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A semi-supervised learning 3D medical image segmentation model
based on collaborative training
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Abstract: In recent years, the application of artificial intelligence in COVID-19 medical image diagnosis has reduced detection costs and
missed detection rates. However, the small number of clinical medical image samples and low label quality have affected the segmentation
performance of 3D models. This article proposes a semi supervised learning 3D medical image segmentation model based on collaborative
training, which uses spatial flipping and window techniques to generate multi view and multimodal images, enhancing the spatial
differences of 3D image samples; Adopting a virtual label generation module based on weighted uncertainty to generate reliable virtual
labels for unlabeled data and reduce overfitting; Adopting a three—stage three—dimensional six model collaborative training to enhance
segmentation accuracy and generalization performance. In addition, this article visualizes the feature attention heatmaps of each stage of
collaborative training, providing effective references for clinical diagnosis. Experiments were carried out on 771 NIFTI format 3D COVID
—19 CT images of 661 COVID-19 patients. The five fold cross validation results showed that the Dice coefficient of this model was 73.
30%, the average surface distance (ASD) was 10.633, the sensitivity was 0.630, and the specificity was 0.996. Compared with various
typical semi supervised learning 3D segmentation models, this model has better segmentation accuracy and generalization performance.
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Fig. 1 Architecture of CTHS model based on semi—supervised learning with collaborative training
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Table 1 Pseudo—code of CTHS model based on semi—supervised learning with collaborative training
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Fig. 3 Intensity distribution histogram of CT image

23 HELXIR

A SCRHHER 2 (Accuracy) \Dice REL FI#R
MR 2 (ASD) ., R #{ & ( Sensitivity ) Al 5 5 JiF
( Specificity ) £ b % &1 B PEA FE 45

1) Z RS EEE B =0 2 E 1 R Y
Al

AT 4y 0 A 0 7 B O o
(R&N) IR 2= [ AL AN AR (F&W) 7 XA i
ZA RS EUREER , 43 3R FH TChR 88005 5 L
K 25%FN 50% PRI ZRER | #1552 8 5k A=
TR, 7E 3D U—Net F1 V—Net P54~ FERIFE R | 1Y

(a) 3D U-Net/R&N (b) 3D U-Net/F&W

ST FIEERILER 2, %P o B R E 4 s, o
Bra% 2 WAL, T 25% Johr 2806 5 LU s o0 T, i
F&W J5 XA M AEASEAE , L V-Net S JERlAR A 3
G5 R EA R Dice 505 f/MY ASD; 518 H
R&N J5 A= i 1) Z2 B 80l AT I M T, 2 T
F&W J5 A ) 2B B 4TI 25T, 3D U—Net
Fi Dice Z2E0IE N T 6.13%, ASD 18 /b 17 9.65%,
Sensitivity B/ T 6.29% , 7E{# ] V-Net # I Dice
REIEINT 13.99% ,ASD I8V T 34.19% , Sensitivity
BT 6.06% ., Ui 25% Joby 2 8048 i o i 36 F
F&W B4 A5 7 28 V—Net A58 BA fcb- /3 B BE

25%

50%

(¢) V-Net/ R&N (d) V-Net/ F&W

4 FERABREERFTXSRNER

Fig. 4 Comparison of performance for different label generation methods
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Table 2 Comparison of evaluation parameters for different label generation methods

LAY ik TohR% 5 L Accuracy T Dice T ASD/mm | Sensitivity T Specificity 1

R&N 25% 0.995+0.002  0.636 9+0.10 20.551 3+10.94 0.572 2+0.06  0.996+0.002

3D U-N 50% 0.998+0.002  0.645 4+0.12 21.835 6+15.81 0.573 0+0.09  0.995+0.002
—Net

F&W 25% 0.998+0.002  0.674 8+0.08 18.568 1+10.08 0.608 2+0.11  0.997+0.002

50% 0.998+0.002  0.660 1+0.13 18.363 1+11.02 0.595 2+0.05  0.991+0.002

R&N 25% 0.988+0.010  0.642 8+0.13 16.141 6+10.41 0.593 7+0.07  0.996+0.002

VAN 50% 0.996+£0.002  0.687 2+0.10  14.193 1+£5.39 0.620 1+0.10  0.998+0.001

—Net
FEW 25% 0.998+0.002  0.733 1£0.07 10.633 2+5.88 0.630 0+£0.07  0.996+0.016
50% 0.996+£0.002  0.751 3£0.08 9.283 7+x4.16  0.692 2+0.09  0.998+0.002
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Fig. 5 Comparison of segmentation for different virtual label generation
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Table 3 Comparison of evaluation indicators for different virtual label generation

Y Wikes ToAR% & It Accuracy 1 Dice T ASD (mm) | Sensitivity T Specificity T
G 25% 0.998+0.002 0.612 6+0.102  20.883 2+10.783  0.604 8+0.065 0.996+0.001
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50% 0.996:+0.002 0.751 3+0.079  9.283 7+4.160  0.692 3=0.098 0.998+0.002
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Table 4 Comparison of performance indicators for various baseline models

ki Tokr%s 5 e Accuracy 1 Dice 1 ASD (mm) | Sensitivity T Specificity 1
UA-MT 25% 0.998+0.002 0.688 2+0.084 9.878 5+7.334 0.631 9+0.058 0.997+0.002
50% 0.998+0.002 0.692 7+0.092 9.085 8+6.093 0.637 2+0.108 0.998+0.002
UMCT 25% 0.998+0.002 0.708 5+£0.088 14.810 0+£11.968  0.617 6+0.107 0.997+0.002
50% 0.996+0.001 0.711 2+0.082 14.976 0+14.256  0.638 0+£0.056 0.997+0.001
DCT-Seg 25% 0.999+0.002 0.719 6+0.097 11.203 4+5.897 0.712 6+0.049 0.995+0.002
50% 0.998+0.002 0.722 6+0.090 10.633 2+5.885 0.701 1+0.110 0.996+0.002
CTHS 25% 0.998+0.002 0.733 1+0.070 10.633 2+5.885 0.630 0+0.067 0.996+0.002
50% 0.996+0.002 0.751 3+0.079 9.283 7+4.160 0.692 3+0.099 0.998+0.002
. ASD ASD
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Fig. 6 Comparison of segmentation indicators on training datasets for various typical models
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Fig. 7 Dice and Loss on 5-Fold Cross—validation for 50 % No-label generation methods
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Fig. 8 ROI attention of each stage for 3 stages
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