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ABSTRACT

Recently, self—driving research has been actively studied in various institutions. Accurate recognition is

important because information about surrounding objects is needed for safe autonomous driving. This study

mainly deals with the signal processing of LiIDAR among sensors for object recognition. LiIDAR is a sensor

that is widely used for high recognition accuracy. First, we clustered and tracked objects by predicting

relative position and speed of objects. The characteristic points of all objects were extracted using point cloud

data of each objects through proposed algorithm. The Classification between vehicle and pedestrians is

estimated using number of characteristic points and distances among characteristic points. The algorithm for

classifying cars and pedestrians was implemented and verified using test vehicle equipped with LiDAR

sensors. The accuracy of proposed object classification algorithm was about 97%. The classification accuracy

was improved by about 13.5% compared with deep learning based algorithm.
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