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A Lightweight Re-parameterized YOLOv11-Based Method for Railway Obstacle Detection
Jiang Yang, Wang Changzheng, Zhou Huixiang
(School of Information and Software Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract: To address the challenges of large model size, high computational complexity, and notable accuracy
degradation when deploying railway track obstacle detection models on edge devices, this paper proposes a
lightweight re-parameterized network, YOLOv11s-Slim-Rep. The network achieves synergistic optimization of
accuracy and efficiency through two core improvements: adjusting the network width scaling factor from 0.50 to
0.35, resulting in a 44.8% reduction in model size and a 45.4% decrease in parameter count; and replacing all
stride=2 downsampling convolutional layers with a RepConvCustom module, which is fused into a single
convolution via structural re-parameterization, incurring zero additional inference overhead. On two railway track
obstacle datasets (NewData and Railway), compared to the YOLOv11s baseline, the mAP50 decreases by only
approximately 1.1% while achieving nearly 45% model compression. Compared to YOLOv11n, it improves
mAP50 by 4.7% in complex scenarios, with a cross-dataset mAP50 fluctuation of only 0.6%. The proposed
method maintains high detection accuracy while significantly compressing the model, demonstrating strong
potential for edge deployment.
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Fig.2 Comparison of Model Size and mAPS50 Under Different Width Factors
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Tab.2 Comprehensive comparison on NewData and Railway datasets

Params Size NewData NewData Railway Railway

Model Gap
/M /MB  mAP50 mAP50-95 mAP50 mAP50-95
YOLOvlIn 2.59 521  0.840 0.592 0.899 0.768 0.059
YOLOvlls 9.43 18.28 0.897 0.630 0.904 0.775 0.007
YOLOv11s-Slim-Rep  5.15 10.10 0.887 0.627 0.893 0.753 0.006
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Tab.3 Performance Comparison of Different Object Detection Models on the NewData Dataset

Model Params/M Size/MB mAPS50 mAP50-95
Faster R-CNN 41.0 164.3 0.875 0.620
YOLOVSs 7.2 16.5 0.852 0.611
YOLOv6s 17.2 38.1 0.868 0.618
YOLOv71 36.9 104.7 0.892 0.634
YOLOvV8s 11.2 23.9 0.889 0.626
YOLOV9s 7.1 14.2 0.878 0.629
YOLOv10s 7.2 14.8 0.885 0.623

YOLOvl11s 9.43 18.28 0.897 0.630
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Tab.4 Results of Component Ablation Experiment
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Fig.4 Detection results comparison of three models on the NewData dataset
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