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Abstract

With the vigorous development of autonomous driving research, traditional electronic maps can-
not meet the needs of the field of autonomous driving, so high-precision maps for computer-
oriented autonomous driving systems have emerged as the times require. As the basis of high-
precision maps, high-precision map datasets are particularly. It is important, but the development
of high-precision map datasets has just started, and the comparison of common high-precision
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map datasets for autonomous driving is not complete. In view of the above problems, this paper
collects the current mainstream and emerging 7 types of datasets, and briefly introduces their
main contents. Quantitative analysis is carried out from the aspects of target recognition, recogni-
tion environment, data scale and application field. At the same time, the main contents of main-
stream data sets are summarized and analyzed from the aspects of driving scenes, weather condi-
tions, target recognition, data volume, sensor types, etc., applicable scenarios and shortcomings of
the dataset.
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Figure 1. Part of the data of the KITTI dataset
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Figure 2. Part of the data of the Cityscapes dataset
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Figure 3. Raster and vector data maps collected in Pittsburgh and Miami
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Figure 4. Screenshot of part of Oxford’s Robotic Car dataset
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Figure 5. Partial data example diagram of ApolloScape dataset
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Figure 6. Partial data example diagram of nuScenes dataset
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Figure 7. The drivable area map of the BDD100K dataset
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Figure 8. Argoverse dataset target detection composition diagram
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Figure 9. Distribution map of driving environment in KITTI dataset
B 9. KITTI HiEESHIAR S HE

DOI: 10.12677/gst.2022.103018 189 WezRl2EH A


https://doi.org/10.12677/gst.2022.103018

T, HE

RAFAMTTH, KITTI BHEEE FE ARG I R, A& T 2 FIREE 0 T 1 E 202 1T
4; Oxford’s Robotic Car 4t 45 K &M F & (W& 10 fizR), AMUBIHEH MR, SaFEHE. WE
RAMBEIAETE, 0 FAFEISE R 1) 8 2h 2 3 s 56 A 5w E M

80

70
70

60

60

50

40

30

B SN

20

10 10 8 ; \ 8

0 I_I [ [ -

FX %z WX BX MBX =®EE &%
RAFM

Figure 10. Distribution map of weather conditions for Oxford’s Robotic Car dataset
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Figure 11. Data volume map of early high-precision map datasets
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Figure 12. Data volume map of recent high-precision map datasets
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Table 1. Main dataset analysis comparison table
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KITTI Cityscape  Argoverse Rg)t;((:?i::d,csar ApolloScape  Nuscenes  BDD100K
RGB Images 15k 25k 490 k 20M 144 k 1.4M 100 M
Multiple Cities No Yes Yes No No Yes Yes
Multiple Weathers No No Yes Yes No Yes Yes
Multiple Times of Day No No Yes Yes No Yes Yes
Multiple Scene types Yes No Yes No No No Yes
Year 2012 2016 2019 2014 2018 2019 2017
PCs lidar 15k 0 44 k 0 0 400 k 0
PCs radar 0 0 0 0 0 1.3M 0
Ann frames 15k 25k 22k None 144 k 40 k 100 k
3D boxes 200 k 0 993 k 33M 70k 14M 0
Night/Rain No/No No/No Yes/Yes Yes/Yes Yes/No Yes/Yes Yes/Yes
Map layers 0 0 2 0 0 11 0
Classes 8 30 15 32 8-35 23 10
Locations Karlsruhe 50 cities ~ Miami, PT Oxford 4x China Boston, SG NY, SF
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