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Abstract

VPR(Visual Place Recognition) is a task closely related to the development of technologies such as robots, drones, autonomous
driving, and VR and has recently become more important. In this paper, we introduce NetVLAD, a representative study in VPR
tasks, and propose ways to improve it. NetVLAD generates a global descriptor containing characteristic information of each image
and performs VPR by matching between these global descriptors. In this paper, we give weight to the matching process by
considering that global descriptors can be calculated differently depending on the circumstance of each image even if they are
image pairs that match. Through this process, we can perform a more robust VPR against changes in circumstances. Finally, we
prove that the proposed method is effective through performance comparison with existing NetVLAD.
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