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Abstract : In this paper, a well-synchronized dataset with multiple sensor data and reference data is essential in developing
Al(Artificial Intelligence) recognition technology. However, it is very expensive to build an autonomous driving recognition
dataset. Also, there are technical problems, such as synchronization. Therefore, to provide a better research environment, we
constructed a dataset called KODAS(Korea Dataset for Autonomous Solutions) that can contribute to the development of
autonomous driving recognition technology. The logging system for the KODAS dataset was developed in-house, and
consists of key sensors, such as lidar/camera/RADAR/GPS/INS/odometer. Furthermore, we validated the feasibility of the
KODAS dataset by testing the capacity of autonomous driving recognition. It was conducted in three fields: camera-based
forward recognition, ranging sensor-based, omnidirectional three-dimensional recognition, and map matching-based
localization. Based on the fusion of multiple sensors, this is the first challenge for recognition technology in Korea. We
expect that the KODAS dataset will be an objective standard in evaluating the performance of autonomous driving

recognition technology.
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Table 1 International automated vehicle recognition dataset

and its target applications®'”

Name Target applications of dataset Rank
Stereo, Flow, Sceneflow, Depth,
KITTI*! Odometry, Object detection, Tracking, | O
Road, Semantics, Raw data
Scene parsing, Car instance, Lane
apolloScape'*'? segmentation, Self localization, O
Trajectory, Detection/Tracking, Stereo
nuScenes®'? Object detection, Tracking (0]
“:?:;Z(étgﬂfn Detection X
Argoverse'®? Maps, 3D tracking(Detection), o
Motion forecasting

Table 2 Domestic automated vehicle recognition dataset and

its target applications'®'®
T: licati
Name Public dataset arget appiications
of dataset
KAIST Multi-sensor
. dataset(RGB/Thermal . .
multi-spectral camera, RGB stereo, 3D Object detection
Day/Night data'® ’
y/Nigh Lidar, GPS,IMU)
NAVER labs HD ) - Mapping,
HD(High definit;
MAP dataset'” D(High definition) map Localization
NGII HD map'® High definiti Mapping,
map HD(High definition) map Localization
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Table 3 The comparison of object detection on automated vehicle dataset (F: front, S: side, B: back, L: left, M: middle, R: right)

Training / Object Detecti
Dataset Training Test Volume rajmmg X Jec ctection Remarks
Testing ratio class sensor data
KITTI 7,481 images | 7,518 images | 19 GB/ ~1:1 8 Camera(2 ea, F-L/R),
(fr. img.) (fr. img.) 15GB ' Lidar(1 ea, velodyne)
+ Only static background
+ Captured at 10 frames
53 min. 50 min. 12GB/ per second
apolloScape | sequences sequences 12GB ~1:1 6 Lidar(1 ea) + Labeled at 2 frames per
(seq.img.) | (seq. img.) second
+ Each file is a 1 min
sequence with 2 fps
C 6 ea, F-L/M/R,
293 GB/ amera( ea,' - Each file is a 20 sec.
850 scene 150 scene B-L/M/R), Lidar(1 ea), .
nuScenes (seq. ime) | (seq. ime) 54 GB ~56:1 23 Radar(5 ea, F-L/MR, sequence with 2 fps.
seq. img. seq. img. r(5 ea, F-
d-1me d-1me Bf/ ® - Train(700 train, 150 val.)
Waymo Camera(5 ea, F-L/M/R, | - Each file is a 20 sec.
1,000 segments . .
open ( img) 1 TB - 4 S-L/R), Lidar(5 ea, sequence with 10 fps.
seq. img.
dataset 4 1me F/M/R, S-L/R) + No Testing dataset.
C 9 ea, F-L/M/R,
206 GB / amera(© ez, ,
113 scenes R-L/R + Segments duration :
Argoverse . 48 GB ~42:1 15
(seq. img,) S-L/R, Stereo F-L/R), 15~30 sec.
Lidar(1 ea)
250 10,000 | 814MB/ Camera(1 ea, L),
. . 1:4 3 . - HDL-32
KODAS (fr. img.) (fr.img.) | 36 GB Lidar(1 ea)
Our dataset -
( ) 5,900 5,900 77 GB/ 11 3 Came‘ra(?a ea, F-L/M, R), - LD-MRS, VLS-128
(fr. img.) (fr.img.) | 77GB 39 Lidar(2 ea, S/M)
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Fig. 1 The data acquisition vehicle

