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Target Segmentation Method for Three-Dimensional LiDAR Point Cloud
Based on Depth Image

Fan Xiaohui"?, Xu Guoliang®”, Li Wanlin®*, Wang Qianzhu”*, Chang Liangliang'*
'College of Communication and Information Engineering, Chongqing University of Posts and Telecom munications,
Chongqing 400065, China ;

*Institute of Electronic Information and Network Engineering, Chongqing University of Posts and

Telecommunications, Chongqing 400065, China

Abstract Point cloud target segmentation is the key to perceive targets for a smart car using three-dimensional
(3D) LiDAR. Aiming at the problems of poor real-time and low accuracy of the existing in 3D LiDAR point cloud
target segmentation algorithms, an approach based on a depth map is proposed in this paper to realize fast and
accurate segmentation for point cloud target segmentation. The original data are transformed into a depth map, and
the mapping relationship between point cloud data and a depth map is established. After removing the ground point
cloud data by using the angle threshold of the LiDAR scanning line, the non-ground point cloud is clustered and
segmented by the improved DBSCAN ( Density-Based Spatial Clustering of Applications with Noise) algorithm
combined with the depth map and the adaptive parameters. Experimental results show that the proposed method has
a significant improvement in time efficiency compared with the traditional clustering algorithms. Moreover, the
under-segment error rate is decreased while the segmentation accuracy is increased by 10% to 85.02% .
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Fig. 1 Projection form point clouds to depth map. (a) Point clouds; (b) depth map; (c) scene image
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Algorithm ground remove

Input: M, matrix of angles @ computed with Eq.(4)

Output: queue, list of ground points

1. Procedure Label Ground (R)

2. forc=1,---, R, do

3. if Mo not labelled then

4. Label Ground BFS(0,¢)

5. Procedure Label Ground BFS(r,¢)

6. queue.push([7,c])

7. while queue is not empty do

8. [r,c] < queue.top()

9. [r,c] « labelled as ground

10. for [r,,c,]€neighbourhood {r,c} do
1. if |M,. ~M,|<5 then
12. queue.push([r,,c, 1)

13. queue.pop()

3 HUT Az 25 R B O AT AE 4]

Fig. 3 Pseudo-code graph of removing ground points
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(a) angle distance; (b) laser scanning two adjacent targets
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Algorithm depth image-based DBSCAN

Input: R, Label= {LO, Ly Ln}

Output: Label
1. Procedure range image
2. label=1

3. for col= 1,---, R

¢

4. forrow=1,---, R

>

if L,, not label then

label=label+1
Procedure expand Cluster

S % ® W

e

if seeds.size()<MinPts then

11. L, ,=Noise

12. else L, ,=label

expand Cluster(col, row, MinPts, eps, Label)

seeds=getNeighbors(col, row, Label, eps)

13. while seeds are not empty do

14. {c,r}=seeds.front()

15. seeds.pop()

16. L, ,=label

17. spread(c, r, label, Label, MinPts, eps)

18. Procedure getNeighbors

19. for {c,r}€ neighbourhood {row,col} do

20. if dist({row,col}{r,c})<eps and angle({row,col}{r,c})> 6 then
21. seeds.push({r,c})

K5 FeFEHEE KA DBSCAN D865 HE &
Fig. 5 Pseudo-code graph of depth image-based DBSCAN

3 SLEIrHr S ilie

T S SCHR Hh 0 525 43 07 vk 1 S5 R
S5 RURIE LA SCHRT 187128 TF 1 787 300 8000 9 A 0 51 0%
Y RE A . 5550 B8 R 4 T % [ Velodyne 24 7l

HDL-64 BBEOLTH 5, A 64 NEOLE, T AR
N 10 Haz, AT LASZE 2°~ — 25°#f 8 384, $2 Ab i 4
f1%) 3 T A BT L K S R0 EF RT3k 360°, 115 BT Al Y H
Jkilic & & . INTEL 3GHz i7-7700CPU, 8 GB W 1.
IR EE ) C+ + M OpenCV, 34 A OpenGL #

0710002-5



ITis,

1E RS S T BE L EL 200 frame 0% 5 5 B0E
HEAT S, M T S = R BRI RCR A 6 TR, 2B
TBCOR B R, R RRIG R 26 |5 4 DBSCAN 5k
FIA SCHE 1) 3 F 0% 3 &1 1) el iF DBSCAN 53032 78
R A EVOCR g . BRI R AL & —
T FH B4 SR 2 4381 v, 3 B JELARLJE: £ Y BRI B
oK JBE 15 N [] A5 22 0] A 2 30T, A ) 3R S 5[] Ay B s AR
KM R — B FE N BUHE s BE B /. B/ 7 X
TR G B2 vk 5 iR DBSCAN Bk FLA SCHE i
FE TR B IR 1 ek i DBSCAN 8 4k 78 22 i 5 = Kl
R B TRI AR BRCIG SR 2R B R R iR DBSCAN 42
B s AT i ) 43 524 1510 ms Fl 4815 ms, A
SCHE AL TR B BT By [ 3 . DBSCAN 53 1y -
BIa 47 i [ 2 101.7 ms, B[R] 855 A 1R K Y 2
F+ . 29 )5 b DBSCAN B 2% B[] 2% % 1Y 4 8 4% . [H]

——  greb—

N NN S O i

B 6 Huff s RBREE R . () BGR AS = B
(XSG
Fig. 6 Ground point cloud extraction result. (a) Original

point cloud data; (b) ground point cloud extraction
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Fig. 8 Point cloud target segmentation results. (a) FS algorithm; (b) proposed algorithm
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