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Abstract : Autonomous driving is not a new concept, and relevant technology has been developed for a long time. However,
in recent years, autonomous driving technology has been leaping forward, fueled by the advance of Al-based technologies. In
particular, the essential components of autonomous driving, such as perception, prediction, and planning, deliver entirely
different performances from those of the pre-Al era. In this study, the trends and development of autonomous driving
technology will be analyzed by decomposing it into element technologies ranging from perception, prediction, and planning,
focusing on Al-based research. For the perception part, LIDAR and camera-based research and sensor fusion technologies
will be examined. For the prediction part, we will look into various prediction paradigms such as interaction-aware and
map-based prediction. The planning part will cover maneuver decisions, motion planning, and reinforcement learning-based
methods.

Key words : Autonomous vehicle(AH&=3 Z}-5-=2}), Architecture(©}7] B #1), Artificial intelligence( 3] 34| 5), Decision
and planning(Zet 2 7 2 A 4]), Perception(Q1A]), Prediction( ¢l =)
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| Autonomous Vehicle SW Architecture
powered by Artificial Intelligence

Perception Prediction
e e
Camera li_g)l;il :;’g

Sensor Fusion EgoCVo:el E:zllzr:l:lgte nd

Decision & Planning

Maneuver Decision

Motion Planning

Reinforcement Learning

Fig. 1 Autonomous vehicle SW architecture powered by Al
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Table 1 Summary of Al based perception method
Study Sensor Input type Backbone
Zhou and Tuzel®, Yan et al.” LiDAR Voxel Convolutional Neural Network(CNN)
Lang et al.¥ LiDAR Pillar Convolutional Neural Network(CNN)
Shi et al.”, Yang et al.'” LiDAR Point PointNet
Shi et al.'? LiDAR Voxel, Point  Convolutional Neural Network(CNN), PointNet
Wang et al.'¥, Ma et al.' Camera Depth Map Convolutional Neural Network(CNN)
Wang et al.'®, Park et al.'”, Li et al.'® Camera RGB Convolutional Neural Network(CNN)
Qietal' CameratLiDAR  RGB, Point Convolutional Neural Network(CNN), PointNet
Vora et al.*”, Yin et al.? CameratLiDAR  RGB, Pillar Convolutional Neural Network(CNN)
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Fig. 5 Reinforcement learning based cut-in algorithm using
various traffic simulation environment
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