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Abstract

Recently, artificial intelligence (AI) and the Internet of things (IoT), which are represented by machine learning
and deep learning among IT technologies related to the Fourth Industrial Revolution, are applied to our real life
in various fields through various researches.

In this paper, IoT and Al using object recognition technology are applied to classify clothing. For this purpose,
the image dataset was taken using webcam and raspberry pi, and GoogleNet, a convolutional neural network
artificial intelligence network, was applied to transfer the photographed image data. The clothing image dataset was
classified into two categories (shirtwaist, trousers): 900 clean images, 900 loss images, and total 1800 images. The
classification measurement results showed that the accuracy of the clean clothing image was about 97.78%. In
conclusion, the study confirmed the applicability of other objects using artificial intelligence networks on the
Internet of Things based platform through the measurement results and the supplementation of more image data
in the future.
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