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Abstract

: Unmanned vehicles require environmental awareness when moving from origin to destination, as well as a high

semantic knowledge of the environment. This study deals with the removal of noise from point cloud maps used in the

environmental recognition systems of unmanned vehicles. However, a moving object is unnecessary on a map. In this study, we
define noise as unnecessary and we deal with noise removal systems. This study proposes to define the region of interest based on
the driving line of an unmanned vehicle, object separation using local thresholds, improved clustering using Euclidean clustering

and DBSCAN, and classification using the support vector machine(SVM). This method allows for the classification of solid lines,

dotted lines, median strips, guardrails, and noise.
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Table 1 DBSCAN
Algorithm. DBSCAN

Data:
Clusters collected from nodes - CC,

distance - &,
minimum number of points to create dense region - minPts
begin

for each Cluster C in CC do
for each point P in C do
if P is visited then
Continue to next P
end
else
mark P as visited
nbrPts <— points in e-nighborhood of P that are
not in C
if sizeof(nbrPts) > minPts then
Merge C with every cluster, to which points
nbrPts belongs
end

Table 2 Euclidean clustering

Algorithm. Euclidean clustering

1. Create a Kd-tree representation for the input point cloud
dataset P,

2. Set up an empty list of clusters C, and a queue of the
points that need to be checked Q;

3. Then of every point 7, & P, perform the following steps:

O Add P

O  for every point P,€ Q do:
" Search for the set 2" of point neighbors

i

to the current queue Q ;

of P, in a sphere with radius r<d,, ;

" for every neighbor PP}, check if
the point has already been processed,
and if not add it to Q;

O when the list of all points in Q has been
processed, add Q to the list of clusters C, and
reset Q to an empty list

4. the algorithm terminates when all points 7, & P have been

i

processed and are now part of the list of point clusters C

£ 3131t Euclidean Clustering?] 74-$- L E F&}9-=
gro]Beje|(PCLyell A 7@ & 5= Tt
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Table 3 Class definition

Feature Category Feature Category
. Horizontal number of point /
F1 | Size k17 All number of point
F2 | Intensity mean F18 Inclined number 9f point /
All number of point
. Vertical number of point /
F Height Fl1
3 ae ? All number of point
F4 | All number of point| F20 |Horizontal/Height part 1 of 3
F5 |Variance x F21 |Inclined/Height part 1 of 3
F6 |Variance y F22 | Vertical/Height part 1 of 3
F7 |Variance z F23 |Intensity/Height part 1 of 3
F8 |Major value F24 |Horizontal/Height part 2 of 3
F9 |Middle value F25 |Inclined/Height part 2 of 3
F10 |Minor value F26 | Vertical/Height part 2 of 3
ppp | Horizontal number | o)y ity /Height part 2 of 3
of point
Incli f
pip |Mnelinednumberof | - poo | oizontal/Height part 3 of 3
point
pp3 | Yerticalnumber of | p gy lined/Height part 3 of 3
point
Fl4 | orizontal mumber |y oG Height part 3 of 3
of point / Height
Inclined number of
Fl1 F31 |Intensity/Height part 3 of
5 point / Height 3 ntensity/Height part 3 of 3
Fl6 Ve@cal m.lmber of
point / Height
14
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Fig. 12 Classification result
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Table 4 Lightweight result
Rawdata After data Result
50,909 / 583,156
4.7 km 583,156 KB 50,909 KB
=0.087
Table 5 Classification result
Class S9lld D(?tted Centrgl Cra-sh Noise|Accuracy|
line line |reservation | barrier
Solid line  [175/177| 2/176 0/176 0/176 |0/176| 0.988
Dotted line | 0/102 [101/102| 0/102 0/102 |1/102| 0.99
Contral 11 6e | 17168 | 130168 |18/168] /16| 0.773
reservation 8
Crash barrier | 0/27 1/27 0/27 25/27 | 1727 | 0.925
Noise 3/92 | 7/92 12/92 1/92 |69/92| 0.75
Total 500/566 0.883
Total accuracy 0.942




