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Abstract: In the field of automatic driving target tracking, there is a problem that the target occlusion will cause the
loss of feature points, resulting in the loss of tracking targets. In this paper, a multi-target tracking algorithm
combining spatial mask prediction and point cloud projection is proposed to reduce the adverse effects of the
occlusion. Firstly, the temporal image data is processed by an example segmentation mask extraction model, and
the basic mask data is obtained. Secondly, the obtained mask data is input into the tracker, the mask output of
subsequent sequence images is obtained through the prediction model, and the verifier is used for a comparative
analysis to obtain an accurate target tracking output. Finally, the obtained 2D target tracking data is projected into
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the corresponding point cloud image to obtain the final 3D target tracking point cloud image. In this paper,

simulation experiments are carried out on multiple data sets. The experimental results show that the tracking effect

of this algorithm is better than other similar algorithms. In addition, this paper is also tested on the actual road, and

the vehicle detection accuracy reaches 81.63%. The results verify that the algorithm can also meet the real-time

requirements of target tracking under the actual road conditions.

Keywords: target tracking; spatial mask prediction; instance segmentation; point cloud projection
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Table 2 Performance index

Method sMOTSA MOTSA MOTSP
Mask R-CNN 74.9 85.8 85.1
MaskTrackR-CNN ©° 75.5 86.1 86.5
KITTI mots dataset-cars

Track R-CNN 76.2 86.8 87.2
Ours 77.6 87.8 86.3
Mask R-CNN 44.6 63.8 74.1
MaskTrack R-CNN 459 64.6 77.9

KITTI mots dataset-pedestrains
Track R-CNN 46.8 65.1 75.7
Ours 45.3 65.6 77.0
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Multi target tracking based on spatial mask
prediction and point cloud projection

Lu Kangliang', Xue Jun', Tao Chongben"*"
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Overview: In the field of computer vision, target tracking plays a key role in automatic driving. In the field of
automatic driving target tracking, there is the problem of feature point loss caused by the target occlusion, which will
lead to the loss of tracking target. In this paper, a multi-target tracking algorithm combining spatial mask prediction and
point cloud projection is proposed to reduce the adverse effects of the occlusion.

In this paper, the first mask input is added in front of the timing tracker to improve the accuracy of the initial target
position. Secondly, the tracker dominated by a convolutional neural network is used for tracking, and the individual
instance segmentation of each frame is optimized to increase the speed of the tracker, resulting in an improvement of
the real-time effect. Finally, a verification layer is set to verify and compare the extracted sample mask output with the
corresponding image output of the tracker, so as to reduce the tracking loss caused by the careless detection. After a two-
dimensional video processing, the mask data is obtained, matched with the point cloud in the three-dimensional radar
by the method of point cloud projection, and is projected into the three-dimensional point cloud to obtain the three-
dimensional target tracking. The algorithm has three main contributions. Firstly, this paper takes the convolutional
neural network target detection module as the basic module, does not directly use the example segmentation module for
tracking, and extracts the mask of the first frame image. The mask information of the subsequent frame number can be
extracted through the comparison and verification of the extraction of the prediction mask and the verification frame
mask, which not only ensures the correct mask prediction, but also reduces the waste of a lot of computing power for
extracting and tracking the mask information of each frame of the image. Secondly, this paper adds a gradient loss
function of the prediction module to increase the control of the accuracy of the prediction mask and improve the
correction ability of the algorithm for the prediction errors. Finally, this paper does not need to further process the point
cloud image, but compares and matches the two-dimensional camera data with the three-dimensional point cloud radar
data, and projects the two-dimensional tracked target mask data onto the corresponding point cloud image, so as to
reduce the computational power of the algorithm and improve the real-time performance of the algorithm.

This paper is verified on the Apollo data set. The continuous road live screenshots are extracted from the data set to
obtain the required set of time-series pictures, and the targets in the images are detected and tracked. Finally, the
experiments show that the algorithm in this paper has an obvious effect on solving the occlusion problem. This paper
has also been tested on the actual road, and the effect of medium and long-distance vehicle detection is good. The
experiment shows that the algorithm can meet the real-time detection requirements under the actual road conditions.

Lu K L, Xue J, Tao C B. Multi target tracking based on spatial mask prediction and point cloud projection[J]. Opto-
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