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[Abstract] To address the issue of low detection accuracy for small pedestrian targets, a pedestrian detection model

tailored for complex scenes is proposed based on the DETR algorithm. In the feature extraction stage, the SENet attention

mechanism is introduced to enhance channel discrimination ability. By combining image Relative Position Encoding (iRPE)

with absolute position encoding, the model’s perception of global context and local details is improved. After training on a self—

built dataset, experimental results show that the pedestrian recognition accuracy of the proposed scheme reaches 97.2%, with

false detection rate and missed detection rate of only 1.7% and 1.1%, respectively. It performs excellently in handling complex

scenes such as multi-scale pedestrians, partial occlusion, and low visibility, and its detection performance is significantly better

than traditional methods.
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