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Improvement of the dense pedestrian detection algorithm of RT-DETR

Li Qingyun Wei Jia
(School of Mathematics and Computer Science, Shaanxi University of Technology, Hanzhong 723001, China)

Abstract: To address the issues of missed detections and low accuracy caused by high occlusion and large scale
variations in dense pedestrian detection, this paper proposes an efficient improved RT-DETR algorithm, RSH-
RTDETR., for complex scene dense pedestrian detection. Firstly, the Regocn module is proposed to improve the
backbone, using limited ordinary convolutions for feature extraction, followed by a linear transformation operation.
Meanwhile, RepConv is used on the gradient flow branch to compensate for the performance loss caused by discarding
residual blocks and enhance the feature extraction and gradient flow capabilities, achieving better detection of targets of
different scales while reducing the computational load and parameter count. Secondly, a 160X 160 S2 detection layer is
introduced in the neck to enhance the detection ability of small-scale pedestrian targets during the feature fusion stage.
Finally, the Haar wavelet downsampling module (HWD) is adopted to expand the receptive field, reduce model
complexity, and improve the detection accuracy of occluded pedestrian targets. Ablation and comparison experiments
were conducted on the CrowdHuman dataset, achieving an mAP50 of 86. 6% and an mAP50-95 of 57. 8%. Compared
with the original algorithm, mAP50 was improved by 1.2% and mAP50-95 by 1.9%, with a 40% reduction in
parameters. It also outperformed the RT-DETR algorithm on the Wider person dataset. Experimental results show
that RSH-RTDETR improves the accuracy of dense pedestrian detection while reducing the parameter count compared
to the RTDETR-R18 model, and outperforms other algorithms. The improved algorithm in this paper achieves
lightweight while maintaining high accuracy, demonstrating excellent performance in dense pedestrian detection tasks in
complex scenes.

Keywords: pedestrian detection in crowded areas; RT-DETR;deep learning; multi-scale; lightweight
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Table 1 Detection performance of each model on CrowdHuman dataset

it Input size ‘mAP50 mAP50-95 Parameters/10°
RTDETR-R34 640X 640 0. 858 0.566 31.1
RTDETR-R50 640 X640 0. 865 0.577 41.7
YOLOv8n 640 X 640 0.787 0.491 3.0
YOLOvSs 640 X 640 0. 834 0. 544 11.1
YOLOv8m 640 X 640 0. 847 0. 565 25.8
YOLOVvSI 640 X 640 0. 865 0. 586 43. 6
YOLOv5m 640 X640 0. 821 0.523 20.9
YOLOv51 640 X640 0. 832 0. 541 46. 1
CHk[11] 640 X 640 0. 821 0.529 3.1
XHk[20] 640 X 640 0. 832 0.51 11. 4
XHk[21] 640X 640 0. 847 0.536 3.6
RTDETR-r18(baseline) 640 X 640 0. 854 0. 559 19.9
Ours 640 X 640 0. 866 0.578 11.8
RTDETR-r18(baseline) 480 X480 0. 83 0.522 19.9
Ours 480X 480 0. 85 0. 554 11. 8
RTDETR-r18(baseline) 800X 800 0. 868 0.558 19.9
Ours 800X 800 0.874 0.594 11. 8

R 2 HBEBE Wider person HIE&E FO MR
Table 2 Detection performance of each model on the

Wider person dataset
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Table 3 Results of ablation experiment
F5  Rtdetr-rl8 Regocn S2 HWD P R mAP50 mAP50-95  Parameters/10°  FPS/fps
1 J 0.866 0.781  0.854 0.559 19.9 182. 9
2 J J 0.866 0.782  0.857 0.564 13.9 190. 8
3 J J 0.868 0.787  0.86 0.573 18.6 187. 8
4 J J 0.863 0.782  0.855 0.561 19.2 172. 8
5 N J N 0.865 0.789  0.862 0.579 12.6 192.2
6 NG J N N 0.872 0.789  0.866 0.578 11. 8 189. 4
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