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Fig. 1 Flow chart of objection position detection algorithm
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Fig. 2 Sector bins distribution and polar coordinate system
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Algorithm1 Segmentation algorithm of ground point cloud

Input: P. vector of point, point P, include 5 dimensions x,y,z,7.0
Output: ground point vector P, ., and non-ground point vector

P

‘non_ground
1. Procedure Sector Bins Distribute (P.)
2 for /=1 to k, P. do
3. O, push(p,) (O, :bin vector with index i, j)
4 for i=1 to M,j=1to N , O, do
5 O, sort(p,z)
_ 2P
6. Zy=-

n

bool G, = {Z < min[z(ﬂ) +(1y =1,y )oc08 6,7, 2c08 6, :I and

Zy 2max(Ziy-n —(1; =1,y )ecos 6, ,—7,+cos 19;)}}

8. if (Gjis True) then

9. for /=1 to Q,size(-), p, do
10. if (p,z<Z;+T,) then

11. P,..Push@)

12. else

13. B srouna PUSH(D,)
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Fig. 3 Pseudo-code block diagram of ground segmentation
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Fig. 4 Schematic diagram of point cloud projected by LIDAR
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Fig. 5 Comparison of point clouds from different perspectives. (a) 3D view; (b) XOY plane view
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Algorithm?2 Position detection algorithm
Input: vector of object O, ; point vector P, in O,; P, include five

dimensions x,y,z,r.0

Output: label {(P,,),. L, . W, . H;,(6,);} to O;.
1. Procedure Position Detection (0,)

2 for /=1to k, 0, do

3 for i=1to m,j=i+1to m, P, do
4. 1= 4,x+B,y+C, =0

5 for n=1 to m,P, do

. |4,%,+B,y,+C,]|
v e ol

6. = =
,{A,] +B,/
7. if (d, <t) then
8. O, num[i][j]++
9. 0,.num[/][J] = max (0, num[i][j])
10. (6,), =arctan(—4,, / B;;)
11. L,,W,,H,,(Py, ), =Measurement Detection (O, , (6, ),)
12. label {(P.,),.L,.W,,H,,(6,),} to O,.
13. Function Measurement Detection (O, , (6,),)
14. for i=1 to m,P, do
15 X' _ cosf, sin6, ||x;
», —sing, cosé, ||y,
16. [Mow Ve Zae) =[max(x’) max(y) max(z)]
1 ' ' T 3 ' - Ll 3 T
17. [xmin Y min :min] =[mm("'i) min(y',) mm(:i)]
T T
18. [LI W, H/] =[x'max_x'min V'as~Y'min :Imn_’-"min]
T
19. (P =[ (%aie ) (e ) (2 ), ]
20. return L,,W,,H,,(P,,),
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Fig. 8 Pseudo code block diagram of direction and size

detection algorithm
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Fig. 9 Installation drawing of vehicle sensor
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Table 1 Performance parameters of LiDAR

Performance parameters Velodyne VLP16 LEISHEN C32151L ZVISION ML-30S
Number of lines 16 32 140
Measuring range /m 100 150 30
Measuring accuracy /cm +3 +2 +3
Vertical angle range /(%) 30 30 70
Vertical angular resolution /(%) 2 1 1
Horizontal angle range /() 360 360 150
Horizontal angular resolution /(%) 0.2 0.5 0.3
Scanning frequency /Hz 10 10 10
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Fig. 10 Detection performance of the algorithm. (a) Velodyne VLP16; (b) LEISHEN C32151L; (c¢) ZVISION ML-30S

R 5 ks T B P Ar e LU 0L : D B iR 9)
PRSCBRATAE » ] g SRR RE A I 2 BT DLIE B Al 31
T 1 RT 5 2) B ARY A SEBRAT A il B R Rk
R 2 AR T ) N R BEARR I 3R A5 5 3) H AR 1A 52
PRAFAE R BRI BE A B 5 4) H AR RS2 PR A
FAAE AR PR R TE R . BEXF LA L JLAP B0 . >R ]

PLUF 8 A5 PEA SRR AR - O IE KR (TPA) , B H bR
PR R R IE BRI 0 R A QK F
(FNA) , FER LR I F A O % 2 IE K
F(TTPA) , B B bR 4 1A 1 28 28 580 1 K or 45 e ) 43
b N T 7 A 9 e <SZ SR CD I (VAT S
(PPA) , B 246 I 5 325 1E 0 K 0 I s 0 A 5 SR 26

