709 0.9964 0.9991 1.0000 0.9982 0.9982 0.9991
2 0.4227 0.8818 0.9982 0.9991 1.0000 1.0000 1.0000 1.0000
Test 3 0.5036 0.8964 0.9973 0.9991 1.0000 1.0000 1.0000 1.0000
4 0.3982 0.8455 0.9900 0.9964 1.0000 0.9955 1.0000 1.0000
5 0.3818 0.8155 0.9900 0.9936 1.0000 0.9991 0.9991 0.9973
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Fig. 8 Accuracy of classification varies with the number of characteristics under LMBP
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