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Vehicle Detection Method Based on Object-Based Point Cloud Analysis

Using Vertical Elevation Data

Junbeom Jeon" - Heezin Lee™ - Sangyoon Oh™ - Minsu Lee™™

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 TH H]:LEH—E‘O’] 04 ‘7’1 224 7 O]'@fxﬁ = }‘é e S ;{é ??l'
1= o Ex =2 JAN= 5k o ;"
INPUT : LiDAR data, OUTPUT : Candidates 9, o #ed S v dAgsd nagesy 7
PTR: Pointer in KD_Tree, KD_Tree: Entire point cloud MaHES 22 oFE AAST 7]£9 OBPCA HHol
Function Check PTR //Find neighbors of SEED Ae g T1 AaHESY HWxo e 221Y 7]88HA
| IF KD_Tree is not cmpy 54 gEe Z4sel RS FESAR, A
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
- ek Z=Zo| FLdTl SHS WHLREE EX S
4 delete PTR from KD, Tree ol _} FEo] &8 L‘:}_ e FHERTE 54 #E
5 set 1 to checked_all_seeds = éxé G}L“: ‘V’]Jé% /gug ki3 l:r] o]]y A ?1'6]'% HO]' % oﬂ EH %6]'
6 Check_PTR(PTR, SEED) = 74 9 54 g 34 s Ases dr
7 ENDIF
2 ELSE 1) Wz 54 &
0k PRI s, S R FRA T A v e
“heck_| ~>right, S .
1 ENDIF N *  Area: A|IZITHE convex hull®] W3
12 v ™ Z o] H]L
13 Function Check_SEED //Decide SEED *  Rectangularity: Areast MOBB w1 <] v]& R
" IF Seed List is not empty * Elongatedness: MOBB®] 71 W} #-2 We] Ho] H&
1 IF is_checked i 0 LIDAR dlelElol et Aasoel dia A4 4% 4n
16 set List pointer to SEED 2 EARon BAe An 99 A 71X EA So W
17 Check_PTR(PTR, SEED) - :’;o LO];]L = P o ; . o =T
18 set 1 to is_checked = E]"E"/} ET w ]%)EEE ] ) 0}04 = T ME]'[IO]-
19 ENDIF o 2 <area < 15
20 Check_SEED(SEED->next) 06 < rectangularity < 1
21
EI.\TDIF * (.25 < elongatedness < 0.65
22 Function Main
2 Build KD_Tree(PTR)
e Build Seed_List(SEED) Algorithm 2. OBPCA with top-view on C++ Program
25 .
o 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
29 set List Head pointer to SEED 5 WHILE Segment[] //Find MOBB
33 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 th}? 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)
38 ENDWHILE - brecls
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

1 Function Main

2 set List Head pointer to LABEL

3 WHILE Candidatesl]

4 set List Head pointer to PTR

5 WHILE Segment[] // Find PCA

6 Find average point

7 Find two points farthest from each other
8 Calculate vector using those two points
9 Find plane including three points

10 Project points into the plane

11 Transform the plane into xy plane

12 Calculate height and length of the plane
13 Calculate area and elongatedness

14 Build_Convex_Hull

15 Calculate area of Convex_Hull

16 Calculate rectangularity

17 IF the features are valid

18 Mark Segment as a vehicle

19 ENDIF

20 set PTR to LABEL

21 ENDWHILE

22 ENDFOR

23 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 HES 742 18 GB BlolElolth. of o]l 23 TIN
PR EL B AW AEL B, olF Ak Fa
A A5e AZe, AEA AL Fu d5e An
o 7)Ql 295MBRE A "k AR oo HERHS A et

ol
AFES FEHU H7) wiel AP &eo] £

x
ol

7hgtt.

AL dolg Avlef weh Aa Alzke] o WA WaahE
A& #1at7] 9138 Table 2 dlolE|AlS JE| &2t Al 1wy
29 Al 7HA HloE Ao A
T35t AtH(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)

el o= dss 48] 98l 719 OBPCA
W @A C+2 FEsEen, OBPCAC A9t W&
[e] o

H
H
A859e 299 A Bhe A4S wlas ngh
=
=

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

42 Ms4Il 21}
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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 7713 2,300
Data3 9,382 2,001 10,583 3,202

7]1%& OBPCAC A%t W& A&3t9s et A &34
S we] BF AsS wwsty] 98] Recall, Precision,
Quality, Accuracy, FP (False Positive) rate, TN (True
Negative) rate, False discovery rate®} #<& H7} 715%
ARSI ol 9l&l WA ol Table 59 #o] TP (True
Positive), FP (False Positive), TN (True Negative), FN
(False Negative)52 2 A3t 2 metricE 2] At
A5 % okgol Yok gl
APE T3 92 &7 A= Table 63 2ok A3 d
olelel Mo MIAMES F JigE 413/4%e™, TP, FP,
TN, FN¢| ©9]= 7j4=o|th. Table 62 7] OBPCA®l A
S FUHH R AL S W Y welE F

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
0g) =
'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
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