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Abstract

Motion recognition of table tennis players based on video is studied in this paper. Recognition of
human action is challenging in the field of computer vision. Based on videos of ball strike of profes-
sional table tennis players against table tennis ball machine, a data set of ball strike of table tennis
players is constructed and divided into 5 catalogs of forehand shots, backhand shots, forehand shots,
backhand shots and non-stike action. Dense pose of the human body is used to process the con-
structed data set and extract human body shape from the environment, and then an improved C3D
convolutional network is proposed to learn the spatiotemporal features of continuous frames on the
data set. Results show that the algorithm proposed in the article has good robustness to interference
factors such as light and environment, and good generalization performance, demonstrating a feasi-
ble solution to the problem of video-based action classification and recognition.
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1. 51§

e RpRWECNIRE M ERR, KO TRE, S50, S, B3 7 EASFERBA RIS R
%o BEHERHEIEERE, HEHER RN EE T, WG REM FEio %
MR E CE NG P B2 THID N . TSN T BB E MBI L T —3 s RERiIZoF
G, BN IRG . NAE BRGNS REET T8 E, =7 TUISARER]. TSR EEE R
HE5HREF IR, &7 K EEERERINARS, MBAG S NgtR], xR 1E
Y F IR IEF8 F[2]. M5 0K VR (Virtual Reality, FESUELS0)HAR 51N R 2 Bk i e e BR iR 2 #2F
BRSNS AR, T T R3] s E % A KH ROS (Robot Operating System,  HlL#s A##
{E % 45). OpenCV (Open Source Computer Vision Library, FFUsTHE MG ZE) 8, it 92l 17—k
RS RER G SO ERHLA N, LB T R RERE RN TR S IE M ThRE4].

FE LA BRIz 2 AR I BT BRI H 3R AR ARZNE RS 0 5T, 3 T AL M AR B E
PMNEAIT RG] 7S . PhT S8 F I 2 ES RUEH E ad) fe Rl B S 4 b seil 1 RN 1k
IR FE[5]. Martin Z54 H R RURT 4 A 2 (9 28 (TSTCNIN)ZE MediaEval 2020 “iEshiii o2& e mERK5)
VB2 LRI TR I RRG6] . MR T SR M EML(SVM) R AT, $2H T —FhiRBIRE I
B BERE B RSN J77E[7]. Nur Azmina Rahmad 2578 [ 2 (0P B ER EL Z880R 42 %) AlexNet,
GoogleNet, VggNet-16 1 VggNet-19 PUFHE AR 25 (B 43 e MEREIEAT T LUK [8]. Piergiovanni 2
77 MLB-YouTube #EER L Z0E5h ¥t g, I 3D AR 4% 1 7 X B SR 4IPRL EE % B34 T IR I [9]

SR IR BNAE TR A SR T 50 T A P EAR A PR A ] SR O MUABE 4R, TER A W S R R,
RIRWLC O GRI BB BGE 7y, RERNURERIEE . A 77 OBk G IR R 2 7, oG T3k
RATEFE REROR BRI A BRIV E AR DI 78 H AT LR WL IR T e RO BRI G &, RS
LV RN B TARIEROREE RS, 18T 60 fps IREIRGH UK E Lz sh R REREE, @ TR
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Figure 1. Flow chart of the recognition algorithm of table tennis striking action
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W B BRI RO ERILO0 M. 1040) BEAT BE A ERIGR . B R BRI E 1RO
RENEIHI R B BE R A M e T e AR, [FIRENs ISR A B . A IEE L IR, AT DA AR 3 A BR
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Figure 2. Equipment for data acquisition
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2.2. BiRERER

H BT = R BREORBR BRI BR BN A 0 N IE P RER . IERPBOR, IERFHER. IERFHIEREL
XK, HATREEBOR N M EHERR I S AR dE, SRS TR, ZEEKTE s I R BRI
ERER R IREAEA BRI, PRI 300 K S R BRER 5 30 BSR A B R BRI, At AT (o 2R3 4
VE bR HER A5 -

