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Cell detection method based on U—net network
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Abstract:

detection of cells or nuclei. In this paper, a derivative network U-net of convolution neural network

In order to save time and researchers' energy, computers are used to assist in the

is combined with image processing to detect nucleus. The result shows that the accuracy is 0.82, the

recall rate is 0.83, and the F index is 0.83, which has good recognition and segmentation effect.
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Fig. 1 Overall processing flow chart
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Tab.1 Configuration and parameters of deep learning model
JZ% FRIN BT KA T R

1 128%3 2,7 Down sample ReLu
2 64x64%8 3,6 Down sample ReLu
3 32x32x16 4,5 Down sample ReLu
4 16x16x32 5 none ReLu
5 32x32x(16+16) 34 Up sample ReLu
6 64x64%(8+8) 2,5 Up sample ReLu
7 128x128x(3+3) 1,6 none ReLu
Output 128x128x1 none none none
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