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Abstract Humans mainly recognize surrounding objects using visual and auditory information among the
five senses (sight, hearing, smell, touch, taste). Major research related to the latest object recognition
mainly focuses on analysis using image sensor information. In this paper, after emitting various chirp
audio signals into the observation space, collecting echoes through a 2-channel receiving sensor,
converting them into spectral images, an object recognition experiment in 3D space was conducted
using an image learning algorithm based on deep learning. Through this experiment, the experiment was
conducted in a situation where there is noise and echo generated in a general indoor environment, not
in the ideal condition of an anechoic room, and the object recognition through echo was able to
estimate the position of the object with 83% accuracy. In addition, it was possible to obtain visual
information through sound through learning of 3D sound by mapping the inference result to the
observation space and the 3D sound spatial signal and outputting it as sound. This means that the use
of various echo information along with image information is required for object recognition research,
and it is thought that this technology can be used for augmented reality through 3D sound.
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