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Small target detection algorithm based on improved PointPillars
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Abstract; In view of the missing and false detection of small and medium targets in the traditional point
cloud detection algorithm, this paper proposes a small target detection algorithm based on improved
PointPillars. Firstly, feature pyramid module is added into the backbone network to optimize the de-
tection of small targets by combining high-level semantic information and low-level positioning infor-
mation. Secondly, by adding the residual module and the convolutional block attention module
(CBAM), the channel information and spatial information are combined to complete the extraction of
deep features. Finally, three detection heads output feature maps of different sizes to achieve accurate
recognition of different types of targets. The feasibility analysis of the proposed algorithm is carried
out on KITTTI data set. Compared with traditional PointPillars algorithm, the proposed algorithm im-
proves the mean average precision(mAP) for small target recognition by 1. 74%. The results of real
vehicle test show that the algorithm is accurate for road target detection, and the detection frequency
of 65 Hz meets the real-time requirement.
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