LRGN ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2019,28(12):158—164 [doi: 10.15888/j.cnki.csa.007199] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

LR Y e N
ET C3D B BB R 77 KEIR”
P, HA, BN, KA, £
(T TR % 15 B 42F, Bt 310018)
JERMEE: SIS, E-mail: mahanjie@zstu.edu.cn
o EERMAEEY) LE SRR SR (R, V2 AN IR AT R AR IR R BT 7, R U J2 BRALSIS 55 03 R T
S T A4F KB 50 5 10— T51 o B, Y 2 WL 8% 5105 15 1k S T AN L. A S HR L RSE - Q3D (S 4 R
W 4%) KR BRI 5 2 KAV, B =4GR s T R BRI, I8 i SeB0 56 IE 1 ARSC SV T AT P, AR
SRS RARE AR Ok, %ﬂcfP)ﬁl‘Eﬂ%ﬁ‘?i*ﬂ%ﬂxﬁ@‘?ﬂ!ﬂ?%Tﬁ‘iﬂ!ﬂ‘i%%ﬂ“;@fﬁ%iﬁ%?%ﬂ?ﬁ%iﬁﬁﬁ?ﬁ!ﬂ, SEIEE Sk A . AR R
Bl b, BRECA E 6 Sk (4 SURRAE H AT R, SR 5B C3DH L BREFAEHEAT 4325, A SO BRI A 7 2K,
SRR B, k. Uk, WAREEL. FEIAEEL K VAR (WUTBhER #H)) Bk, segh sl R
W, AR AL CE R BRI AR B A 0 JSHET R 96%.
KBIR): =4GR R BK; kR g SR, 502K

UM FRRE A, SO, KB, EAE BT C3D 1R BRI 5 0 R E R AT AL R SN F,2019,28(12):158-164. http://www.c-s-
a.org.cn/1003-3254/7199.html

Soccer Video Scene Classification Algorithms Based on C3D

CHENG Ping, FENG Jie, MA Han-Jie, XU Yong-En, WANG Jian
(School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: Football video lasts for a long time, and many video content is not the interest of audience. Therefore, football
video scene classification has become an important research topic in recent decades, and many machine learning methods
have also been applied to this topic. In this study, a soccer video scene classification algorithm based on 3D (three-
dimensional) convolution neural network is proposed. The 3D convolution is applied to the field of soccer video, and the
feasibility of this algorithm is verified by experiments. The flow of‘this experiment is as follows. Firstly, football video
scene switching is detected based on frame difference-method and logo detection method, and shot segmentation is
realized. On this basis, the semantic features of shot segmentation are extracted and tagged, and then football events are
classified by C3D. In this study, football'videos are divided into seven categories: long shot, medium shot, close-up shot,
playback shot, audience shot opening shot, and VAR (Video Assistant Referee) shot. The experimental results show that
the classification accurécy of the model is 96% on football video datasets.
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