AP SCOR A AUE T 2020 SFRIEE T — KB R EE s NAShE 4R SE: FineGym [11], ik
R HAARIER AR BEAT 1 X7y, el o 21— A BRI A E, PR AR T 55
PErR I S AT 2 Bh AR . SCEEARE et pr il 7 I AR L B0 15, MR 1 I R mRah 1 i e

Fe e ERel BREN PR 5 2ORECT B AR A B PR, 8 e AR RS OR B, B
AT ERENAEPUEAEL, 51 1E T BORAN I T4 BRAE BIORG y BR A I (] (R S8 2~3 Wish (EARILL, e T Bk A
FHLEREME S IR EREIBE A #8013 MR AL, X 2 d Bk (A X MM, e RS E AR BL
ABEZ QA 3 Fr. Ak, EREEARAEBIEX i, e 7o IEF Uk, PRk, P LK,
RFPLERBERAT RS . REER RS, ERSIEZ A B FR AR N AR, X 4 SRk
AL RIABBEBEAT IR, DME TR B4 X 7 T Bk B4

‘ 1 |
(a2) IEFER (b2) IEFHiER (c2) RF Bk (d2) XFHER

Figure 3. The similar action in the stroke action: (al) and (b1) are the frames of the similar action in the forehand stroke and
forehand pull; (a2) and (b2) are frames of the difference between the forehand stroke and the forehand pull. (c1) and (d1) are
frames of similar movements in the backhand stroke and backhand pull

3. HEKEIEFRIRELEIE: (al)F(b1)AIEFHIKFIEF BRI IR EUSNERR—M; (a2)F1(b2) 9 IEFEHIKF
EFRIRIIRFIEXRIBIR—MT; (c1)FA(dL)A K FHEKF R FHEkid 2 F HEEIER R —in

3. BiR&E R
3.1 HiETsbE

X FrR AR B Se B BR T BRI AT A0 B . i TAE S BRI b, dERE — NPl EhE, BERAE
P E AR AL LR A, T EAR RS2 (0 I T B b A A2 FeAhZh 1R 1 T4
A T S BRI BRI (1 B — it R, 2RI O LRI, R Rl BN HEAAE 16~24 Wi A 5E AL
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EET A

IR, B E 2 s — N EERSIER 16~24 MWl gLt 4732 0, T2 R — AT ER SN AR I SRR R4
Wi AT ERBNE—IRAE 48 MESMIA A Z N, KPR TERIIER) 48 NS, B — NSRS
PRI B REROE . 20 F TSR G, BiRSaHE 1 824 M ahfE, Kk 20,000 wilE f, 5 KaE
R E 150 AN E LW B RESE . & 1 SEBR SR T ERMAEMERE. N THET
%k, Dense Pose AbFHEHE ML BEANIEFRSS, WE T AT, HATFAENR A SIER IR,
RE Facade Attack (IEFX#K). Facade Pull (1EF-H7EK). Back Attack (Jx F-X¥K). Facade Attack (T
BK)F1 Other Action (BT BRENE) TLRIBNFRAE . A AMARAE A e (B — A7 S0 R #ARE — N3N E,
BB HIE S W2 R

Table 1. Data set of action category and number of actions

® 1 BEEMERAFNEHRE

i pRaEh FHEREAH R
IEFEk 179
IEFHk 122
RFdiek 206
RFHiER 158
Fetbzh1E 159

3.2. Dense Pose IR iR EE

2018 4= Facebook [12]# Inria France [13]HHfF 553 737l 7E ECCV 22l Fl CVPR WK K | A KT
Dense Pose {13, /4R T il Al 152 Hi [ Dense Pose £4t[14]. 7E Dense Pose % 4t H1 1% 4 A4l 71 (Dense
Pose Estimation) I RE[11] 7] LUK 2D A4k 2] 3D i AR K T, 7EK 4 /R T 2D 3 3D [§4 ., 1XFf
2D Wit 2] 3D H i R A S BUR RN, TR 3D ANARREEEUE R i T 24 4, 0
BRI BB A E R 22, IF HUbDhRe T LB EHR P i) ST, Wil 4 Fos.

