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Image recognition using Deep Learning on the smartphone
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Deep Learning is becoming the de facto standard method in generic object recognition at the cost of a large

number of parameters and computational capacity. However, because mobile devices such as smartphones have

limited resources in terms of both computational power and memory, it is not easy to implement Deep Learning on

mobile devices. In this paper, we propose a deep learning based image recognition system running on a consumer

smartphone employing novel implementation techniques for acceleration and memory saving. As a result, we
achieved 77ms on iPhone 6s and 251ms on Galaxy Note 3 for 101-class food recognition of a 224x224 image.
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3.2.2 Basic Linear Algebra Subprograms(BLAS)
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