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(School of Instrumentation and Optoelectronic Engineering, Beihang University. Beijing 100083, China)

Abstract: The collaborative visual SLAM system of multiple agents is more and more widely used
in ground robot or air vehicle echelon. Because different agents exchange or share information,
collaborative visual SLAM system is different from the typical visual SLAM system applied to a
single agent. The collaborative visual SLAM system has better robustness, accuracy and
efficiency. This paper describes the development history and existing research methods of multi-a-
gent collaborative visual SLAM, and describes the key technologies involved in the realization of
collaborative visual SLAM system, including collaborative attitude estimation and mapping. as
well as the emerging distributed architecture. In addition, the development trend of multi-agent
collaborative visual SLAM technology is prospected.
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