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Short Axis Cardiac MRI Segmentation Based on Deep

Learning

Ma Xiaotian, Li Shufang

(School of information and communication engineering, Beijing University of Posts and Telecommunications, Beijing Laboratory of

Advanced Information Networks, Beijing Key Laboratory of Network System Architecture and Convergence, Beijing 100876, China)

Abstract: As the "gold standard” to judge the structure and function of the heart, cardiac MRI
requires experts to manually depict the contours of left ventricle, right ventricle and myocardium
to provide guidance for the diagnosis of heart disease. However, manual segmentation is
time-consuming and laborious, and the results may vary from person to person. This paper
proposes a short axis cardiac MRI segmentation method based on deep learning. The segmentation
method consists of two steps: preprocessing and segmentation. Preprocessing includes region of
interest (ROI) detection of short axis cardiac MRI data normalization and data augmentation.
Canny edge detection and Hough transform is used in ROI detection. The semantic segmentation
model in deep learning is used for segmentation, and the combination of weighted cross entropy
loss, dice loss and L2 regularization is used for loss function to segment the ROI results. The
experiments in this paper are based on ACDC data sets. The experimental results show that the
proposed method can automatically segment left ventricle, right ventricle and myocardium from
cardiac MRI successfully. Compared with several leading segmentation methods in different loss
functions and challenges, excellent results are obtained.
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