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Abstract: For autonomous driving research using Al, datasets collected from road environments play an important

role. In other countries, various datasets such as CityScapes, A2D2, and BDD have already been released, but

datasets suitable for the domestic road environment still need to be provided. This paper analyzed and verified the

dataset reflecting the Korean driving environment. In order to verify the training dataset, the class imbalance was

confirmed by comparing the number of pixels and instances of the dataset. A similar A2D2 dataset was trained

with the same deep learning model, ConvNeXt, to compare and verify the constructed dataset. IoU was compared

for the same class between two datasets with ConvNeXt and mloU was compared. In this paper, it was confirmed

that the collected dataset reflecting the driving environment of Korea is suitable for learning.
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2. Dataset Hlu ¥ 24

ou 23 £ A5 $I8Al CityScapes'”, IDD(India
Driving Dataset), A2D2(Audi Autonomous
Dataset)””,  Mapillary, BDD(Berdeley — DeepDrive),
nuScene, NightCity &% B2 TlolElE°] W=
21T}, CityScapes, IDD, A2D2, Mapillary, nuScene 52
tlolEl= F3F F3 thek tlo]Ejo]™, NightCity+
oftF3fol thgk HlolE ol

Table 1° Z} dlolE Al digk S
B RS BHAFT Ak ’\Eﬂ Yol st
9]‘:’]%7‘4 18 daglEe A5 A= CityScapes
%2 CamVid Ho|EAlo] tl%ol /\}%%‘4. Table 1=

Driving

et Hlo]

Table 1 Dataset analysis

- A -

oA - BAH - FAHT

®® vehicle
o® bus
o0 truck
®  policeCar
@  ambulance
®  schoolBus
o
- Wheel o® m vl
®® bicycle
®  twoWheeler
'—  Person ®® pedestrian
&8 rider
Road @9 freespace
L curb
sidewalk
parking
rail track
crossWalk

safetyZone

movingObject —— Car PER-PIXEL ANNGTATEL

@ Cityscapes classes
o A

@ on rails
{ @ caravan
@ trailer

roadObject -T—

— Surface

speedBump
roadMark
whiteLane
yellowlane
blueLane
redLane
stoplane
trafficSign
trafficlight

staticObject trafficSign

trafficLight

@ tunnel

@ bridge

@ guard rail
@ wall

@ building
® sky

@ terrain

@ vegetation

trafficDrum
rubberCone
warningTriangle
fense o9 fense

[ ] ole / pole group
background ® m

Fig. 1 Class comparison between our dataset and
CityScapes dataset

background

HH A2D2 HolEMle 27t AT ulolEAlT
S o, TFg S0 A HolEr HSHUT
© A FU 7T FARE BE5S BRItk mebA,
oyl ATE T3l T3 vlolHAlL F¥el tis)
H24938}9 3L CityScapes BloEJAl 2 A2D2 H]o|EJAl
9] F# ol g8l vtk
tolEES HEF, TEF il"fr%i
iR ols A, gAA &

lshH,

=B =1
ST

%E.—QE e & o 3, 752 EﬂOIEMl—

S0 2 B2 984

roadmark, blue-lane, red-lane

Dataset # Sequences| # Images # Classes | Multi Cities Wll/ililllt;rs Mli)l? ];lzgles Mul;pi;:ene
KITTI 22 14,999 11 No No No Yes
Cityscapes ~50 (_52000(? 0) 30 Yes No No No
ApolloScape 4 143,906 28 No No No No
Mapillary N/A 25K 124 Yes Yes Yes Yes
BDD100K 100,000 120M 19 Yes Yes Yes Yes
A2D2 N/A 41,277 38 Yes Yes No Yes
Ours 538 36,600 33 Yes Yes Yes Yes
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movingObjest  —p—  Car o® vehicle
] bus @ Our classes
o8 truck
®  policeCar ® Ego car
& ambulanzs ® Small vehicles
®  schoolBus @ Utility vehicle
] therCa & Tractor
—  twoWheeler ®  motorcycle
@ bicycle
o twoWheeler
— Person 28 pedestrian
&  rider
— other & Animals
roadObject ——  Read o [ITETE ® RD nommal strost
@ Rain dirt
@ Slow drive area
@ Parking area
@ Drivable cobblestone
28 sidewalk @ RD restricted area
% curb ® HNon-drivable street
= Surface 88 croswalk
& safetyZone
28 speedbump
&% roadMark
e Lan L ] whiteLane & Solid line
L yellowLane @& Dashed line
L bluelans
L redLane
] stoplane
staticObject trafficSign 88 trafficsign ® lmelevant signs
trafficLight 88 trafficLight ® Electronic traffic
oonstruction . constructionGuide @ Traffic guide obj.
] trafficDrum
L ] rubberCone
®  wamingTriangle
fence o8 fence @& Sidebars
@ Road blocks
other #® Obstacles/ trash
background ——  background . ® sky
@ Buildings
® Grid structure
# Nature object
@ Signal corpus
® Elurred area

