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Violence Recognition Based on Multilevel-motion Features of
Lagrange Field

LOU Jiu ZUO Decheng ZHANG Zhan LIU Hongwei
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin, Heilongjiang 150001, China)

Abstract: In different time scales in the process of violence recognition, a multilevel-motion feature violence recognition
algorithm based on Lagrange field is proposed in this paper. In this algorithm, the Lagrange field describing the nonlinear
particle motion is introduced into the process of violence analysis. The opt Lagrange field based on optical flow is
constructed to mine the motion characteristics of violence at different time scales, and a multilevel-motion module based on
Lagrange field is designed. The module can calculate the multilevel-motion characteristics according to the length of the
input optical flow sequence; Then, a dual flow network based on flow gate control mechanism is constructed to fuse
multilevel-motion features and RGB image features; Finally, the recognition results are calculated by using LSTM and full
connection model. Experiments show that this method has achieved good results in public violence identification data set,
especially in RWF-2000 data set of real monitoring scene, the correct recognition rate of violence identification can reach
88. 4%, which is better than other algorithms.
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Fig. 5 The accuracy of violence recognition based on different T
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Tab.3  Violence recognition results based on single

stream channel

AT Movies  Hockey  Crowd RWF- ¥R
Fight Fight ~ Violence 2000 Gk

OPTonly 100% 84.10% 84.57% 75.50% 86.04%

Lagrange  100%  92.50% 86.44% 83.12% 90.51%

F AL TR T AT R U Y 5 R S A
RUTE 4 Fh B SR BB 5 LA Z5 . IR 4h
AT LU A SCHEE S A RS TR A DO b B 4 1 3 5%
U R B, -0 R I8 5] 95. 32% , 4 1% Tk IR
Sz bR W 5 1 45 I RWF-2000 %4 98 46, 1T L) 5k )
88. 40% MR B HERA 2, X Ui I, & T Opt-Lagrange
Field JHF RS IR ML Z P2 S5 B, X T2 S117 MR
ViiE SR S| IS S i

x4 BT NPUNEER

Tab. 4 Violence identification results

Tk Movies Fight Hockey Fight Crowd Violence RWF-2000 SRR
ConvL.STM!” 100% 97.10% 94.57% 77.00% 89.5%
c3p™! 100% 96.50% 84.44% 82.75% 87.89%
13D (RGB only)" 100% 98.50% 86.67% 85.75% 90.3%
13D (OPT only)" 100% 84.00% 88.89% 75.50% 82.79%
13D (Lagrange only) 100% 88.40% 89.10% 83.10% 86.86%
13D (Fusion) 100% 94.50% 88.95% 84.50% 89.3%
FCN (RGB+OPT)" 100% 98.00% 88.87% 87.25% 91.37%
AlexNet+LSTM (RGB only) 100% 97.1% 86.3% 78.8% 90.55%
Ours 100% 98.60% 94.29% 88.40% 95.32%
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