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Abstract : With the recent surge in the autonomous driving market, the significance of lane detection technology has
escalated. Lane detection plays a pivotal role in autonomous driving systems by identifying lanes to ensure safe vehicle
operation. Traditional lane detection models rely on engineers manually extracting lane features from predefined
environments. However, real-world road conditions present diverse challenges, hampering the engineers’ ability to extract
adaptable lane features, resulting in limited performance. Consequently, recent research has focused on developing deep
learning based lane detection models to extract lane features directly from data. In this paper, we classify lane detection
models into four categories: cluster-based, curve-based, information propagation-based, and anchor-based methods. We
conduct an extensive analysis of the strengths and weaknesses of each approach, evaluate the model’'s performance on
an embedded board, and assess their practicality and effectiveness. Based on our findings, we propose future research
directions and potential enhancements.

Keywords : Autonomous driving, Deep Learning, Lane Detection, Embedded System
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Table 1. The experiment results of Lane detection in Tusimple
dataset

Model Metric Accuracy FP FN
LaneAF[R] 95.11 0.039 0.036
Eigenlanes[9] 94.26 0.062 0.073
SCNN[12Z] 95.25 0.063 0.064
RESA[13] 96.82 0.036 0.025
UFLD[14] 95.91 0.189 0.037
UFLD V2[15] 95.91 0.032 0.043
Polylanenei[16] 88.07 0277 0,195
Bezterlanenet{17] 95.65 0051 0.039
mean 94.65 0.087 0.064
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Table 2. On-device energy evaluation
Metric Average Average
Model Inference Time{ms) Power(W}
LaneAF[8] 5738 33 2189 z 082
Eigenlanes[9] 3568 +114 1294 + 052
SCNN[12] 9778 262 18.72 + 012
RESA[13] 55.16 245 2718 021
UFLD{14] 6201 £33 1572 2031
UFLD V2[15] 60.64 + 46 1573 x 022
Polylanenet{16] 3434221 2589 013
Bezierlanenet[17] 45.11 244 20,70 £011
mean 58.51 19.85
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Table 3. Performance comparison of methods

Metric

Accuracy Energy Efficient
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