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Abstract: A real-time and low-data-transmission multi-robot visual SLAM system is designed for
bandwidth limited environment. This system integrates a modified NetVLAD network, which has
less computing resource occupation and better real-time performance during the multi-robot loop
detection. A feature matching algorithm for the absence of descriptor information is proposed to
improve the robustness of loop detection and relative measurement. Moreover, an incremental
multi-robot pose graph sharing and optimization method is proposed. Finally, by testing on the
KITTI dataset, it is verified that the proposed system has the same positioning accuracy and real-
time performance as single-robot SLAM, and can effectively reduce data transmission.
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