P1Ekes 7l 23

% 683 km 7oA 4.7 km T7HS F21819S of
Table 4} 7o) 0.087%2 A =7} 7 &3} =] ATk

A, A, =g el A9 09 o)) =& AHE
S HolFn SR g9} o= H$-0.7 o] 2] 4
GES BT AEEY] A9 vH=E dolgd ulet
W3}y wjitol Hl~E dlo]Elo] thal] mab5S AA
salom, Hio|H & 55w3to] 33] AF& A A5k 0.94

o AYEL FAG,

5.4 8

2ol s MMS Ao 2 E S48 A A=
& wiete] wmol=E AAG F WA AA TS A st
Fo = 7|E BT AAES A Eskets WA
L5 Astete WS ARSIt A AAES 5
Z317] 918l ¥4l S ARSI HA A S =
a17] 913l MMS 212l =8 H 2 & o]-g-ato] Al 99
& FE30UTE o] F WA AAE k] S8l WAl <
o Y2 ThA] AEslEEo w2 X2l oA ghe A
gt I AA S-S Beskalth 28 E el de
tolE S-S stz B AAE SVMS £
FHFerlar mdle] HEert 0942 S1E R AlFA
UE AA E77F ol Fol ATk g R A 5 w4l
AAREE A =5k ek o ) A o] FokskE o] FATE &
7 ERE T o= Ukt AAEs Eekal
29 o 2 A w o] A E BFtd 7= WA =S
Z 707 7|drt

FF =2 JAAES F8 o] &AW A ek 54
o] opyd < A7E AL = ¥l vlolE v|Wke] 54 4t
g5 Hel S AHEs Y o] F AlA oke] §3HE T3t
54 55 A7 E8 g Ao Helrk:

References

1) K. T. Choi, J. K. Suhr and H. G. Jung, “Landmark
Suitability Evaluation of Road Facilities in Highway
for Monocular Camera-based Precise Vehicle Loca-
lization System,” Transactions of KSAE, Vol.27,

HEY A 2y

0;

No.4, pp.273-290, 2019.

2) S. M. Chae, “HD Map, A Guide of Autonomous
Driving,” Auto Journal, KSAE, Vol.41, No.2, pp.40-43,
2019.

3) D. Dolgov, S. Thrun, M. Montemerlo and J. Diebel,
“Path Planning for Autonomous Vehicles in Unknown
Semi-structured Environments,” The International
Journal of Robotics Research, Vol.29, No.5, pp.485-
501, 2010.

4) H. Guan, J. Li, Y. Yu, M. Chapman and C. Wang,
“Automated Road Information Extraction from
Mobile Laser Scanning Data,” IEEE Transactions on
Intelligent Transportation Systems, Vol.16, No.l,
pp-194-205, 2014.

5) D. Zermas, 1. Izzat and N. Papanikolopoulos, “Fast
Segmentation of 3d Point Clouds: A Paradigm on
Lidar Data for Autonomous Vehicle Applications,”
IEEE International Conference on Robotics and
Automation(ICRA), pp.5067-5073, 2017.

6) M. Ester, H. Kriegel, J. Sander and X. Xu, “A
Density-based Algorithm for Discovering Clusters in
Large Spatial Databases with Noise,” Proceedings of
the Second International Conference on Knowledge
Discovery and Data Mining, pp.226-231, 1996.

7) PCL, Point Cloud Library, http://www.pointclouds.
org, 2018.

8) C.C. Chang and C. J. Lin, “LIBSVM: A Library for
Support Vector Machines,” ACM Transactions on
Intelligent Systems and Technology(TIST), Vol.2,
No.3, Article No.27, 2011.

9) O. Hadjiliadis and I. Stamos, “Sequential Classifica-
tion in Point Clouds of Urban Scenes,” 5th Interna-
tional Symposium 3D Data Processing, Visualization
and Transmission(3DPVT), 2010.

10) S. -U. Ahn, Y. -G. Choe and M. -J. Chung, “Fast
Scene Understanding in Urban Environments for an
Autonomous Vehicle equipped with 2D Laser Scan-
ners,” The Journal of Korea Robotics Society, Vol.7,
No.2, pp.92-100, 2012.

Transactions of the Korean Society of Automotive Engineers, Vol. 28, No. 6, 2020 425



	기계학습 기반 객체 분류를 통한 특징 지도 작성
	Abstract
	1. 서론
	2. 관련 연구
	3. 특징 지도 작성 시스템
	4. 실험
	5. 결론
	References


