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Abstract

This study examines the application of human pose estimation technology in sports science, with a focus
on analyzing the motion of basketball shooting techniques. To enhance the precision and scientific rigor of
movement analysis, the research integrates OpenPose with deep learning models to capture real-time human
joint coordinates during shooting motions. The system accurately calculates hip distances and joint angles of
various body parts to illustrate postural variations and kinematic details throughout the shooting process. The
collected motion data serve as an objective foundation for evaluating the stability and accuracy of shooting
performance. Based on academic literature and expert coaching experience, a standardized evaluation frame-
work for shooting posture was established to identify motion characteristics and assess technical proficiency.
Furthermore, machine learning classification models were trained and tested on the extracted pose features,
successfully distinguishing between high- and low-quality shooting performances. Experimental results indi-
cate that the proposed method achieved a classification accuracy of 100%, demonstrating its effectiveness and
feasibility in sports motion analysis.
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T BT R SR AT 5]

WELCEFRNPREERBE S 2 A F R A REERIEFDRTEBF R RA
ARG EREFEY DL ILE o WA R FI AN ARSI R FAop A EER &
EFERRSG C BEAFT DR EEFRAERA A AR B AR ARE I REFH
Fh* >0 v aP LA LEHRESY - T R BA#S T A0 F% o
M s L2 - o BhY Fag ML A BPLHRBEEMLIR - A e AR ERIT
SETHE N LY I X LR PROE BRI o 58 AF 7 7 (Okazaki, Rodacki,
and Satern, 2015; Okubo and Hubbard, 2016; Tran and Silverberg, 2008 ) dpdt JE &Y X
GEFIF BB (FE RfE 4L U A 05 EHIRARANSE S & (Ball Angles) %4 B e Fiiy
Flo R > BRIRS RHERRDEHIEEEFRR DI EL L > LIRS S
ZEBRERAT > W1 RIFERFRR cEFIFRAEY DL EFE O A IR
5 3+ (Human Pose Estimation, HPE) & i%jbra 5 @& A5 ¢ 41 & > 7 p* 2R EH
Tens 47 ~ & B w2750 (Ji, 2020; Oproescu et al., 2023; Yan, Jiang, and Liu, 2023) -
# ¢ > OpenPose (Cao, Simon, Wei, and Sheikh, 2017) % 5 - #& Bottom-Up =% 2 i ;| £
o L ETEEERHEL S DR R TERRKELI R LTS o Flt > AF Y g RS
OpenPose 2R R B ¥ Hjfr> 2> - 2 FA K EZF AR YR DT IEL Lo 3
ARTFTEFER LGOS LIRS BREREEIROE A1 E S B RRERR
Ry E BB E TR > S BEARERPRAPF LB LR FR .

A\~ X RK B BA B

— ~ 48953 (Image Recognition )

P d A 1 ES P IE VAR Y DM EERIFL - o B Pos PR AR A AT
SR EE T R A TR AT P BFRERE T AR P ER T Y - A F
T FEFTM o JLEGER LY T LS ¢ 35 kP (Seo and Park, 2019) ~ % > E 47

(Awais et al., 2019) ~ p & % % # §% (Muhammad, Ullah, Lloret, Del Ser, and de Albuquerque,
2021) ~ %5 # 2.tk 17 (Ker, Wang, Rao, and Lim, 2018) 12 2 4 % 338 (L. Li, Mu, Li, and
Peng, 2020) %455 > Agon H AR A HE Y hE R P E P 2 o PlFrREiTaoPis A#H
ERFRE YA LIS E LS BRI BB E L TR R p R Y Bk
TP T F oA H R RE R R 4 o E A 5% % (Convolutional Neural
Network, CNN) (O’Shea and Nash, 2015) ¥ B fjssd B2 N A B0 B* BB L FER S
VA - HEHRE A AT AR DK BB 585 K 54 (Convolution) £ 1

(Pooling) # 1F > iZH FH BB ? i if e (iwiff B R5m) » L8- HEE L FIFFE
A & E 2 R N F GIZf2 2 & 4 o Girshick, Donahue, Darrell, and Malik (2014 )
# MR B E A S % (Region-Based Convolutional Neural Network, R-CNN ) % & i
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FaFd k& < R o 3% % %5 1 Region Proposals & # i3 %3 » ¥ ¥-5F B W ii‘“%?l INE SR 3
CNN i {7 HFfcde B~ L% A BB FH S - Aa > RCNN & BizEREd F 2
FiTCONN R B AP 42iEF o 5 e ot P48 > 18 5 ¢ Fast R-CNN ( Girshick,
2015) # Faster R-CNN (Ren, He, Girshick, and Sun, 2017) & %3] » & % % ff e 5 i
% B (Region Proposal Network, RPN ) - &g ¥ #% 2 7 pdZi R 2 iprasy > P pFrasFd 3
# 2 7 @up# 2 (Bardou, Zhang, and Ahmad, 2018; Nakazawa and Kulkarni, 2018 ) -

= > YOLO (You Only Look Once )

YOLO & - fa#-4 i* (i RIAR 5 H — @ jF I 4L ( Single Regression Problem ) % & &
S Tﬁ o ¥ @ YL R-CNN 5 7= 2 % > YOLO i3] & F ¥HER P gL (7 - = CNN &
BTV REIERIE Y g u 2 =% (Bounding Box Coordinates) ° i&— £]#7% 3
< hgd o KRl R o T3 s MF F ik (False Positives) 3 4 5 o YOLO #4] & %
d Redmon, Divvala, Girshick, and Farhadi (2016) #& 1 » % 4 4& 1) YOLOv2 (Redmon and
Farhadi, 2017) ¥ YOLOv3 (Redmon and Farhadi, 2018 ) %< & » 4 %] ¥ B+ B ~ & A& Y
2SR RHpla A EERFHRS o B Ultralytics = & » 2020 # 2 # YOLOvS #-7) »
B2 2 Joseph Redmon § = %= 4 » friu H B oxeni@ B 48 B B R oL rit @ B Lk
A ¥ 27 7 AF % (Bachir and Memon, 2024; Jubayer et al., 2021; Lamane, Tabaa, and Klilou,
2022) ° YOLOVS it & ¥ =t 2 ij i@ ? b PFIERIP 3 A S f Rz a 4k ¥ 5 & By
3 5 (Data Augmentation) 2 "RAZH I B REAFTL ZHTEF YL B o AoR
1 #77% » YOLOVS th3f 4+ & 5w i 1 & 54 © Input ~ Backbone ~ Neck £ Head -

Input Backbone Neck Head

"> CONV > CONV >/ C3 ! cONV {3 1>/ conv»! €3 It coNV >/ sppELs c3b/cony
T — Concat ->c3->conv- &=
Concat~ C3 r{coNV

L CONV =

Concat - C3 1 CONV
RET BTy
CONV = V ome—

Concat> 3~ [

ot = - o s~ [com = om0
(1t shortcut

e M |
iseer|= N
3= Maxpool—»c‘mcat
Cnncat ¥ /'
Maxpool

1 YOLOVS5 A 22 4
TR KR AL AR

(—) Input

%%WKiﬁéF%%ﬁ@ﬂ’éé%%gﬁﬁﬁﬁﬁ—“’ﬁﬁﬁﬁéﬁﬁﬁ%%
Fo B AR AR e d > YOLOVS p 224542 (Anchor Box) p #+2+ 5 #4] > i 2t F 204
PR R TR RS S BERAHE FHE TR AL G4



b BT Bk B IR b (TR A R 2 37

( =) Backbone

Backbone i & f % 5 K X HHcR P B EIFREFELEDF 7 CMIFEERTR o H $
¢ 7 C3fiegr SPPF ( Spatial Pyramid Pooling—Fast) #we o2 ¢ 5> CONV #%2 (Convolution
Module ) # £~ C3 ’hs- REFRHEEY 0 AR ERLEHE (Residual Structure) 14 4v 3
Bk BYEE RS L 4F 4 o SPPF #- e R 5 SPP 2 #x %% & (Karim, Majumdar, Darabi, and
Chen, 2018; Zhang, Zhong, and Li, 2019) - i#%:iE % = B {* 3% i (Multi-Scale Pooling ) # =
Pl i 3 o T GG nhk BRI ER -

