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[Abstract] To address the issues of insufficient accuracy and limited speed of the RT-DETR (real-time detection
transformer) network in complex scenarios and small object detection, an improved detection algorithm for vehicle images is
proposed. This algorithm enhances the ability to capture features of small-scale objects such as vehicles and pedestrians by
introducing spatial positional relationship modeling and improves the network’ s nonlinear modeling performance through a
gating mechanism. At the same time, by separating high—frequency and low—frequency detail information and combining feature
map segmentation and stitching operations, feature sampling is achieved without information loss. By integrating convolution
units (Conv) and batch normalization units (BN) to reduce intermediate processing steps and memory consumption,
computational efficiency is increased and model performance is optimized. Experimental results show that compared to the
original RT-DETR network, the improved algorithm increases mAP50, mAP50: 95, precision, and recall by 6%, 4.5%, 4.2%,
and 4%, respectively. Therefore, optimizing the backbone network structure and strengthening multi-scale feature fusion,
focusing on fine—grained information and spatial-frequency domain features, is an effective strategy to improve vehicle
detection performance in complex environments.
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