2410001-6



E 485 £ 24 H/2021 £ 12 A/FEH®

S IE BRI H PR B B HE R A

N+ ng

A = x 100% , (6)
g
A =1 % 100% 7
FN*NP 0 s
A = %5 100% (8)
TTP Ng 0
n .4
App = % 100% , €))
nq +72f(l

XN, NIA LR BARECE s N, NI A
PR BER I A H AR 500 9 H AR R B R
JEOT L A A LT 1) )OS B Al T H bR R
sy 4 F R Y A SR 2R Bk TE AR AR I (E T 1) RS
PR RAG T H AR B s n R SRR BRI 0 H
bk

I AV 2 B TR B DUR AR B 4R v T AR
iz A RS B HSC(E R AR A I 2 2R S B
SAE AT R TR AR - D HSE T B AR £
BIFA N, BRI SR AR BRI A N,
R FER AR B AR O AR E S T TR
18 HAR A 2 v 1 AR A B AT i T A DE E L R DC ]
JE P E bR G UK IR B /N T 48 F 0.5 m Y5
LRSS R R BAR I RBCR T AN, R R 25

PR ERPIEA n 3R N, TR R 25 R H
BRI J5 1) f B K 58 8 — 4 R-F S5 IS EC =S H
By B 77 1) f MK T R e RS R TR 2% L A
AG, < 15°
AL +AW +AH <0.2(L +W,+H) '
(10)
DB A I 25 S T i B AR T A n g FEAR B A
ER P BRI A ng s JoP A0, S BIL G I 2
R H AR J7 nl fa 5 590 {H 25 5 19 48 %A 5 AL |
AW AH 4y 5 ki 45 R HAr . 98 . = 5 B 58
HEEEMEXSE; L, W, H, NHEYEK % . &HH
FAE.

HRE T Hr A v L OB B /N A 0 4 R B sl
(MBR) , = fiffi i+ 821 (TPE ) 5 07 246 0 55 vk
(RDME) 7E A [R] (9 306 B 38 8 s ™ 647 17 %5 e 52
3. MBR 5L 238 o F 4% 5 2 5 B /N A E
T % G B A A A A7 P0G 5 = Al T Bk i i
SRS 2 7 v B B A Y T L i — 2 SRR B
IV A 1 L iz 1 A AR R B = e = S
R TSR 5 = R A AT LA . PR T
=YE S s HARERER L H bR AL 5 Y ET AL B, BA —
FE ) LR M R S R SRR PR A B s UL 2,

2 FIRBCRIRA R

Table 2 Algorithm effect evaluation table unit: %
LiDAR Algorithm TPA FNA TTPA PPA
MBR 81. 24 5.38 69. 56 84. 44
Velodyne VLP16 TPE 81. 24 5.38 68.76 83.13
RDME 81. 24 5.38 70.03 85.56
MBR 81. 80 6. 84 70. 83 86.93
LEISHEN C32151L TPE 81. 80 6. 84 71.34 87. 28
RDME 81. 80 6. 84 74.23 90.91
MBR 80. 37 5.56 69. 16 86. 05
ZVISION ML-30S TPE 80. 37 5.56 70.17 87.62
RDME 80. 37 5.56 73.68 94.19

i T MBR.TPE 5 RDME % B [7] #F i) 58 25 43
FNFE WX R O AR IE K R (TPA) KA K %
(FNA) IR KB IPE S T R A F . H
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TR IS B 1 A S R E R 28T L B A AL
Ho X AN ) BE 25 R 0 B bR R SR AT UM 4 R 2
B R MER R, RDME # 3% . MBR # 3% . TPE &
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e 11 R,
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Fig. 11 Detection time of different LiDARs. (a) Velodyne VLP16; (b) LEISHEN C32151L; (c¢) ZVISION ML-30S
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Abstract

Objective In the field of autopilot, the intelligent driving decision is highly dependent on the accurate detection of
road obstacles, and the accurate information of road obstacles is the prerequisite for automatic driving. Three
dimensional (3D) LiDAR has a high resolution, high detection accuracy, all-weather operation, and strong anti-
jamming ability, allowing it to provide accurate environmental information for vehicles. To detect road obstacles
using a 3D point cloud generated by 3D LiDAR, the point cloud data must be processed. The point cloud is divided
into independent subsets, each of which corresponds to targets with distinct physical meanings. The target detection
of a point cloud is divided into several modules, the most important of which are preprocessing, ground
segmentation, point cloud clustering, target output, and other modules that lack the target’s pose information. Pose
information is critical for tracking, classification, and other tasks involving target obstacles, so it is critical to
accurately detect the target’s pose.