( =) Neck

Neck & & #Fic g F 5 # B (Feature Pyramid Network, FPN ) (Lin, Dollar, Girshick, He,
Hariharan, and Belongie, 2017 ) £2 & F #5713 &, 4 % §& ( Pyramid Attention Network, PAN ) (H. Li,
Xiong, An, and Wang, 2018) > i & * 3t 5 & Frlepd &  4oB® 2 #77 > FPN ehpr e g 2.5
i+ # 4 (Upsampling) #-Backbone # # % & ##c® (F1~F2~F3) 3 5 370 & F 3
Pk (P P2~P3) »)uF I35 % B4 2oy, m PANR| & w8 {7 T £ & (Downsampling ) >
B R D R4S R 0 - H e BT R R R > R GEE A A o

FPN PAN

B 2 FPN #= PAN 4% &4

i D FPN @ $jic & F #5 #5 (Feature Pyramid Network) ; PAN : & F#£/1 &, 4 4§ (Pyramid Attention Network )
TR KR AFL P A

(v ) Head
Head #-e f 7 A 7 @ F =i g BRI BT RESR R ;‘T_'*F?B?fﬁs?]t‘
AR~ B N A:\ #c (Confidence Score) o YOLOVS # * = TB RA L mEE TR
Rt R A BT RAE S RS o AYIRIFE Y R R T

( Generalized Intersection over Union, GIoU ) (Rezatofighi, Tsm, Gwak, Sadeghian, Reid, and
Savarese, 2019) T4 F A i=df % Sfic> 2 { By FREIPRIEL L =2 FehE R -
B fs BB FE B o YOLOVS & * 244 < & 47+ ( Non-Maximum Suppression, NMS ) (Neubeck
and Van Gool, 2006 ) ,/@“’T‘ ERiEEE. ERIEE L D AR E B EDiEEES x/T\ ,
TG BPER S R ERFH o TEHP “f g2 # % ¥.1v (Intersection over Union, IoU)
(Rezatofighi etal., 2019) AZiEE EHiziEIE o ¥ » BT T oMl B 5 B3 FRlE% o
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= -~ HPE ##

HPE 5 B8 @ et 250 ¥ p digm s ?; %"’ gl 42 & (Keypoints) » 12 &1 4 48
FHEBE - FPDALRERF P FILT A L34 1 A0 2 (Model-Based Methods )
( Andriluka, Roth, and Schiele, 2009 ) H o5t \} B e > ;2 (Appearance-Based Methods )
(Johnson and Everingham, 2011) - % § & = A B PR & F F 24> S 6 A HEH
L SO G AT 1 B N —*Ff PlREE B3R G B HGE T M PR E T e o R > o B2
BRI AR G A RT R A A BBRHTRT AR E 0 P FHELEHT R g RS
7214 5%t 4 (Andriluka et al., 2009 )
"EEIRRE Y Hokeihg4e » 2014 # 9340 DeepPose (Toshev and Szegedy, 2014) & % %
- i # CNN }173;'** ** HPE c9#ic3] - DeepPose ] #* CNN 3 ~ e ficdd Brap 4 o ”ﬁ >z 2 HPE
Gl rEd > L FFATE R IFEREY i #H (Goand Aoki, 2016) o pris 0 Bod AANER
A e 2 e HPE & 2 A3 11 (Zhou, Mok, and Zhou, 2019) » B o1 3%40 & © & » Mz ¥t
,#)i—,-ﬁ,?ffm GV BEFFE o P an o HPE 2 2 7 & idZ Xk <~ R A 57 * 3 > & B &_Top-
Down = j# ¥2 Bottom-Up = ;2 (Munea, Jembre, Weldegebriel, Chen, Huang, and Yang, 2020 )

'1*»14\- ‘,\"fﬁ-

(—) Top-Down 7 %

Top-Down = ;2 ¢hs A)ii Az 5 @t F L @RI ? 715 A MR BFHE - B KR
I en A 4 A Wik 7 HPE o % % 03] ¢ 45 AlphaPose (Zhou et al,, 2019) £ ¥ f# & i 8
( Convolutional Pose Machines, CPM ) (Fang et al., 2022) - gt 2f > j* Fliy 44t H - B ale
Ffmp > @ ¥ ARy ARpd o Ra > i Jﬁﬁ'ﬂl’wkﬂ PR R A MR E R
?ﬁ*’ﬁz‘kﬁﬂﬂ%’?%ﬁiﬁ%%ﬁ’%ﬂ*%ﬁ1%°

(=) Bottom-Up 7 i%

Bottom-Up = ;2 BB~ 4p & v v B 458 ? Rl ors A R4 s > LB
B2 R R AEEE A e D 2 B BRE o J3E 2 JE it & & 48 DeepCut (Pishchulin et al., 2016; Wei,
Ramakrishna, Kanade, and Sheikh, 2016) ¥? OpenPose (Rajchl et al., 2017 ) - 4p # > Top-Down
=72 > Bottom-Up 82 @ A g ch b 7 Ag > Pt B 5 { 07 B L R o
R o %7 A AT A MER > AT N AFRERE . § b FIM & T e et MR -

48 @ % > Top-Down ¥ Bottom-Up & 2 ifdx 8L 0 = ﬂ 2R BMHE MM éjﬁﬂ
ARl RERFH o EFAMT RS EFREKARL “"H’CP i\%‘“ CBrEp e g 6

AEBRORENERFE > DY L GHFFEARORE S ETEEEF L

™ » OpenPose /R ¥ 1 J& F]

OpenPose (Caoetal.,2017) ¥ - fa5* CNN £ fg 7 %‘3 % (Supervised Learning ) =% &
FY %4 5 B k2 4 {4 Bottom-Up pF 3 iy i 2+ (Multi-Person Pose Estimation )
* 22— o i i BiRa E > OpenPose it j£3F ik B it éﬂﬁ 2R p BRI AR S RS L
B o HAa R RHRAENFESR/T 425N 4 5 (Application Programming Interface, API)
BES 7 fhi KR dode RS T E L E g 58 K Bt AL 18 OpenPose
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PHERBRHESL L N EH B FRE Y 2% (4o TensorFlow ~ PyTorch) % & » BIZ* *
Bl 47~ A3 62 R RS -
4o {3 #77% » OpenPose HF #2817 4 & ik P~ (Feature Extraction) Fy £ ~ B 422k
78 (Keypoint Prediction) F# £ % B B35 1z 3+ (Part Affinity Estimation) FFEl o H ¢ > f 55
F % 4 #j » # ff5 9 VGG-19 Backbone Network # 10 & 74 B~ 2 # fc ] o 1o & # 4 § @
s PER R f R 0 11i2 (7 HPE & B 1L o

