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Overview of video based human abnormal behavior recognition and
detection methods
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Abstract: As an important branch of computer vision, abnormal behavior recognition and detection technology has
been widely used in intelligent security, medical monitoring, traffic control and other fields. However, the definition
and discrimination methods of abnormal behavior are closely related to the scene factors, and it is very important to
appropriately choose the feature extraction as well as abnormal behavior recognition and detection methods according to
the characteristics of different application scenarios, so as to improve the warning accuracy. Therefore, this paper reviews
the video based human abnormal behavior recognition and detection methods. Firstly, the definition, characteristics and
classification of human abnormal behavior are given. Secondly, the feature extraction methods are summarized. The
selection of feature extraction methods and the quality of extracted features directly affect the subsequent discrimination
results. Then, the paper analyzes and discusses the abnormal behavior discrimination methods from two aspects: abnormal
behavior recognition and abnormal behavior detection. The common abnormal behavior detection data sets and related
algorithms’ performance are also given. Finally, the future research directions of this field are prospected.
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22 # # 5 x K %37%
2 FMHEZERIMLR AUCELE %
WiRrS USCD Pedl USCDPed2 UMN  ShanghaiTech CUHK Avenue  Subway Entrance  Subway Exit

Social Force!!%! 67.5 55.6 96.0 - - - -
MPPCA! 66.8 69.3 — — — — —
Permutation-based!!* - - 91.0 - 78.3 69.1 82.4
Conv AE!%! 81.0 81.1 - 70.2 94.3 80.7
ConvLSTM AE"* 75.5 88.1 - 77.0 933 87.7
Spatiotemporal AE!™! 89.9 87.4 — 80.3 84.7 94
GrowingGas!'*! 93.8 94.1 99.7 — - - —
GANP®! 97.4 93.5 99.0 - - - -
Multi-task Fast R-CNN!"! — 92.2 - 89.8 — -
Unmasking!?”! 68.4 82.2 — 80.6 71.3 86.3
Stacked RNNI1%3 - 92.2 68 81.7 - -
U-Net!108! 83.1 95.4 72.8 85.1 — —
AMDN!7! 92.1 90.8 — — - 87.9
Plug-and-play CNN!%! 95.7 88.4 98.8 - - - -
Narrowed Normality Clusters!''%! — — 99.3 — 88.9 93.5 95.1
MPED-RNN*! - - 75.4 86.3 - -
Object-centric AE!!! — 97.8 99.6 84.9 90.4 — —
Adversarial 3D Conv AE!?! 95.7 96.0 84.0 91.2 90.5 98.8
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