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Abstract

To address issues such as heterogeneous camera perspectives, complex object detection tasks, and insufficient
generalization capabilities of traditional algorithms in the governance of large trucks on highways, this paper proposes a
multi-model intelligent monitoring algorithm based on the deep integration of the visual language model QWen-2.5-VL,
the YOLO11 object detection model, and the PaddleOCRv5 text recognition model. The algorithm targets multi-angle
images collected by road monitoring systems, including front, side, and rear views, to achieve four core functions: crane
detection, license plate clarity assessment, license plate recognition, and axle visibility judgment. By constructing a
multi-task independent parallel processing framework, it applies the semantic understanding capability of the visual
language model and the precise positioning ability of the object detection algorithm to different task scenarios

respectively. Experimental results on real-world scenario datasets show that the algorithm achieves an mAP of 94% in
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crane detection, an F1 score improvement to 96% in license plate clarity assessment, and an F1 score of
94.3% in axle visibility judgment. The research outcomes provide an efficient and reliable technical

solution for the intelligent supervision of highway freight vehicles, with significant engineering

application value.

Key words
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detection, license plate recognition
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