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Abstract The difference in size between different kinds of objects will lead to the difference in summed volume
region (SVR) of corresponding laser point cloud. In the first frame, object recognition is accomplished based on
SVR selection and global feature matching to automatically select the interested object. The performance and
execution time of four global feature descriptors are compared. After obtaining the position of the interested object
in the first frame, an object tracking method based on global feature matching processing of laser point cloud is put
forward for subsequent frames. The experimental results show that adding SVR selection is helpful to improve the
accuracy of recognition and tracking and the overall running speed of the algorithm.
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Fig. 1 Point cloud target recognition process based on SVR selection
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Table 1

Comparison of four global feature descriptors

Descriptor Histogram length Information

Pre-procession Normalization

VFH 308 Angle
CVFH 308 Angle
GRSD 21 Distance

ESF 640 Angle, distance, area

Normal Yes

Normal, segmentation None

Normal, voxelization, surface categorization None

None Yes
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Table 3 Recognition rate comparison of four

feature descriptors 0

LIDAR-target range /m

Descriptor
300 600 900 1200 1500 1800
VFH 76.7 68.2 53.0 55.5 41.0 40.5
CVFH 89.3 90.0 91.5 83.5 74.0 47.8
GRSD 49.6 44.2 35.4 22.2 26.6 13.2
ESF 99.0 99.0 94.0 76.5 71.0 54.7
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Table 4 Recognition rate comparison with and without SVR selection

Parameter VFH CVFH GRSD ESF
Recognition rate without SVR selection /% 55.8 79.4 31.9 82.4
Recognition rate with SVR selection /% 59.9 82.6 35.5 84.9
Dataset 1 =
Increased recognition rate /% 4.1 3.2 3.6 2.5
Execution time /ms 3.6 4.5 31.0 39.0
Recognition rate without SVR selection /% 57.5 80.1 34.3 84.0
Recognition rate with SVR selection /% 62.3 83.3 38.6 86.7
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Execution time /ms 6.2 7.8 109.0 110.0
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Table 5 Tracking accuracy of sight line in the Nth frame

N
Parameter
40 80 120 160 200 240
Accuracy without SVR selection /%  50.0 71.3 72.7 74.1 75.3 80.3
Dataset 1 . .
Accuracy with SVR selection /% 55.1 75.1 79.9 80.4 83.2 87.7
- ) Accuracy without SVR selection /%  81.3 82.0 80.5 80.3 81.7 82.5
taset
arase Accuracy with SVR selection /% 86.3 86.7 83.3 85.0 84.3 86.0
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Fig. 6 Execution time of each part in object tracking based on different datasets. (a) Dataset 1; (b) dataset 2
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