Stage t, (t < Tp) Staget,(Tp <t <Tp +T¢)

ool < F

c -

Convolution Convolution
Block

B 3 OpenPose 24 E

FA KR AL AR

AL & & 78 2 CNN:
(—) ¥ # %% (Part Affinity Fields, PAF)

*ANTEOR A RE A IR 2 B enld B e & 3 (Association Vector Fields) - # 7+ % I i & ¥
7 R R o

(=) & B2 B (Confidence Maps )

PRI A BH e ARG MR R o A5 - BYRIFE Y > OpenPose §
P A 2 B & BEER Y PAFs > T K - R ﬁ%ﬁﬂ?»i*5=¢<‘3' (Iteratively ) ﬁ%% T pEE s 1
o RICIERIM R o 248 S IS B (Multi-Stage CNN Archltecture) i A e 3R
i H}TﬁJifffﬁ Bod o BBRE S BIEERNEE o WA BRI B M AR
AFTEIG N 4 o b > OpenPose 3 * % 4 % (Multi-Branch ) & §% FH T REGRA
F&@%a<%&%%#~i%ﬁ%%>ﬁw%%%€oéﬁ PR M o
s R F G AHRT R RE L oka o @ E B 0 OpenPose & 5 8 HF 447~ B

Ty 4 fo 4 By v BB Lk o HPE 412 - -

12 B0 o SR

B ORFERI MR RES LR GEAY P T ARG ES R AL Se i
ﬁt?] /L‘t@ vuﬁgg’g%ﬁ“%;z“h/#)igﬁ *F‘f?r‘b—'ﬁ Ffo



40 AP FhiT 2HE

(—) RGpEBLEEH

Brs g iEefELEw £ 485 E (Support Vector Classifier, SVC) (Hearst, Dumais,
Osuna, Platt, and Scholkopf, 1998) it R iR F;TTT ( Logistic Regression, LR) (Zou, Hu, Tian, and
Shen, 2019) - ixa fa= /2 & 3 MR B IMEFT T T4 C RA L/ W LA DL HE
i o SVCEE g ar i “ ES sb B i 4~ 34z T 5 (Optimal Separating Hyperplane ) 1 % 4

s o gulig L w@jLz)a\Hé/‘?LmF; LA LR AL 5 5 2 10 ] 0 &
IV fERH AR cEFFHE NI EEFL 4 g > 25 Y (Ensemble Learmng)
RIRER -l [ o I < B “;i%;ﬁ Z# & (Random Forest, RF) (Breiman, 2001 ) % & % % i+
et (Decision Trees) & {74 & & TI23ER] > M F A A T BB BmR > F PG sl
fRiEdR & AL o RFFIH B R el it 0 4 SR TR Bl ¢ AR L R* T2 spH
kg Eﬁ’;‘ iz 3+ ¥ (Gupta, Gupta, Kumar, and Sardana, 2021; Sheykhmousa, Mahdianpari, Ghanbari,
Mohammadimanesh, Ghamisi, and Homayouni, 2020 )

(=) REZFRA
FEKFRSYHOF R RN B BB TR BV AT e A
v
&

4

oo A fRAAEFA RS 1 E H Y F A R v E (Multilayer Perceptron, MLP ) (Murtagh,
1991) 15 5 B % i G40 R Ba 2 — + 3536 5 b ZLEULHESE T LM AP b0 9 s (Song,
Lam, Han, and Li, 2020 ) ~3# 5 /&2 (L. Yang, Xie, Wen, and He, 2021) ~ p X3 7 &2 (Wang,
Yu, Lai, and Zhang, 2020) & 5gplizis? 2B RN 2 F LM - ¥ - €2 A 5 £ e sl
( Long Short-Term Memory, LSTM ) ( Hochreiter and Schmidhuber, 1997) - 2 3 AL 1.
™ (Forget Gate) -~ LR (Input Gate ) £ R (Output Gate) > it 7 »cdf 5% 2 i i B
o WL R AR { LSTM #F %] ig * *t 2 B 7] 3 > 403 7 #504] (Jorge, Giménez,
Silvestre-Cerda, Civera, Sanchis, and Juan, 2022 ) ~ &R & 7|5g 8] (Karimetal., 2018 ) £7 & iT5%
WEER WG ETH Y BV SR F

(=) BA LS EGF R T4

e i ;‘é % ﬁi”*' AAKE IR AU AL TSRS T R EA R o B

?ﬁ |
E
~
£ 3 )
%
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> 3
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BEY b ?ﬂiﬁﬁﬁi%%$fﬁfﬁﬂ%$¥mm&§““ﬂﬂ
ﬁi*i%ﬁ?/ﬂﬁﬁﬁ%@ b BILL B AR ELI Y o FR > AT
W % é@ ibb’/yre)i%” w?t, %%i@k\ ??ﬁ*“’ ﬁq%}&,’L]p~_%E§ \f% r}ptss-ﬁm

et A o UEFEHBRFERYERYRG R LR A FEE

> ~ HPE ¥ 5 #a4& 7548 B #F R’

W2 FHMERSFLAPT R § ki TR B EE (Wearable Sensors) W f A f8iF
RN FREPEFVREZEFTRLI - W“%;zuﬁhaﬁamﬁm%&’w
WF R W SRR R A GO R U A BYTRIBRE P R o blde 0 Guo,
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Brown, Chan, Chan, and Cheung (2023) ]* ¥ - ff 22 R BW § 058 Sdic> TH* &
pF % = # & 4% (Short-Time Fourier Transform, STFT ) #-pF 5t 5Lk 3% 2 AR5 B » 4 :E;?‘?J »
CNNEFEEEY B LT RN BEI-RRBEEFRAEYFEZTYG
«)L‘Ep/}ﬁldiéfimiiﬁfﬂlx-g | t! 1_.@?'75\ BA 5 8 ,xlﬁﬁ#\% AT T b'?" e o R
Moo LA RRES NG AR AR T RBHE TR FIEEE LG o
EEFREY BT RIS 5 A A HPE 2 2

B~ R g S end U 5N R R o Badiola-Bengoa and Mendez-Zorrilla (2021 ) 4-%+ HPE 3 jiv
BERPEAR AR RE AP R NS ERT pRIER A MM S o B F
BHAEEH TEA o TE R SFFIFEALE Y WA 05~ > HPE i AE & & TR 30k
FEEFH- - 29 5 OpenPose (Cao et al,2017) T3 i * 4 HPE & 5L @ 4B 2% > %
A 478 o Yan etal. (2023) 4] % OpenPose j&_& 3k iE £ (@2 i@ 5~ 2 B 4220
Faoo £ LR 13“:4']1;' BT IRETE &Y o 77 %% BT 0 OpenPose it 1 ff 5 K o 2~ &
B dds TR o @e»rsﬁfgﬂ)gmqé R yeah» T AR MR RS AIEFRE Y A ET

1A OpenPose AUl A COC "1' 4 éﬁﬁ%ﬂ ﬁ_ﬁ"ﬁg (R AR (Pt - AR S
R EET R AME MR BmRE SR
FEmHEE TV B8 HPE 2 o iAoy 5 BB ELT LA ITHR BT v
B A o Fr | E_ OpenPose v EdRE L 2 o G AaZbE ANy MR AT B e
EET O FREEATp R L REER YRS ARG E RAH -

