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Vehicle Detection Method Based on Object—-Based Point Cloud Analysis

Using Vertical Elevation Data
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ABSTRACT

Among various vehicle extraction techniques, OBPCA (Object-Based Point Cloud Analysis) calculates features quickly by coarse-grained
rectangles from top-view of the vehicle candidates. However, it uses only a top-view rectangle to detect a vehicle. Thus, it is hard to
extract rectangular objects with similar size. For this reason, accuracy issue has raised on the OBPCA method which influences on DEM
generation and traffic monitoring tasks. In this paper, we propose a novel method which uses the most distinguishing vertical elevations to
calculate additional features. Our proposed method uses same features with top-view, determines new thresholds, and decides whether the
candidate is vehicle or not. We compared the accuracy and execution time between original OBPCA and the proposed one. The experiment
result shows that our method produces 6.61% increase of precision and 13.96% decrease of false positive rate despite with marginal
increase of execution time. We can see that the proposed method can reduce misclassification.

Keywords : LiDAR Data, Vehicle Detection, OBPCA, Vertical Elevation
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Fig. 1. 3D Vehicle Extraction Refering to Other Objects
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Fig. 3. Knowledge Based OBPCA
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Algorithm 1. Segmentation on C++ Program FH X ﬂ:LE‘jEE] 04 ‘7’1 22 7 O]'@fxﬁ == é e S ;{é ??l'
1o Ex = o AN= 51 o ;"
INPUT : LiDAR data, OUTPUT : Candidates 9, o #ed SAv v dAgsd nagesy 7
PTR: Pointer in KD_Tree, KD_Tree: Entire point cloud AIHES A oJBEE AAT 7]£9 OBPCA Hal
Function Check PTR //Find neighbors of SEED Ae 2 T) AaHESY HWxo e 221Y 7]88H4
1 IF KD Tree s ot empty 54 gEe s AYge FEAAW, Ads:
z IF PTR is nellf’lll‘bor Wltl; SEED OBPCAoﬂ }\1{_ _/I:Z} %U\i'g] 'Ef}\é %k%E .%_7}-7541 o= %Zé T_S]—
insert PTR into SEED_List s -
- AT 2o FLdT SNE FHULZEE EA 7S
4 delete PTR from KD, Tree ol _} FEo] 28 L‘:}_ AL FHERTE 54 @E
5 set 1 to checked_all_seeds S ESHste #HA4L Ayt Ho, Aotst= Wl st
6 Check_PTR(PTR, SEED) = 74 9 54 g 34 s AYses g
7 ENDIF
2 ELSE 1) Wz 54 &
0 PRI s, S R FRA T G ors e
“heck_ ~>right, S .
1 ENDIF ¢ ¢ Area: A|ZHE convex hull®] ¥F
12 v ™ Z o] H]L
13 Function Check_SEED //Decide SEED *  Rectangularity: Areast MOBB w1 <] u]& R
u IF Seed List is not empty * Elongatedness: MOBB¢] 71 W} #-2 W] Ho] H|&
15 IF is_checked is 0 LIDAR dlolElol A vhebd jakgel oja A4 42 4w
16 set List pointer to SEED 2 EAFoz A Ay 99 A 7HA] EA ke ¥He
. . = 6 11— R I SRS S B _IO%/\E’] u‘r]
17 Check_PTR(PTR, SEED) C o 2 AARES olede] FHD - QuHI0]
18 set 1 to is_checked - H BE- H == © == A :
19 ENDIF o 2 <area <15
3(1) Check_SEED(SEED->next) « 06 < rectangularity < 1
EI.\TDIF * 0.25 < elongatedness < 0.65
22 Function Main
23 Build KD_Tree(PTR)
e Build Seed_List(SEED) Algorithm 2. OBPCA with top-view on C++ Program
25 .
I WHILE LiDAR_Datal] INPUT : Candidates, OUTPUT: First extracted vehicles
- insert point into KD_Tree PTR: Pointer in Candidates, LABEL: Vehicle number
28 ENDWHILE 1 Function Main
2 WHILE KD_Tree is not empty 2 set List Head pointer to LABEL
20 set Tree Head pointer to PTR 3 WHILE Candidates|]
31 insert PTR to Seed_List 4 set List Head pointer to PTR
) set List Head pointer to SEED 5 WHILE Segment[] //Find MOBB
23 delete PTR from KD_Tree 6 set 0 to Xmax, Xmin, Ymax, Ymin
3 set 0 to checked_all_seeds 7 IF PTR label is same vmt}? LABEL A
35 WHILE checked all_seeds is 0 8 update Xmax, Xmin, Ymay, Ymin
36 set 1 to checked_all_seeds 5130 ELSE insert point into Segment
37 Check_SEED(SEED)
3 ENDWHILE 11 break
WH 12 ENDIF
ENDWHILE 13 ENDWHILE
Fig. 6. Pseudocode of Proposed Segmentation Algorithm 1 Caleulate lengths of edges of MOBB
15 Calculate area of MOBB
16 Calculate elongatedness
17 Build_Convex_Hull(each X, Y min, PTR)
18 Calculate area of Convex_Hull
19 Calculate rectangularity
20 IF area, elongatedness, and rectangularity are valid
Vehicle candidate 21 Mark Segment as a vehicle
LiDAR point 2 ENDIF
23 Set PTR to LABEL
24 ENDWHILE

