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Video anomalous behavior detection based on 3D convolutional auto—encoder
LIAN Jing, HU Xing, HUANG Yingping
( School of Optical Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] Video anomalous behavior detection is one of the current hot problems in the field of computer vision. However, the
difficulty of specific definition of anomalous behavior makes it difficult to apply supervised learning—based two—class classification
methods in this field. In this paper, we propose an unsupervised video anomaly detection model, called 3D self —encoder model
based on spatio—temporal feature fusion (ST-3DCAE). First, the optical flow feature map of the scene is extracted with PWCNet
and fused with the original video frame as the basic unit, and multiple basic units form a continuous basic unit as the model input;
then, the 3DConv module and ConvLSTM module are used for autonomous extraction of spatio —temporal features, and the
3DSEblock module is used for screening of important features; finally, the reconstruction of the self-encoder through the input data
and reconstruction error between video blocks to determine whether the video shows abnormal behavior. The model proposed in this
paper was validated on publicly available datasets such as UCSD and Avenue, and the qualitative and quantitative analysis of the

experimental results proved the better performance of this method.
[ Key words] anomaly detection; ST-3DCAE; feature fusion
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Fig. 1 Block diagram of abnormal behavior detection
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Fig. 2 Anomalous behavior detection network framework diagram
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Fig. 4 ConvLSTM structure diagram
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Tab. 1 Performance comparison of different methods on UCSDPed1

dataset
Approach EER /% AU C/%
Adam!'?] 38.0 77.1
SFH4] 31.0 67.5
MPPCA!! 40.0 66.8
AMDN'®] 16.0 92.1
Conv—AE["?] 27.9 81.0
ST-3DCAE 25.1 80.7
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Tab. 2 Performance comparison of different methods on
UCSDPed2 dataset
Approach EER /% AUC /%
Adam'"*] 42.0 /
P4 42.0 55.6
MPPCAM 30.0 69.3
AMDN'®! 17.0 90.8
Conv-AE"] 21.7 90.0
ST-3DCAE 21.8 85.3
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The ROC curve for UCSD Ped1 dataset
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Fig. 5 ROC curves for UCSDPed1 dataset and UCSDPed2 dataset
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10 The ROC curve for Avenue dataset
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Tab. 3 Performance comparison of different methods on Avenue

dataset
Approach EER/ % AUC/ %
Conv—AE ] 25.1 70.2
ConvLSTM-AE®) 20.7 80.3
GMFC-VAE!") 22.7 83.4
ConvAD-AE 22.3 84.2
ST-3DCAFE 24.9 81.0
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