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Video Abnormal Event Detection Algorithm Based on Self-feedback Optimal Subclass Mining
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Abstract Video anomaly detection algorithm is one of the hot issues in the field of video processing,and it is used to detect
whether an abnormal event is contained in the video. However, since abnormal samples are not involved in the training process,
and there is a certain degree of similarity between abnormal samples and normal samples,it is difficult to design an abnormal de-
tection model with discrimination. In order to solve the above problems, firstly, this paper proposes a feature selection method
based on similarity preservation and sample recovery. This method can retain the similarity of normal samples,and then learn fea-
tures that can accurately describe normal events. Secondly, it formalizes the abnormal event detection as classification problem,
and proposes a self-feedback optimal subclass mining method to find optimal classifier. The sample will be labeled as anomaly if
all classifiers label it as anomaly. Extensive experiments on public video surveillance datasets (i. e. Avenue Dataset and UCSD
Ped2 Dataset) demonstrate that the proposed abnormal event detection method can achieve good results.
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Table 1 Overlapping of one-class SVM model and results of
video abnormal events detection as & changes
k overlapping/ % AUC value
3 39.652 0.782
4 33.155 0.782
5 31.740 0.781
6 27.849 0.782
7 25.204 0.782
8 27.645 0.782
9 26. 149 0. 780
10 26.470 0. 780
11 24.785 0. 780
12 23.389 0. 780
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Table 2 AUC value changes with feature dimension
feature dimension AUC value
100 0.819
120 0.816
150 0.821
180 0.816
200 0.812
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Fig.5 ROC curve using SPSR feature selection method and

PCA method for dimensionality reduction
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Table 3 Comparison of AUC with some advanced algorithms at

frame level

Method AUC value
Lu et al. 1281 0.809
Hasan et al. B 0.702
Del Giorno et al. 127 0.783
Tonescu et al. [t 0. 806
Luo et al, (28] 0.817
Y. S. Chong et al. [s0] 0.803
OURS 0.821
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Table 4 Overlapping size of one-class SVM model changes with

AUC value

k overlapping/ % AUC value

3 10. 546 0.828

4 5.654 0. 830

5 3.356 0.814

6 2.076 0. 827

7 1.904 0.851

8 2.103 0. 830

9 2.263 0.819

10 2.125 0. 826

11 1.930 0.819

12 2.082 0.817
10
09 /
08
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06
05
04

Ours

03 MPPCA
02 Force Flow
01 MDT
0

0 01 02 03 04 05 06 07 08 09 10

K6 UCSD Ped2 #udii £ PR R 534 1 ROC £k
Fig. 6 ROC curves of different algorithms in UCSD Ped2 dataset

F 5 ARSCR G R B R AR WIGOK T AUC #E4T LA
i) 45 5
Table 5 Comparison of AUC between the proposed method and

some advanced algorithms at frame level

Method Frame AUC
MPPCAL! 0.693
MPPC+ SPF-#2 0.613
MDTL2] 0. 829
Unmasking[ﬂ 0.822
Conv-AEP! 0. 850
Force Flow!2% 0.556
Ours 0.851
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AL A RCBALEKE K-means R ZEH one-class SVM J7 &t
AR, LURAS e 2 2588 . Wi 28507k, A 3
B S5 SRS T ik AR T TR A R 25 R 7E Avenue $UHR 4
gk AUC {4 0. 821 1,1fi 4 UCSD Ped2 i £ L iyt
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