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Abstract;In order to realize an image classification and recognition system with low power consumption, we propose an image
classification and recognition system solution based on convolutional neural network, which studies the implementation method of hetero-
geneous system based on ARM+FPGA ,and the system is mounted on Xilinx PYNQ embedded development platform. After building the
convolutional neural network model on the computer—side for the tested data sets, the training and verification of MNIST and CIFAR-10
data sets are completed. After that,the feature parameter extraction function is designed to complete the weight and paranoid parameter
extraction and format conversion, which is converted to a binary format that can be read by the hardware platform. Then Xilinx VIVADO
HLS design tool is to design and implement a custom IP core module for the convolutional neural network in the image classification and
recognition system. After the design of the custom IP core is completed,the IP core module and the ZYNQ module are mainly used to
implement the path construction of the overall system. After verification, the upper computer program is used to call the control in Jupyter
Notebook. Finally,the design of the driver and the host computer is completed, and the system is tested for functions and performance.
The test shows that MNIST and CIFAR-10 data sets can be recognized and classified by the system,and the power consumption of the
system is only 1.54 W. The image classification and recognition system has the advantages of versatility , energy—saving, etc. , which can
be widely used in edge computing environment.
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