Methods  The target detection based on 3D point cloud is generally divided into preprocessing, ground
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segmentation, point cloud clustering, target output, and other modules. On this basis, the target’s pose information
is determined further. A segmentation method based on a fan-shaped box is proposed to segment the ground point
cloud and the target point cloud to meet the requirements of high accuracy and high real-time for ground point cloud
segmentation. To address the issue of Euclidean clustering’s fixed distance threshold’ s poor adaptability to the
characteristics of LiDAR close dense far sparse, a Euclidean clustering method with adaptive clustering threshold is
proposed to improve the clustering accuracy of the clustering algorithm at different distances. A boundary line fitting
method based on the random sample consensus (RANSAC) algorithm is proposed to determine the target object’s box
model to meet the requirement of pose information detection. The direction angle is obtained by direction fitting, and
the dimension is obtained by coordinate system rotation, which reduces the amount of computation and enhances the
real-time performance of the algorithm. RANSAC direction and measurement estimation is the name of the pose
detection algorithm used in this paper (RDME). To validate the algorithm, 100 frames point clouds are randomly
selected from each of the three LiDAR datasets during the experiments. Statistics of the number of objects in all
single frame point clouds and the number of targets detected by the clustering algorithm and pose detection algorithm
record the processing time of each frame and use four indicators to evaluate the algorithm effect, and the algorithm is
compared with the minimum bounding rectangle (MBR) algorithm and the Three-Point Estimation (TPE) algorithm
to verify the algorithm’s effectiveness and advanced nature.

Results and Discussions The clustering algorithm performs well, with high true positive accuracy (TPA) and low
false negative accuracy (FNA). RDME algorithm performs better than MBR and TPE algorithms in three LiDAR
datasets. The RDME algorithm performs better when the number of LiDAR laser rays is increased and the point cloud
is dense, and the total true positive accuracy ( TTPA) is improved by up to 4.52 percentage points. For PPA, the
performance of RDME algorithm is improved by up to 8.14 percentage points. The RDME algorithm can effectively
estimate the direction of the target object, and the adaptive threshold clustering method based on LiDAR parameters
can effectively identify the target objects at different distances and improve the clustering algorithm’s accuracy
(Table 2). In the same frame sequence, the detection speeds of the RDME, MBR, and TPE algorithms differ. The
average detection time of the RDME algorithm is 14.84 ms, 19.48 ms, and 19.71 ms respectively (excluding the
link time of data transmission) in the first LiDAR datasets, and RDME algorithm detection time is 23.81% lower
than the MBR algorithm, and 24.71% less than TPE algorithm; the average detection time of the RDME algorithm
1s 38.10 ms, 47.02 ms and 48.07 ms respectively in second LiDAR datasets, and the RDME algorithm detection time
is 18.97% lower than MBR algorithm and 20.74% less than TPE algorithm; the average detection time of the
RDME algorithm is 12.78 ms, 15.3 5 ms and 15.56 ms respectively in the third LiDAR datasets, and the RDME
algorithm detection time is 16.74 % lower than MBR algorithm and 17.86 % less than TPE algorithm (Fig. 11). The
results show that the RDME algorithm has less detection time and better real-time performance than the MBR
algorithm and TPE algorithm.

Conclusions A ground segmentation method based on sector bin box and slope threshold is proposed, which can
meet the real-time and accuracy requirements of ground point cloud segmentation. This paper proposes an algorithm
for determining the clustering threshold based on LiDAR performance parameters to process the point cloud,
overcoming the problem that European clustering relies on setting the distance threshold. For obstacles at different
distances, the clustering algorithm can achieve a better clustering effect. A pose detection (RDME) algorithm is
proposed to detect the pose information of the target obstacle based on the feature that the point cloud is concentrated
on the surface of the target object after projection. The position detection (RDME) algorithm is compared to the
MBR algorithm and the TPE algorithm using three different types of LiDAR datasets. Compared with the MBR
algorithm, the RDME algorithm improves detection accuracy by 1.12%, 3.98%, and 8.14 %, and reduces detection
time by 23.81%, 18.97%, and 16.74% ; compared with the TPE algorithm, the detection accuracy of the RDME
algorithm is improved by 2.43%, 3.63%, and 6.57% respectively, and the detection time is reduced by 24.71%,
20.74%, and 17.86% respectively. The RDME algorithm’s detection accuracy and real-time performance have
been significantly improved. The algorithm’s maximum average detection time is 47.02 ms, which is less than 0.1 s
of the 10 Hz LiDAR’ s real-time requirement. It can meet the real-time needs of intelligent vehicles and is a more
efficient method.
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