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[1] Z. Zhou et al., Model Genesis, MedIA 2021
[2] L. Chen et al., Self-supervised learning for medical image analysis using image context restoration, MedIA 2019 5
[3] K. He et al., Masked autoencoders are scalable vision learners, CVPR 2022
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[1] H. Zhang et al, Mixup: Beyond Empirical Risk Minimization, ICLR 2018
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G. Wang et al., MIS-FM: 3D Medical Image Segmentation using Foundation Models Pretrained on a Large-Scale Unannotated Dataset, arxiv 2023 https://arxiv.org/pdf/2306.16925.pdf
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G. Wang et al., MIS-FM: 3D Medical Image Segmentation using Foundation Models Pretrained on a Large-Scale Unannotated Dataset, arxiv 2023 https://arxiv.org/pdf/2306.16925.pdf
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[1] Z. Zhou et al., Model Genesis, MedIA 2021

[2] Y. Tang et al., Self-Supervised Pre-Training of Swin Transformers for 3D Medical Image Analysis, CVPR 2022

[3]J. Liu et al., CLIP-driven universal model for organ segmentation and tumor detection, ICCV 2023

[4] Z. Huang et al., STU-Net : Scalable and transferable medical image segmentation models empowered by large-scale supervised pre-training, arxiv 2023 9
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Body part Name Pathology Cases
Head-Neck  Head-Neck-PET-CT Head and neck cancer 298 A )
OPC-Radiomics Oropharynx cancer 606
HNSCC Head and neck cancer 627
QIN-HeadNeck Head and neck cancer 279
TCGA-HNSC Head and neck cancer 227
Chest LUNA Lung nodule 888
PData-1k TCIA Covid19 Covid19 753 ) PData-10k
(EER—2343) LIDC-IDRI Lung nodule / cancer 1,018 > PData-110k
Abdomen FLARE22 Abdominal lesions 2,300
AbdomenCT-1K Abdominal lesions 1,112
ACRIN 6664 Colon cancer 825
Whole body TotalSegmentator Various pathologies 1,204
J
Chest @ Lung diseases 103k y

GitHub: https://github.com/openmedlab/MIS-FM
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G. Wang et al., MIS-FM: 3D Medical Image Segmentation using Foundation Models Pretrained on a Large-Scale Unannotated Dataset, arxiv 2023 https://arxiv.org/pdf/2306.16925.pdf
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Method Lhee (%)

N bsophagus Heart Irachea Aorta Average
fiy)l|4x: PData-1k Scratch ?1_ﬂ%ilg1_ ) 355 31T6. : : .
*E ;_—:Flg: 3D UNet Patch Swapping [1] 72.914+9.04 91.884+5.27 B8731+6.45 B9.6447.60 56.184+4.05

o Az . Model Genesis [2] 70.98+8.29 92784313 B787+6.28 B9.6447.74 86.814+4.00
_Fl}j? 'fijj . SegTHOR MIM [3] 76294591 01.854+2.82 87524543 92194 298 B6.974+3.50

Volume Fusion

77.61+7.82 93.72+2.28 88.21+4.18 93.67+1.68 88.30+2.93

Ground Truth Scratch Patch Swapping Model Genesis MIM Volume Fusion

[1] L. Chen et al., Self-supervised learning for medical image analysis using image context restoration, MedIA 2019

[2] Z. Zhou et al., Model Genesis, MedIA 2021
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[3] Z. Chen et al., Masked Image Modeling Advances 3D Medical Image Analysis., IEEE WCACV 2023
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TS LTEpEEE S E] (MICCAI 2015 Head-Neck)

Method Brain stem  Optic chiasm  Mandible Optic nerves  Parotid Glands ~ SM glands Average
Dice (%) nnlU-Net [2] 859.27+242 574742424 90.12+5.84  F2.504+7.85 87.53+3.43 fH06+12.58 TR.6HE5.42
TransUNet [34] 75524558 419241599 92.28+1.45 5361691 76.70+6.85 69.80+8.27 69.10+3.08
nnFormer [37] 80.02+3.53  52.72+14.70 87.96+2.27 57.3447.72 75.31+7.24 68.25+5.53 70.27+4.19
UNETR++ [33] | 87.26+2.13 60.44+22.49 93.99+1.30 75.19+ 5.85 84.61+3.89 80.744+ 453  80.374+3.94
PCT-Net 59.25+1.86  HB.09L18.59 94.17+1.66 7704144584 87.44+3.37 52.49+4 .55 51.41+3.67
PCT-Net + VF 90.24+1.78 62.931+20.73 04.85+1.36 78.11+4.04 87.07=3.69 83.25+3.90 8§2.74+3.95

