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Application Trends of Deep Learning Artificial Intelligence in Autonomous Things
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ABSTRACT

Recently, autonomous things, which are pieces of equipment or devices that grasp the context of
circumstances on their own and perform actions appropriate for the situation in the surrounding environment,
are attracting much research interest. This is because autonomous things are expected to be able to interact
with humans more naturally, supersede humans in many tasks, and further solve problems by themselves by
collaborating with each other without human intervention. This prospect leans heavily on Al as deep learning
has delivered astonishing breakthroughs recently and broadened its range of applications. This paper surveys
application trends in deep learning-based Al techniques for autonomous things, especially autonomous driving
vehicles, because they present a wide range of problems involving perception, decision, and actions that are

very common in other autonomous things.
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