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Fault diagnosis for actuator and its sensor of aero-engine fuel system

JTIANG Jie, LI Qiu-hong, ZHANG Gao-gian, JU Xin-xing
(Jiangsu Province Key Laboratory of Aerospace Power System,
College of Energy and Power Engineering,

Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: A single fault diagnosis and location method of aero-engine actuator and its
sensor was proposed. The method was based on actuator model and aero-engine inverse mod-
el. A four-order transfer function model of the closed-loop actuator was established according
to its construction. The inverse aero-engine model was built based on two parallel BP (back
propagation) neural network including a steady inverse module and a dynamic compensation
module, so the fuel flow estimation can be achieved according to the outputs of aero-engine.
Fault diagnosis according to the deviation between the actuator model output and the sensor
output was adopted. Fault location according to the deviation between the inverse aero-en-
gine model output and the sensor output was used. The simulation results on an aero-engine
and its fuel system actuator models show that the fault diagnosis system can diagnose ampli-
tude in more than 1. 6% of actuator and its sensor fault and locate it accurately at the steady

and dynamic states, which verifies the effectiveness of the proposed method.
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