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Three-Dimensional Point Cloud Classification of Large Outdoor Scenes Based on

Vertical Slice Sampling and Centroid Distance Histogram

Tong Guofeng ™, Du Xiance, Li Yong”, Chen Huairong, Zhang Qingchun

College of Information Science and Engineering , Northeastern University, Shenyang, Liaoning 110819, China

Abstract Three-dimensional (3D) point cloud data are widely used in intelligent driving, remote sensing, and
virtual reality. This study presents a 3D point cloud classification algorithm that classifies large outdoor scenes
effectively and accurately. First, the algorithm eliminates outliers from the original point cloud. Then, based on the
off-the-shelf ground-filtering algorithm, it leverages difference of norms to filter ground points. Then, it uses the
density-based spatial clustering of applications with noise (DBSCAN) clustering algorithm to segment non-ground
point cloud. The nearest fusion strategy is used to solve the oversegmentation problem of the point cloud. Then, the
proposed algorithm extracts global features that represent different objects from the point cloud, including vertical
slice sampling and centroid distance histograms, as well as histogram of oriented gradient ( HOG) features
representing a two-dimensional projected image of the point cloud. Finally, a support vector machine (SVM)
classifier is used to obtain the accurate 3D point cloud classification results. The experimental results reveal that the
proposed algorithm can classify complex large outdoor scenes into accurate single objects with high accuracy and
high recall rate. The proposed algorithm is more efficient compared with other algorithms.

Key words machine vision; large outdoor scene; difference of normal vector; point cloud segmentation; feature
extraction; point cloud classification
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Fig. 1 Point cloud classification process diagram. (a) Original point clouds; (b) ground filtering;

(c¢) segmentation of non-ground points; (d) final classification result
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Fig. 2 CSF filtering effect. (a) Original point clouds 1; (b) filtering result 1;

(c) original point clouds 2; (d) filtering result 2
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Fig. 3 Sketch maps of calculating normal vector difference. (a) Cloud point normal vector 1;

(b) cloud point normal vector 2; (c¢) difference of cloud point normal vector 1 and cloud point normal vector 2
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Fig. 4 Results of precise extraction of different ground point clouds. (a) Differences of normal vector of

ground point clouds after CSF; (b) ground point clouds after filtering the difference of normal vector
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Table 1  Algorithm flow of DBSCAN

Function description: point cloud segmentation based on DBSCAN

Input:dataset D that contains n points

Parameters: E ., radius parameter; min (P ), threshold of neighborhood density

Output: a set of clusters based on density
Algorithm:
1. mark all points in the dataset D as unvisited

2. for select a point P from the unvisited points do

3. mark P as visited, put all points in the neighborhood of P into a set N

4. if number of points in N is not less than min (P )

5. establish a new cluster C, add P to cluster C

6. for each point P” in N

7. if P’ is unvisited

8. mark P’ as visited

9. if number of points in the neighborhood of P’ is not less than min (P,,)
10. Add all the points in the neighborhood of P’ to N
11. end if

12. end if

13. if P’ is not yet member of any cluster

14. add P’ to cluster C

15. end if

16.  end for

17. end if

18. end for
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Fig. 5 Over-segmentation processing.

(a) Before processing; (b) after processing
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Fig. 7 Sketch maps of features. (a) Homocentric sphere; (b) centroid distance histogram
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Fig. 8 Ground filtering and segmentation results with our algorithm and algorithm in Ref. [15]. (a) Overall result of

ground filtering with our algorithm; (b) overall result of ground filtering with algorithm in Ref. [15]; (c¢) details of

ground filtering with our algorithm; (d) details of ground filtering with algorithm in Ref. [15]; (e) point cloud

segmentation with our algorithm; (f) point cloud segmentation with algorithm in Ref.[15]
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Table 2 Different fusion strategies

Fusion strategy Feature combination
1 ESF+HOG
2 ESF+VSS+D2C
3 VSS+D2C+HOG
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Table 3 Confusion matrix for the first fusion strategy

Ttem Building  Tree Lamp Car Recall

Building 95 1 1 3 0.950
Tree 0 98 0 2 0.980
Lamp 1 1 98 0 0.980

Car 2 0 0 98 0.980

Accuracy  0.969 0.980 0.990 0.951 -
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Table 4 Confusion matrix for the second fusion strategy

Item Building  Tree Lamp Car Recall

Building 96 0 2 2 0.960
Tree 1 99 0 0 0.990
Lamp 3 0 96 1 0.960

Car 6 0 0 94 0.940

Accuracy  0.906 1.000 0.980 0.969 -
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Table 5 Confusion matrix for the third fusion strategy

Item Building  Tree Lamp Car Recall

Building 96 0 0 4 0.960
Tree 0 100 0 0 1.000
Lamp 1 0 99 0 0.990

Car 2 0 0 98 0.980

Accuracy  0.970 1.000 1.000 0.961 -

6N Y R AL R

Table 6 Final results of different fusion strategies

Fusion Average Average  Time of feature

strategy  accuracy /%  recall /% extraction /s

1 97.25 97.25 8.33
2 96.38 96.25 7.39
3 98.28 98.25 1.86
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Fig. 9 Classification results of the first fusion strategy and the third fusion strategy. (a) Original point clouds;

(b) segmentation result of non-ground point cloud; (c¢) classification result of non-ground point clouds based on the

first fusion strategy; (d) classification result of non-ground point clouds based on the third fusion strategy; (e) final

classification result based on the first fusion strategy; (f) final classification result based on the third fusion strategy
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