Fig. 8. Algorithm Pseudocode for Calculating 2D Geometry
Fig. 7. Segmentation Feature of Top-view
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Algorithm 3. OBPCA with vertical elevation on C++ Program

INPUT : First extracted vehicles
OUTPUT: Final extracted vehicles
PTR: Pointer in Candidates, LABEL: Vehicle number

© 00 2 O Ul W -

R I e T e e e
NN = O © 03 01 b W+~ o

23

Function Main
set List Head pointer to LABEL
WHILE Candidatesl]

set List Head pointer to PTR

WHILE Segment[] // Find PCA
Find average point
Find two points farthest from each other
Calculate vector using those two points
Find plane including three points
Project points into the plane
Transform the plane into xy plane
Calculate height and length of the plane
Calculate area and elongatedness
Build_Convex_Hull
Calculate area of Convex_Hull
Calculate rectangularity
IF the features are valid

Mark Segment as a vehicle

ENDIF
set PTR to LABEL

ENDWHILE

ENDFOR

ENDWHILE

Table 1. Experimental Environment

i7-5930K
CPU 3.5 Ghz
Hexa—core
RAM 64GB
0S Ubuntu 14.04 LTS
Programming Language C+
Database MongoDB
Table 2014 B A3} 2ol A 3] dolE= 53] wt
Mol BES 74 18 GB BlolElolth. of o] 23 TIN
PR EL B AW AEL BS, olF ke Fa
A A5e AZe, AEA AL Fu d5e An
o 7)Ql 295MBRF A "k AR oo HERS A et

ol
AFES FEHU H7) wiel A aeol £

x
ol

kgt

AL dolg Avef weh Aa Alzke] o WA WakahE
A& #9lat7] 98] Table 2 dlolE|AlS JE| &t Al 1wl
29 Al 7HA dlolE Aol A
T35t tH(Table 3).

Table 2. Entire LiDAR Point Data Information

Default Ground Vehicle Candidate
Data size 1.8GB 417MB 295MB
Number 1 55003871 | 11,873,089 10,791,115
of points
Range 2km#2km 2km*2km 2km#*2km

Fig. 12. Algorithm Pseudocode for Calculating 2D Geometry
Feature of Vertical Elevation

Fig. 13. Visualization of LiDAR Poing Cloud(MARS)
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Table 3. Processed LIDAR Point Data Information

Datal Data2 Data3
Data size 240MB 660MB 900MB
Number 7,363,183 20,248,753 27,611,935
of points
Range 2km=*300m 2km=*700m Z2km#*1km
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Table 4. Comparison on Execution Times between Original
OBPCA and Proposed Method

