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Abstract In order to realize the digital twin, it is desired to instantly identify various objects in the real world
through sensor devices, determine their locations, and represent them on the computer. However, the obtained in-
formation is affected by noise and traffic of sensor devices to some extent, and object estimation methods based on
accurate information that have been considered in the past have their limitations. Therefore, there is a need to make
a fast and accurate decision on what the object is based on uncertain observation information such as low-resolution
video information. In this paper, we focus on the information processing mechanism of the brain, which makes
decisions based on multiple types of uncertain observed information, and propose a method for estimating objects
from noisy observed information by incorporating this mechanism. Through a computer simulation, we show that
our proposal identifies an object accurately and quickly from uncertain observed information.
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