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[Abstract]

Artificial intelligence services are currently becoming increasingly integrated into our lives. Hence, the collection of quality data
is becoming crucial. In particular, artificial intelligence learning models that use traffic data can be employed in various fields,
including navigation, traffic information, autonomous driving, traffic accident prevention, and criminal vehicle tracking. Hence,
collecting high-quality learning data and developing efficient refinement methods to improve performance are essential. Therefore,
this paper proposes an automatic refinement method of traffic information data for artificial intelligence learning. We used
YOLOVS5 object detection, IOU tracking, vehicle classification, and variable thresholds in a parallel algorithm for license plate
recognition to perform data refinement and demonstrated savings in terms of both time and cost, compared with manual work. The
results confirm that various refinement methods of vehicle information recognition and tracking methods are more effective for

quality data refinement.
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