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An Improved U-Net for Cell Nuclear Segmentation

JIANG Huiming'. QIN Guihe', ZOU Mi’, SUN Minghui'
(1. College of Computer Science and Technology, Jilin University, Changchun 130012, China;
2. Public Computer Education and Research Center, Jilin University, Changchun 130012, China)

Abstract: An improved U-Net model, called DU-Net model, is proposed for the problem that the
classical U-Net is difficult to distinguish the boundary of the targets which are close to each
other, and often misidentifies the fuzzy targets in the process of cell nuclear segmentation. The
proposed model obtains a clear target boundary feature map by calculating gradient information of
samples, and then concatenates it into the U-Net encoder to enhance the edge feature of targets.
This method is called gradient fusion. The shallow feature maps of the decoder are densely
connected to deep features through convolutional upsampling so that the reusability of features
increases and the performance of the model is improved. The DU-Net uses batch normalization
and a ReLU activating function after each convolutional layer to solve gradient-vanishing
problem. An improved cross entropy loss function is proposed to reduce the interference of fuzzy
background points and the misidentification of small targets. The loss function improves the
model’s ability to recognize small targets. Simulation results on a public dataset containing 640
images and approximately 29 500 nuclei show that the prediction results of DU-Net model reaches

95.9% and 91.0% , respectively, in the Dice coefficient and the Jaccard similarity coefficient.
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The performance of DU-Net is better than that of U-Net and SegNet, and is significantly better

than that of the classical convolutional neural network FCN-8s.

Keywords: cell nuclear segmentation; U-Net; gradient fusion; dense connection; improved cross

entropy loss
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