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Visual Place Recognition with One Level Feature Fusing Coordinate
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[Abstract] To solve the problems of matching omission and poor real-time performance of existing visual place
recognition methods in scenes with changing viewpoints and environments, this paper proposed visual place recognition
method based on one level feature fused with coordinate attention. Firstly, the relative place information of features was
captured by coordinate attention. Secondly, an encoder for multi— scale feature fusion was constructed using dilated
convolution and NetVLAD. Finally, the network was trained based on triplet loss. Validated by Pitts30k and Nordland
datasets, the proposed method achieves the same recall accuracy and 19% faster retrieval speed compared with the state—of-
the—art method Patch—NetVLAD of the same baseline in the test of position recognition. In the test of loop detection, the
proposed method achieves a reasonable balance between robustness and retrieval speed.
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