Fig. 12 & OL? W :TL——'TS]' 7| Akt BA AllA
PEH A Al = e Q14 AlA 5F 16
7H9‘r AR A2 AA 3F 4702 FdEkdTh 2 <12
AA = E}Ollﬂr(lear) AlA 5T, g o] Bl (Radar) A4 3T,
G2 FhlEl AlA 6], /5% AlA 1], 2% AlA 1Y)
o, 91%] ¢12] Al = INS/DGPS, DMI, OBD-I1o]t}. A
A1 Al 2=8) 57]8FE flste] 5 PCe} o2 B2 PC
7} 91E] ¥ o] 2~ 3= EtherCAT 5418 3313t} Fig. 1> 2+
zto]l 275 AAEo] AH AIES HolFo) 23k
SAsE Zheleke] B gkt efolke) et Alae] 1
7 3k, 2holthINS B4 3t 58 FE3aL B 1
7 %2 KODAS Ho|H A Eof| 323530t}

I

Of

2.2.2 KODAS G[O|g] 7|2 4 314

B Ao A S tha #7el A H5 4 vlolE
2 HolHAMEE FFalith 242 th&-%F volH = 2%
w2 At wlole o) 4 Ju= 85 914, =
XJ 7{3]/.1%?#_-_1: Z7<4/\]7]— 7])\1—(_,_7} okz_]—)’ %1%1—(5}
&, 5%, 8], 1), AE 5, ), EE @& =2,
A 2, s, B, BRR(EA, BE, HiHE

Fech D58 dolHs AETH Aol B
2 AL el A A TATE selle

ﬂoi Oﬂ/J— 7]3}7@: ubﬂoi 2}
7] o] |tk Fig. 2(b)<] HI7} 2= ﬂﬂﬂr Fig. 2(c)2] oFz}
AT dalo 7 = xpEkS AZaly] o]e]e Aol
o}k Fig. 2(d)= 2F=F ofo]u] 7F g2 ojA] &) Uygk )
olE 2 151 A3tolu}, o8| et AL T Ay
R R e iz F
%3] FE 3o} s},
KODAS Hlo|E M E= 2015358 27] +52 A%
3he] A 47, 9 87, ellele] Fdeol uel v 1
B 37}bA] ??3} a1, dA WA 29 38 FANESITh

236 s=R2Ea3EE =28 A29A AB3E, 2021

Table 4 The multiple sensor on the data acquisition vehicle

(a) The sensor list of version 2

[ Version 2 ]
Sensor Product Model EA Total
HDL-32E 1
LIDAR VLP-16 2 5
LD-MRS 2
Camera BFLY-PGE-23S6C 4 6
BSD Camera 2
AR Del-ESR 2 o
Del-RSDS 1
GPS/INS Ekinox-D 1 1
Odometry DMI 2 2
In-Vehicle OBD-lI 1 1
Temperature / Humidity UA10 1 1
Hlumination/Sun 1 1
(b) The sensor list of version 3
[ Version 3 ]
Sensor Product Model EA Total
VLS-128 1
LIDAR VLP-16 2 5
LD-MRS 2
Carmera BFLY-PGE-2356C 4 6
BSD Camera 2
Del-ESR 2
RADAR 3
Del-RSDS 1
GPS/INS Ekinox-D 1 1
QOdometry DMI 2 2
In-Vehicle OBD-II 1 1
Temperature / Humidity UA10 1 1
Hlumination/Sun 1 1

(a) Highly bright expose

(b) Rainy day

(c) Night time (d) Block with material

Fig. 2 The critical scene images on the driving road in part 1
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Fig. 3 The dataset structure of part 1 and part 2
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(b) Recogniton result for challenge part 1

Detection Result

False Positive

Miss

Ground True

True Positive(Correct)

(c) Test data for challenge part 2 (d) Recogniton result for challenge part 2

Fig. 5 The examples of test data and the reorganization results for KODAS challenge part 1 and 2
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Fig. 6 Statistics of object distances of the dataset for KODAS challenge part 1 and 2
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mAP = 61.88% mAP = 56.54%

& Q4 JI& HoIHME &8 ¥t

c =
Sus S
o 2
o 04 o o4
—_ - N S S—| (a) Non-fusion algorithm (b) Fusion algorithm
Recall Recall
(a) High mAP ratio (b) High precision sample Fig. 8 The result of recognition with non-fusion and fusion
: .. . algorithm
Fig. 7 The sample results of recognition evaluation
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Fig. 9 Number of objects per class and image for KODAS challenge part 1. This figure shows how many objects per class are in
the image. The challenge dataset was composed of three classes(car, person and etc) to clarify and simplify the
evaluation of the challenge. Note that etc class represents the rest of the objects except cars and persons
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Fig. 10 Number of objects per class according to weather and daylight. As shown in the figure, the KODAS dataset reflects a
challenging environment in which object recognition is difficult
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Fig. 11 Number of objects per class according to road environments such as highway, city road, alleyway
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in the frame. Note that each frame contains the omnidirectional objects annotated based on 128 channel Lidar
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