Fig. 3 Class comparison between our dataset and

A2D2 dataset
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Fig. 4 (a) Raw image, (b) Original labeling of A2D2
dataset, (c) Preprocessed labeling of A2D2
dataset
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Table 2 ConvNeXt Table 3 ConvNeXt

methods loU result on methods loU result on
A2D2 dataset our dataset

Class ToU Class ToU
Car 94.31 vehicle 96.07
Bicycle 71.96 bus 96.95
Pedestrain 70.51 truck 93.74
Truck 96.75 policeCar 79.36
Small vehicles 72.08 ambulance 64.15
Traffic signal 85.80 schoolBus 93.76
Traffic sign 86.59 otherCar 77.69
Utility vehicle 71.68 motorcycle 73.70
Sidebars 74.06 bicycle 80.16
Speed bumper Nan twoWheeler 57.22
Curbstone 73.50 pedestrian 76.23
Solid line 8151 rider 5341
Irrelevant signs 67.50 freespace 96.43
Road blocks 84.89 curb 85.17
Tractor 2357 sidewalk 87.77
Non-drivable street 77.60 crossWalk 85.95
Zebra crossing 77.32 safetyZone 90.10
Obstacles/ trash 59.22 speedBump 88.54
Poles 63.74 roadMark 75.85
RD restricted area 84.54 whiteLane 77.83
Animals 42.29 yellowLane 78.74
Grid structure 79.75 blueLane 70.67
Signal corpus 64.40 redLane Nan
Drivable cobblestone 74.10 stopLane 72.76
Electronic traffic 67.02 trafficSign 87.38
Slow drive area 33.20 trafficLight 88.75
Nature object 96.33 constructionGuide 56.39
Parking area 58.89 trafficDrum 52.50
Sidewalk 83.01 rubberCone 7442
Painted drive. instr. 74.67 warningTriangle Nan
Traffic guide obj. 83.89 fence 96.07
Dashed line 74.60 egoVehicle Nan
RD normal street 97.21 background 99.33
Buildings 91.85 mloU 79.58
Blurred area 0.00
Ego car Nan
Sky Nan
Rain dirt Nan
mloU 71.72

TS dlolE Y] WA ALl mloUs 79.58%,

A2D2 HloJE A9 SkyE A3 mloUE 71.72%°]th.
A28 Fe2 it wom AMASHAl TEE o
ol AAARI ToU Ass Ast AlZ 5 Utk 53
A2D2 H|o|EJAl-S Tractor, Slow drive area, Blurred
area®} #o] FH537] F= ZFWHRE FeolA A

g mloUE 76.82%% 753+ Hlo]E|Ale] mloUs} %
23| Ak Rl B3 daudFes ASd
ZH9Ql ConvNeXtE &3l F dlo|gjAlS vlusk 2
I, A Eol Aol7} 7.86%2 HIsSiTh

A2D2 HolEAl T HlolEAle] EFARl 2
P 229] ToU A= Table 49} Fig. 53 Zt} A2D2

o] EJA ] speedbump?] 74-F-, o8 71 FE3HA]
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Table 4 ConvNeXt methods loU result on common
classes of A2D2 and our dataset

Class A2D2 Our Dataset

vehicle 9431 96.07
truck 96.75 93.74
otherCar 55.78 77.69
bicycle 71.96 80.16
pedestrian 70.51 76.23
freespace 65.85 96.43
sidewalk 83.01 87.77
curb 73.50 85.17
crosswalk 77.32 85.95
speedbump Nan 88.54
roadMark 74.67 75.85
trafficSign 86.59 87.38
trafficLight 85.80 88.75
fence 63.74 96.07
mloU 76.91 86.84
ol onen

(%) sose

& =

& 0\‘,&“ & ife“‘ . & s ‘@"'??, P : jv" f{:‘ &*‘*’f &
A2D2 = Our Dataset

Fig. 5 ConvNeXt methods loU result on common

classes of A2D2 and our dataset
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