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Trajectory outlier detection method based on kernel principal component analysis

BAO Suning”, ZHANG Lei, YANG Guang
( School of Computer Science and Technology, China University of Mining and Technology, Xuzhou Jiangsu 221116, China)

Abstract: In view of the fact that the existing algorithms cannot effectively be applied to multi-factor trajectory outlier

detection, this paper proposed a new method named TOD-KPCA ( Trajectory Outlier Detection method based on Kernel

Principal Component Analysis) .

Firstly, in order to enhance the effect of trajectory feature extraction, the method used KPCA

to do the space transformation for trajectories and converted nonlinear space to a high dimension linear space. Furthermore, in

order to improve the accuracy of outlier detection,

the method used one-class Support Vector Machine ( SVM) to do

unsupervised learning and prediction with trajectory feature data. Finally, the method detected those trajectories with abnormal

behavior. The proposed algorithm was tested on the Atlantic hurricane data. The experimental resulis show that the proposed

algorithm can effectively extract trajectory features, and compared with the same algorithm, the proposed algorithm has better

detection results in terms of multi-factor trajectory outlier detection.
Key words: TRAjectory Outlier Detection ( TRAOD) ; Kernel Principal Component Analysis ( KPCA) ; high-dimensional
feature space; One-Class Support Vector Machine ( One-Class SVM)
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BEGIN;

1) InitializeParameter( @, P)

2) labels = Initialize ( labels)

3) trajs = Preprocess( trajs)

4) fori = 1 to number of trajs

5) forj = 1 to number of irajs

6) K(i, j) = Kernel(trajs(i,:) ,trajs(j,:), o)
7) KL = NormalizeKernel( K)

8) (w,e) = EigenvalueAndVector(KL)

9) Sort(v,e)

10) (v,e) = Unitization(v,e)
11) se =Sum(e)

12) sr=0

13) fori = 1 to number of e
14) sr=sr+eli]

15) ifsr/se > = P

16) break ;

17) Projection = Mapping(KL,i, V)
18) model = Training( Projection)

//accumulating contribution rate

19) fori = 1 to number of trajs
20) labels[i] = sgn(traj[i],model)

21)  if (labels[i] == -1)

22) output as outlier trajectory

23)  else

24) output as normal trajectory
END
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