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Detection of abnormal crowd behavior based on
spatial-temporal adversarial variational autoencoder

XING Tianyi', GUO Maozu', CHEN Jiadong', ZHAO Lingling’, CHEN Linxin’, TIAN Le'

(1. School of Electrical and Information Engineering, Beijing, University of Civil Engineering and Architecture, Beijing 100044
China; 2. Faculty of Computing, Harbin Institute of Technology, Harbin 150001, China)

Abstract: Video-based detection of abnormal crowd behavior is important for the early discovery of safety risks and the
prevention of group safety accidents. To address insufficient direct learning of the representation of abnormal samples
because of the scarcity of abnormal crowd behavior events and the low detection accuracy of abnormal events, this study
proposed a predictive spatiotemporal adversarial variational autoencoder (ST-AVAE) video anomaly detection model
based on variational autoencoder, by adding the long short-term memory and adversarial network modules. Joint feature
representation and reconstruction of the temporal and spatial dimensions of normal sample video sequences were per-
formed, which reduced the feature loss in the reconstruction process of normal samples, thereby expanding the predic-
tion loss of abnormal samples, avoiding dependence on abnormal samples, and realizing the detection of the abnormal
behavior of crowd dispersal based on model reconstruction errors. Comparative experiments were conducted on the pub-
lic dataset UMN and captured video datasets to prove that the ST-AVAE model has the optimal detection accuracy and
recall rate in the detection of abnormal crowd escape behavior based on surveillance video, and the adversarial network
module significantly improves the performance of anomaly detection.

Keywords: detection on abnormal crowd behavior; variational autoencoder; autoencoder; long short-term memory net-
work; adversarial network; spatiotemporal adversarial variational autoencoder; reconstruction errors; abnormal escape

behavior
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Gl
128x128x3  64x64x6  32x32x9  16x16%x12 8x8x24 4x4x48 256 64 64
LSTM reshape Deconvl Deconv2 Deconv3 Deconv4  Deconv5 Deconv6
fR A%
64 2x2x48 4x4x48 8x8x24 16x16x12  32x32x9  64x64x6  128x128%3

ST-AE £ B v | 4 % 25 14§ A 48 5 128
128x3, &4t 5 )2 33 WERK, 1 2 1x1 B,
a4k B2 A 64, LSTM M A2 B R 64, Bk
JZRE TR 32, AR A LRl 64, Hiy i 4k

E Sk 128%128%3,

ST-VAE BRI v, Zai 5 45 ) i A 46 JE Sk 128 x
1283, fy i 4E B N 64, LSTM (1K) fiy A 4k B Bl
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Fig.7 Two kinds of crowd abnormal behaviors included in UMN datasets and collected simulated abnormal video data
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Table 3 Experimental result indicators
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