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Lightweight Railway Intrusion Obstacle Detection Model Based on
RT-DETR

BAI Yulong

(Scheduling Center, China Energy Xinshuo Railway Co., Ltd., Hohhot 010000, Inner Mongolia, China)

Abstract: The railway intrusion obstacle detection models, due to their large parameter size and high
computational complexity, are difficult to deploy on resource-constrained railway trackside equipment,
resulting in insufficient real-time warning capability. In response to this problem, a lightweight
model based on RT-DETR was proposed. The optimization of this model was carried out from three
aspects: feature extraction, feature fusion, and computational compression. In the feature extraction
stage, a state-space modeling mechanism was introduced to enhance the ability to capture key
features through linear complexity and hardware-aware design. In the feature fusion stage, grouped
shuffle convolution was adopted to replace standard convolution, reducing parameter count and
computational burden. In the computational compression stage, a Haar wavelet downsampling module
was incorporated to efficiently compress feature maps, significantly lowering the computational
overhead of the decoder. Experimental results demonstrate that the proposed model, with only
25.995 MB parameters and 71.411 G FLOPs, outperforms the existing state-of-the-art models on
multiple complexity metrics while maintaining high detection accuracy, thus satisfying the core
business requirements of high-precision and low-latency railway intrusion detection.
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Tab.2  Quantity and distribution of various labels
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Tab.3  Model training parameter configuration
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Fig.10 Training loss variation of baseline model
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Tab.4  Results of ablation experiments

el mAP 5 05/ % mAP, /% mAP, /% Params Size/MB FLOPs/GFLOPs FPS/(f/s) Memory/MB
LAY 84.8 87.8 93.6 42.769 168.000 46.4 174
ODMamba B+ M 45 84.9 87.5 93.7 26.17 95.799 47.0 102
GSConv 85.1 88.0 94.0 43.383 152.000 34.9 174
HWD 84.1 87.7 93.9 43558 160.000 428 177
Mamba RT-DETR 84.4 88.1 94.2 25.388 71.411 47.1 111
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Tab.5 Comparative experimental results of models

TR mAP, 5 o5/% mAP, /% mAP, /% Params Size/MB FLOPs/GFLOPs FPS/(f/s) Memory/MB
LRIy 84.8 87.8 93.6 42.769 168.000 46.4 174
Faster R—CNNM! 78.7 83.2 91.4 41.364 211.000 53.0 169
YOLOv4® 83.8 87.1 93.2 44.105 154.000 83.7 168
YOLOvS®! 84.9 87.8 94.1 43.633 211.000 61.5 160
TOOD! 82.7 85.6 92.1 32.025 202.000 41.0 133
DDOD” 82.5 85.3 9.3 32.203 182.000 52.3 134
DETR®! 76.8 83.0 91.0 41556 99.803 58.6 170
DAB DETR" 79.6 85.0 93.5 43702 105.000 39.1 178
DINO 84.3 87.1 93.8 47.546 284.000 23.5 193
DD 85.2 88.4 94.1 48317 284.000 18.8 227
Mamba RT-DETR 84.4 88.1 94.2 25.388 71.411 47.1 111
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