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Violence identification method based on improved SlowFast
CHENG Qingnan, YANG Xiaochang

(School of Computer and Information Engineering, Shanghai Polytechnic University, Shanghai 201209, China)

Abstract: Human action recognition has broad applications in fields such as video surveillance, human-computer interaction, and
healthcare, with violent behavior recognition being particularly important due to the sudden and occasional nature of violent
incidents, which pose a significant threat to social stability. This paper aims to improve the accuracy of violent behavior recognition
and address the issue of traditional manual monitoring being unable to efficiently cover all scenarios. To tackle the suddenness and
occasional nature of violent events, an improved method based on the SlowFast model is proposed. First, a 3D spatiotemporal
channel attention module is introduced, which combines temporal information from the slow network with spatial and channel
information, significantly enhancing the accuracy of identifying violent behaviors at critical moments, thereby reducing false
positives and false negatives. Second, a spatiotemporal enhancement step is added to optimize the dual-stream features, emphasizing
the key spatiotemporal regions of violent behaviors and improving the model’ s sensitivity to subtle changes. Experimental results
show that the improved model significantly enhances the accuracy and efficiency of violent behavior recognition tasks, providing
technical support for automated video surveillance and security warning systems.
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Fig. 1 Structure diagram of the improved SlowFast model
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Fig. 2 Nested structure of attention modules
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Fig. 3 3D Temporal-channel attention
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Fig. 4 3D Temporal-spatial attention
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Table 1 Comparison of model performance before and after
improvements %
Jrid Precision Recall F1 Score
SlowFast 87. 6 74. 9 80. 8
ARITTiE 90. 4 88. 7 89. 5
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Fig. 5 Optimized model recognition result
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Table 2 Performance comparison with existing models

. Precision/ Recall/ F1 Score/ TREIZSHE/
Jrik
% % % [EpJ)
SlowFast 87. 6 74. 9 80. 8 22
13D 89. 0 76. 0 82. 2 27
ResNet+2D &1 85. 5 72. 5 78. 6 10
ATk 90. 4 88. 7 89. 5 20
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Table 3 Ablation experiment

$yk 3DTSA  3DTCA  Non-local block Precision/% Recall/%

SlowFast X x x 87. 6 74. 9
gV x x 87. 5 86. 1
B 2 x vV x 90. 9 85. 4
B 3 x x vV 89. 7 87. 3
BiR4 2 vV 90. 4 88. 7

Forp BORL 1T Z AR 3 43550 AR ) 3 1
LIRS I 8] 2 [A) T 0 AR | P 2 1 R AR R 4
TR 4 S R SRR Y e SRR Al LA Y s
M IE R R 51 IS {5 B0 o D R A
I, BRI SlowFast A5 51 %5 % 347 S B3R 51K 1
JEE o MRS A =38, AU RT LA e 2 3 3 0
TR R B T I 23 38 G 5 B i B HRE 7, i EL
A0 A o 25 S5 i ] AR Al £ T ik 6 15 R 52 L
SRR AR AR T 2. 8%

3 HRiE

BEXT 2 34T R SE PR SR AR SCH H —Fh ik
Y SlowFast 2 7147 IR FIF R . 7E SlowFast £ 7
w0 45 (43R AL e o 5 A 4 3 R A, 2
18 2% BN A B S TR ARRAE , 3 9 2 017 40
THSZIAE 7 5 G ik 25 £5 B 48 9 2P R 3l i Non-
Local HEHA R HIARHE 42 R B 25 RO OC & | iR AL A
X I 25 I RN BE ) o AR SCHR Y B ket Je Y
FERIAE Real Life Violence Situations ZXHE4E - A 5
HEWRRIR T T 2. 71% , WE 55 T % B0k Oy 2 0 A &%
P, SR AT R SUSER AL T 8 RIS R A AT
tE
Sk

[1] RAHAE, B4, BEER. 3T 2D CNN Fl Transformer (1) A4 5)
FERALT]. I ERAR, 2022, 45(15) : 123-129.

