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Abstract: Under the multi-model architecture, an online hybrid fault detection and isolation algorithm for
aero—engine sensor is proposed. The long short—term memory network is used to approximate the deviation be-
tween the real engine and the on—hoard engine model caused by the uncertainty sources such as aero—engine mod-
elling error, health parameter changes, process noise and measurement noise. The deviation between the sensor
measurement output and the uncertainty value is used in a hybrid Kalman filters algorithm based on multiple mod-
el method. The Bayesian approach is used to calculate the conditional probability of each sensor under health
mode and different fault modes, and then the maximum probability criterion is used for sensor fault detection and
isolation to overcome the problem of difficult threshold selection. The simulation is carried out to verify the sensor
bias fault, drift fault and intermittent fault of a turbofan engine, and the detection and isolation accuracy of differ-
ent sensors is compared. The results show that the proposed method can diagnose common faults of aero—engine

sensor at higher levels of degradation, and the hybrid method is robust to different sources of uncertainty.
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Table 1 Engine model measurement parameters and
actuator parameters

Symbol Description
Cran Fan efficiency factor
Jean Fan flow factor
[ BST efficiency factor

Jusr BST flow factor

e HPC efficiency factor
Jure HPC flow factor
Cpr HPT efficiency factor
Suvr HPT flow factor
€l pr LPT efficiency factor
Sivr LPT flow factor
N, Fan speed
N, Core speed
T, Total temperature at LPC outlet
Pas Total pressure at LPC outlet
T, Total temperature at HPC outlet
P Static pressure at HPC outlet
T, Total temperature at LPT outlet
W, Fuel flow
VBV Variable bleed valve
VSV Variable stator vane
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Table 2 Assumptions for uncertainties in different parts of the engine (%)
Actuators and flight conditions Uncertainty Sensors Uncertainty Component health parameters Uncertainty
W, +0.2 N, +0.25 eean!fian -0.1
VBV +0.5 N, +0.17 eparlfosr -0.1
VSV +0.5 T, +0.16 euncluve -0.1
ALT +1 Das +0.2 €lpr -0.1
Ma +2 T, +0.16 Surr +0.1
/ / Py +0.2 € pr -0.1
/ / T, +0.5 Sior +0.1
PLA D Mg Setpoint
Setpoit - controller ]
A
N, Max
M femd
N, Max —» 1 » M
N A W, . W, Engine
. X »| Actuators >
P, Max | P, Min |
Accel —» RU  —»
Feedback

Sensors |«

Fig.5 Structure of aero-engine closed-loop control system
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Fig.7 Comparison of the uncertainty estimated by the LSTM network with the true uncertainty
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