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Abstract: Concerning the problem of real-time restriction on the application of Convolution Neural Network (CNN)
in embedded field, and the large degree of sparsity in CNN convolution calculations, this paper proposes an
implement method of CNN accelerator based on FPGA to improve computation speed. Firstly, the sparseness
characteristics of CNN convolution calculation are seeked out. Secondly, in order to use the parameters sparseness,
CNN convolution calculations are converted to matrix multiplication. Finally, the implementation method of
parallel matrix multiplier based on FPGA is proposed. Simulation results on the Virtex-7 VC707 FPGA show that
the design shortens the calculation time by 19% compared to the traditional CNN accelerator. The method of
simplifying the CNN calculation process by sparseness not only can be implemented on FPGA, but also can
migrate to other embedded ends.
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