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Multi-scale Dilated U-Net Network for Cine CMR Image

WANG lJian—jun,LI Wan-qing * ,ZHANG Min
(School of Information Technology , Hebei University of Economics and Business, Shijiazhuang 050061 , China)

Abstract ; Accurate segmentation of the left ventricle, right ventricle and myocardium on cine cardiac magnetic resonance (CMR) images
is an important step in cardiac function assessment and diagnosis. However,most CMR images with annotation have less data to meet the
training requirements, while the complex heart structures and unclear boundaries of ventricles and myocardium in CMR images lead to
poor segmentation results. Therefore,we propose a CMR image segmentation method based on transfer learning and multi-scale dilated
U-Net network. According to transfer learning, the network parameters obtained from the pre—trained model are migrated to the target
model as the initialization parameters of the target model to improve the feature learning ability of the network and solve the problem of
insufficient data volume of CMR images. The multi-scale dilated convolution module is introduced in the U-Net network. The use of
dilated convolution instead of ordinary convolution expands the receptive field with the same parameters,and multi—scale feature fusion is
used to extract finer features to solve the problem of under-segmentation of CMR image boundary curves. The experiment shows that the
proposed method can effectively achieve accurate segmentation of the left ventricle,right ventricle and myocardium in the heart, and the
average Dice correlation coefficient and Hausdorff distance averages are 0.902 and 4.219 mm,respectively, which significantly improve
the segmentation accuracy compared with other network segmentation models.
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