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Automatic segmentation algorithm for brain tumors
based on multi sequence MR image fusion

CHEN Mengyu, GUO lJiapeng, XU Guosu, LI Min, ZHU Shan, ZHU Hong

(School of Medical Information and Engineering, Xuzhou Medical University, Xuzhou 221000, Jiangsu, China)

Abstract: Accurate and efficient brain tumor segmentation is of great significance for the accurate diagnosis of brain tumors. Due to
the low contrast, susceptibility to noise, offset field, and volume effects in brain tumor MR images, the segmentation accuracy of
existing brain tumor segmentation models is relatively low. In order to improve the accuracy of brain tumor segmentation, a brain
tumor segmentation algorithm based on dual channel fully convolutional neural network and conditional random field for multi
sequence MR image fusion is proposed. Dual channel fully convolutional neural networks can extract richer image features, and
conditional random fields can overcome the adverse effects of local minima during training and noise in input images. This algorithm
was tested on the BRATS2018 brain tumor segmentation challenge dataset and showed significant improvements in DSC, PPV, and
Sensitivity coefficients compared to traditional segmentation methods.
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