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Target segmentation of brain tumor in radiotherapy based on Ul-net network

ZHANG Benjian', LIN Hui', GUO Dong?, WANG Guilin', HU Min?
(1. School of Electronic Science and Applied Physics, Hefei University of Technology, Hefei 230601, China; 2. School of Computer Sci-
ence and Information Engineering, Hefei University of Technology, Hefei 230601, China)

Abstract: This paper is based on the U-net network of the fully convolutional network(FCN), and by
adjusting the U-net network, a Ul-net network suitable for brain tumor image segmentation is con-
structed. The Ul-net network is composed of four parts: convolution layer, max pooling layer, de-
convolution layer and activation function. Through the experimental verification on the public data set
BRATS 2015, the validity of the model is verified. The experimental results show that the model can
adapt to the contour of brain tumors and achieve a good segmentation effect. In addition, the Dice
similarity coefficient(DSC) values of 0. 95, 0. 85 and 0. 83 are obtained in the complete tumor region,
core tumor region and enhanced tumor region of brain tumors, respectively.
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