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Research and System Implementation of Heart Image Segmentation
Algorithm Based on Deep Learning
Abstract

Before doctors analyze cardiac imaging, it is usually crucial to segment various structures of the heart.
The purpose is to divide the image data into different regions according to the cardiac structures for subsequent
medical examinations. However, segmenting various structures of the heart is time-consuming and laborious,
and this process could be easily influenced by the working status of medical personnel. As a result, achieving
automated segmentation of various cardiac structures has become a valuable research topic.

In recent years, deep learning methods have achieved lots of great successes in many traditional fields.
Similarly, in the field of medical image analysis, deep learning methods have also made many achievements.
However, deep learning methods typically require a large amount of annotated data for training. Due to ethical
issues and other factors, medical images tend to be relatively scarce. More importantly, due to the complexity of
medical scenarios, although all are examinations for cardiac diseases, there are many types of cardiac imaging
techniques that can be used. This exacerbates the problem of scarce medical imaging data because most methods
are proposed for a certain type of data and cannot effectively utilize other types of data. Therefore, this problem
is difficult to ignore. Additionally, in cardiac imaging, there are often some indistinguishable boundaries between
different cardiac structures, which undoubtedly reduces the performance of deep learning algorithms in
segmentation of cardiac structures. Therefore, based on the above issues, this paper proposes a cardiac
segmentation algorithm based on generative adversarial networks for data augmentation and edge perception.
This method utilizes a cycle-consistent generative adversarial network to alleviate the problem of data scarcity
while adding extra supervision to the edges of cardiac structures and designing an attention-based feature fusion

module to mitigate the negative impact of blurred edges of cardiac structures on deep learning models.

Keywords:word1; deep learning; medical image analysis; segmentation of cardiac
structures; generative adversarial networks; feature fusion
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