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Abstract

Recently, object recognition technology using computer vision has attracted attention as a technology to replace
sensor-based object recognition technology. It is often difficult to commercialize sensor-based object recognition
technology because such approach requires an expensive sensor. On the other hand, object recognition technology
using computer vision may replace sensors with inexpensive cameras. Moreover, Real-time recognition is viable
due to the growth of CNN, which is actively introduced into other fields such as IoT and autonomous vehicles.
Because object recognition model applications demand expert knowledge on deep learning to select and learn the
model, such method, however, is challenging for non-experts to use it. Therefore, in this paper, we analyze the
structure of deep — learning — based object recognition models, and propose a platform that can automatically select
a deep - running object recognition model based on a user 's desired condition. We also present the reason we
need to select statistics—based object recognition model through conducted experiments on different models.
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