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Abstract: Aiming at the problem of low recognition speed and recognition rate of convolution neural net-
work and graph convolution network in campus violence recognition, this paper proposes a lightweight
graph convolution network combined with multi-information flow data fusion and spatio-temporal attention
mechanism. The human skeleton is taken as the research object. Firstly, the multi-information flow data

related to joint points and skeleton are fused to improve the operation speed by reducing the number of net-
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work parameters. Secondly, the spatio-temporal attention module based on nonlocal operation is construct-
ed to focus on the most action discriminant nodes, and the recognition accuracy is improved by reducing re-
dundant information. Then, the spatio-temporal feature extraction module is constructed to obtain the spa-
tio-temporal correlation information of the concerned nodes. Finally, action recognition is realized by Soft-
max layer. The experimental results show that the recognition accuracy of boxing, kicking, falling, push-
ing, earlighting and kneeling in campus security scene is 94.5%, 97.0%, 98.5%, 95.0%, 94.5% and
95.5%, respectively, and the maximum recognition speed is 20.6 fps. Compared with the two bench-
mark networks on UCF101 dataset, the recognition speed and accuracy are improved, which verifies the
universality of the method for other actions. Therefore, it can meet the real-time and reliability require-
ments of typical campus violence identification.

Key words: campus violence action recognition; graph convolution network; information flow data fu-

sion; spatio-temporal attention module
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Fig.3 Spatio-temporal attention module
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Tab. 3 Comparison results of different recognition methods
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ST-GCN 3.10 85.6 12.7
Ours(FTHE M)  1.25 86. 8 18.7
Ours(F 2= IR 0.78 89.7 19.3
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Tab.4 Six typical action recognition results

EZ U2/ %
FAT 85.2
JiE 5 90. 7
11& 92. 4
T 88.2
] 87.6
1 91.5

SRR Mg R E Ak, o A TR
Je 532 B 10 B 23 R R T BIL A 6 R i e 2
B 24 37,6 0, HER R & 2. 9%, Ud B Btk
Jei ) B 2 3 3 WL RT A A0 2 T A SR AR
B T ORRAE B9 R 2, AT R T TR A
T, RABIEYIN T G S 7k AE UCF101 #cds
L 6 R ERRAMER R . B TIZEdEE )
VE F B TR T AN 52 24 )1 0 45 WLAR , 77 76 A Bl iz

& % X #:

By L HR 3 0 PRI 43 B 2 A R e S BN o A
%, 5280 v 7E OpenPose BE4T AR 5G54T #2 BU By
B esv U v T AF 09 G T AR AR R BB 43 Bk 2R
IR A T 2 1 v S D AT A TR ) oA A R 18 O 1K

L5 b AR SCTT VR AR AR UE T B R B T Y [ e S
BT g B A, DT B T AT SR S
i o

Bl X A [ A A 4 B T B R RN R ) R OR
BRI S R S IR 2 1 ) R, A SR S T — b
B F e i GRS B R B B 1 AT R U
Tk B 25 BB LA S A S R E S B
G541 Jr 3, [a) A S 2o i A B S i R AR
R AE B R 3 A8 R 22 B S S v dE 2R 4T O
B B HE TG AN b 6 R i £ 3 )
HEHR 253 9 94.5%,97.0%,98.5%,95.0%,
94.5%,95. 5% , P 5l 2 B fe PRy 20. 6 fps, H %
HE T AR 2 AR RE T o R B 7E A7 S T 51 85 4 4
UCF101 ESeuE 7 s M, s Y e = A
TR H Al 3 4, 78 2 50hE L R iR 25 16 B M 4%
WD T 74.8% S BLR L S H U 5 R
85.6% 2 f 3 89. 7% , M Bl F fx Kt =
19. 3 fps, AE W% B 4F M 57 A bl 52 B 22 B v o 30
I 2 1 ML 38 F1 47 R R 55
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