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Abstract : Nowadays 3D scene labeling has become a hot topic in the reform of machine learning, photogrammerty , computer
vision, etc. Road facility semantic labelling is vital for large scale mapping and autonomous driving systems. This paper
proposes a new method for semantic tagging of road facilities based on logical relationships and functionality. We first
summarize the relevant feature symbols and rules for road facilities, and then we semantically tag the point cloud data
according to the defined rules. Based on the method proposed by us,a detailed explanation of road point cloud data in a
medium-sized city in China is conducted. 93% of rod-shaped objects are correctly extracted and correctly identified. For
attachments to rod-shaped objects(such as lamp heads, traffic signs,etc.) ,they are basically correctly identified and effec-
tively marked. Compared with the improved RANSAC algorithm, our framework provides a more promising solution to auto-
matically map road furniture at a detailed level in urban environments.

Key words :road facility interpretation, street lights, traffic sign,mobile laser scanning, point cloud
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Fig. 1 Road furniture interpretation
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Table 1 Examples of attached components
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Fig. 2 Interpretation of complex road furniture
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Fig. 3 Data comparison between primary and secondary roads Fig.4 A training sample for street lamps
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Fig. 5 Result comparison on road scene
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Fig. 6 Annotation example of trunk road data Fig.7 Annotation example of secondary road data
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Table 2 Quantitative results of our method

POE BT AT AR A [ R s HEER/% BRIE/%
BT 186 0 2 9 0 0 197 94.4 93.9
ACELT 2 157 2 5 0 0 166 94.6 95.2
A3 JL 2 1 227 3 0 0 233 97.4 98.3
A 148 56 50 2583 0 0 2837 91.0 91.0
P4 1 0 0 0 43 2 46 93.5 95.6
PRV 0 0 0 0 15 294 309 94.2 92.2
Js8 s 339 314 281 2 600 58 296 4177 Overall 93.3
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Table 3 Performance comparison between the proposed method and others

BCHE Y BEALR AL — S5 A
WEWE/ % 183/ % WERNEE/ % A1/ %
BT 90.6 91.4 94.4 93.9
ZAFFAT 89.2 90.2 94.6 95.2
A3 7 86.3 84.2 97.4 98.3
AR B/ % 87.8 93.3
J& 47 A ]/ min 478 243
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