N

:ﬁ‘

§

B

}

B

— > SRR IRA LR

AT T PR SR IR Y PRk SR A4 ] 4 f’“’r:r o R SLYUR R g~ LA $
% % (7% (Frame-by-Frame) /&JZ » ¥ & B 6 B R 2 B e 42 1% i (Feature
Engineering Stage) > ™M % F K EH T 4782 L 5F o A f’”%?ﬁ\‘ ﬁ,\ vk BVE AT Sk
,% (6 e YOLOVS o358 17 p R iRl > & 453k R &2 gokenin® Fak B o SRR~ i p
P T H2IE ) A ;}'ﬂ TR R TR HFEN L A AN mfﬁéa’;ﬁé (Key Frame) % 4 {4 4
2 %‘rmﬁ%lﬁ o e LA AR EEARY pED AR TG > R G ERw AR
o TApIE IR ;z TRAL ST IR DR o 4 F L N B ARFEEC o U FFECE L1518 OpenPose
W oplak OB 4= R 9 %4 H (Feature Points) » 245 B Rl %38 & M & & & (Posture
Angles) > M L E TP o pF o E AL F YOLOVS #1034 45 B 3k & (7 b > 17
bbb Rt B o JEN R PR AE S R L R TR M o htd > R i}ib"’
AR S FHIEL S ’359?] » & 4 3 B3] (Classification Model ) » 1738 {7 8 3 6 (7 iR 7 ] %7 o
REgkE% % TGood &2 TBad ) A4 » * MR ER (T M T L IR -
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C AHTARE
AT ASRIET A S S B o aRD PGS TEENEE G FRF
By TR REEEREN o R IR AR R TR BT S 8 A 4
mﬁ*p+o«m’Ps%@ﬁé@m BT GH & § 20 R A A R bl sg

o) e

AR CBRA AR ERE > SR A AARTRE TR R A R R
RTREE Eﬁﬁﬁﬁoéi%_iha AFETRARY SRR EFRES N
FEFe z PHFRAFORE > ST TR GEEIGE T o RS 20 g ook

FERLS 0 R BRI T B A T ITS ARE BB B g Ko A
AFT i ¥~ YOLOVS HoAl:e (7 p 60 (8 FEALE o 3% 2 i B B R4 Mpl s 2
PEHEL Y 0 X BR N E § 1R BT SPR g (Bounding Box) v mB i 41
%hﬁﬁo&a,ﬂwﬁbLwﬁﬁ1k’ﬂ?YMDﬁfmﬁﬁE@“f3%”?%m°
PR g A2 WG R BT AR #2955 ¥ {5 4 HPE (OpenPose)
oAl R R L doE D B mﬁ*‘] [

V= > M
v 3% & By AF 2R SRR Rl
AR F % YOLOVS &2 OpenPose 1% % 1% MR HCA] » A %] f § 4K & & (78 s o

FER S PP > T e > 84 % (Fully Connected Neural Network, FCNN ) it {7 %
A A g 0 1 —l]Lufr—“Jﬂ:ﬁv T2 g% o

(—) YOLOV5 &) &

AP R A 2 R B HF A YOLOVS #3)ie 7 #%3% (Fine-Tuning) > & H i
Brrid ;?u,f,\évfﬁv ¢ A @ grkaizd o AR gERini? (deBl 4 ~ T A IRe AT )
YOLOVS 5 i Aesn 9 4 3 27 sk cnp 45530 o f 85k chy AR %0 A 3 ey A gl g (7
Eahenh R Y R ASE) o AL R RS E MY o AR B 10 3
Pk 2 @R AR o X3RS IEAR o TR ﬁi}”bﬁ P JEE S T B4 P ﬁg"gﬁiﬁ" 2
BEEPEP FEHAEHeRE YV, R T 7 5%E % E (Reference Vector) V, 3-8 & H a0
R RIS AR o AR O ST

V1:P2_P1 (1)
V, V.
0 = arccos 12) (2)
(HW”H%H
0
0, = % 180 (3)

Hoe » 3\ (1)

B
\

PR LR BT B RS (2) 2B R 2 5Y e
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BV, 2@ehd b 550 (3) PIn R il s & R L P ERIERM T B0 1,
o R R v R b 5 R RN b R 5 kSR b
2%%’*?ﬁé*i*@éﬂ’%iin=amoa;amﬁse,maaién:a

0,0)c FJpt > V, N AR AR B E FHARY @R e o @ V, P FL kT AR . 5?{”?
O SRR X i S (ProjectlonAngle) » Hﬁi‘i}»?ﬁ#"ﬁ’%mm’& o

peeb o B % 2 HPE endf gt > 287 7 3 % &8558 1§ ] 42 ( Cascade Detection Pipeline ) »
£ YOLOVS i (7 A o i ip » £ ;*Z—;\. tp 18 B ;ml » 3 OpenPose o ;i F27 § »cf Bflf 2p
PR . PR S
T o G RHAEBA o R S Feng o iRk
I RIG AL & @ S @b LISHEP 5 BREGEH » FIL 2 MiBogR— =0 5
2. BARE AR E N AL 3 AR > ERL 3 MiBHR - X o

“F MAEH Y 1 YOLOVS it ¢ 4 sk M B o fO5 Y= (7 0 i 22 ¢ o R
v FOR-EIT (5B nml »~ OpenPose & {7 3 f§ FF38 o

(=) OpenPose # J&

A YOLOVS & iE & 4% {2 i0l kg ‘g\’%ﬁ] OpenPose 1 & {7 X §8 % 2& B 4 8L 0

o fi- "'Jﬁs?u% 5 18 BRE &8 4oB 697 > & FEEEIR SRR S LB TR E G B HELo
Fuf; R iy (Okubo and Hubbard, 2016) » #AF=% i BB L EFE B T 4 B H 1 (T5 4 8
THEFH B l?]mﬁﬁ-ﬂit’ ) EB-S l[&ﬁ,@{gﬂ’dw#f@‘_f—riﬁ¥y’an L3N E R E o B AR
i'rﬁﬁ%f%i@ﬁi AR GALET Sl A BRBLRC) o ER T 3B L LELR
gt

0 Nose
1 Neck
2 Right Shoulder
3 Right Elbow
4 Right Wrist
5 Left Shoulder
6 Left Elbow
7 Left Wrist
8 Right Hip
8 11 9 Right Knee
. 10 Right Ankle
1 Left Hip
12 Left Knee
9 12 13 Left Ankle
14 Right Eye
15 Left Eye
10 13 16 Right Ear
17 Left Ear

B 6 ARAE R
TR KR AL TR
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J€_OpenPose @.l D2 B G BEREREY > A REBRSRM S (Gldck — e R )
Exeg o JIr TN ESs e E AL

Vi=P,— P, V,=P;— P, (4)
VeV,
0 = arccos| — % (5)
(|V1||V2|)
0 -8 180 6
deg_ ol x ( )

?E%@i&@%éi%é%ﬂﬁﬁ%ﬁﬁﬁiiﬂ%ﬁoéﬁ%’%%%ﬁﬁﬁéi
PR RRGERDT AL R £ F5 B4 RIS~ TA

E >~ BH ARy AR

T HREE AT ESREE R T AT L YOLOVS £ OpenPose & {7 #5 Hchp B~ 22 B 4
+gbggm g T Asgipl, ~ THaEER ) THELRFE & TEKE S e BHF-
pi’mﬁYMDﬁFW@W*?ﬁﬁﬁﬁ’i@%&%Mﬁﬁﬁﬁiﬂﬁﬁﬁﬁﬁﬁﬁo

