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Abstract: The construction methods of brain-inspired cognitive maps based on the mechanism of
navigation neural cells provide new ideas for the development of intelligent simultaneous
localization and mapping. Aiming at the problem of the low precision of existing methods, a meth-
od of constructing brain-inspired 3D cognitive maps based on binocular vision is proposed in this
paper. This paper firstly expounds the operating principle of the brain-inspired 3D cognitive map
system, then discusses the influence of different visual odometry on the accuracy of cognitive
maps, and studies the accuracy optimization method of cognitive maps based on binocular visual
odometry, and finally completes the brain-inspired cognitive maps constructing experiment based
on visual datasets. The results show that the 3D position error of visual odometry maps is 2. 14 %
of the total itinerary, the 3D position error of cognitive maps is 1. 56 % , the accuracy of cognitive

maps is positively correlated with odometer accuracy, and the system improves the accuracy of
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cognitive maps by using template matching for loop detection and correction.
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Fig. 1 Diagram of brain-inspired 3D cognitive map construction system
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Fig. 2 Organizational structure of the visual module
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Fig. 3 Schematic diagram of feature matching
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Fig. 4 Flow diagram of intensity matches of

visual template profiles
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Fig. 5 Neural network of multilayered head direction cells
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Fig. 6 Neural network of 3D grid cells
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