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Abstract: To ensure the safety of train operations under complex weather conditions, and to
address the issues of existing object detection algorithms for foreign object intrusion on railway
tracks, such as a large number of parameters, poor image clarity, high rates of false and missed
detections, and slow inference speed, a foreign object intrusion detection algorithm for railway
tracks under complex weather conditions (RCW-YOLQO) based on the improved YOLOvlln is
proposed. First, based on the YOLOv11n algorithm, a rain-fog perception dynamic fusion gating
mechanism is introduced, and a rain-fog density estimator module is designed. Second, a rain-fog
attention branch is added to the object detection head framework DynamicHead. and a rain-fog
density coefficient is integrated into the convolutional offset to reduce the false and missed

detection rates. Third, in the backbone and neck networks, an attention-enhanced multi-subband
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fusion wavelet pooling module is utilized to replace the existing convolutional modules of

YOLOvlln, which reduces the number of parameters and improves inference speed while

maintaining detection performance. Finally, a newly designed loss function, EW-MPDIoU, is

introduced to replace the original CloU loss function, thereby improving detection accuracy.

Experimental results show that the proposed RCW-YOLO algorithm achieves an average
detection accuracy of 84. 6% , which is 9. 2% higher than that of the YOLOv11n algorithm, while
the number of parameters is reduced by 18. 15%. Compared with the mainstream object detection
algorithms YOLOv9t and YOLOv10n, the average detection accuracy of the RCW-YOLO
algorithm is improved by 11.3% and 11.3% . respectively, and the number of parameters is
reduced by 21. 63% and 25. 34 %, respectively. Furthermore, compared with the latest YOLOv12

and YOLOv13 algorithms, the average detection accuracy is improved by 7.8% and 7. 0%,

respectively, and the number of parameters is reduced by 22.18% and 19. 93%, respectively.

Keywords: railway tracks; foreign object intrusion; complex weather; object detection
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Fig. 1 Structural diagram of the RCW-YOLO algorithm
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Fig. 6 Visualization comparison of detection results between this algorithm and the YOLOv11 algorithm
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