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Abstract Accurate segmentation of COVID-19 pneumonia lesions on chest CT images can facilitate the
diagnosis of pneumonia. The CT image finds of which contained the ground-glass opacity, consolidation,
pleural effusion, etc. This study proposed a deep neural network RCB-UNet+ + for the segmentation of

COVID-19 pneumonia lesions in CT images, which exhibit large variations in texture, size and location. The
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model was built on top of the UNet+ + network with an extra residual module and an attention module.

This architecture is able to effectively extract low-level texture features and high-level semantic information,

thus improving the model performance. The RCB-UNet+ + model was trained on 45 samples and tested by

another 50 cases. Finally, it achieved a Dice coefficient of 0.715, a sensitivity and specificity of 0.754 and

0.952, outperforming other designed models on the same dataset. The results demonstrate that the proposed

algorithm improves the segmentation performance and has potential in fully automatic segmentation of

COVID-19 pneumonia lesions on CT images.
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Fig.1 The flowchart of the proposed model
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Fig. 2 Curves of the Loss and IOU with training epochs on the training and test sets
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Table 1 The comparison of the performance with other deep learning models on the test sets
fEETY Dice &% U R S, ES" MAE
U-Net!'¥)# 0.439 0.534 0.858 0.622 0.625 0.186
Attention-UNet! 0.583 0.637 0.921 0.744 0.739 0.112
Gated-UNet!! 0.623 0.658 0.926 0.725 0.814 0.102
Dense-UNet!!' 8 0.515 0.594 0.840 0.655 0.662 0.184
U-Net+ + 0.581 0.672 0.902 0.722 0.720 0.120
Inf-Net!”? 0.682 0.692 0.943 0.781 0.838 0.082
N it 0.715 0.754 0.952 0.769 0.884 0.073
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