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Abstract: Aiming at the problem that Lagrange interpolation can’t deal with continuous outliers,
this paper proposes an adaptive outlier detection method for navigation sensors based on improved
support vector regression (SVR). This method combines the advantages of support vector regres-
sion with small sample data for accurate modeling and 36 for simple calculation. The support
vector regression is used to establish the ship’s motion model online to predict the measured values
in real time, and adaptively using 3o criteria. The threshold is calculated, and then the measured
value is compared to the predicted residual to determine whether the measured value is an outlier.
The method can automatically learn the movement trend of the ship, establish the real motion
model of the ship, without being affected by the continuous outlier, and can perform the outlier
detection without other sensors assistance. The sea-tested data shows that the proposed method
has a good detection effect on both discrete and continuous outliers, and at the same time obtains a
better estimate of the true measured value of the sensor.
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Fig. 1 Support vector regression diagram
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Fig. 2 Sea trial sailing track
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Fig. 3 Electromagnetic log raw data
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Fig. 4 Comparison of different outliers processing

methods in scenario 1
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Fig. 5 Lagrange interpolation results in scenario 2
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Fig. 6 SVR results in scenario 2
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