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ABSTRACT

Currently Artificial Inteligence and Deep Learning are social issues, and These technologies are applied to
various fields. A good method among the various algorithms in Artificial Inteligence is Convolutional Neural
Network. Convolutional Neural Network is a form that adds convolution layers that extracts features by
convolution operation on a general neural network method. If you use Convolutional Neural Network as small
amount of data, or if the structure of layers is not complicated, you don’ t have to pay attention to speed. But
the learning time is long as the size of the learning data is large and the structure of layers is complicated.
So, GPU-based parallel processing is a lot. In this paper, we developed Convolutional Neural Network using
CUDA and Learning speed is faster and more efficient than the method using the CPU.
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