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Abstract :

Along with the advancement of deep learning technology, securing high-quality dataset for verification of

developed technology is emerging as an important issue, and developing robust deep learning models to the domestic

road environment is focused by many research groups. Especially, unlike expressways and automobile-only roads, in

the complex city driving environment, various dynamic objects such as motorbikes, electric kickboards, large

buses/truck, freight cars, pedestrians, and traffic lights are mixed in city road. In this paper, we built our dataset

through multi camera-based processing (collection, refinement, and annotation) including the various objects in the city

road and estimated quality and validity of our dataset by using YOLO-based model in object detection. Then,

quantitative evaluation of our dataset is performed by comparing with the public dataset and qualitative evaluation of

it is performed by comparing with experiment results using open platform. We generated our 2D dataset based on

annotation rules of KITTI/COCO dataset, and compared the performance with the public dataset using the evaluation
rules of KITTI/COCO dataset. As a result of comparison with public dataset, our dataset shows about 3 to 53%
higher performance and thus the effectiveness of our dataset was validated.

Keywords : 2D Dataset, Camera, Autonomous driving
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1. 374 dlolgf A

COCO ElolE Al 2014 vlo|aZAZENX A &4
(Object Detection), 71¥EE 4] (Keypoint Detection), Al
e o)A (Segmentation) AFH vA
vision) #oFe] Qg El23 (task)E HH
dloll Alejtt [1]. AA= A
W7t Ao w @ol] AME-EE dolE] Alo]
o]H# g COCO "ol Aoz ApA
skal 9lek. COCO 2017 dlolE Als 714
=4 ol s 118,000%42] <5 Holg A, 50007 <]
dlolEl Al 41,0002 ElAE dolg Aoz TAELH

KITTI dlole] Al 2853 Avhe] Lo B&3 Object
Detection, Stereo, Optical Flow, Visual Odometry/SLAM
9 tet M volHE ATt 2] 19 13 Zo] 1)
o] gtolth, 4719] Fhule}, 17]9] GPS AAelA F=3g HE
AA dlelHE AFsh o] FolA 2D A A dolE A
& 7B1MN9 54 dlolE g B8/ HAES dolHE
TaE] dom, 8] S AR S5s T P o
] vphed who] A7)9k YA RIF EFE ] 9l

Waymo HlolE A& 1150719 8 Ay et &4t
W, 2t AGE e v 2 o, 3 AEDe A (B4
weelA - HE5skd 3] 2" 13 671
(middle-range 170, short-range 57H)2] &felttel 578 (H/
S/5H)e R A59 360 Fo Friskd &% Al
A 25 dolEE 8, 120909 3D #HelEd 3 9
e 2D #elEdH uvlolE A& AFg.
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2! 1. Dataset2 I8t sensor setup: KITTI, Waymo, nuScenes
Fig. 1. Sensor setup for dataset: KITTI, Waymo, and nuScenes
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8= classification®} A7} &k JS w=A 2

classification®} region proposals EAlol &AL
two-stage detector= ©] IS TAAHoZ S35t A
£ 9=t} One-stage detector”} two-stage detectoro] H]
3 AA HAE A= e $AT A SR wE A
Aol Atk FEHQ one-stage detectorZ+ YOLO, SSD,
RetinaNet 5°] 2™, two-stage detectore= R-CNN,
Fast R-CNN, Faster R-CNN So] it}

One-stage detector?! YOLO: bounding box$} class
probability & 8o A Z ZFFste] AA FReF HAE
gt ol o Feltt [5]. oWAE dA AV|S] =R U
7z ag=e g bounding boxE ¢lZ3}3l, bounding box
9] confidence score®} grid cell®] class scored] o= 8t
otk ik AE RHoR HEvh ufg- wEXRE 2L
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convolutional layer ©]5-°l Q= feature mapvith
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Fig. 2. Data annotation example: clear/rain (top), day/night
(bottom)
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Fig. 3. YOLO structure using in our method
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Table 1. Object height by range (based on each class pixel)

Stereo (height) Camera (height)

Range

(m) Pe‘rson Cz?r Pe‘rson Cz?r

(pixel) (pixel) (pixel) (pixel)

