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Research on an improved pedestrian and vehicle detection
algorithm based on YOLOVS

LIU Jia-lin,YIN Li-feng
(School of Software, Dalian Jiaotong University, Dalian 116028, China)

Abstract: In view of the problem that the mainstream target detection algorithms currently have low detection
accuracy for pedestrians and vehicles in complex traffic environments, this paper proposes an improved target
detection algorithm based on the YOLOv8 model. Firstly, a learnable enhancement network is added in front of the
backbone network. This network is constructed through Laplacian decomposition residual learning method , which
not only allows for full extraction of target feature information, but also enhances the accuracy and robustness of the
algorithm, thus reducing the interference of different intensities of illumination on image target detection.
Secondly, the proposed KSA attention mechanism is introduced before the medium target detection layer in this
paper. After adding this attention mechanism, during detection, the attention can focus on the areas of important
information in the image, so as to more accurately locate and identify medium targets, and at the same time, it can
also reduce the interference of complex background noise on detection. Finally, this paper proposes a transformer
structure based on pixel points, namely the Pixel Transformer structure. By adding this structure to the backbone
network, the ability of the algorithm to extract global features of the image is further enhanced, enabling it to learn
richer and more comprehensive target features. This paper uses the KITTI dataset to conduct ablation and
comparison experiments of various algorithms. The experimental results show that the algorithm designed in this
paper has achieved a certain degree of improvements in relevant indicators. Among them, the mAP@Q. 5 value has
increased by 3. 2 percentage points and reached 96. 7%, which fully reflects the superiority of the algorithm .

Key words: target detection; YOLOvS; attention mechanism; global features
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