Ground Truth

nnU-Net

TransUNet

nnFormer

UNETR++

PCT-Net

PCT-Net + VF

15



SEIRER . 4) AREREECTERFS

o)

PRI

FFES: K. EEEREDE

SegTHOR
Method Dice (%)
Esophagus Heart Trachea Aorta Average

nnU-Net [2] B0.154+7.85 93.054+2.59 87.3345.84 93.784+1.67  BR57+3.84

TransUNet [34] | 75.66+9.36 B5.27+16.18 89.3744.26 91.524297  B5.4647.20

nnFormer [37] 78.00+6.86 92.474+2.06 B4.874+10.10  90.07+4.89  Ba.3543.78

UNETR++ [33] | 762441043  92.004+4.79 88.614+4.49 92484 232  B7.3343.67

PCT-Net B2.08+6.19 BEAY+11.18  BB.11+44.43 91.654+3.67  B7.58+4.39

PCT-Net + VF 83.454+4.78 91.664+7.14 89.264+4.47 93.884+1.79  89.56-+2.81

Syn a pse Ground Truth nnU-Net PCT-Net PCT-Net + VF
Method Spleen R Kidney L Kidney Gallbladder  Pancreas Liver Stomach Aorta Average
nnl-Net [2] 94.00+4.26 9189772 93304417 VRI1V+1848 83.27+3.98 94.33+3.89  F930+19.89 8926+3.38 B/Y94+5.26
TransUNet [34] | 92.00+£7.15 92.48+4.11 92304477 742141231 7218+16.12 94734411 75.72+1554  90.674+4.16  85.5445.40
nnFormer [37] 92.2545.83 92.86+2.11 93.844+145 735641448  72.02+6.22 95.31+1.28  B80.77+10.29 90471354  86.39+2.81
UNETR++ [33] | 89.26+15.54 93.40+1.61 93194231 7096+ 28.24 7470+£12.14 95764+ 0.68  82.79+15.22 88.79+4.82 86.11+6.55
PCT-Net 91361377 95211546 90781979  80.9419.91 79.1349.86 96.63£7.04 792512333 90.48+511 879714522
PCT-Net + VF 91.38+£1297 95.31+0.55 92.17+8.00 80.79+13.58  83.2443.97 96.70£6.30  82.46+1599 90.86+4.10 89.11+4.43
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LSRR 4) BESTE

TiFES . MRIEGFEERISE]

ISZF2EE (T2-MRI) RIZIER (T2-MRI) £ ILZE (LGE-MRI)

CHAOS NCI_ISBI13 .
Method Liver R Kidney L Kidney Spleen Average PZ CG Average Left Atrial
nnU-Net [2] 92484046 91564667 91.76E£3.67 91621470 91.851+3.69 | 78.08+11.18 B6.12+7.28 852.10£7.40 89.80+6.06
TransUNet [34] | 92.74+1.81 93.96+£1.59 90.364+6.08 89.33+3.23 91.60+1.62 | 77.32£11.61 86.10+6.35 81.71£7.47 89.6312.62
nnFormer [37] 91.474+3.59 93.20+£1.79 90.83+£521 90.49+3.83 91.50+3.60 | 74.64+12.50 B81.88+1576 78.26+11.35 | 86.62+5.31
UNETR++ [33] | 91.85+2.18 93.27+£1.20 90.8844.52 91.36+3.78 91.84+1.25 | 76.69£13.04 84.05+1293 80.37+9.15 89.00+4.33
PCT-Net 9455+1.19 9336+1.10 9291+£197 88.95+£7.71 92444189 | 7591+11.73 87.79+4.90 81.85+£6.43 89.94+44.52
PCT-Net + VF 95.08+1.20 94.38+0.94 94.20+1.11 90.39£7.01 93.51£1.96 | 80.30+9.71 86.641+7.87 83.471+6.74 90.93+3.34
0.9
With pretrain
08 Validation

0.7

0.6

0.5

From scratch

Dice

5,000

10k

NCI_ISBI 13

13k 20k
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LiTS
Method Liver Tumor Average
nnU-Net [2] 95.03£2.50 66.45+22.15 80.74+10.93

TransUNet [34] | 94.1243.29  65.174+20.50  79.65+10.27
nnFormer [37] | 92.0243.56 57.054+21.60 74.53+10.45
UNETR++ [33] | 94.614+323  64.81+20.94  79.71410.42
PCT-Net 94.0042.70 71.42419.62 82.7149.72
PCT-Net + VF | 95.1742.36 74.414+13.92 84.79+6.87

nnFormer UNETR++ PCT-Net PCT-Net + VF 18
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