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Geometrical Featured Voxel Based Urban Structure Recognition
and 3-D Mapping for Unmanned Ground Vehicle
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'Korea Advanced Institute of Science and Technology

Abstract: Recognition of structures in urban environments is a fundamental ability for unmanned ground vehicles. In this paper we
propose the geometrical featured voxel which has not only 3-D coordinates but also the type of geometrical properties of point cloud.
Instead of dealing with a huge amount of point cloud collected by range sensors in urban, the proposed voxel can efficiently represent
and save 3-D urban structures without loss of geometrical properties. We also provide an urban structure classification algorithm by
using the proposed voxel and machine learning techniques. The proposed method enables to recognize urban environments around
unmanned ground vehicles quickly. In order to evaluate an ability of the proposed map representation and the urban structure
classification algorithm, our vehicle equipped with the sensor system collected range data and pose data in campus and experimental

results have been shown in this paper.

Keywords: semantic mapping, map representation, urban structure classification, voxel, unmanned ground vehicle
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Fig. 1. The experimental environment for recognizing urban
structures (KAIST campus).

t}. B3k Machine Learning 7% AME-31o] fVoxel 2 % &
LAl B TRES sk S AlRbsSIth Zﬂi
s 7] A8l dlolA A=Al AF 914 F4 4
HAIG W7 AsAR Fto|2~E Awy1™ 1) <k
telElE E5312la14,15], 53¢ At dolee}t Al
W EA] 3 9l QaEES ARgske] A
5 32k fow AAsel 1ela A4
A3t xﬂom ol EA] 3] 3aked
AAE T WE g £ LRES
ol APEab i 23l Aeeke Bk

o

S 1)

o
Y

[e)

O o [ e om X
szwr,rﬂrﬂmlmz&
N
o —
eI
N =
19 o

o o
b
_% ol
"
o0 %
O lo

1L 7|3teFE S3& 71 54 (tVoxel)

T AFsARe] A 3 )12E f13 ARAAE 5%
W ko] Ht dlolHE 2T A4St Aste A&
oh wEhA] HAT dlolHE Bigkele] 3akd A, AES &8
Aoz A&y T3sH= 9 7kx] WhHo] Fol 2Ea) ke
FHof| ALE-F o S’J’E]— 1 <% Elevation Map< 791 A-&xF

BFslel A A& JJr"‘*sh |LE2 Fo] AMETHI6).
Elevation Map< %_]7‘3?} s 7 AR e 1%
(height) AHE Ao = A FRE hdelA #74gst
3 FskE ol o] el e 252902 FF

Al

o]
_%
t17). 33 TERES TR tE o= Hado] it

AL A ws VAT w9 AEA 242 33k
AAARE 7RI o)2ls §fete] 32kl RIS TdY
T Aok Ry BAle] 277 & A4S, Aee HAR e
Sk UAR8E ¥4 (quantization)ell M 54 G qtell 2okl A
wo] 71skety T2 ARE oM n13]. o7 Agol=
AL =AY TR el 2Eshs Hlol HeehA]
Fottk Wl 540 S AE A, s AR

Beo M 9t S0l g Eabt 24 gk

0

e 437

Point Cloud
collected by Laser Scanners
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using trained SVM

(4 types : horizontal-surface, vertical-surface
scatter, unknown)

[ Geometrical Featured Voxel (fVoxel) ]
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Fig. 2. Process of making geometrical featured voxel(fVoxel).
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Fig. 3. Four types of geometrically distributed point cloud.
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Table1. Features for classifying the type of fVoxel.
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Fig. 5. Results of the proposed fVoxel and urban structure
recognition by using fVoxel (Oakland Scene #1).
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(e) KAIST Point Cloud Scene #2
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(f) Classification Result of fVoxel (KAIST Scene #2)
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Fig. 6. Results of the proposed fVoxel and urban structure recognition by using fVoxel (Oakland Scene #2, KAIST Scene #1 and #2).
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Table4. Classification rate of urban structure using fVoxel.
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