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Abstract: This paper proposes a domain adaptation detection framework based on self-supervised
visual representations, integrating general object detection with prototype library matching techniques.
By leveraging the pre-trained features of DINOv3 for matching and screening, the proposed method
can localize and distinguish target vehicles under few-shot conditions without the need for fine-tuning.
First, a data augmentation front-end module based on multi-view synthesis is constructed to generate
multi-angle samples. This aligns with overhead surveillance scenes, compensating for viewpoint
deficiency in cross-domain settings. Subsequently, an inter-class clustering and prototype matching
method is designed. By mining data modalities via clustering algorithms, a real-world prototype library

encompassing various morphologies is constructed to address the issue of large intra-class variations.
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Building upon this, a joint global and local representation is introduced, which integrates semantic and

textural details from different network layers to achieve fine-grained discrimination of target vehicles.

Experimental results demonstrate that under few-shot conditions, the proposed method effectively

overcomes the degradation in detection performance caused by viewpoint domain shift. Compared with

traditional approaches, it improves the detection recall rate and significantly reduces false positives

triggered by non-target vehicles, validating the effectiveness and robustness of the proposed domain

adaptation framework in special vehicle monitoring scenarios..
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Fig. 1 Illustration of fine-grained appearance confusion and cross-domain viewpoint shift
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Fig. 3 Examples of multi-view vehicle generated images
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Fig. 4 Architecture of the multi-scale feature extractor
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Fig. 5 Visualization of clustering results for hazardous chemical and large transport vehicles
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Fig. 8 Hyperparameter sensitivity analysis
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Fig. 9 Multi-category vehicle detection in complex scenes
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Fig. 10 Classification and detection performance on fine-grained hard examples
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