F48 % 10 WMok B R R Vol.48,No.10
20214 10 A Journal of Hunan University( Natural Sciences ) Oct.2021

XEHRS:1674-2974(2021)10-0085-08 DOI: 10.16339/j.cnki.hdxbzkb.2021.10.010

EHF RC-DBSCAN HjZ= 188 28 4& U 5 53

AR, R FE, K, T
(WIRIA2: BUR i8R TRE2BE, WIS Kb 410082)

OB AP e TOUT A A ] 6 S A S B M AR £ B, A Sl at kA1
YAl % RGBS FI R, BAT £ 18 BAFAE 5 09 IR, 25 1 A A8 IR o e 4
FEHE L, E T AT DBSCAN =k & % (Reclustering based on Density—Based Spatial Clustering
of Application with Noise, RC-DBSCAN ) #4945 4E 5. 5 £ Sk, SF A5 5 & T 4T =R EE £ 4 Lab
2R RAEAE BT KL ARG, BATEEE R AR ENAA R AR Rk £
AT, B AT A KB AR B Rk Sk st A G o) £ ik AT B G A TR
BB REGM G NTORBEEFHAITT . FEW, ALHFXELLRATHELL
Al g G AR TR IR R Sk, KRR L R IRE R A A b R X KA
IR A LA AR B A

KEBIR AAURALK ; F 18 KA IR A WA R A F A KR R5; FRZIER

hE 9 3E . TP391.41;U463.6 STRRARARAD : A

Research on Lane Detection Based On RC-DBSCAN

DENG Yuanwang', PU Hongtao, HUA Xinbin, SUN Biao
(College of Mechanical and Vehicle Engineering, Hunan University, Changsha 410082, China )

Absrtact:In view of the poor robustness and real —time performance of lane detection under complex working
conditions, this paper extracts the feature points of lane line by fusing the results of edge detection and multi—color
space threshold segmentation. Combined with the location characteristics of lane line in aerial view,a feature point
reclustering algorithm based on RC-DBSCAN  (Reclustering based on Density—Based Spatial Clustering of Applica—
tion with Noise ) is proposed. Based on whether the cluster points are clustered twice or not and the average gray value
of the cluster points sampled in Lab space, the lane line shape and color are identified. The lane line is fitted by the
least square method, and the fitted lane line is tracked by the Kalman filter algorithm based on the trusted region. Fi-
nally, the experiment is carried out in the real road video and public data set. Experimental results show that the ro—
bustness of the proposed algorithm is better than the traditional clustering algorithm in complex road conditions, and
the real —time performance can meet the actual needs;on the structured road,the recognition of lane type also has
high accuracy.
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Fig.5 Lane extraction based on color model
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Fig.9 Elimination of road sign interference and lane fitting
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Fig.11 Believable area of lane line
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Fig.12 Lane detection in multiple scenes
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Tab.1 Lane detection experiment
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Fig.13 Lane type recognition of structured road
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Tab.2 Lane type recognition experiment
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