BRGAREY > ARES IR ER 2B AMOPRIFL NI (5504) LA

WA o EEBS BN > NEREKERI NI R EREEML T GAEY o
UM ARRI RO T A EEREIINE T FPLEE3 BN > AT E R iTade s ¥
Bl LR o AIRMEE s o EBN S 2 H A% S 2 BN > Rk FH
B NS bR o ¥ > @ % OpenPose BRlH o ¥ A2 MEBER ¥ ki E § BT Fw
B G L AR o pld F 5 2 R HPL A (arm angle 1 T arm angle 5) ¥ %230 (leg
angle 1 I leg angle 5) enS e 4 R T o F o P32+ F 4 B (arm angle 1 3
arm_angle | 3) s RN Pl E 2 &£ B (Shot Release Angle) ° B3 £5 4 Fif 3 BAR &
SfFc R4 2 148 E AP EEE R (10 BRle A REFERINER 3R e 2L
B2 1BIEL4R) @?%4/»\&\?% A FHIERT RS ok 1977 o A 7EHR SVC IF
LARAKE %@ﬁ%%&ﬂ{yfﬁiﬁﬂgb&&éwki*’u&kﬁlkﬁ%ﬁ
* 2 B IR (Margm) A ENF RS o d 3 SVC B RAFTHREY B R
4 DRt ALK TN A R A AT rﬁﬂrlﬁn*ﬁ% H e g Ao

R 1 BIEHBAME L

A& Data Feature Fields
Side View (Human ) arm_angle 1, arm_angle 2, arm_angle 3, arm_angle 4, arm angle 5, leg
angle 1, leg angle 2, leg angle 3, leg angle 4, leg angle 5

Front View (Human)  arm_angle 1, arm_angle 2, arm_angle 3

Side View (Ball) shot release angle

FHKR AL f (AL o
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PEB R A BEISER ) REGHE Y T Lt RS (Acouracy)
w % (Recall) ~#r&dF (Precision) 2 F1 4 #c (F1-Score) o 38 23840 #1573 ¢

4 _ TP + TN (7)
Couaracy = rp Y FP+ TN + FN
_ TP
Recall = TP FN (8)
o TP
Precision TP+ FP (9)
2 x (Precision x Recall)
- = 1
Fl-Score Precision + Recall (10)
H ¢ » TP (True Positive) & @ FxA #f 5 [ 2438 (T | 4k A ¥k FP (False Positive )

LR KT L B (i A TN(Tnle Negative) % I FEA 415 3 A ds it | off &
FN (False Negative) B 5 352 5 7 2 # (£chff & o

= Fdl;fﬁ‘fi'— RV o ’i’-)ifg:r‘g"}"g_i L;%VﬁLﬁ*iiﬁlqﬁg N T R STE
g B&WW?E’PJJ‘FE* L oM FE *&’E‘”"“Av\z»? RR VAN 2w FEREA AT LA
o4 5@ Fl AR e s —‘F*]‘ TS TR AR o T dp iR p;,*#g\,ﬁ:ilﬁiﬁ B
=3 j; Eéi?ﬁ'ﬁ“j‘fﬁ LJ;‘F'—“L% =AY g?;ﬁ%?\‘rio

—h

B-HRER

— > B

AT R AR N30 LR O IE TR TR R 300 LR A F LTS
ZARRE T2 0 om 2 Re AR E BT F“f ERE T %/,»fﬁ 2;%,@_ T ST
Feff k- RPBE TR 0 AFTT BF R IEEREY T Z TR D A 3 o F LR R
%W@ﬁﬁﬁﬁéYmpwmgiupﬁaﬁawm@g¢%<%@7wT>ﬁ,?ﬁ
:’Jﬁ-*ﬁf’“ﬁ?g‘?%‘hyiﬂ o B & YOLOVS5 ¢ ;-;;;ﬂﬁﬁi*&_ﬁ M R LR » BU R A S A
R AT FAFROFEIRT o Ra o IS A IR S el 4R E 2 S PR o 7&.@%
N ES T 8 Ay ISR LI ST - S e T

FeEEFpdoitiEy ol AT BB %FB""\:’?@;?\‘/JZ@‘},J&%KZ
(—)fiuYOUWSd@ S A g el K ERE B
(=) MEEERE T RR A AERR
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BB {8 R £ 3817 OpenPose * 4% B 42 2L 1 P -

(2) mhyg
PR & RAZHUBE T YOLOVS shig o 87 £ 85 5 chff i > @ 15 4 HPE it b pFif )
Rreds § reihT iz o

oA R A e AR R T A (B8 T ) o A RHBE R on e
R e RASE G A S 8 B YOLOVS § 5 4 Bifcs 22 & & YOLOVS &2
OpenPose 2. 4f & = i# » 2 F 7 & 4tice BRI THREF LT & RETI TR > UERE

)’“Tﬁ »1—7» HPE /uhﬁi L_}rf;_l;’? E' )I—f: bR ;91 3% o

YOLOvV5+OpenPose

OpenPose

OpenPose  YOLOv5+OpenPose

B 7 ik OpenPose #2 YOLOVS + OpenPose & A £ i 42 25488 2% R

°

TH KR AL p AR

OpenPose YOLOv5+OpenPose  YOLOv5+OpenPose
(Image Cropped with YOLOvS)

OpenPose

(Manually Cropped Image)

(d)

B8 wiEANTREEMHEH : (a) % OpenPose 89 R 45 % 1?- (b) 4£ M OpenPose F & &K 1 F 1% ;
(¢) # %4 YOLOVS &) OpenPose R o) R4E%4% ¢ (d) £ YOLOVS A $H#&knik it
# & OpenPose 44 .%5 1'%’-

FRKR : Afp FREE
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(—) HPE Jg 23 & 547

ARG R LB B R ,g\? ALE > LR o R N ¥ HPE #0438 B sk
R B TR B B 80% TR RE ~20% (TR BlEE e Bm AL 2 4 8] 5
1. OpenPose (}Z‘zéégn%\ﬁﬁl )

2. OpenPose (+ &+ B if) ;
3. YOLOVS + OpenPose ;
4. YOLOVS5 + OpenPose (& * YOLOvVS p & $4 27 32 1%)

FEHRGEAROE L 257 - VERI CAGRTfIpELR Z o 2Rl K & YOLOVS
h ke B E S B s TIOECTEER o 33T 5 YOLOVS i ¥t Aw 45 P B poid 2w
TR A E B 0 S Y OpenPose s 4B F AIZ hifh B A G oondpEiE E pF
[ R Bl S | Y-S R E

K2 ®H AT EERH

— 20
£ 1 Method Side Front
=
g OpenPose 21.022 4.798
s 10
E OpenPose (Manually 1.898 0.493
§ 5 I Cropped Image )
< - —— YOLOVS + OpenPose 1.446 0.336
i openpos:“" Front YOLOVS + OpenPose 1.061 0.257
¥ OpenPose (Manually Cropped Image) ( Image Cropped with
1 YOLOv5+OpenPose YOLOV5S )

YOLOv5+OpenPose (Image Cropped with YOLOvV5)
FTR&R: AT FERL

B9 HFH TR
FTALKRR AT A AR o

d %37 A @ * OpenPose FF T 352 pFF B £ > o B2 1§af 21.022 ) o dpde2. ™ >
B & YOLOVS i (7 % $457 {5 > AR '8 2 1.061 §) (il ) 202574 (E5) > 87
AFE D ET GO IR E RATE 20 B o gt vh s SR A Y 22 7 HPE FHE
T ey & IR 3 PR % & MediaPipe #0318 70t 0 o MediaPipe £ * g & 4K 0 i
WEREE BT o LS kAo i 3 4o o 822X MediaPipe fadZr g b v B g s e
d 2 @R 33 B > PR 4Ek 0 @ OpenPose fofc® £ R ~ £ 02235 R4 e (57 1R Y 135
BRAER > F AR Fad 0B ERFF TP i  PAPHRN o AT 22 AR R
TRSHEFT DR 7O VTR o



