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Aggregation Analysis of Surveillance Trajectory

Based on Motion Similarity

LIANG Hao-zhe , HUANG Kui-hua, LI Guo-hui, Zhang Jun
(Science and Technology on Information Systems Engineering Laboratory, National Univ. of Defense Technology, Changsha 410073, China)

Abstract: For surveillance trajectory, a potential semantic content discovering method based on motion features was

investigated. In the phase of feature estimation, precise and smooth multi-modal distribution of direction was obtained by

combining inflection points of trajectory curve with the kernel density estimation. Then sequential and concurrent temporal

patterns of trajectory sub-class were modeled by Hidden Markov Model. With motion feature distribution, a hierarchical trajectory

aggregation model based on motion similarity was proposed. Experimental results show that the model can be used to discover

potential structure of trajectory set which reflect the motion region information of surveillance scene.
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Fig.1 Motion direction estimation. (a) Original Trajectory, (b) Curvature Curve. (c¢) Concentration Parameter & Analysis; from

left to right, value of % increase: 1 is too flat and 4 is too spiky when 2 and 3 is the approximate optimal estimator.
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Fig2 Spatial variance estimation of trajectory based on HMM. (a) HMM structure of 7. (b) According to 1 and 2 sequential HMM

can not estimate the concurrent structure of trajectory; As seen in 3 and 4, using k-means clustering to partition every Gaussian.
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