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Abstract: Due to the vagueness of anomaly definition and the complexity of real data, video anomaly detection
is one of the most challenging problems in intelligent video surveillance. Frame reconstruction (current or future
frame) based on autoencoder (AE) is a popular video anomaly detection method. Using a model trained on normal
data, the reconstruction error of abnormal scenes is usually much larger than that of normal scenes. However,
these methods ignore the internal structure of the normal data and are memory-consuming. Based on this, a deep
auto-encoding Gaussian mixture model (DAGMM) was proposed. Firstly, the deep autoencoder was used to
obtain the low-dimensional representation of the input video segment and the reconstruction error, and then

further input into a Gaussian mixture model (GMM). The energy probability was predicted through the Gaussian
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mixture model, and then the anomaly was judged through the energy density probability. The proposed DAGMM

can simultaneously optimizes the parameters of the deep autoencoder and GMM in an end-to-end manner, and

balance auto-encoding reconstruction, density estimation and regularization of low-dimensional representation,

and has strong generalization ability. Experimental results on two public benchmark datasets show that DAGMM

has reached the highest level of technological development, achieving 95.7% and 72.9% frame-level AUC on the

UCSD Ped?2 and ShanghaiTech dataset, respectively.
Key words: video surveillance;  anomalous event;
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Fig.1 Flow chart of abnormal event detection method based on DAGMM
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K 2% (true positive rate, TPR) Fll 2K (false positive
rate, FPR):
TP

TPR= ——— (13)
TP+FN
FP
FPR= (14)
FP+TN

XT3 WA bR, T IR AR R AR 1 4R
(ROC) 1Y il 26 F 1 AL (AUC) LA iy B A 7Y (1) i 28 4
o 25 B AR {E Y 4 SRR, FR0H B AR AR
<k (ROC) BEH T RCAY TR RE

&1 EHEHREEHR

Tab.1 Overview of benchmark datasets

Attributes UCSD Ped2 ShanghaiTech

Frames 4560 317398

Scene Single Multi

Labels  Spatial & Temporal Spatial & Temporal
Resolution 360%240 856x480
Anomalies  Biker, cart, etc  Chasing, brawlingsudden motion, etc
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TR 420x280x3 MY 1% 2L 3 WAL 45 v] L4 43 15%10
KTy A, R4 4 h g i 28 1 S5 K 2B F 57 3
ik [19] 7 B9 Model C. CNN Ay &5 #4 5% % U Y
C64%(3x3)—C128x(3x3)—C256x(3%3)—C64x(4x4) I 4%
Fa, BN 56 64 K/ 3x3 BB ETZ, 3 F ok
K H 1281 K/N 33 BN G )Z, RIERH
256 K/ 3x3 BRI ETZ R 256 1K/ 4x4 45
R ERZ, 7T LIRS 256 4Emy1n) iz, . TSRS
) 26 &35 ¥4 15 2 B 2 A B2, T A [ Rz, R 2352 4, A
I TN R 265 By i A A 2 608 4, He 4 34 1 )2 W 4%
SUBCH 4 158 A 500 A S0, B 2N softmax 2,
A (30 eR B % & A tanh, 338 (11) H AR50
B E R 0.1 F10.01, A5 (5) PR E R 16, AR
RIS B A B B & Adam TR AL 2%, W1 IR 24 2] ol
0.0001, AR EL N 1000, 3hE (momentum) 25K
p1=0.9,0,=0.999, #t R~ 2K 128, SEIH 8 447 5 K
NVIDIA GTX1070TI, %17 8 GB, {43554 Tensorflow

1.15 1 Python 3.6,
23 KIEER

KT B UE SCH R R A B, R TR R B
TR T T X, X R ERHTF T
FRAE Y J7 ¥, 4 MPPCAP! | 3h 5 403 (MDT), MT-
FRONP! &5 b 40 45 R IR B 27 2 FRAE R 7 3, W d&
2D BFLH sh4ii% 4% 7% (Conv2D-AE)!', 3D %1
S ITEE (Conv3D-AB)Y, JE T4 B o 12
W 4% 4 30 S i 4% 5 75 (ConvLSTM-AE)?" | 3k & 1
PR 22 M 4% (StackRNN)2Y 13 T A % B I 25 16 5
% (GAN)'™

72 2 LImig AUC RIESh T PRS00 48 i A
MgE5S, w2 1 aT LI M, SOh 3 7 ik F 5
xS ik . ST TAREM s A H, B g
R4 R AE UCSD Ped2 B4R 4E L 1 HERR R 2 /42 15
T 3.5% Wik AUC(95.7% vs 92.2%). H 1591 2 1) 2,
Hi T ShanghaiTech J& it JLAF$ H 187 8 8 4, miigids
Z, 0 TSR AR, B Ik AT F 1
RRIE B 7 e B s 2 L AT IE . SRR 22
177 AR B, SO Y 0 I A P A B 4 IS T
AR A5 R . Bk U, $2 19 J5 ¥ 7E UCSD
Ped2 Hdli4E M1 ShanghaiTech Fdi4E 351 L Baseline!'
J7 2 4F 0.3% 1 0.1% Mgk AUC. {HJZ, 42 H 19 J5 vk
1t ShanghaiTech £HE4E AT 72.9% Mk AUC, HHxf

K2 EDNEBAREBKERWAEERITEE (X
AUC% HIFER)

Tab.2 Comparison with the state of the art methods in

terms of AUC%
Method UCSD Ped2 ShanghaiTech
MPPCAP 69.3%
MDTH 82.9%
MT-FRCNP! 92.2%
Conv2D-AE!" 85.0% 60.9%
Conv3D-AE!" 91.2%
ConvLSTM-AE™" 88.1%
StackRNN" 92.2% 68.0%
Baseline!'® 95.4% 72.8%
Proposed method 95.7% 72.9%
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T4 UCSD Ped2 %4l 42 HUR 11 95.7% Mgk AUC it
TARIR L, X FHJ& Kl ShanghaiTech%¥ 41 4 4 %F T
UCSD Ped2 #4640 & 2%, tl & 235 . Z Wik,
DA R MG T A S 4R v oA B R

H TR AR (5) e X T RNk & =
B0 R ARG I AR A S5 =4 Dy T P R, 3 o A v
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SLER AR AmIg AUC BIE 451 . & 3 ITE UCSD
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* 3 BHIRASENH KT UCSD Ped2 HiiREE
KR (MR AUC%) BISNE

Tab.3 Influence of the number of Gaussian mixture

components number K on the experimental

results of the UCSD Ped2 data set (frame-level

AUC%)
K AUC%
2 92.3%
4 94.5%
8 951%
16 95.7%
32 95.6%
64 95.7%
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Fig.2 Examples of the detection results
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