OBPCA Proposed method
Total E?(ecution Total Execution
o time for o time for
execution o execution .
- Veh1cle e Vehlcle
extraction extraction
Datal 2,433 465 2,748 780
Data2 6,851 1,438 7,713 2,300
Data3 9,382 2,001 10,583 3,202

7]1%& OBPCAC At W& A&3t9S et A &34
NS weo BF AsS wusty] 98] Recall, Precision,
Quality, Accuracy, FP (False Positive) rate, TN (True
Negative) rate, False discovery rate®} #<& H7} 715%
AFEEFAT ol 9l&ll WA ol Table 59 Zo] TP (True
Positive), FP (False Positive), TN (True Negative), FN
(False Negative)52 2 SA35Ath 2 metricE 2] ALt
A5 % okgol Yok gl
APE T3l 92 &7 A= Table 63 2ok A3 d
olell Mo AMIAMES F JigE 413749e™, TP, FP,
TN, FN¢| @)= 7i4=o|th. Table 62 7] OBPCA®l A
S FUHH R AESS W Y welE #

LER L 9L

3
l

Table 5. Kinds of Measure for Calculating Accuracy Metrics

Actual class
Total — .
Positive Negative
Predicted Positive TP P
class Negative FN TN

Table 6. Comparison on Vehicle Extraction Accuracy between
Original OBPCA and Proposed Method

Measures OBPCA Proposed
method
Density of points (points/m2) 20
TP 202 202
FP 75 52
TN 90 113
FN 46 46
Recall(%) = TP/(TP+FN) 81.45 81.45
Precision(%) = TP/(TP+FP) 72.92 79.53
Quality(%) = TP/(TP+FP+FN) 62.54 67.33
%) =
'I‘P+'If§:/(z¥;i§1)/j ;N +TN) 07 .21
FP rate(%) = FP/(TN+FP) 45.45 31.52
TN rate(%) = TN/(TN+FP) 54.55 68.48
. o
False d;\s;;)(x;ag Fr;;e(%) 2708 2047

OBPCA 7IBto] =XIEHH 018 A& == 7|18 375

N

2 Aot e 7]E OBPCAE F33 & F714Q &
2] gHe e HrrE g oZHN V)= OBPCAOA =}
Fo A% As F Ed AE FPE 920 waA

& n zpEko] old Ao e Al
B7F el A AEEZ Recall #2 71E
ot 28y 719 OBPCAV} AF#ko]gt
i Foldl AL FolA AARZ Ao old AES =
o 24 FPE #AaA71a TNS S7HAATE 1238te] Recall
2 O 2o|A 9 Precision® Quality, Accuracy’} z+zt
6.61%, 4.79%, 557% <=3l False positive rate®} false
discovery ratex ZtzZ} 13.93%¢}F 661% #A¥ AL gelst
4 gt} o]74_<1 2pEy A7)7F B)=d ASHA] FE e
EAZHE A= ?”“3}7(] 538l 7] OBPCAY @&
At} = E'—EH«] Aol F-3siH, ApEFe] ofd A
2ol gt Aetele ZL%% A2 H &S Folv WY

B

SR AoE Fdel 7]

m
Fl

1
4,
o&

_1

)

rulo

5.8 B

A FeesEve A% FESE Y PRE Tl
A OBPCA W4& Wi $5% 43Es me 35 45
& 2ol o7 $§ ZEaPAA Agso] Ik AW, £
Fawmol | F5F NS gl 3L AP
M2a 279 AN 2A6) od EReFA ol wa
St wiel AT B w=RAAE 71E OBPCA Al

.

= Vs
ol Fo] FAHOR 54 wHS o5 FE 7
[e]

o7/ 7]1F OBPCAdA =
OFE Fole MRS HAE AdA

FT AFE 2 AL WHe FUHE 7 9 gt &
doz A% FIPAL F7 FAS ngsr] g8 AF F
Z GAA AIME d9e WE HEE T3 73 At
S 7H5ste Aot w3 vkt FRe @Y dolHE
S g5t AY FF AHS WEggdd A3 FE9
25 Agn9 A 4eg A FHANZ F dE Ao
2 7] gt

References

[1] B. Yang, P. Sharma, and R. Nevatia, “Vehicle detection from
low quality aerial LIDAR data,” IEEE Workshop on
Applications of Computer Vision (WACV), pp.541-548, 2011.

