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Abstract

Abnormal event detection is an important part of intelligent surveillance systems, especially for
complex surveillance video scenes. In recent years, many algorithms have been proposed to detect
abnormal events. However, most of them need to set a series of parameters in the model during
the modeling process, which is not only troublesome in arranging the parameters, but also the
parameters need to be reset when changing the detect scene. This paper proposes an abnormal
detection algorithm based on non-parametric models, constructs and maintains a vector set based
on the motion trend vector merging method, and uses clustering to generate different event clus-
ters, and proposes a pre-detection step to improve the detection effect of the algorithm in sparse
scenes. Finally, some existing detection algorithms are selected for comparison experiments. The
results show that the model proposed in this paper has certain advantages in detection rate and
time performance.
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Figure 1. Detection result in corresponding scenes
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Figure 2. Detection result of UCSD Ped?2 dataset
2. UCSD Ped2 #iESEMMLER

Table 1. Detection comparison on UCSD Ped2 dataset
F 1. UCSD Ped2 HIRE S HINLER

S
R S IR T8 50 S 1R 2R (%) i 7)(FPS)
HAT#H i RE

HSLE 15 3 1 19
Jri5[4] 3 0 1 4/19 43.1 10
JTE[28] 15 3 1 19/19 25 0.04
J7ik[29] 15 3 1 19/19 18.5 0.72

Ours 15 3 1 19/19 18.6 18
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Figure 3. Detection result of subway dataset

3. Subway HHEERMLER

Table 2. Detection comparison on subway dataset

% 2. Subway BUREENHRNER

TR S AR B SR A SRV 108 it} [ (FPS)
HYHH 9
Jik[4] 100% (9/9) 9 12 10
Jrik[22] 100% (9/9) 2 0.5
FA31] 100% (9/9) 0 02
Ours 100% (9/9) 1 3 25
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