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Fig.1 Structure of the video anomaly detection model based on dual-scale serial network (DSS-Net)
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Table 1 Parameter settings

28 Wil

Parameter Value
Gradient function SGD
Initial learning rate 0.000 5
Learning decay rate 0. 001
Dropout 0.5
Batchsize 8
C, 3

Number of 1 X1 convolution kernels % 68,128,256,512

Momentum coefficient 0.9
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Fig. 6 Training loss and accuracy curves of DSS-Net
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Table 2 UCSD dataset
Kt 4 AL e WA A i %
Datasets  Total video Training video Test video Frames
Pedl 70 34 36 200
Ped2 28 16 12 120/160/180
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Table 3 Comparison results of different models on the UCSD

LLEITES B

Datasets Models AUC/% 4 EER/% v
Ped1 FCVAL® 94. 90 11.30
HmF 57. 60 23.50
ONN7 94. 90
AOE® 94. 60
One-SVM#! 88. 60 16. 30
SV-DNNF 91.90 16. 00
sHOTEY 51. 00 21. 30
DSS-Net 95.30 10. 60
Ped2 FCVAl® 92. 20 12. 60
HmF2 89. 50 17.50
ONN7 94, 50
AOE!? 95. 90
One-SVM#] 90.10 15. 80
SV-DNNE 94. 90 12.00
sHOTEY 82. 90 20. 90
DSS-Net 96. 80 12. 60

Note: the bold font represents the optimal detection result. 4 indicates
that the larger the AUC value, the better the detection result is. while
v indicates that the smaller the EER value, the better the detection

result is.

16 UCSD Pedl Hl Ped2 %4 4 - 8938 50 46 0 7]
MACEE R AE 7 iR o FEAE BT A0 Bl 38 43 Sk A6
WS AT N, hE 7 LI L, DSS-Net G151
MR E AT E R ERMAERSERET N, IFHE
DSS-Net XJ T[] — Wt v (9 A8 [ 5 47 g 24 0] DL HE B
FEAL
3.3.2 UCF % # 4%

N T HE— I DSS-Net (4 0 1 G . 75 8 B
A PR UCF %ol 48 1k frial, Bk S0 45
Rk 4 Fros, o] LLE H . DSS-Net [ AUC {H il
EER {4 Z» %3k 3 7 80.60% F1 18.50% . & 4R 1E
AUC M #845 F DSS-Net A K SV-DNNU', {H 7E
EER ¥ 1 48 #8 F., DSS - Net F & T 11.90%
(21.00%—>18.50 %) , AT LU 55 4 iy 3 9 1) AL 000 55
A7 g e L R



I AR E,2023 ££,30 %, 5 3 #§ Guangxi Sciences,2023,Vol.30 No.3

(a) Pedl

(b) Ped2

7 DSS-Net 7£ Pedl Fl Ped2 H¥a 4 - (04 I 45 5
Fig. 7 Detection results on Pedl and Ped2 datasets of DSS-Net
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Table 4 Comparison results of different models on the UCF
dataset
e AUC/% A EER/% +
Two-SRNet %] 71. 00
SV-DNNF 89. 20 21. 00
STFGNet" 80. 10
DSS-Net 80. 60 18. 50

Note: bold font represents the optimal detection result. 4 indicates
that the larger the AUC value, the better the detection result is. while
v indicates that the smaller the EER values the better the detection

result is.
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Fig. 8 Detection accuracy of various anomalous behav-

iors of DSS-Net on the UCF dataset
9 7 MR DSS-Net B F | JF 85, 20 95 OC-
SVM.KNFST 1 HmF # &k 17 % [, bR A A 1



RER,BFE,FEE,F ETRRESRITNEHRERETAHEN

Bl R IR T ScEk[26 ], XTHCES R ME 9 iR, T LLE
L 75 UCF 8 4 1. DSS-Net M oA % He A58 B
AL o RES M A L HmF B8, DSS-Net
TEWF ) JT 4 FFRAR T 9.47% (0. 169—>0.153),

0.22 1

0.20 1

E
o

Time overhead/(fts/s)
=
%

0.14 T T T T
HmF KNFST OC-SVM DSS-Net
Methods
B9 ANFBEAE UCF %ls 45 b Bk i) 7 85 % Lo

Fig. 9
models on the UCF dataset
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UMN, ShanghaiTech fl CUHK Avenue % £ %z
B EHEAT X LS g, S5 R ISR 5 R,
x5 FARAEHESIHEELHINLER

Comparison of time consumption of different

Table 5 Comparison results of different models on multiple
datasets
LGRS o AUC/ EER/
Datasets Models % A % v
UMN FCN-LSTM™* 93.70 7.10
Permutation™ 91. 00
DSS-Net 94. 61 5.29
ShanghaiTech ~ DDGANet™*" 73.70 17.55
MCSHH 75.50
DSS-Net 80. 02 12.13
CUHK Avenue  FCVAM® 83. 40 22.70
Permutation™ 78.30
MPED-RNN¢ 86. 30 15. 38
DDG ANet*H 84.90 19.15
DSS-Net 85. 84 14.09

Note: bold font represents the optimal detection result. 4 indicates
that the larger the AUC value, the better the detection result is. while
v indicates that the smaller the EER value, the better the detection

result is.