35 71 68 45 52

45 55 61 39 38

55 45 43 33 35

65 38 38 27 30

75 31 32 24 24

80 30 30 23 23

A g2 0 F base layer? weight AR = HFES] A3 e
(accuracy)E FA38t1, 38 (inference) £5& =9 4 9l
t}. #AZ=7] (detector)®] Neck® SPP (Spatial Pyramid
Pooling) ¢} PAN(Path Aggregation Network)S A}-&-3F=d],
o]+ FPN (Feature Pyramid Network)S &g&sfo] e =
9 HAE e =0z HAdEE  bottom-up path
augmentation layerE ARg3t}h [13-15]. 0|2 &£ AW 5
5 9531, W Fo A AEE BESI] QA A
gt JAARE F43 4 vl Fully connected layer<]
AsE input shapel® &, featureo] ™dt resize EE
cropping< ddH oz wAgt) o2 Qs TAsE 7))
A g5 9 A& dolE e &48 WXsuA Fgm=
722 7tz 298 A8t BAE HWEE concatenation
3} adaptive poolings 433+ SPPE o] &3} tt. Loss
+ GIOU (Generalized IoU) lossE ©]&38l=d], o] IOU
loss §4=¢] 3 ZFRFolw GT (Ground Truth)e} <=3 n}
&9 B2} overlap /A o} FP (False Positive) #to] A
714 gradient vanishing ##|& 7§40 AH&3t}. GIOU
loss= 1-GIOUZ APtew, F dhx Afole] Aoy} ¥
£99L golsto] shrabAol M regressiond A4tz

3 72M "ot

A ElolE Ao} s 7h 7152 COCO, KITTI o]
B AlE Fusith COCO HolE Al < AHESEA
B, o) BE Z#xd dld] I0U7} 05%E 0.9571AS
0.05% ZF7tstHA Z2te] APE g Fo] sigholtt.
KITTI o8 A& 7Hl/2d A= AA 9 =o] (F4)
Zhol we}l B W]l = (easy, moderate, hard)E 3t}
IOU 9ARE A4S 0.7 o), BaAte} o] FaE 05 o
o2 7EE At mAPE Atttk AHA dlolE Al
X 13 o] FiuERFE Agd wE AA 9 Eo] (HA)
e ALtste] wpbed o] kg V1ES A5 At
g 30 ZA ek, Byxe}l olEae 45 HA Rk
GT/Inference vh+9 w2y 7oA AejHm, Ut =
oz T dely Ak FrtE AYsidt. Hrb 7ES
COCO%} KITTIZ +&¥H, H7} Wol=+ easy9t hard=

H 174 M 5% 20224 10¥ 277

TE3 o)A AA7E 9As] Hol (non-occluded) Z
Po] e 4F$ (hon-truncated)= easy®, Al 7+
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. Bob AE 2
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811 WE= U] s A%
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w3 AS dolHE FEskalen, M1l KITTI &
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o2 Fiste] a3t

a4 "7 AN CPU (Intel xeon CPU E5-2650
v4)9t GPU (NVIDIA GeForce TITAN_X)Z AR&3}9lth
sh5S H7F GPUSE 53 GPU 8/1E AF&38lal batch Ab
o]z 8& A9t epoche Al DB 128, COCO DB+
300, KITTI DBE 15022 A9sleltt A% 2 w7t 3A
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Table 2. Comparison of dataset

#images #objects #classes
COCO 121,408 14,073 6(3)
KITTI 7,481 39,597 7(3)
Our_DB 247,860 1,868,254 6(3)
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Table 3. Performance comparison of validation dataset (based
on COCO)

P (05~0.9)
mAP Veh. Cye. Ped.
COCO 0607 0.614 0521 0687
KITTI 0671 0.825 0667 0520
Our_DB 0651 0.747 0.605 0.601

4 HAZSS HOIH Al Ms B (KITTI 7|&)
Table 4. Performance comparison of validation dataset (based
on KITTI)

. AP (0) | AP (05)
Diff Veh. Cye. Ped.
Easy 9370 38.32 56.83
KITTI Mod. 8295 2481 4041
Hard 7082 2072 3566
owDp LB 96.01 7497 81.82
Hard 91.60 7367 76.33

E 5 AlLI2|2 HAE HO|EH Al M= H|I
Table 5. Performance comparison on the scenario test dataset

Seen AP (05)
' Veh. Ped.
oo 1 0.631 0.439
YOLOVS 2 0.624 0.467
3 0410 0.450
our D 1 0.776 0.754
ur_
YOLOVS 2 0.939 0.855
3 0.754 0.368
8% =& Aed Holu BHIAE o 8% ve Aeg B
o} KITTI dloJe] AlH 22 ¢F 7%, ol&x= <F 6%
go HES HYgoy HAE of 8% =2 ATE HA
o} F 49} 2ol KITTI 7t 71Fo 2 doly A& g
o, ZA dolE Al KITTI dlole] Attt Easy 7159
7Ag-oll 2 oF 3%, ol&Exe oF 37%, RaAAE oF 25%

o
ol
rlo
ox,

T& Holon, Hard 71%9 A9l Hake of
21%, ol&ah= oF 53%, WA= oF 41%9] & A5S
ATk T A V1] A AslM B ubs} o], A
Hrks olgatsh malel A the g7l dlolE Alnth A
Hole Aol & Aee B, o A 75T
dlolel Al FellA 22 A ol&2F Mol 4% (66281
M), Bk v]&o] 36% (58680071)2 t}& &/ wHlolE Al
Ho w7] vl

121 4. Open platform YOLOVS 2d1} Ms H|u:
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