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Temporal edge attention recurrent neural networkfor violence detection

LIU Bang-Yi', ZHOU Ji-Liu', ZHANG Wei-Hua*
(1. College of Electronic Information Engineering, Sichuan University, Chengdu 610065, China;
2. College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract; Violence detection is one of the most important research topic in behavior recognition, which
has great potential applications in network information review and intelligent security. The published
works cannot keep their performance in the complexity environments, because they cannot effectively
extract movement features and contact consecutive frames. Hence, a novel method is proposed in this
paper, which is referred to as temporal edge attention recurrent neural network (TEAR-Net). First, we
propose a novel motion object enhancement (MOE) module, which enhances the motion edge while
keeping the background information of the video sequences. Because the motion edge has a much greater
effect on motion recognition than other areas of the image, the enhancement of motion edge can effec-
tively improve the extraction efficiency of action features, and thus the recognition accuracy is improved.
Then we introduce a novel recurrent convolutional gate unit CSA-ConvGRU, which combines context
and attention mechanism. It can extract the stream features among consecutive frames and the independ-

ent features of each frame. Attention mechanism can help to focus on key frames, which greatly improve
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the efficiency of action recognition, capture the global information of the video stream with a lower cost,

and thus effectively improve recognition accuracy. The proposed model has been tested on the currently

lastest public datasets RWF-2000 and RLLVS. The experimental results show that the proposed model

outperforms the state-of-the-art violence detection algorithms in terms of computational cost and detec-

tion accuracy.

Keywords: Violence; Temporal information; Motion edge; Attention mechanism; Context
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Tab. 3 Recognition accuracies of different methods on two

public violence datasets

WikeS RWF-2000/% RLVS/%

Inception-Resnet-V2+ DI — 86. 78
Flow Gated9! 87.25 —
SPILF24] 89. 30 —

C3Ds) 82.75 90. 50

P3DL] 84. 50 90. 75

X3D X821 81.75 97.50
TEAL2] 88. 50 -

R(2+ 1) D] 83.25 88. 50
ECA-two cascade TSML26 89. 27 -
LRCNHZ] 77. 00 —
SepConvL.STM-ML27) 89. 75 —
SAM-GhostNet-ConvL.STM!®] 87. 50 —

ViolenceNet OFL28] — 95. 60

Ours 90. 50 97.75

45 #

ARSCHE T — i 5 300 5 e 3 00 A o 5 )
4% (TEAR-Nev). 1% J7 7% 0] LA 84l Uiz g AR R
TEFEIOA K A [ s (o EL A B B AL R
FIHLEIE CSA-ConvGRU % #4) 3 — A5 18 i85 784 o)
T A M5 B R SOM & R AE A $ 5 Bt i)
TEAR-Net 7£ RWF-2000 Fl RLVS B4~ %t T £ 52
iy 5e T FrlcR 0 A JF B 4R L 0 U00RS B2 AT LA
] 90. 50261 97. 75%. SLERLE R W AH LT H Al
()28 347 AN 5 s TEAR-Net HATHE & 13 1
L RBHEIE N I 5 T R AT AR 55
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