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Abstract

With the rapid development of railway transportation, the safety and reliability of railway tracks
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have emerged as critical research topics. Traditional manual inspection methods are inefficient and
susceptible to human factors. In recent years, deep learning, especially YOLO series models, has
achieved remarkable progress in object detection. To enhance the accuracy and real-time perfor-
mance of railway track surface defect detection, this paper proposes an improved YOLOv11 model,
named TrackDef-YOLO. By incorporating innovative techniques such as multi-scale feature fusion,
automatic anchor box adjustment, and a weighted loss function, TrackDef-YOLO significantly im-
proves the detection capability for minute defects and complex backgrounds. Experimental results
demonstrate that TrackDef-YOLO outperforms YOLOv8 and YOLOv11n models in terms of accuracy,
recall, F1-Score, and false alarm rate. This study provides an efficient and precise solution for intel-
ligent railway track inspection and lays the foundation for optimizing railway maintenance systems
based on deep learning.
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Table 1. Performance comparison of TrackDef-YOLO model in rail surface defect detection
5z 1. TrackDef-YOLO 584 7E £R %0 3= T SRPEAE M AP HO 1% BEXTEL

TR Precision Recall F1-Score mAP
YOLOv8 85.6% 83.2% 84.4% 86.1%
YOLOv1ln 87.4% 85.3% 86.3% 87.8%
TrackDef-YOLO 90.5% 88.7% 89.6% 91.2%
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