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Abstract: Fault detection and location is the prerequisite and guarantee for the reliability of the satellite for deep space
exploration missions. Combined with the analysis of the attitude control system (ACS) mechanism, we present a data-
driven fault diagnosis (FD) method based on neural networks and support vector machines (SVM) to detect and locate
fault. The FD scheme is composed of 3 steps. Firstly, the sensor signals of the ACS are collected, and a neural network is
applied to model the unknown dynamic characteristic of closed-loop ACS and make predictions; Then, ACS sensor signals
are compared with the neural network predictions to generate residuals and extract the fault features; Finally, an SVM is
applied to identify the fault features to realize fault detection. And combined with kinematic analysis, fault location is
realized. The simulation results show that the proposed method can effectively extract and identify the fault features and is
capable of realizing the fault detection and location of actuator and sensor.
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