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Motion Feature Descriptor for Abnormal Behavior Detection
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Abstract Modern motion description techniques for crowd motion in videos are mostly velocity descriptors based on optical flow.
However,acceleration contains a wealth of motion information, which can provide information that the velocity descriptors are
missing when describing complex motion patterns,and can better characterize complex motion patterns. This paper studies a mo-
tion descriptor, which uses an energy-based restricted Boltzmann machine model to perform anomalous behavior detection. First-
ly.the optical flow information in the video is extracted,and the acceleration information is calculated through the optical flow in-
formation of two consecutive frames. Then, acceleration histogram feature is computed over spatial-temporal blocks.and all the
spatial-temporal block histogram features of adjacent frames are spliced to obtain an acceleration descriptor. The Restricted Boltz-
mann Machine learns the normal motion patterns from the normal video training set, which is used for abnormal detection in
terms of the errors of reconstructed data in detecting phase. The results show that the average area under the curve (AUC) of the
UMN dataset reaches 0. 984,and the area under the average curve (AUC) of UCF-Web reaches 0. 958. Compared with other

state-of-the-art algorithms,the proposed descriptor has superior performance on anomaly detection.
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dataset
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Table 1 Comparison results of different methods on UMN dataset

Area under ROC

Method

Lawn Indoor Plaza

Optical flow1%] 0.84 — —
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SRCL7] 0.9950 0.9750 0. 9640
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OC-SVML1E] 0.9845 0.9037 0.9815
Direkoglu et al, [10] 0.9910 0.9485 0.9776
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HOA+HOFL] 0.9928 0.9673 0.9931
HAVA (proposed) 0.9766 0.9623 0.9894
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b BT BE A U TR A A RO . 5 Bk B o e B AR LG
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AHZE A T Ar i R IUROR BN R B 5 R B A A
T8 X B A 0 A BB S B B RAERUR .

% 2 UCF-Web %fia £ b AR 308k 9 X L 4%
Table 2 Comparison results of different methods on UCF-Web

dataset
Method AUC
SRCL7 0. 84
SFML15] 0.73
OFL15] 0.66
WIFL20] 0.85
NMEL19] 0. 89
CSRI21 0. 900
HAVA+HOF (ours) 0.958

3 MR T G A T N L

Table 3 Comparison results of every single descriptor and combined

descriptor
Method FALIE AUC # AL AUC
HAVA(ours) 0.9452 0.9051
HOA 0.9363 0.8950
HAVA+ HOF (ours) 0.9751 0.9403
HOA+ HOF 0.9651 0.9348

GERIE  ARCUE T — R R AR N A2 S 5 B R A
T ST X AR R ARV R I I R A B o G A
N B X A2 s A5 B HE AT g 15 45 B R 4 R 7 HAVA.,
¥ HAVA 5 HOF 5905 78 5 T A8 & 09 B8 32 IR 3 K 2%
SPHEMERFFAT RN, 25 LT RR
Bl B TR RBRsREMETFERNER,
TE A4S Ja) 5 AT S K I T A A
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