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Gas path analysis based on multi-sources diagnostics
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Abstract:~Considering the poor accuracy-and-precision of the gas path analysis (GPA)
results due to lack of enough'measured gas-path parameters and the associated uncertainty, a
Bayesian network based multi-souree diagnostics information fusion mechanism was proposed
to improve the performance of the GPA. The Bayesian network based GPA (BN-GPA) was
introduced briefly, then an improved BN-GPA was developed to incorporate diagnostics in-
formation from multi sources. In the framework based on the diagnostics information in-
ferred from the measured gas path parameters, other diagnostics information was incorpo-
rated into the Bayesian network by the fault mode prior probability table. The results of the
simulation show that by fusing the multi sources information, the fault mode which cannot
be identified by the traditional GPA now can be identified accurately with reduced variance
for the estimation of the health parameters; In another case where the standard deviation of
the measurement noise is doubled and the deviations of the health parameters of the faulty
components are set less than 1%, the estimation results of the health parameters are still rel-

ative accurate with the standard deviation of the estimation result less than 0. 1%.
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Fig. 1 Bayesian network modelfor GPA
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Fig. 2 Improved Bayesian network model for GPA
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RS BERLUBRSUTUEMLHER

Table 5 Estimation of the health parameters deviation

N LPC & LPT i HPC+ HPT # i HPC i &
HORB bR 2 ¥4 b 2 ¥y ft bR 2 ¥y 1t bR 2
ASai —0.000321 0.009548 0.004051 0.01039 0.0000787 0.009628 0.000334 0.00966
ASa —0.000645 0.009902 0.001987 0.0207 —0.0000946 0.01084 0.002 245 0.0118
AS,» —2.484 0.06018 —0.00132 0.0107 0.00183 0.01401 —0.00305 0.0192
AS. —2.502 0.04691 —0.00266 0.02418 —0.1634 0.2742 —0.5605 0.5233
A Sy —0.00507 0.01373 —0.00197 0.01114 —1. 849 0.2053 —2.044 0.3811
ASg 0.006236 0.009924 —0.00202 0.00925 —1.956 0.1187 — 2. 247 0.2234
AS,, 0.003638 0.01047 0. 008489 0.01018 2.021 0.0241 0.004673 0.00873
AS. 0.005227 0.008454 —0.0018 0.01023 —1.981 0.03178 —0.00224 0.00917
ASys 0.001734 0.01007 1.038 0.03765 0.002638 0.01651 —0.00216 0.00120
ASs 0.000883 0.009362 —0.9878 0.02643 —0.000676 0.01151 0.001477 0.009 64
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Fig. 7 Posterior distribution for the fault mode
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