[2]Sajjad M, Ullah F U M, Ullah M, et al. A comprehensive survey
on deep facial expression recognition; Challenges, applications,
and future guidelines| J]. Alexandria Engineering Journal, 2023,
68(4) :817-840.

[3]Huang D Y, Lin C L, Chen Y. Securable networked scheme with
face authentication[ J]. IET Biometrics, 2022, 11(2) ;97-108.

[4] Jayaraman U, Gupta P, Gupta S, et al. Recent development in

face recognition[ J]. Neurocomputing, 2020, 408:231245.

[ 5] Vijeikis R, Raudonis V, Dervinis G. Efficient violence detection in
surveillance[ J]. Sensors, 2022, 22(6) :2216.

[6]Simonyan K, Zisserman A. Two-stream convolutional networks for
action recognition in videos [ C ]//Proceedings of the 27"
International Conference on Neural Information Processing
Systems. NeurIPS, 2014.568-576.

[7] Tran D, Bourdev L, Fergus R, et al. Learning spatio-temporal
features with 3D convolutional networks | C |//Proceedings of the
IEEE International Conference on Computer Vision. Piscataway,
NJ.IEEE, 2015.:4489-4497.

[ 8] Hochreiter S, Schmidhuber J. Long Short-Term Memory [ J].
Neural Computation, 1997, 9(8) :1735-1780.

[9]Jayaraman U, Gupta P, Gupta S, et al. Recent development in
face recognition[ J]. Neurocomputing, 2020, 408.231-245.
[10] Jisle, H&IF. BT Hm bR SCORE AR SPER S k(1]

S FIEEAR | 2022, 41(10) :72-79.

[ 11]Feichtenhofer C, Fan H, Malik J, et al. SlowFast networks for
video recognition[ C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Piscataway, NJ:
IEEE, 2019:6202-6211.

[12] 3287, BEEHTE, WHEE, 45, BET A% 20 WU Al 42 I 45 (1 S
TR AR ARG AR [ T ). TSRl TR 5 R, 2023, 45
(3):470-4717.

[13]Li S B, Wang Z Y, Liu Y X, et al. FSformer; Fast-slow
transformer for video action recognition [ J]. Image and Vision
Computing, 2023, 137.104740.

[14]Zhang Y, Ibrayim M, Hamdulla A. Research on cow behavior
recognition based on improved SlowFast with 3D CBAM[ C]//
Proceedings of the IEEE International Conference on Computer
Vision. Piscataway, NJ.IEEE, 2023.470-475.

[15] Zhang S, Liu H, Sun C, et al. MSTA-SlowFast; A student
behavior detector for classroom environments| J]. Sensors, 2023,
23(11) :5205.

[16]Woo S, Park J, Lee J Y, et al. CBAM: Convolutional block
attention module [ C ]//Proceedings of the IEEE International
Conference on Computer Vision. Piscataway, NJ.IEEE, 2018.3-
19.

[17] Diao X, Xu Y. A SlowFast-based violence recognition method
[ C ]//Proceedings of the 6™ Asian Conference on Artificial
Intelligence Technology. Piscataway, NJ. IEEE, 2022.1-6.

[18] Wang X L, Girshick R, Gupta A, et al. Non-local neural
networks [ C ]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition . Piscataway, NJ.IEEE,
2018.7794-7803.

[19]Soliman M, Kamal M H, El-Massih Nashed M, et al. Violence
recognition from videos using deep learning techniques [ C]//
Proceedings of the 9™ International Conference on Intelligent
Computing and Information Systems. Piscataway, NIJ. IEEE,
2019.80-85.

[20]8K [, B2, &M, . JEFaRE R M 4 118 3l B AR
BRERTTE(T]. BotS ot T2t 2023, 60(4) :391-394.



