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Study of Image Classification Method of Human Protein Atlas Based on ResNet Deep Network CHANG Chuan, School of Re-
mote Sensing and Information Engineering, Wuhan University, Wuhan 430072, China

(Abstract]  The paper introduces the image classification method based on deep learning into the image classification method of human
protein atlas. It uses ResNet deep network to build a deep convolutional neural network for the image classification of human protein at-
las, and verifies by using the microscope image of mixed — mode protein. The result shows that this method has higher accuracy and pre-
cision than other automatic classification methods, and greatly saves time and manpower.
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