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Probabilistic neural network fault diagnosis model based on FFT

YU Zhen, FU Jiang-Meng , LIU Li-Jun

(School of Aerospace Engineering, Xiamen University, Xiamen 361005, China)

Abstract; The actuator and sensor system of the UAV is affected by many factors such as materials and
environment, the UAV is prone to various types of faults and even may crash in severe cases. There-
fore, the effective diagnosis of the early fault of the UAV is of great significance in preventing flight ac-
cidents. The paper chooses the Simulink model of the six-rotor UAV as the research object, a probabi-
listic neural network fault diagnosis model based on Fast Fourier transform (FFT) is proposed for the
early fault of aircraft motor and angular velocity sensor. The flight control model of the six-rotor UAV
is established on the Simulink platform. Then the FFT is used to analyze the data in an effective time-
frequency analysis. Finally, the probabilistic neural network model is implemented with MATLAB, and
the FFT data is used to classify the faults to realize fault diagnosis of UAV.
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Fig. 1 Sixrotor model and coordinate definition
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Fig. 2 Six-rotor system control simulation diagram
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Fig. 3 Six-rotor system position and attitude response
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Tab. 1 Original simulation data for normal Six-rotor

No. Roll_normal Pitch_normal Yaw_normal
1 —4.978 7Te—25 1.418 5e—42 2.751 3e—25
2 —1.403 0e—23 6.015 le—42 1. 755 7Te—24

110 000 —2.239 5e—16 1.158 7e—16  —3.953 3e—17

150 205 —2.380 3e—16 3.515 5e—17 6. 680 7e—17

150 206 —2.380 2e—16  3.515 4e—17 6. 680 8e—17
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Tab. 2

Original simulation data for NO. 1 motor failure

10% of Six-rotor

No. Roll_fault Pitch_fault Yaw_fault
1 —4.978 Te—25 1.418 5e—42 2.751 3e—25
2 —1.403 0e—23 6.0151e—42 1. 755 7Te—24
110 000 0.045 7 —0.0784 —0.018 0
150 205 0.054 4 —0.093 7 —0.019 7
150 206 0.054 4 —0.093 7 —0.019 7
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Fig. 4 Probabilistic neural network model
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Tab. 4 Angular velocity sensor mode category label
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Fig. 5 Probabilistic neural network training effect of mo-
tor fault
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