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ABSTRACT

In autonomous driving, the lane detection system for road driving is one of the essential functions not only for
fully autonomous driving but also for LKS (Lane Keeping System) in ADAS (Advanced Driving Assistance
System). However, such a lane detection system must operate accurately and in real time under various conditions
on the road (optical reflection, weather, night time, occlusion). In this paper, a deep learning-based lane detection
system that can operate in real time even at night in the Korean road environment is considered so that strategies
for performance optimization are presented. To this end, in addition to the TuSimple data set, which is the foreign
terrain daytime training dataset, a Korean terrain daytime and nighttime dataset was newly built and data
augmentation techniques were added for training. Moreover the accuracy and real-time operation speed were
measured on a single NVIDIA 2080ti GPU. As a result of this additional dataset construction and data augmentation
additional training, accuracy improved from 76.9% to 92.4% accuracy at night time in Korea based on the Ultra
Fast Lane Detection model, and from 84.6% accuracy to 96.7% accuracy based on the CLRNet model could make

an improvement.
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Fig. 1. Target Lanes for detection.
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BS 140K BS 88.7 76.9 93.5
BS+RD 140K + 50 BS+RD 92.6 83.7 90
BS+RN 140K + 50 BS+RN 89.2 92.4 75.2
BS+RD+RN 140K + 100 BS+RD+RN 91.7 91.7 95.2
BS+BS2D 140K + 100 BS+BS2D 78.3 71.9 80
BS+RD2G 140K + 100 BS+RD2G 92.0 82.9 92.6
BS+RD2D 140K + 100 BS+RD2D 91.7 82.7 80
BS+RD2S 140K + 100 BS+RD2S 919 80.9 709
BS+AlI(100) 140K + 100 BS+ALI(100) 922 9.1 70.3
BS+AI1(250) 140K + 250 BS+AIlI(250) 92.5 92.2 69.9
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Table 5. The accuracy and Latency performances of
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