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Abnormal event detection method based on deep auto-encoder and
self-updating sparse combination

WANG Qiangian, MIAO Duogqian, ZHANG Yuanjian
(Key Laboratory of Embedded System and Service Computing, Tongji University, Shanghai 201804, China)

Abstract: In the construction of a deep learning model for abnormal event detection, frames or optical flow are con-
sidered but the resulting accuracy and speed are not satisfactory. To address these problems, we present an algorithm
based on convolutional auto-encoders and self-updating sparse combination learning, which is centered on the move-
ment of foreground blocks. First, we use an adaptive Gaussian mixture model to extract the foreground. Using a sliding
window, the foreground blocks that are moving, are filtered based on the number of foreground pixels. Three convolu-
tional auto-encoders are then constructed to extract the temporal and spatial features of the moving foreground blocks.
Lastly, self-updating sparse combination learning is applied to reconstruct the features and identify abnormal events
based on the reconstruction error. The experimental results show that compared with existing algorithms, the proposed

method improves the accuracy of abnormality detection and enables real-time detection.
Keywords: deep learning; sparse combination; auto-encoder; self-updating; abnormal event detection; convolution neur-

al network; unsupervised learning; sparse representation
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Table 1 Structure specifications of the convolutional auto-encoder
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Input LN = 64%64
Encoder-Convl LBHZE 32331 E R, stride=1, padding=1
Encoder-Pool1 k2 kernel_size=2, stride=2
Encoder-Conv?2 HBHZ 16713x3 1 EFZ, stride=1, padding=1
Encoder-Pool2 k)2 kernel size=2, stride=2
Encoder-Conv3 LBHZ 8133 R, stride=1, padding=1
Encoder-Pool3 k)2 kernel size=2, stride=2
Decoder-Pooll RRAEE kernel size=2, stride=2
Decoder-Convl LGIZE 8133 R, stride=1, padding=1
Decoder-Pool2 RAER kernel _size=2, stride=2
Decoder-Conv2 LBH)Z 1673 x3 1B FZ, stride=1, padding=1
Decoder-Pool2 R kernel_size=2, stride=2
Decoder-Conv3 HBR)Z 324353 FUZ, stride=1, padding=1

Conv LITHRY S 113 X3R4 R, stride=1, padding=1
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Table 2 Results of proposed method on Avenue test videos
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Table 3 Comparison of performance on Avenue data-

set with AUC %
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442 UCSD ## %

LA TAE LS AR %AE UCSD 2L
PitE L AUC . ASCHE I AUC 2 87.3%, L
Conv-AE" 25 7 6.3%, 5 SC'" M LT T
1.05%; 7E 84 4E Ped2 |, A SCE L SCY 42 1
T 11.01%, Ui B3 F 12 o)) Fir 5 He (R FRAE 32 By
AR IR T ERIURER . I EmEHA
Bl g i % 1T 25 B SR 2 R ARIE, 5 F T .42
IURFIE A B, B T

Fz4 FEUCSD HiE&E LA AUC EXTLE

Table 4 Comparison of performance on UCSD dataset

with AUC %
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CASSC 87.30 91.38 89.34
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