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Fully Automatic Heart Segmentation Model Analysis Using Residual
Multi-Dilated Recurrent Convolutional U-Net

Sang Heon Lim® - Myung Suk Lee'

ABSTRACT

In this paper, we proposed that a fully automatic multi-class whole heart segmentation algorithm using deep learning. The proposed
method is based on U-Net architecture which consist of recurrent convolutional block, residual multi-dilated convolutional block. The
evaluation was accomplished by comparing automated analysis results of the test dataset to the manual assessment. We obtained the
average DSC of 96.88%, precision of 95.60%, and recall of 97.00% with CT images. We were able to observe and analyze after visualizing
segmented images using three-dimensional volume rendering method. Our experiment results show that proposed method effectively

performed to segment in various heart structures. We expected that our method can help doctors and radiologist to make image reading
and clinical decision.
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Fig. 1. Example of Improving Visibility using Image Processing
in Liver Ultrasound(US) Image, (a) Original Liver US Image,
(b) Liver US Image after Image Processing
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Fig. 2. Flowchart of Machine Learning for Medical
Image Classification
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Table 1. Performance Comparison Experiment Result

Model DSC Precision Recall
Simple U-Net 95.70% 94.90% 96.53%
U-Net+RC 96.44% 95.20% 96.63%
U-Net+RMDC 96.53% 94.80% 96.83%
U-Net+RC+RMDC 96.88% 95.60% 97.00%

*RC, recurrent convolutional block;
*RMDC, residual multi-dilated convolutional block

Table 2. Segmentation Results of the Heart Substructure

Class DSC Precision Recall
Left Ventricle 97.30% 94.20% 97.50%
Right Ventricle 94.90% 95.07% 94.73%
Left Atrium 97.50% 96.34% 97.46%
Right Atrium 95.10% 90.80% 96.90%
Left Myocardium 96.04% 93.85% 96.14%
Ascending Aort 98.40% 96.73% 98.80%
Pulmonary Artery 93.36% 91.70% 93.36%
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