(a) AbFEHT (b)b )5

Figure 4. Pose estimation of image processing using Dense Pose system
[ 4. Dense Pose ZRLBELESMHITEE K

iixf Dense Pose F 4t (B SR LA THIIRE, X T TACBE )5 BBt 56 vh sh A it B R 2R 4T 4bBE, 488 2D
NARmGT ] 3D BERY, 2o seAR BRI Fr N AR R A TS AEN 1, BRI A RCR AN 2 AR Bt A
HER . 225t Dense Pose ABEI AR, SO RAI P IS TR A 2 LB, A AR A
RRMBAER RN 135 /8 T R BB R P e A B ) o BRI S AR
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(b) ELEWIALIE S5

Figure 5. Comparison of unprocessed data with continuous action frame of striking of table tennis processed by Dense Pose

& 5. FRATBRIHIEITLL Dense Pose MR 5 B ERER 4 E L BN {E M

4, MBIEBFERE
4.1. 3D EFMLE

3D G 2D BRI LA B R TR A, 3T 2D BARZ ARG AR 25 [15] AT H] 122 >) HLaliE sl
—ETE R MR A AL, 6 A 6(a)2 2D AN HIAE B IE I BHE BRI AR, A I w xhxc
SR, FORBIAITE . mALEIES . 2D BN AL S o BOlE ER RAER . BR TR ANZERL > — A
HIEYERL AL, BADERIERES A 6(a) =I@EERL A

FHLET 2D B R UL 3D BAUL[10]2 % 7 — YRS 224 > 8l TP KN TR REAE, 41 6(b)fi AN t
xw xhxcUANLERE, b t ARESMUEH , X — 24522 FRRIE 2 a7 4 2B RORRAE . X 3%
S5 1) BT FEGOR U, NIRRT A t x wox h =ANERE, BN BRUE FEANE 6(b) =i EHE S AT R

AHTA o
3x3x64 “I N 5
convolution 64N B '
.; -------
input l
112x112x3
output input output
110x110%x64 16x112x112x3 14x110x110x64
(a) 2D HBRILE (b) 3D #HFLit L

Figure 6. Difference between 2D convolution process and 3D convolution process

[ 6. 2D RS 3D ERF X

4.2. C3D M4 4E f st

C3D %5 /& Du Tan (K1 22K5)% A [10]17T 2015 44t i) —>FH T2 SRR AR A 45 S 1) o FH 9 5
Folid 3D BARMLE 25 SIS b I S REAE, 22 ) BT AS BIRIRER 0] T3 500 28 PR IR I S5 40 .
C3D MIZ& HI BT fil F 5 42 8 UCFL01 2 £E[16], HdadEh 101 AN AZRBIEZR5AI1 13,320 44140
W, ARG RESRE, BT HIEEMEZ, WEG T RRIEE 2, It C3D W4 B 44 M 2% )7k
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EET A

W tiER, AEA 8 MERZE. 5 ML E . 2 M EEE, AN INS N 6000 Ji k4. TEWHE
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B IRFERT T, A TR LB A IS, R C3D W% AR L5 408N 5 M ERUZ . 5 A4
WALE . 2 NAERRR, FERHEEAN BN & o N OHAT T 400, AWM SHE R 500 Hiit. %
g LERgmE 7.
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Figure 7. Structure diagram of improved C3D network
7. BUEERY C3D MK LEHE

HIANZ(Input): HABIEARE A 16 NMESMAN, —WiI 58S 112 x 112, @EXCN 3, %A
YEFF N 16 x 112 x 112 x 3;

