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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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ITII. Proposed Data Collection Platform
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3.1 Development of VR Data Collection Platform
Using OpenVR SDK and SteamVR
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During Content Usage
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File Information
Input
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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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4.1 Model Architecture and Training Process
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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
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4.2 Model Performance Evaluation

—— Train Accuracy
-~ Validation Accuracy
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Epoch

(a) Accuracy

0.9 —— Train Loss
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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
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