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Residual useful life prediction for aircraft engine
based on information fusion

WANG Hua-wei, WU Haiqgiao
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Abstract: The monitoring information has been utilized and fused for performance deg-
radation evaluation. In consideration of random and error information, Bayesian linear mod-
el has been used for performance degradation evaluation of aircraft engine. The result of the
performance degradation evaluation has been seen as input variable, and the reliability evalu-
ation model has been built based on gamma random process which was used for forecasting
residual life under predetermined reliability index. For example, the effect of different mo-
nitoring parameters on residual useful life prediction was analyzed. The method can in-
tegrate performance monitoring with reliability analysis into one framework, which utilizes
monitoring information adequately. As a result of above, the goal of an accurate prediction of
residual useful life has been achieved, which accords with the demand of maintenance risk

control for aircraft engines.
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Table 1 Key performance monitoring parameters for some aircraft engineS
DEGT GWFM GPCN25 DPOIL ZVBIF ZVB2R TSI/ PDD
1 7.51 2.54 1. 89 —7.27 1. 06 0.32 4055 0.1192
2 —4.74 3.52 1.92 —5.16 0.52 0.55 7095 0.0459
3 —0.03 2.03 1.19 —8.33 0.57 0. 37 7801 0.0378
4 8.04 5. 16 1. 69 —7.74 0. 24 0.57 3331 0.1176
5 7.77 7. 80 2.12 —6.81 0. 86 0. 46 3832 0.1308
31 22.69 7.58 2.12 —1.07 0. 64 0.99 1055 0.2000
32 4.23 4. 83 1.96 —58.92 0.17 0.62 3397 0.0996
33 14. 28 5.25 1.63 —2.03 0.78 0. 94 1422 0.1572
34 11. 38 3.14 1.63 4.19 0.23 0.74 1830 0.1465
35 8.24 3.17 2.18 9.78 1. 05 0.76 1954 0.1185
36 9.12 3.37 1.78 6.89 0.31 0.46
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