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3D laser point cloud clustering method based on
image information constraints

Xia Jinze, Sun Haoming, Hu Shenghui, Liang Dongtai”
School of Mechanical Engineering and Mechanics, Ningbo University, Ningbo, Zhejiang 315000, China

Abstract: Aiming at the requirement of fast clustering and segmentation of 3D point clouds for mobile robots in the
process of perception of unknown environments, a 3D laser point cloud clustering method based on image
information constraints is proposed. Firstly, the effective 3D environment information is obtained through point cloud
preprocessing, and the RANSAC method is used to segment and eliminate the ground point cloud. Secondly, the
sensor data is introduced into the YOLOV5 target detection algorithm after completing the spatiotemporal
registration, and the K-means clustering algorithm of the 3D point cloud is improved. The detection frame range of
the 2D image target is used to constrain the 3D point cloud and reduce the interference of non-target objects. The
parameter initialization of the point cloud clustering algorithm is realized based on the image detection information.
The clustering results are optimized by the intra-class outlier elimination method. Finally, the mobile robot hardware
platform is built, and the box is tested. The experimental results show that the clustering accuracy and clustering
time of the method in this paper are 86.96% and 23 ms, respectively, which can be used in mobile robot navigation
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and obstacle avoidance, autonomous handling, and other fields.

Keywords: moving robot; LIDAR; target detection; point cloud clustering
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Fig. 1 Flow chart of 3D laser point cloud clustering algorithm constrained by image information
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Fig. 3 Ground segmentation. (a) Groud points; (b) Non-groud points
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A1 AARELER
Table 1 Calibration results of internal parameters

f, f, Cx cy ki ke P P2
K 657.58 660.12 296.12 246.35 — — — —
D — — — — 0.238809 -0.643802 0.001786 -0.024125
k2 SMEFRER
Table 2 Calibration results of external parameters
Xx/mm y/mm z/mm Roll/rad Pitch/rad Yaw/rad
T 59.94 52.76 -14.46 -1.540 0.031 -1.581
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% 3 oAEEsTEEkHn

Table 3 Affects of distribution spacing on the algorithm

My-method K-means K-means++ Euclidean Clustering DBSCAN
Distribution spacing/cm

w n w n w n w n w n
2 v — v 0.44 v 0.72 X — X —
5 v — 4 0.46 v 0.70 X — X —
10 v — 4 0.72 v 0.88 X — v —
15 v — v 0.62 v 0.74 v — v —
20 v — v 0.54 v 0.70 v — v —
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Table 4 Performance comparison of multiple algorithms

Algorithm Number of correct Clustering Average time Average number of
divisions/number accuracy/% spent/ms iterations/number
DBSCAN 258 70.11 3.625 —
Euclidean Clustering 262 71.20 2.517 —
K-means 210 57.07 1.951 12
K-means++ 222 60.33 3.373 10
My-method 320 86.96 1.106 6
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3D laser point cloud clustering method based on
image information constraints

Xia Jinze, Sun Haoming, Hu Shenghui, Liang Dongtai”
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Experimental hardware platform

Overview: 3D laser point cloud clustering recognition is one of the important ways for mobile robots to perceive the
environment. The main purpose is to obtain the semantics, position, size and attitude of the target in three-dimensional
space. How to use sensor data to quickly and effectively extract target object information from complex environments
containing ground point clouds is of great research significance.

This paper proposes a 3D laser point cloud clustering method based on image information constraints to meet the
needs of fast clustering and segmentation of 3D point clouds for mobile robots in the process of perception of unknown
environments. First of all, considering the huge amount of laser point cloud data, point cloud preprocessing operations
of the region of interest selection and voxel grid down sampling filtering are adopted. To prevent the ground point cloud
from being falsely detected as valid data, the ground point cloud is segmented and culled by the RANSAC method. In
order to construct the spatial mapping relationship of the lidar and camera, the internal and external parameters are
obtained by Zhang’s calibration method and the pixel-level external parameter self-calibration method without a
calibration board, and the calculated parameters enable spatial synchronization of point clouds and images. The time
nearest neighbor matching method is adopted to complete the multi-sensor time registration based on the lidar
timestamp. Secondly, the YOLOv5 target detection algorithm is introduced to improve the K-means clustering
algorithm of the 3D point cloud. The detection frame range of the 2D image target is used to constrain the 3D point
cloud to reduce the interference of non-target objects. The parameter initialization of the point cloud clustering
algorithm is realized based on the image detection information, which effectively solves the problem of poor clustering
effect caused by the difficulty in determining the initial parameter setting of the traditional 3D point cloud K-means
clustering, and then uses the intra-class outlier elimination method to optimize the clustering results. Finally, we build a
mobile robot hardware platform and test the box that are compared with DBSCAN, Euclidean Clustering, K-means, and
K-means++ algorithms. In the case of densely arranged boxes, it has better detection robustness.

After testing with 50 frames of random data, the experimental results show that the clustering accuracy and clustering
time of this method are 86.96% and 23 ms, respectively, which are better than other algorithms, and can be used in
mobile robot navigation and obstacle avoidance, autonomous handling, and other fields.

Xia J Z, Sun HM, Hu S H, et al. 3D laser point cloud clustering method based on image information constraints[J]. Optfo-
Electron Eng, 2023, 50(2): 220148; DOI: 10.12086/0ee.2023.220148
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