B T § IR T TR D (T R 2R 2 49

%3 AR FiEE MediaPipe < & 3 % & b ¥

Side Average Processing  Front Average Processing

Method Time per Frame (s) Time per Frame (s)
YOLOvVS5 + OpenPose (Image Cropped with 1.061 0.257
YOLOVS5)
MediaPipe 0.582 0.163

FHKR AT f (AL o

(=) HsEELAAR] R 547

5iE- B ERFEE & YOLOVS 2 OpenPose ¥t 4 £ & iThf 4 gt pl2 B R B2 > A&
ALY A F* =gkt 2 MeEE4p iR (Object Keypoint Similarity, OKS) (Lin et
al.,, 2014) ¥ & Fahd 4228+ & (Percentage of Correct Keypoints, PCK ) (Y. Yang and Ramanan,
2011)

OKS * * =8 FF R M4 B2 B F Mt B 2 dpiufeh > H 2584 ¢

> lexp(-d; / 25° k) + 8(v, > 0)]
> 150, > 0)]

OKS = (11)

He o d ZIAFREEFTMERPITAIER s 2 AL (LFBAHMBRE) Sk 5 M
GERAEE S 8(v,>0) 3T LA T Sl o OKS AR > A7 RIS R AT E 4R o
PCK B * »* 3= R iR M AR 3 0 2 F B @B B > 2358 2N deT o

W

l «w .
PCK = szf 1 W(dist(p;, t;) < a = max(w, h)) (12)

HeY ONZMERRE p B AN LIRS EFHMELEE o FRE B & F &
WE L EAMERMETE R o PCK BARE > A AR i d yEad b a4k g o

FLEIrESET rﬁ’ﬁbYOUWSWHHLMﬁZ{*QJ” CEF PREERD B AR
GEEEFER R P r A AR ORBE LI o Ay 22 BES TR £ FER
%;}gﬂ% °

(=) Blsezpian] B bdx

PR
(@é
‘?“

4 4 9755 > YOLOVS 22 OpenPose HAF & = 2 p R 422E 10 IR AER = 5 £ A F R0
H-H3 o LU OKS 2 S PCK R E™ 0 5 P A > #% &F 37 A8 ko
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FRLFRD PP F 3 ER G R LR R 0 TR AT RS (kR REF
FHE) TORITPEGRY BT ENTERY BEHLSP L ARF Y TR E .

ig- b B HPE % siefrcir - MediaPipe 17 5 — =€ i HPE 1 & - #- 4 84 i
SR GERE R £ 20 - Rz o d & 57 A > MediaPipe & ¥ 4 HPE fF8 & i rE R v 3
WAL TR D23 o R dxﬁff:‘gw;}{?mﬁ-:ﬂ““f# B REN S R RRET § R
,,%yr..,ta%,uﬁjm SR RVE § 51 - PeF B E LR R o

%4 ABERASEELERGEE SR

Method OKS PCK@0.1 PCK@0.2  PCK@0.5
OpenPose 0.579 0.539 0.615 0.615
OpenPose (Manually Cropped Image ) 0914 0.769 1.000 1.000
YOLOVS + OpenPose 0.801 0.769 0.846 0.846
YOLOvS5 + OpenPose (Image Cropped with  0.871 0.846 0.923 0.923

YOLOVS5)

T IOKS: it Fa§ G BL AR E‘, (Object Keypomt Similarity ) ; PCK : I s b 4 gt | (Percentage of Correct
Keypoints ) ; PCK@O0.1 % &5 4 & & &> ¥ * 20 F #2472 § s PCK@O 2 #1 PCK@O.5 4 &% s 8 4% &
g BHAR ’fﬂ I o

TALKR D AT P TR

%5 WmAEFEHARBSEIEAR R 0TELE

Method OKS PCK@0.1 PCK@0.2 PCK@0.5
YOLOVS5 + OpenPose (Image Cropped with YOLOVS ) 0.871 0.846 0.923 0.923
MediaPipe 0.920 0.917 1.000 1.000
N 0) CRIE e r,; 4E 2L 4p )ii ( Object Keypomt Similarity ) ; PCK @ & #x A 4% 25t B (Percentage of Correct

Keypoints) ; PCK@0.1 © % 1 & # & £ #*%@@ﬁaﬁe.MX@mePUWWSﬂ I¥ % AR
EEETT T A
TR KR AFEY P FER -

B X MediaPipe & 8 A 5 F T R L B TRk @S o v d v H ]33

B >ERf4ta> @ OpenPose ¥ ¥ E I WP %2 135 B Fﬁ@ g e (7 PR g

W) o FP AR TS LA PTEEREAT Y A cWFEREHT o AFTRNZ

Ympw+qu%ﬁb4ﬁ v e tE B R R D P ﬁ%ﬁJJaﬂiﬁﬁﬁﬁi@&’
SR T WwEE R E AT R LB o

SN pERAETRER

~ %1 7 12 FCNN (Basha, Dubey, Pulabaigari, and Mukherjee, 2020; Sainath, Vinyals Senior,
and Sak, 2015) % A # 2% fﬁ )3T % I HPE £ 3 md® > 2 #3458 1% 4 g3y -0
- o Al g MLP ~ LSTM % @ e B8 ¥ #53] (RF~LR ~SVC) 2 zt»p'%‘ oM
DR FEF AR ERE LR ERRY M SR A REOEEN 0 AT Ry
BT H AL & MediaPipe #T2 4 2 MAEBE I AT H A TE Y A R -



B BB T B IR B TR (TR A R 2 51
37 PR AT Re S (£6) » § 9"k ~8ci 300 pF > (¥ 12 * OpenPose i& {7 HPE

ERUILHRAZZ DT EMEER 7 FLYOLOVS (& iR AEFTH1244 >
Boi g ootk A Bt 290 & -

%6 TRAHEREERYEES

Identification Classification

Data Preprocessing Methods Amount of Data Errors Number Accuracy (%)
OpenPose 100 16 69.05
200 42 70.89
300 84 71.30
OpenPose (Manually Cropped Image ) 100 6 87.41
200 12 88.74
300 16 89.35
YOLOVS + OpenPose 100 10 86.30
200 18 87.69
300 24 90.76
YOLOV5 + OpenPose (Image Cropped 100 5 88.42
with YOLOVS ) 200 I 90.69
300 10 92.41
MediaPipe 100 3 79.38
200 5 82.56
300 9 82.82

FH AR AFLH FHER .
A 6% % (B A4 F sk A 8290 £ 18 (7 o £ & YOLOVS £ OpenPose ¢ ffe

JIL Sk b AR b A A F BT H - 03] o 3% FONN B2 $ASE (8 end i TR 2
R B FiE 90.76% 0 4o 10 #7m 0 4Bt &% * OpenPose PfF s 2 5 19 B A 8 o

Accuracy

OPENPOSE

YOLOV5+OPENPOSE

[
0% 20% 40% 60% 80% 100%

B 10 %4 YOLOvS ey EsE£EHa a1t

TR KR AFL P FEE

peeh s 4eB) 11 71 0 3% YOLOVS p#s 3t Biifen= e - H R 2 Brrd 1 92.41% »
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@ MediaPipe f14 % £ 5 % 82.82% o - % % Bi5F » A & YOLOVS £ OpenPose ¢ j %
TR FRAERGE RS TR R - S 2 AR AR ARG ERL S 6
1] e

