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Abstract Environmental perception is a key technology for unmanned driving. However, cameras often lack depth
information to locate and detect targets and have poor tracking accuracy; therefore, a target localization and tracking
algorithm based on the fusion of camera and LiDAR technologies is proposed. This algorithm obtains the positioning
information of the detected target by measuring the proportion of the area of the LiDAR point cloud cluster in the pixel
plane within the image detection frame. Subsequently, based on the horizontal and vertical movement speeds of the
detected target’s contour point cloud in the pixel coordinate system, the center coordinate of the image detection frame is
fused to improve the target tracking accuracy. The experimental results show that the accuracy of the proposed target
localization algorithm is 88.5417%, and the average processing time per frame is only 0.03 s, meeting real-time
requirements. The average error of the horizontal axis of the image detection frame center is 4. 49 pixel, the average error
of the vertical axis is 1. 80 pixel, and the average area overlap rate is 87. 42%.
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Fig. 2 Camera and LiDAR coordinate system transformation
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Algorithm 1: Obstacle point cloud filtering algorithm
Input
P: clustered point cloud clusters
a: area ratio threshold
Method :
1) if len (P)<2:
2) P isthe detection target point cloud

3) else:
sort point cloud clusters P by distance from smallest
to largest

4) for i in range len(P):

5) calculate the area of point cloud cluster P,

6) calculate the area of point cloud cluster

Pi+.A.+PMlt 7

7 calculate the area ratio Q,

8) if @ >o:

9 the i-th cluster point cloud is the detection

target point cloud
10) else:
11) delete the i-th cluster point cloud

Output :
the detection target point cloud
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Fig. 6 Process of obstacle point cloud filtering algorithm based

on area Comparison
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o 1/2 7/12 2/3 3/4
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%3 X
Table 3 Algorithm comparison
Algorithm Easy /% Moderate /% Hard /% Accuracy /% Time /s
Algorithm of reference [ 7] 82.6667 86. 9565 58.3333 78.125 0.1218
Algorithm of reference [ 11] 84 95.6521 52.0833 80. 2083 0.1299
Proposed algorithm 92 97.1014 70. 8333 88. 5417 0.0314
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