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[Abstract]

This study explores the use of virtual reality (VR) technology to identify and label key segments of
the golf swing. To address the limitations of existing VR devices, we developed a platform to collect
kinematic data from various VR devices using the OpenVR SDK (Software Development Kit) and
SteamVR, and developed a semi-automated labeling technique to identify and label temporal changes in
kinematic behavior through LSTM (Long Short-Term Memory)-based time series data analysis. The
experiment consisted of 80 participants, 20 from each of the following age groups: teenage, young-adult,
middle-aged, and elderly, collecting data from five swings each to build a total of 400 kinematic
datasets. The proposed technique achieved consistently high accuracy (=0.94) and F1 Score (=0.95)
across all age groups for the seven main phases of the golf swing. This work aims to lay the
groundwork for segmenting exercise data and precisely assessing athletic performance on a
segment-by-segment basis, thereby providing personalized feedback to individual users during future

education and training.
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I. Introduction
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ITII. Proposed Data Collection Platform

Unity 2022.3.9f1 ®ZAoj]5] HTC VIVE Pro HMD
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3.1 Development of VR Data Collection Platform
Using OpenVR SDK and SteamVR

@ StramVR Content

Simultaneous
Execution

Extracted Results

User Motion Video
During Content Usage
&

File Information
Input
(Unity i )

Motion data file(.csv)

Data Collection Platform

Fig. 1. Processes in the Data Collection Platform
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Fig. 4. Golf Key Segments and Extraction Parameters
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3.2 Analysis and Results of Collected Data
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Table 1. Motion Data Over Time

HMD
Time(sec) . Angular . Angular
UGy Velgocity GEERRIEL D Acceliration
0.1 (0.01, O, (-0.12, (-0.26, (-2.38,
' -0.01) |5.73, 2.48) | 0.15, -1.41) | -29.06, 76)
0.2 (0, 0, (1.28, (-1.04, (5.9,
) -0.01) | 4.93, 2.32) | -0.35, 0.45) | -77.07, 4.7)
03 (0, 0, (0.55, (1.15, (2.61,
' -0.02) | 3.71, 1.67) | 0.03, -1.22) | -42.56, 12.58)
04 (0, 0, (2.00, (-0.41, (2.38,
) -0.02) | 4.08, 1.96) | 0.19, -0.07) | -23.06, 9.64)
05 (0, 0, (1.42, (-0.31, (-1.39,
) -0.01) |2.28, 1.19) | -0.25, 1.21) | -66.5, -4.45)
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IV. Data Labeling for Exercise Analysis
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4.1 Model Architecture and Training Process
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Data processing Training Model

I
Motion ¢ feature feature LSTM pNN1|[)|pNN 2 $
data vector veetor

Fig. 5. The Entire Process of Labeling Motion
Data.
The training model includes bidirectional LSTM,
LSTM, and Batch Normalization with 30% dropout,
which finally leads to the labeling step.

Labeling

Figure 5+ a2 I3t MA2]e} aks RE S HofE
Of. & AfoA s Hl2 AJAE golele] At

jels gatslor skgsr] sl AAE 8T LSTM
UEHZE st ok A 9 2lojof (Layer)= Al
AlE dlol& o] J= AHdof| SHE 100719 fRE 7 &
W LSTM 2fojoiz, /\174]@‘ ColBlE Aeidor &
Alofl A2l A
return_ sequences True

4%342

AIAIE dlolefe] 7S 7ol Al olshish= © Zagt
g2 gtk

FYL LSTM zojo] thZoll= ulix] &} (Batch
Normalization) 2fo]o}7} §fX|ste] THlo] aky £k
A1, WY S Hete zlAsisio] YEYIO
oA S =olch ':io}j\— (Dropout) glo]ojoflM= EF
A7 79 ¥18S 30%=2 gt FAYR {AS |
sHg35A)71c} o]L WA 9GS ZrAA7 | sk
5hc} o]2i3t ARl EE“OI A EﬂOlEMl st A

& 9K LSTM 310101L 1007H4 1;1% ;@j‘}nq, A
WAl FEF LSTM 2ojojo] £33 7[vtog AAE ¢
o[§o] VUAMIN E4Z 7tz &R o] goloje
return_sequences=False A& Eoff A]H20] Opx|at
WAlHE 222 wistete] AR HRE Qo A
2 r}e gojoj2 AMgsitt, maElo] £]E 2fo]o= Dense
#ojo]2, ATEWA (Softmax) EAJg} s E3) 2
A8 a4 H5S FAT 0 Folojo] G4 2t d
o[gjAllof] EXfst= 2lo]29] 4oF TSl A= of, o
5 2o~ 25 242 A
B2HE categorical crossentropy —i— Al SF40F Adam
Aot AP ES AMESIH, 7] 552 0.0012 2%
g]9ict. ReduceLROnPlateau iﬂ]sﬁ% 4% tlolEl9]

241 7JMo] gle Ao skAzo mMuloz Zolrh Fal,
Early Stopping 24! (Callback)e 7AZ £Alo] x|A=
o3 (Epoch) &<t 7HER] ¢t& A €512 FHA
711 49| 7MEAlE Btk ot HAYEE 2E

2]

of s F|Hafel BEZ YAlol 7]ofsic

# Q701N AMg T 2L ¥ shA| S4S ek £
A 71ES) TR LSTM 2] g
of AIAIE HolHE Aoz FAl A
ARV )9S TS auEoz ZARI ok 58] A
A Holele] Bst WRe shste o Selsitt ®
&, Wix] Aser S80S AYl] B o 4
£ o] 1AgES WK1, ReduceLROnPlateault

=2



A Semi-Automated Labeling-Based Data Collection Platform for Golf Swing Analysis 17

Early Stopping2S £33l &5 A0z xA5ho 2
pEgto] Yt 75 AdS &0l Q

L L 1y
At olPfE JYER 20 et etg skl

= XE2 A8 - wmnﬂ ol Belo] A7 ol
o] Bxrst mjelS dup} & olsfist o2 Edf At

2ol o|5sHeAlS LEbC ol S5 £ o
9] weo] XA HlolEjo] B 7ol QP olsfst
1, =2 At 2 o=3 & Qe 2 it

4.2 Model Performance Evaluation

—— Train Accuracy
-~ Validation Accuracy

o 10 20 30 40
Epoch

(a) Accuracy

0.9 —— Train Loss
Validation Loss

o 10 20 30 40
Epoch

(b) Loss

Fig. 6. Accuracy and Loss Graphs During
Model Training and Validation
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Table 2. Generational Labeling Prediction Accuracy

. Young- Middle-
Labeling Teenage adult — Elderly
AD 0.92 0.96 0.90 0.91
B 0.97 0.98 0.98 0.96
BT 0.99 1.00 1.00 0.95
DS 1.00 1.00 1.00 1.00
1P 1.00 1.00 1.00 1.00
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