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Abstract

In this paper, we propose a method and implement a system that can locate user
by computer vision. And the system also can navigate the users to destination. As GPS
can not play utility in indoor place, and other positioning technology also has its
advantages and disadvantages. In this paper, we research the application of Deep
Learning in scene recognition system, and use Markov Decision Process (MDP) to

record and count user routes, then find the best path. by Q-Learning.

Keywords : Machine Learning ~ Deep Learning ~ Convolutional Neural Network -

Q-Learning
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