M3 5 A LLFE !, DSS-Net 7F 3 MR 4E E 1M
WP BE AR B T X e AR R LA B ) se 4 . H Ak,
16 H R 0 %5 4 ® ) UMN %03 4% b, DSS- Net 17

AUC {H ik F] 94. 61 % , H Ho X Eb AR AU rp 36 81 d5 4 1Y)
FCN- LSTM # A1, A SO A ) AUC fH 48 = T
0.97% . FESHATNHEINFEE M ShanghaiTech 4
4E -, DSS-Net f§ AUC {8 Ky 80. 02 % . 4 bt 35 Bl i &
B MCS #5842 /& T 5.99%. 4R % CUHK
Avenue $#E 4 |, DSS-Net () AUC {441 It MPED-
RNN f —E 20 B 7 EER #5458 T, DSS-Net T [
T 8.39% . 78 HJE A& DSS-Net FE4r ik 1 i I 4k
BE AN A () 4E B L A RRAE 3 TR IE R Rk RE S LA
B f# T AR 8 AT Ry 2Z I R4
3.4 HRAXI
3.4.1  BEHe 89k Rk 5 B

R T RS IR L AR R O [ AR XA T 1 R R
FHEOVE R 2 ke 3 B A3 iR 27 i L #AE UCF %L
P L HE AT Al S5, 25 R SR 6 TR .
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Table 6 Ablation experiment between modules

AR AR AR

AUC/ EER/ TO/
Variant models SD DSC AM TD % J

% (fts/s)

SD N/ 76.59 26.88 1.375
SD+ DSC NN/ 76.53 26.91 0.146
SD+ DSC + AM v N Y 79.10 19.04 0.150
TD < 68.19 29.83 0.151

SD+DSC+AM+TD « ~  ~/ 80.60 18.50 0.153

Note:SD indicates spatial dimension, AM indicates attention mecha-

nisms, TD indicates temporal dimension, TO indicates time overhead.
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Video Abnormal Behavior Detection with Dual-Scale Serial Net-
work

WU Degang' ,ZHAO Liping”” " ,CHEN Qianhui' ,ZHANG Yubo®

(1. College of Mechanical Engineering, Shangqiu Institute of Technology, Shangqiu, Henan,476000, China;2. College of Informa-
tion and Electronic Engineering,Shangqiu Institute of Technology,Shangqiu. Henan,476000,China;3. College of Electrical and In-
formation Engineering,Zhengzhou University, Zhengzhou, Henan,450000, China)

Abstract: Aiming at the problems of poor performance and large time overhead in traditional video abnormal
behavior detection models,a video abnormal behavior detection model (Dual-Scale Serial Network,DSS-Net)
based on dual-scale serial network is constructed from spatial and temporal dimensions. Firstly, the Vgg-16
network is improved by using deep separable convolution,and the improved feature extractor is used to ex-
tract features from the spatial dimension,so that the time overhead of the model can be reduced by reducing
the number of calculation parameters. Then,on this basis, the attention mechanism is introduced to strength-
en the expression ability of the target features. Finally, the Long Short-Term Memory (LSTM) network is
used to extract the context temporal relationship between each frame of motion video from the temporal di-
mension. The test was carried out on the current mainstream UCSD Pedl and Ped2 datasets and the more
challenging UCF dataset. The results show that the Receiver Operating Characteristic (ROC) Area Under
Curve (AUC) values of the proposed model on the three data sets reach 95.30%,96.80% and 80.60% re-
spectively,and the Equal Error Rate (EER) reaches 10.60%,12.60% and 18.50% ., respectively, and it has
stronger real-time performance. Compared with the classical One-class Neural Network (ONN) and Aggrega-
tion of Ensembles (AOE) models,the AUC values of the proposed model DSS-Net are increased by 0.42%
and 0.94% on the Pedl and Ped2 datasets, respectively. In addition,the proposed model DSS-Net is also test-
ed for generalization ability and robustness on data sets such as UMN, ShanghaiTech,and CUHK Avenue,
and the results are also competitive compared with the current mainstream models.

Key words: video abnormal behavior detection;spatial dimensions;temporal dimensions;deeply separable con-

volution;attention mechanism
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