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Abstract; Fault diagnosis for intelligent vehicles is of great significance to ensure the safe driving. This
paper proposes a fault diagnosis method aiming at anomaly detection for sensor data and vehicle motion
of intelligent vehicles. For the non-sequential sensor data, the extreme learning machine based on au-
toencoder is utilized to compress the normal data instances to learn the feature representation and recon-
struct the data using the compressed feature. Whether an instance is normal or not is decided in accord-
ance with the reconstruction error. To detect the anomaly in the sequential sensor data, multi-layer

Long Short-Term Memory network is adopted to learn the time adherence of the sequential data to pre-
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dict the current data value, and whether the data is normal or not is judged according to the prediction

error. Besides, an adaptive threshold calculation method is proposed, in this method, the threshold

would dynamically change with the reconstruction error or prediction error so that the decision variable

is sensitive to the anomaly. Furthermore, to detect whether the vehicle motion is abnormal, the vehicle

bicycle kinematic model and Kalman filter are adopted and the normality of the residuals between the es-

timated and measured values is checked using Jarque-Berra test. The experiment results show that the

proposed methods in this paper can effectively detect the anomaly in the non-sequential or sequential sen-

sor data, and detect the abnormality of the vehicle motion.

Keywords: Intelligent vehicles; Fault diagnosis; Extreme learning machine; Autoencoder; LLong Short-

Term Memory; Adaptive threshold calculation
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Fig. 1 Schematic of the autoencoder
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Fig. 6 Fitting for the residual distribution
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