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Research on Drivable Road Area Recognition and Real-Time Tracking Techniques
Based on YOLOv8 Algorithm
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ABSTRACT

This paper proposes a method to recognize and track drivable lane areas to assist the driver. The main topic is
designing a deep-based network that predicts drivable road areas using computer vision and deep learning technology
based on images acquired in real time through a camera installed in the center of the windshield inside the vehicle.
This study aims to develop a new model trained with data directly obtained from cameras using the YOLO algorithm.
It is expected to play a role in assisting the driver’s driving by visualizing the exact location of the vehicle on the
actual road consistent with the actual image and displaying and tracking the drivable lane area. As a result of the
experiment, it was possible to track the drivable road area in most cases, but in bad weather such as heavy rain at
night, there were cases where lanes were not accurately recognized, so improvement in model performance is needed
to solve this problem.
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