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Abstract Currently, the global pandemic of coronavirus disease 2019 (Covid-19) causes serious health risks. The
coronavirus disease computer tomography (CT) image pneumonia lesion segmentation can provide quantitative in-
formation and greatly help for the diagnosis. Although existing deep learning-based methods have achieved good
performance on coronavirus disease pneumonia lesion segmentation, the performance usually drops a lot while meet-
ing different center datasets, which is especially common in the coronavirus disease global pandemic. Therefore, it is
of great interest to propose an algorithm with better generalization performance for coronavirus disease pneumonia
lesion segmentation. In this paper, we present a novel method to fuse multi-models for improving the generalization
performance of lesion segmentation. Specifically, we train the 3DUnet and the 2DUnet combined with direction field
(2DUnetDF). Then, we fuse 2D and 3D segmentation results to make a better generalization result with the advant-
age of different models. The in-dataset and cross-dataset experiments show that our method can significantly im-
prove the generalization performance and provide effective help for doctors to analyze the CT images of patients in
actual clinical usage.
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Fig.5 Visual comparison of the Covid-19 pneumonia lesions segmentation results by 2DUnet, 3DUnet and our method
on in-dataset and cross-dataset
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# 1 XH150 YIZR7E XH40 Al TJ40 IR Dice 45 R
Table 1  Dice comparison of methods trained on XH150
and test on XH40 and TJ40 datasets

Ji: XH40 TJ40

3DUnet 80.93 77.95

2DUnet 86.94 74.64

3D + 2DUnet (FMM) 87.57 81.90
3D + 2DUnetDF (FMM) 87.93 82.90

F 2 TI45 IR XT40 A1 TI40 MR Dice 453
Table 2 Dice comparison of methods trained on TJ145
and test on XH40 and TJ40 datasets

Ty XH40 TJ40

3DUnet 70.17 79.81

2DUnet 78.25 87.08

3D + 2DUnet (FMM) 80.93 87.52
3D + 2DUnetDF (FMM) 82.43 87.62

£ 3 AFEFHAEFEIEENKE Hausdorffos 455
Table 3 In-dataset evaluation of different methods
for Hausdorff95

Method XH40 TJ40

3DUnet 4.03 5.59

2DUnet 2.73 4.17

3D + 2DUnet (FMM) 2.74 4.19

3D + 2DUnetDF (FMM) 2.72 4.24
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Fig.6 FMM obtains better lesion boundary
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Table 4  Cross-dataset evaluation of different methods TJ40 Mk Dice FX%T L 45 5

for Hausdorff95

Ji: XH40 TJ40

3DUnet 5.39 5.69

2DUnet 3.46 4.68

3D + 2DUnet (FMM) 3.38 4.48
3D + 2DUnetDF (FMM) 3.23 4.46
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Table 6  Dice comparison of methods trained on TJ145
test on XH40 and TJ40 datasets with

different fusion methods

Jiik XH40 TJ40

3DUnet 70.17 79.81
3DUnet-Voting 73.88 80.54
2DUnet 78.25 87.08
2DUnet-Voting 80.94 87.16

3D + 2DUnet (FMM) 80.93 87.52
Multi3D2DUnet-Voting 82.51 86.73
Multi3D2DUnet-Voting (FMM) 85.48 87.48
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Table 5 Dice comparison of methods trained on XH150 Table 7 Ablation studies for Dice trained on XH150
test on XH40 and TJ40 datasets with test on XH40 and TJ40 datasets
different fusion methods Hik XHA40 TJ40
Tk XH40 TJ40 3DUnet 80.93 77.95
3DUnet 80.93 77.95 2DUnet 86.94 74.64
3DUnet-Voting 81.55 79.10 2DUnetDF 87.83 76.84
2DUnet 86.94 74.64 3D + 2DUnet (FMM) 87.57 81.90
2DUnet-Voting 86.81 72.49 3D + 2DUnetDF (FMM) 87.93 82.90
3D + 2DUne (FMM) 87.57 81.90
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Table 8 Ablation studies for Dice trained on TJ145 test

on XH40 and TJ40 datasets

Ji: XH40 TJ40

3DUnet 70.17 79.81

2DUnet 78.25 87.08
2DUnetDF 80.52 87.57

3D + 2DUnet (FMM) 80.93 87.52
3D + 2DUnetDF (FMM) 82.43 87.62
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Fig.7 Visualization of the ablation result by different methods to analyze contribution of the direction

field and fusion method
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