- BWHRBFATTELEFETEET R LR T Ot AR AP L RERY AL
MPEAEFFS% -5 - ALl rfQ4Ea R NERKEOFREE > T REW
A5 4p e F.ﬁ-},',’ﬁr_ 4T m&a;}éﬁ[ﬁ.ﬁ’é » 12 ’i&ﬁ & & oo

Accuracy

MEDIAPIPE

'YOLOV5+OPENPOSE (IMAGE CROPPED WITH YOLOVS)
YOLOV5+OPENPOSE

OPENPOSE (MANUALLY CROPPED IMAGE)

OPENPOSE

I ] ]
0% 20% 40% 60% 80% 100%

B 11 TRATREFE4E FCNN 548 & o4 B 5 R b 85
AL KR D AT P TR o

(—) FCNN # R & R

AR T K2 FCNN %482 2 3 K 2454 (Fully Connected Layers) » # & & 7 10
BA SR @,] B3 ,\‘?q & i * ReLU (Rectified Linear Unit) j§is & ¥ ﬁ*] I
Sigmoid & Hcr & (72 e 8 %‘J NEE L 0F 1 2 a8 E o dodk 7977 » BiBF

AN GABELEFRI0OBH G w TP EmF 2 PR T o

RT e EARENR

Amount of Identification Classification

Data Preprocessing Methods Data Errors Number Accuracy (%)
YOLOVS5 + OpenPose (Image Cropped with 100 10 88.42
YOLOVS) 200 10 90.69
300 10 92.41
MediaPipe 100 10 79.38
200 10 82.56
300 10 82.82
YOLOVS5 + OpenPose (Image Cropped with 100 100 40.00
YOLOVS) 200 100 53.12
300 100 52.76
MediaPipe 100 100 41.24
200 100 53.33
300 100 53.23

FTA kR Ay p AR
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BIREREE Y A REARY A S B B B A B2 R KO B RN

¥ oA 8HA AR EL I HES > Ait4 DR 4 BCELoss + Adam i1 B (£ ¥ F 0.01)
GRE T 0 WA 92.41% 0 F1 A #ch 89.11% o

%8 FCNN#EAeFRER

Parameters

Classification Learning Accuracy Precision Recall  F1-Score
Model Loss Function Optimizer Rate (%) (%) (%) (%)
FCNN BCELoss Adam 0.001 88.28 82.00 83.67 82.83
BCELoss Adam 0.010 92.41 86.54 91.84 89.11
BCELoss Adam 0.100 53.45 34.96 43.88 38.91
BCELoss SGD 0.010 64.14 47.12 50.00 48.51
MSELoss Adam 0.010 77.59 70.37 58.16 63.69
CrossEntropyLoss Adam 0.010 75.86 61.67 75.51 67.89

i FCNN @ >4 & g (Fully Connected Neural Network ) -
T &R Ay p AR

(=) MLP B#A &R

EMLPF &% ® (£9) » 2 FPjrd Sl B Beno ST T LB - Bo4pdi o i
* “identity” & “tanh” jcis S e pET R B R A RS 0 2 “lbfgs” BB AT R
£ uafcacl o BB A HERR L 50 BA ,,m ST o i 100% B AL

(=) LSTM R R

A RPFR R B AT S LS LSTM A 4 B @J»#rﬂu S le e R (5
BRERS) o Rle e R (S M%%*v“b) CRm EIMER BBFEFH) SR EF LR (]
FEH) 4 LSTM Kol 2 B R P-p5 B 75l > Bb BRI %> T2l
#: k2 Sigmoid S it (7= LA M o 12454 10 2% > 2 & LSTM £ Hidden size = 40 ¥ if 5
docin » B S E 96.55% 0 F1 A # 94.79% -

(m) RF AR

RF #-4]p|3# 7 F n_estimators ~ max_depth 2 max features 2 & & (% 11) » &A= %
TR ANBEFELAR c FHMARBET A3 EmFE 9897% -

(Z) LREAZER

BLRHA Y AT A mAE C M (LLL2) #272 p it B (£12) » &%
BEor L2 P it T PRCA] A AR AR R0 o B iE 99.66% B FE & 7 99.49% F1 A #ik o
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%9 MLPBAETRER

=
=

Parameters
Classification Hidden layer Accuracy Precision  Recall  F1-Score
Model sizes Activation Solver (%) (%) (%) (%)
MLP (100, )" relu” 'adam" 99.31 98.98 98.98 98.98
(100, 150,) 'relu’ 'adam’ 99.31 98.98 98.98 98.98
(150,) 'identity’ 'adam’ 100.00 100.00 100.00 100.00
(150,) "logistic' 'adam’ 99.31 98.98 98.98 98.98
(100,100,) "logistic' 'adam’ 100.00 100.00 100.00 100.00
(150,) 'tanh' 'adam’ 99.66 98.99 100.00 99.49
(100,100, ) 'tanh’ '‘adam' 100.00 100.00 100.00 100.00
(50,) 'relu’ "Ibfgs' 99.31 98.98 98.98 98.98
(150,) 'relu’ 'Ibfgs' 99.31 98.98 98.98 98.98
(100, 200, ) 'relu’ 'Ibfgs' 99.31 98.98 98.98 98.98
(100, 150, 100, ) 'relu’ "Ibfgs' 99.31 98.98 98.98 98.98
(100,) 'identity" 'Ibfgs' 99.66 98.99 100.00 99.49
(150,) 'identity" "Ibfgs' 100.00 100.00 100.00 100.00
(100,) 'logistic' 'Ibfgs' 99.31 98.00 100.00 98.99
(50,) 'tanh' "Ibfgs' 100.00 100.00 100.00 100.00
(150, 50, 50, ) 'relu’ 'sgd' 99.31 98.00 100.00 98.99
330 MLP: % & g% (Multilayer Perceptron) ; "4 7% 1% 5 vb Sz 2 S 3% Sdcfie i o
FHAR AL R A
%10 LSTM BA @ FRER
Classification Parameters Accuracy Precision Recall F1-Score
Model num_layers  hidden_size (%) (%) (%) (%)
LST™M n=1 n=16 77.24 92.11 35.71 51.47
n=2 n=16 94.83 95.60 88.78 92.06
n=>3 n=16 86.21 95.31 62.24 75.31
n=2 n=32 95.52 94.74 91.84 93.26
n=2 n=40 96.55 96.81 92.86 94.79
n=2 n=48 95.17 93.75 91.84 92.78
n=2 n=64 93.79 95.45 85.71 90.32

:x ! LSTM : & ‘& e fh i (Long Short-Term Memory ) -

TR KRR AL TR



B T § IR T TR D (T R 2R 2 55

%11 RFBAHEHRER

Classification Parameters Accuracy  Precision  Recall F1-Score
Model n_estimators max_depth max_features (%) (%) (%) (%)
RF 10 None 'sqrt' 98.51 98.86 96.43 97.62
100° None" 'sqrt"” 98.69 98.16 97.96  98.06
10 None "log2' 98.62 97.96 97.96 97.96
100 None 'log2' 98.97 98.97 97.96 98.46
10 None None 97.90 96.38 97.45 96.91
100 None None 98.07 96.67 97.65 97.16

3 1 RF @ %84 44k (Random Forest) ; "% 77 (F 5 0t fjh 82 FE28 Sdcfie B o
FTAL IR D AP TR o

