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An Improved Cortical Network Model for Environment Cognition
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Abstract Prefrontal cortex is important physiological foundation of environment cognition ability in mammals.
Many research seek to make computation model of prefrontal cortex based on cortical network structure, in order to
enable robots realize tasks related to environment cognition and navigation. However, there are few works in-
volving in cortical network model's robustness to neuron noise, which is an internal electric signal that generally im-
pedes regular spiking of neurons. Tradition models using reward diffusion method have problem of rapid deteriora-
tion of navigation performance under increasing neuron noise. To solve this problem, on the basis of cortical net-
work, this paper recruits wavefront propagation method combined with globally inhibitory neuron to design reward
propagating circuit, and introduces time cell and position preference cell into path planning circuit. Two classic en-
vironment cognition experiments were reproduced to verify the model. Results show that comparing to other cortic-
al network model, our model exhibits more robustness to neuron noise. Meanwhile, this model keeps good results of
environment cognition, and has higher path planning efficiency comparing to traditional path planning algorithms.
Key words Cortical network, wavefront propagation, neuron noise, environment cognition, brain-inspired comput-
ing
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Table 1  Parameter setting of the model
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