[AEEERY MELE] $£325 153—156 20214 3 A

HHAHARY AT LB T BREZEET LA DOHHS
AN ATTEMPT TO APPLY DEEP LEARNING MODELS IN EMBEDDED SYSTEMS

2OEES, ek B, IR BET
Zhongda Liu®, Yoshifumi Sasaki®), Satoshi Kawamura®
AFaculty of Science and Engineering, Ishinomaki Senshu University
B)Faculty of Humanities, Morioka University

Abstract

In the field of image recognition, deep learning methods have made a marked advance. They have achieved more
higher accuracy than previous methods. With the achievement of deep learning, it is expected to apply those methods
to embedded system. However, many embedded systems generally have restrictions on hardware such as computing
power and data storage capacity. In this work, regarding garbage separation issue, we created deep learning models to
classify images using the transfer learning method and tried to apply deep learning models to embedded systems. We
have applied models of different sized to not only the stand-alone embedded system but also the embedded system based
on cloud computing. According to evaluation experiments, we found that it is hard to apply a large-scale deep learning
model to the stand-alone system because of hardware constraints, and the embedded system based on cloud computing
is not affected by those hardware constraints.
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LeNet 6 6,191,424
AlexNet 13 58,379,672

VGG 23 122,887,256
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