212 LREVOT®RER

Classification Parameters Accuracy Precision ~ Recall ~ Fl-Score
Model C penalty solver (%) (%) (%) (%)
LR 0.1 'L2' 'Ibfgs' 98.97 97.98 98.98 98.48
1.0° 2" "Tbfgs'” 99.66 98.99 100.00 99.49
10.0 T2 "Ibfgs' 99.66 98.99 100.00 99.49
0.1 ‘L2 'sag' 98.97 97.98 98.98 98.48
1.0 "2 'sag' 99.66 98.99 100.00 99.49
10.0 T2 'sag' 99.31 98.00 100.00 98.99
0.1 T2 'newton-cg' 98.97 97.98 98.98 98.48
1.0 'L2' 'newton-cg' 99.66 98.99 100.00 99.49
0.1 T2 liblinear’ 97.24 93.27 98.98 96.04
1.0 T2 'liblinear' 98.62 97.00 98.98 97.98
10.0 'L2' 'liblinear’ 99.66 98.99 100.00 99.49
0.1 'Ll 'liblinear' 96.55 90.74 100.00 95.15
1.0 Tl 'liblinear' 99.31 98.00 100.00 98.99
10.0 1 'liblinear' 99.66 98.99 100.00 99.49
0.1 L2 'saga’ 98.97 97.98 98.98 98.48
1.0 "2 'saga’ 99.31 98.00 100.00 98.99
0.1 T1' 'saga’ 98.62 97.00 98.98 97.98
1.0 ‘L1’ 'saga’ 99.31 98.00 100.00 98.99

LR BiEw F (Logistic Regression) ; "% 77 {7 4 vt S jh 8 2 FF2k S Hcfie & o
TR KR AFL P FEE
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(55) SVC AR & 3

AT R SVC #4742 Sl (Kernel) 282 C e enf B (£ 13) o S5 BT 0 @ *
M (Linear) el it 2 £ % o 8gn] > 22 100% $raF 2 Fl 2 ¥ 7 227 FHLE
BRSMET A SVC it 2037 SR ERF L HE -

- N33

%13 SVCBAMERLER

Classification Parameters Accuracy  Precision Recall F1-Score
Model C kernel gamma (%) (%) (%) (%)
SvC 0.1 'rbf' 'scale’ 96.55 98.89 90.82 94.68
10" 'tbf” 'scale"” 99.31 98.98 98.98 98.98
10.0 'tbf 'scale’ 99.66 100.00 98.98 99.49
0.1 "linear’ — 100.00 100.00 100.00 100.00
1.0 'linear’' — 99.31 98.98 98.98 98.98
1.0 "poly’ 'scale' 96.55 100.00 89.80 94.62
10.0 'poly’' 'scale' 98.97 98.97 97.96 98.46
0.1 'sigmoid' 'scale’ 97.93 95.10 98.98 97.00
1.0 'sigmoid' 'scale' 98.97 97.03 100.00 98.49

3 SVC: A48 £ 4% B (Support Vector Classifier) ;"% 5% 17 5 v g B 2 FE 2% SBepie & o
FA kR Ay p FER

(&) Fikrbddrm

F 14 87 AF 3 #r#% 11 2. YOLOVS + OpenPose 7 H ¥ MediaPipe ¥ i P~ 2 4 4 4
bt o ¥R A ASEEAT 0 AT 2 E IR MediaPipe 0 Ao B A AR T
B E T o .

k14 FRS>ABThEFTEZIrRAEERILE

Method FCNN MLP LSTM RF LR SvC
Our Method 9241 100.00 96.55 98.97 99.66 100.00
MediaPipe 82.82 87.97 87.63 92.10 87.97 91.41

P FCNN @ 2 4&4¢ ‘g 432 (Fully Connected Neural Network ) s MLP @ % k& g % ( Multilayer Perceptron)
LSTM : £ =8 3= I‘%. 452 (Long Short-Term Memory ) ; RF : “f_tﬁ #+k (Random Forest) ; LR @ #dfiw i
(Logistic Regression) ; SVC : £ ¥ w § 4 % B (Support Vector Classifier)

FRKR  AEE R FAETL

2SR LA EREALE Y o 7 RAT LSTM 3 adf g B A 7| 23 422 5 4
m%m,@wﬁﬂpﬂgﬁﬁmwﬂm% JERE ER $%MU”E“TW RAEF FAE
Ful L SVCHA AR FHEY S22 4R L L3 i v 3l

L
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k15 &rAERELRLE

Classification Model FCNN MLP LSTM RF LR SvC
Accuracy (%) 92.41 100.00 96.55 98.97 99.66 100.00
Precision (% ) 86.54 100.00 96.81 98.97 98.99 100.00
Recall (%) 91.84 100.00 92.86 97.96 100.00 100.00
F1-Score (%) 89.11 100.00 94.79 98.46 99.49 100.00

3 ¢ FCNN @ 2 49 ‘g 88 (Fully Connected Neural Network) ; MLP @ % & g % ( Multllayer Perceptron)
LSTM : & &8 &% % (Long Short-Term Memory ) ; RF : “{.*}3 iR (Random Forest) ; LR : #ffw r;r;
(Logistic Regression) ; SVC ¢ & ¥ & & 27 £ ( Support Vector Classifier) -
FH AR AR AT

ﬁb»ﬁ&%@ﬁ’LHMﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬂﬁN%M’ SVC R E 5 %
A AR BT A c TR AMEH R TR 2 AV IERE AT BB EHE SVC
Ta N Az 0 B AR -3 Fﬂu¢¢ﬁﬁﬁﬁ%ﬁﬁ%a1@1%%%aﬁm’é@
T AT R R R P R E R S D ke

{5~ B IA AT R

AFTG % BT 0 822X OpenPose & ¥ ¢ B # #£% ¢ B »ceh HPE &t 4 » 2 % & YOLOVS
21 ’ﬂ%“wﬁi;}—,\?‘iﬁigﬁvmm*ﬁd&u}ﬁ}rwbeﬁ BER o LS R T okt

TR AERE O R R R B RIE e F > A gD kAL AR AR FEAERe A F T i Bl
%”‘%%ﬁﬁ #?%ﬁmp"4ﬁﬁﬁﬁkﬁm§’ipﬂ%ﬁﬂa%ﬁﬁ%;—ﬁ
SR TEHEFVHELOIE > VITEHE M DIREER ARG OL R G Lo A
T ATER ehd PR e T Rt (YOLOV5 $ i* B + OpenPose HPE) - &k sifder § 514
FE;W@%%°M?*°4QF&&“@W’ﬁmmn awﬁéﬁﬁ%ﬁwﬁm’*
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- S HATRG T E o  XRFEREY S i (4r Transformer-Based #¢ Graph Neural Network
Bl 0 DA B AR B TR e B > i - 4 SRR SRR R R
B 4AE S‘m‘n l't‘rrlﬁ:w}ﬁ' ie 3 o

N ﬁi%%ﬂ:g@g@%ﬁ&?m(%ﬁﬁﬁaﬁﬁﬁﬁﬁﬁWﬁm'“%ﬁ)wi
I A SRRV AR oS e R A o F ML TS TR 4 o

CEARE BT ART RAF T E 2 2 HOAIEREBE R N H B AR blic? BERR

Bo(drerk ~ B BREA) HFEABREREVR AT IS H DT RN

PER 2 g # 7 8 (Virtual Reality, VR) /#53 % 8t (Augmented Reality, AR) /% st o
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