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W OE MFE FHEN S RS AN AIR PR S ES, ﬁéﬁ‘kﬁfi%% PREAEMLE, 2
ARG TARSH FAFFAAEGEEEMANS T, FHAENGFF FHEAEZAL, AL E
T—HETAERARBDESRFT GRS F FHeME S Lh &, FAFAMMBTH ORI 5 R
ALIR WP B — e 69 R A 5 w1 A B A % B (Histogram of oriented gradient, HOG)4F4E , K J& A AR F 49
FRERSAZITEREBHDENF ] EFEH XA, RS EFF FHENIEF AN LERESHD
By EMIREZ X DT FF R, ZF F TR A SRR R R B SEATHAEFE T R T FHF F4H
FALW A E, P #E 7 % £ UCSD Pedl . UCSD Ped2 . CUHK Avenue = A4 ¥E £ L3755, & R
E R ZE R AR AL E FA, S A A AUC(Area under the curve)-F3948 A 7 5.61%,
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Convolutional Auto-Encoder Patch Learning Based Video Anomaly Event Detection

and Localization

LI Xinlu, JI Genlin, ZHAO Bin
(School of Computer and Electronic Information/School of Artificial Intelligence, Nanjing Normal University, Nanjing 210023, China)

Abstract: Video anomaly event detection and localization aim to detect abnormal events and lock its
localization in the video. However, the video scenes are complex and diverse, and the localizations where
anomaly events occur are random and changeable, which makes it difficult to accurately locate the occurred
abnormal events. This paper proposes a video anomaly event detection and localization method based on
convolutional auto-encoder patch learning. Firstly, we divide the video frames evenly into patches and
extract the optical flow and the histogram of oriented gradient (HOG) feature of each patch. Then, at the
different patches in the video, we individually design a convolutional auto-encoder to learn the feature in the
normal motion mode. During the anomaly event detection process, the reconstruction loss of the
convolutional auto-encoder is used for anomaly detection. The proposed method can effectively perform
feature learning for different regions of the video and improve the accuracy of anomaly event localization.
Experimental results on three public datasets, UCSD Pedl, UCSD Ped2, and CUHK Avenue,
demonstrate that the frame level AUC (area under the curve) of this method is increased by 5.61% on
average and can accurately locate anomaly events.

Key words: video anomaly event detection; anomaly event localization; patch learning; convolutional auto-

encoder; deep learning
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Fig.1 Pipeline of video anomaly event detection and localization method
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Fig.2 Overview of AD-ConvAE structure
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(1)  for each trainf; in TrainFrames do:

(2) 4 trainf, 25 5] 0] 53 BN 5 & 1 B B patches

(3)  for i=0 to frameCount do:

A

(4) for j/=0 to patchNumber do:
(5) { Opt,=patchy 1 CI
(6) HOg(,-'/):patCh(,-'/)EI/‘J HOG%"@E }

(7)  for /=0 to patchNumber do:
(8) { epoch=0
(9) while(epoch <C epochs) do:
{ reconOpty=Tforward(AD-ConvAE(1)y, Opty)

O b
(11) bp(AD-ConvAE(1)y, reconOpty)/ /I A% H#E B H AD-ConvAE(1), 1 S %k
(12) reconHog=forward(AD-ConvAE(2)y, Hogy)

//ERE A BB HOG
(13) bp(AD-ConvAE(2)y, reconHogw)/ /K 10 1% #5 5 8 AD-ConvAE(2), 1 S %k
(14) epoch = epoch + 1} }

(15)  return AD-ConvAE(1), AD-ConvAE(2)
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Table 2 Comparison of our method with other anomaly detection methods %
. UCSD Pedl1 UCSD Ped2 CUHK Avenue

s AUC EER AUC EER AUC EER
MPPCA™ 59.00 40.00 69.30 30.0
SF® 67.50 31.00 55.60 42.0
SF-+MPPCA" 66.80 36.00 61.30 36.0
Mohammad et al.” 67.50 23.8

ConvAE®” 81.00 27.90 90.00 21.7 70.20 25.1

SpatioTemporal-AE®! 81.00 27.90 87.40 12.0 80.30 20.7

ISTLMY 75.20 29.80 91.10 8.9 76.80 29.2

Ours 85.92 23.35 90.45 15.6 81.65 27.7
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Fig.4 Visualization of abnormal event detection results Fig.5 Visualization of visual abnormal event detec-

on the UCSD Ped1 and UCSD Ped2 datasets tion results on the CUHK Avenue dataset
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