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Applicable of the mobile device with deep

learning of image recognition applications
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ABSTRACT

As the mobile device is universal, with high-dimensional information processing
capabilities of the mobile phone side has become the first line of intelligent services.
And in recent years the Deep learning to deal with high-dimensional information
applications in image recognition has made huge progress.In this paper, the hospital as
the background, to the field of computer vision for the study. To use the Image
recognition to develop a location identification system which can be applicable to
any scene.For the area is not small and multi-level hospital. The deployment of various
positioning devices requires a lot of cost. Therefore, this paper proposes to use the Deep
learnign training the picture database. Research the classification model using the
neural network and the convolution neural network, and then identify the location
through the mobile device. Can save equipment costs, and can facilitate the user to
know their current location.

Keywords: Machine learning, Image recognition, Convolution neural network.
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