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Vehicle re-identification methods based on attention

mechanism and multi-scale fusion learning
PAN Haipeng » WANG Yuntao . MA Miao
(Faculty of Mechanical Engineering &. Automation, Zhejiang Sci-Tech
University, Hangzhou 310018, China)

Abstract: In the task of vehicle re-identification, camera angle changes and scene changes often occur,
which leads to the decrease of re-identification accuracy. Therefore, a vehicle re-identification method based
on attention mechanism and multi-scale fusion learning was proposed in this paper. Shallow detail
information and deep semantic information were extracted and integrated at multiple scales. Firstly, a deep
learning network was constructed to learn the salient features of vehicle images by the attention
mechanism. Then, the information describing the identity of vehicles was extracted at multi-scale level,
and then the detailed information expressed at the shallow layers and the semantic information expressed in
the deep layers were integrated to construct spatial features. Secondly. the spatial features were
decomposed and reorganized to obtain local features of spatial robustness, which were merged with global
features to construct vehicle identity re-identification features. Finally, these features were utilized to
calculate the similarity between different vehicle images to determine whether they are of the same
identity. The experimental results showed that the Rank-1 index tested on the VeRi-776 dataset reached
94. 0%, and the mAP index reached 72. 2%, revealing that our method is able to effectively improve the
accuracy of vehicle re-identification in the case of camera angle changes and scene changes.
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