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Detection Model of Semi-supervised Group
Abnormal Behavior in Metro Application Sce-
nario

CHENG Yuan, WU Fan, ZHANG Ning, XU Wei
Abstract To solve the public safety risk issues caused by
group abnormal behavior in metro such as crowding, running
and trampling, targeting the wide variety, poor balance, com-
plex and diverse background environment problems of metro
station monitoring video samples, a semi-supervised group ab-
normal behavior detection model with strong mobility, high
training and operation efficiency, and less sample labeling is
proposed. Combined with convolutional auto-encoder and con-
volutional long/short term memory network, the image sam-
ples are compressed and reconstructed with spatial dimension

features, and superimposed with temporal dimension motion

features respectively. Meanwhile, real-time monitoring video
images are automatically examined, thus group abnormal be-
haviors in different scenarios are identified in time, lowering
the threat on public/private property and safety. Based on the
existing video monitoring system, the proposed model can ac-
complish full coverage of high-incidence areas and scenes in
the station, and the reconstruction error per pixel of the moni-
toring image is superimposed into the original image in the
form of heat map or scatter plot, which is helpful for the super-
visors to quickly locate abnormal areas and respond in time.
Accuracy of the proposed model is verified by Subway, CHUK
Avenue and the self-built Wuxi Metro dataset. Research results
show that compared with similar classical models, the proposed
one can elevate detection accuracy while generally meeting the
real-time application requirements in metro station scenario.
Key words metro; semi-supervised; group abnormal behav-
ior
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Fig.1 Diagram of detection model overall framework
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Fig.4 Reconstruction error of the detection model
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