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Research on Segmentation Method of Medical Nuclear Image based on U-Net++

GONG Zikun
(Tongda College of Nanjing University of Posts and Telecommunications , Yangzhou 225127 , China )

Abstract: Aiming at the problems that the traditional methods of extracting medical nuclear outline are not clear and the accuracy of target
recognition is not high, a U-net ++ based medical nuclear image segmentation method is proposed and noise reduction layer is introduced to
reduce the segmentation image. Firstly, the medical nuclear images are processed by merging mask and adjusting image size to form a data set.
Then, the data set was input into U=NET ++ for training until convergence, and redundant parameters were removed by pruning operation to
obtain a medical nuclear image segmentation model. Finally, the model is applied to medical nuclei, and the results of nuclear segmentation
with higher overall precision and more stable segmentation effect are obtained. After verification set training, the overall accuracy of the pro-
posed method can reach 84%, about 19.1% higher than U-Net, and about 6.7% higher than Feedback U-Net. The experimental results show
that U-NET ++ has higher segmentation accuracy and better generalization ability than other methods in nuclear image processing, showing a
strong ability to extract nuclear image features.
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Fig.1 Block diagram of the image system
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Fig.2 Encoder structure
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Fig. 4 Loss variation in training and validation sets
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