HHZ(Convolution): 5 NMEFUZIIE— MG N 3 x3x 3, HKN 1, FFEGHEHILEA
AT padding, PRUESFUSFE S AT RST AR A, NSRS RS, (4 ReLU BUE %L,
BRFEAXAQ), H W M se R, H oM &R, T ORESEWIRRT RIZERE, p NI FHERIE, s

W +2p-—
Wou = n 2P CW+1
s
Hop = 0 *2P=Cy )
s
T +2p-
Toul:m_—F)Cr+l
s

A6 (Polling): Ak 248 FH (Y S di KAB AL, 8 T 7ERIIR B RIBALRT BEOR BRI 18] L RRRAE, ORET T
JE X 28 FRIIA G 285K , 25— VRIMARI 4B 1 x 2 x 2, 55K 1 x 2 x 2, HiAlilifb 2 4EfE# N 2 x 2 x 2,
HK R 2 [6];

SERZ(FC): ATERZ M A oA RS i 5 — otk JFRFEE RN B 512 A, Sl AT
LBRPRIUHIEG, AR 2 R4 o X SR e WU BIbR 2 23 7], 2] — AN 8 mIEA

i 2 (output):  MRIEEAEEE T 5 NRANIBIE, NS5 K1 H 2 T R AN S0 MR A

5. EXSERERS O

ET B EHEE I Zr e R BRI R SCIR AR IR B 0 . AbFREE Intel(R) Core(TM) i7-7800X
CPU @ 3.50 GHz 3.50 GHz il NVIDIA GeForce RTX 2080Ti GPU; #i7UyZ Ak P AE IR SLIe R . Al E3R
5% Intel(R) Xeon(R) E-2224 CPU @ 3.40 GHz 3.41 GHz 1 NVIDIA GeForce GTX 1650 GPU, DensePose %
AR Windows 540 Fede, Frll REMEN Ubuntu #:4E R4t .

5.1. RENNGSERER I

TN I R B BRI ok B T R B4R, INZREEATINEE 1 70l W B £ (1 80% A1
20%. Wit 30 AN, I E 8(a)rT LAF HAESE 18 YOE MG ISR EEFEHE L AR E/E 99.5%, IiEEEHS
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R A&

HEFERRSEAE 99.3%. I 4] 8(b) I LA HHESS 18 GG IR K M EUE L T 0, IIEERI R K%L
flif&aEAE 0.09 LA .

model accuracy

1.0 1

0.94

0.8 1

0.7 1

accuracy

0.6 1

0.5

—— acc
—— val_acc

0.44
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(b) VIZREEFNIEAIE SN ZR b S35 2% R BUME h 2k

Figure 8. Accuracy and loss function value curves of the training results of the training set and the validation set
8. VIZREFMIIEE NSRS RETHRFIT L R ErhZ%

5.2. {REUZ BRI

Lo LRk BR B AR IR AR TR 2 A0 ROR AR I s A IR R 5 LA S P A AL, i A 2% |
FRBHA T A LS VR ZE 1 A e B P R B FEA DL S Fe BRaA BRI, AN PLZE 1 Dense Pose £ 4t
B S5 TN BB p Rz AR o 1B 9 T AR IR T WA I s 5 I 2 4R v I B AN eSS4 JF
HE O ELEAAE W R B R BB 149, 15 9(a) TN 45 ROV IEFHUER, 1 9(b) P 45 RN IEF
PLER, [ 9(c) Ty e T Xk, & 9(d) TN N S F-Hiek, TN 45 R34 5 Bk 5 S b o BRa3h 45 8 — 2
iz AR RE I B RT LA A ST 0 75 VR U R R B s VR IR AR 2 A RE Lo, 47— € B SR
JS2FH i fEL -
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(d)y T S T ek

Figure 9. Generalization performance test of recognition model for table tennis striking action
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