[2] F. Rottensteiner, “Advanced Methods for Automated Object
Extraction from LIDAR in Urban Areas,” Geoscience and
Remote Sensing Symposium (IGARSS), IEEE International,
pp.5402-5405, 2012.

[3] X. Feng, “Artificial neural networks forecasting of PM2.5
pollution using air mass trajectory based geographic model
and wavelet transformation,” Atmospheric Environment,

Vol.107, pp.118-128, 2015.



376 FEMEISS=2Al/AZER0] R HOIH S35 MoST H8=(2016. 8)

[4] J. Han, M. Kamber, and J. Pei, “Data mining concepts and
techniques,” Morgan Kaufmann Pub., pp.1-5, 2012.

(5] J. Zhang, M. Duan, Q. Yan, and X. Lin, “Automatic vehicle
extraction from airborne LiDAR data using an object-based
point cloud analysis method,” Remote Sensing, Vol.6, No.9,
pp.8405-8423, 2014.

[6] W. Yao, “Comparison of Two Methods for Vehicle Extraction
From Airborne LiDAR Data Toward Motion Analysis,” IEEE
Geoscience and Remote Sensing Society, Vol.8, Issue 4, pp.
607-611, 2011.

[7] J. Secord and A. Zakhor, “Tree Detection in Urban Regions
Using Aerial Lidar and Image Data,” Geoscience and Remote
Sensing Letters, IEEE, Vol.4, Issue 2, pp.196-200, 2007.

[8] W. Yao, S. Hinz, and U. Stilla, “3D object-based classification
for vehicle extraction from airborne LIDAR data by combining
point shape information with spatial edge,” 6th IAPR
Workshop Pattern Recognition in Remote Ssensing, pp.l -4,
2010.

[9] B. Guo, X. Huang, F. Zhang, and G. Sohn, “Classification of
airborne laser scanning data using JointBoost,” ISPES Journal
of Photogrammetry and Remote Sensing, Vol.100, pp.71-83,
2015.

[10] M. Atwah, and J. Baker, “An Associative Implementation Of
Graham'’s Convex Hull Algorithm,” Parallel and Distributed
Computing, 1995.

[11] 1. Jolliffe, “Principal Component Analysis,” in Wiley StatsRef-
Statistics Reference Online, John Wiley & Sons, Ltd, 2002.

HoE
e-mail : stema@ajou.ac.kr

20144 o) a R FE o

(84
2016 o} tlgtal A E | 5458
(44h)

20160 ~4d A TmaxOS Office
AddT-4d
A F-oF: Large scale data processing, Computer vision,

Machine learning

ol 3 &
e-mail : heezin.lee@berkeley.edu
2008 W15 e vk 47179 E Bt
(3hah)
20084 ~2011 "= Z=Zchosta
MPALE T4
W1~ A v A2 Eujojr st
917
2], Lidar Remote Sensing, 2], d&l214]

e
o
M

o
o
>
fols

-

° a8

e-mail : syoh@ajou.ac.kr

20065 v Qle]sfuhdietan 71 3FE|get)
(9HAh)

2006 ~2007d SK= &l &

2007d~@ A opFrishal sZESofstt

Alz=®l 314457558, Large Scale

Software System, Semantic Web

of 8l %
e-mail : michelle.lee@ewha.ac.kr
20014 ol kel A ejatir 4-5Ho(BHAL)
20034 ol sfel e an 7l FeAHAIAD
20074 o] stolxie el 2 3FE & et (HA})
200734 ~2011d A-goista 33358 38t
HALF T
2013 ~2014d )= Qlr]ofubesta AR
20143 ~20154 o)std A s n A FFE w3 1 =
0153~F A olstelehsti AFETeA AT a5

A F-oF : Active learning, Adaptive stream data mining,

o
T

Bioinformatics, Machine learning



