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Table 1 Summary of datasets

#z1 HEE

4 LTS 51 F SCk H 4k
KITTI 180G H& 5 R AL AT [17,14,27,34] [82]
GTSRB 51 840 5K &l /¢ [6] (91
UCF-101 13 320 AMHEA0, 101 AN Bh1E 251 [11] [83]
HMDB-51 6 766 MRLARLS1T A E S5 [11] [84]
BIRD 60k [11] [11]
Sim200k (10k,50k) 200k (10k,50k) [13] [14]
Cityscapes 5000 5K =1 57 2 & AT 20 000 Tk HE I v i B [14] [85]
Udacity S AR K [27-29] [86]
Dave testing dataset 45 568 iK1 H [27] [87]
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Table 2 Summary of simulators

FT2 PSRN

E4 s SURSCHR ik
Intelleigent driver model [26] [88]
AUTOACE [23] [23]
Udacity [30] [89]
Pro-SiVICTM [49] [90]
Prescan [46] [91]
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