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Abnormal Behavior Detection Algorithm With Video-bag Attention

Mechanism in Surveillance Video

XTAO Jin-Sheng' SHEN Meng-Yao' JIANG Ming-Jun' LEI Jun-Feng! BAO Zhen-Yu'

Abstract Aiming at the detection of the abnormal behavior pedestrians in surveillance videos, this paper proposes
an end-to-end abnormal behavior detection network. It takes video bags as input, and anomaly score as output. The
spatio-temporal encoder is used to extract the features of the video bag, then use the attention mechanism based on
the hidden vector to weight the different elements in the bag-level feature, and finally use the bag-level pooling to
obtain the video bag anomaly score. Four commonly used anomaly detection datasets are integrated and used to
test and compare the performance of different anomaly detection algorithm. The results of multiple objective indic-

ators show that our algorithm has significant advantages in anomaly detection.
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Fig.4  The loss under different predictions
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Fig.5 The loss curve in training stage
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%% EER = ((1-TPR)+FPR)/2.
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coder) " AF 4y gt 45 (Vae) ' 2 S5 HE 42 HE 42
(Mir)!" 7E ROC FE bR LL 25 B E 6 frs. MK
R DAE H, ARSCER I AR A (0, 1), ’IZET
AR K, B2 A Bk IRz, 5 H i 5%
R

#1  REMNEZE AUC X EER 185
Table 1  The AUC and EER of different algorithms
HE AUC EER
B2 E G 2 0.644 0.380
ARGy i i A 0.269 0.706
E2EA 0.445 0.488
AL 0.754 0.292
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Fig.6 The ROC curve of different algorithms
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