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Clinical application and improvement of U-net-based model for automatic segmentation of the heart
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Abstract: Objective To investigate the clinical applicability of the model established based on the data from different
hospitals for the automatic segmentation of the heart and to discuss the methods to improve the model. Methods A network
based on U-net and Inception module was firstly constructed for the automatic segmentation of the heart, and the clinical data
from different hospitals were collected, including 65 cases from the First Affiliated Hospital of University of Science and
Technology of China (data 1), 50 cases from MICCAI2019 match data (data 2), the mixed data of data 1 and data 2 (data 3),
50 cases from the First Affiliated Hospital of Zhengzhou University (data 4) and 100 cases from the First Affiliated Hospital
of Zhengzhou University (data 5). The collected data were trained for obtaining 5 different models. Then, with the clinical
data of another 59 patients from the First Affiliated Hospital of Zhengzhou University as test set, the segmentation accuracies
of test set on different models were evaluated using Dice similarity coefficient (DSC), and the differences in segmentation
accuracies among different models were also compared. Finally, model 3 was used as a pre-trained model of the heart, and the
model was retrained with data 5. Three groups of experiments (20 cases each time x 5 times, 10 cases each timex 10 times, 5
cases each timex 20 times) were carried out to observe the improvement of the pre-trained model. Results The average DSC
of the test set based on models 1 to 5 was 0.926, 0.932, 0.939, 0.941 and 0.950, respectively. During the retraining of the pre-
trained model of the heart, the model was more stable in the experiment of 20 cases each time X 5 times. Conclusion The

trained model established based on the data from different hospitals has different performances in the automatic segmentation
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of the heart, and the model trained with local hospital data has a higher prediction accuracy. For the model based on non-local

data training, the retraining with local data can effectively improve the accuracy of model prediction, in which the retraining

with 20 cases each time has the optimal performance.
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Fig.1 CT classification network model structure
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Fig.2 Structure of the network model for the automatic segmentation of the heart
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Tab.1 Differences among training models 1, 2 and 4
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Tab.2 Accuracies of different training models for the

automatic segmentation of the heart
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Fig.3 Heart contours automatically segmented by different models

and manually sketched by doctors
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Fig.4 Adaptive improvement of the heart automatic segmentation

model in the First Affiliated Hospital of Zhengzhou University
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