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Abstract

The problem of table tennis training with assistance of computer video was studied in this paper.
Action recognition algorithm based on method of key point of the bone only learns the spa-
tio-temporal information of the human bone points, and can remove interference factors such as
environment and light. Video of sports activities including forehand, backhand, forehand, back-
hand, and non-hit action was collected through the camera, and 18 key points of human bones
were extracted using OpenPose to construct a dataset of bones of players playing table tennis.
Convolution kernel of the ST-GCN network was adjusted according to the core strength area of ta-
ble tennis striking, and accuracy of the final training model’s striking action can reach 98%. Ge-
neralization test was performed on video of table tennis striking beyond data set proposed in this
paper, and generalization effect showed that the proposed spatio-temporal graph convolutional
network method showed better results and thus had higher practical value than the proposed
ST-GCN network.
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Figure 1. Flowchart of recognition of table tennis striking action
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Figure 2. Similar actions in table-tennis striking action: (al) and (b1) are a certain frame with similar actions in the process
of forehand and forehand; (a2) and (b2) are a certain frame with difference between forehand and forehand;(c1) and (d1) are
a certain frame of similar actions in the process of backhand and backhand
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Table 1. System resulting data of standard experiment

= 1 BREEMELAFEHRE

HEREN1E EIEREAR LR
IEFdER 179
IEFhiek 122
TR 206
RFHiER 158
HAbzh1E 159

4.2. OpenPose {EENE X E A

OpenPose [7]/2 3 [E i e B R R F 70 2 A6 N AR ZS IR 0 H A4 th i — ML [8], A AT LA
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RUEE R [ ) b7 RS R G 2 N T AN T30 R DGR A, R TR B 2 3] 1 SR
2 NEAGTE R AR ZAE[8]. e Bk O A FE SERIRL A, OpenPose $EEUA {4
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O X B T 16 ANESLAWIIL R — AN EEREE, 0T KT 16 Mir)zhiE B, iR
3L HATEOEREL, 1 RAPELL B ERI S — i, BB FTiEE IS EMIERIARIEN 1, C oy NTF LAbH 5 —
ANEEIESEMI S EE, m N C,,, BREL 16 FEa NEUE G R IEEEL, BEJS 15 WUNEHAEEERS m i —bi.

f=1

oo {C_J 1)
16
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i1 OpenPose $EHL H A 16 FESMIH AARE B OCHET, HTHIREREAHMARNTI, TER
W BRI — N N BB S B AT, B — A json SUHEAF I — N HES BB s, U A% 2l
% 2, Bt date PN AE0E B BE S . B frame_index AT IAE B E R — Wi BE . 48 skeleton AR A
s — T B 6 AT R AR UK VR o B pose %o B FREL A2 36 AN —1hE 1.0 LN HIMR B ARBRE, 7B R
ANBUE A — B SO G AR RS B AshR, JE 18 AN ES 5. B score ANHLE A7l B BE s KOARS HE S .
B label FIHAGAAESITERI A FR. B label_index FNHAGAF SN IFRZE

Table 2. Storage of continuous bone key point using json format
2. BEEFRAESFME json 1EX

{“data”:[{

“frame_index”: 0

“ skeleton” :[{

“pose”: [ 0.0 - 1.0 2 BB 8 A (x,y) 1% 2= Ak bR, 3L 36 MH],
“score”:[0.0 - 1.0 Z [ A1 8% s (1 B AE E]

|
3
{

J& 15 Wik XA frame_index 0
}
1,

"label": "Backhand", "label_index": 0}

DOI: 10.12677/airr.2021.103025 252 PNER ST IR YN


https://doi.org/10.12677/airr.2021.103025

XTT %%

index, (x,v), BEE G) GD

#: 4, (300,500),0.95

Figure 3. 18 bone points of human body extracted by OpenPose
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Figure 4. Connection of skeleton point: (a) connection method used in the ST-GCN project; (b) connection method using
improved skeletal point proposed in the article based on core strength area of table tennis striking
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S T B R AR I SR e e Bk BREN R OIS SIS IR . A BRES Intel(R) Core(TM)
i7-7800X CPU@3.50GHz 3.50 GHz £l NVIDIA GeForce RTX 2080Ti GPU; #fF¥ 55 ky: python 3.6 i& =,
Windows10 %#%t, Pycharm 4mi¥ s .
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Table 3. Comparison of performance among network models
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Kinetics-400 Topl Kinetics-400 Top5 SCEHAE Topl
ST-GCN 30.70% 52.80% 90.18%
SO kAR A 31.78% 54.73% 98.16%

W E e BRI EREN VR BB BE ST 7T I R BN AR I NARBh AR, NI S R 3 R B I 1)
FFHK R 16, B 18] 37 51 B0 R 28, RS HE B s Kinetics-400 ‘B 8% 200 52 2 J8 T17 iR 51 1w,
BN BRI B H KN 1650, BFEFPA BT IR R L . BRI gras Bt b, =Rekd
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Figure 5. Comparison of generalization effect between ST-GCN network and network improved in this paper
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