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Application of semi-supervised object detection technology incorporating
attention mechanism in rail transit

WANG Junyu', CHEN Zhe™*, SUN Junyong’

(1. Locomotive Branch, Baoshen Railway Group Co., Ltd., CHN ENERGY, Yulin, Shaanxi 719000, China; 2. State Key Laboratory of
Heavy-duty and Express High-power Electric Locomotive, CRRC Zhuzhou Locomotive Co., Ltd., Zhuzhou, Hunan 412001, China;
3. State Key Laboratory of Rail Transit Vehicle System, Southwest Jiaotong University, Chengdu, Sichuan 610031, China )

Abstract: The operation and maintenance of rail transit systems require high-accuracy object detection and tracking technology to
ensure the safety of passengers and the normal operation of traffic systems. In recent years, with the emergence of Vision in Transformer
(VIT), large models incorporating attention mechanisms have garnered widespread application in the field of object detection. However,
attention mechanisms require substantial demands of data in the process of model training to achieve high precision and robustness.
Moreover, the process of image data processing is often accompanied by significant consumption of manpower and material resources.
This paper proposes a semi-supervised object detection strategy that incorporates an attention mechanism, to reduce the cost of data pro-
cessing and improve the robustness of the models. Detectors such as Grounding DINO and YOLO-World are employed as the backbone
of the algorithm, and attention mechanisms such as CBAM, CoTAttention, and SEAttention are applied at the algorithm’s HEAD layer.
The study results show that, with only 10% of the data processed, a mean Average Precision (mAP) of 0.70+0.04 is achieved on the dataset,
corresponding to a mAP gain of 5.14% compared to traditional semi-supervised object detection techniques. The study findings provide a
theoretical reference for future research on object detection large models in the field of rail transit.

Keywords: semi-supervised; attention mechanism; object detection; rail transit
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