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Medical image segmentation using improved Unet combined with dynamic threshold changed
FCMSPCNN
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Abstract: Aiming at the long training time and low precision of medical image segmentation model based on deep learning, a
segmentation method combining the multi-scale context encoding and decoding structure of dynamic threshold changed
FCMSPCNN with context attention Unet (CoA Unet) is proposed. Dynamic threshold changed FCMSPCNN is used to pre-
segment the target rectangle and mask the background. The deeper convolution block with shortcut connection integrates
features at different levels, and highlights the learning of target features through the attention gate. Furthermore, an improved
multi-scale context extractor is added to the bottom layer of the codec to better extract target feature information. The model
is verified on LiTs and DRIVE datasets, respectively. The Miou, Aver HD and Aver Dice of the proposed method are 0.890 5,
6.3699, 0.947 7 for liver segmentation, and 0.5892, 9.2559, 0.7409 for retinal vascular segmentation. The experiment reveals
that the preprocessing can shorten the training time by 4.30%-20.33% and improve the segmentation accuracy by 2%-6%.
Compared with other 5 segmentation methods, CoA Unet can achieve better overall segmentation performance.
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Figure 1 Flowchart of segmentation algorithm
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Figure 5 Context extractor module
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Figure 7 Data set image examples
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Table 1 Focal Tversky Loss parameter setting

B,y Miou Aver HD Aver Dice Aver Acc Aver Sens Aver Spec

0.1,0.1,1 0.5185 9.5847 0.6635 0.9325 0.7507 0.9512

0.1,0.1,2 0.5293 9.469 3 0.6741 0.9338 0.7669 0.9510

0.1,0.1,3 0.5360 9.0079 0.6732 0.9444 0.6511 0.9737

0.7,0.3,4/3  0.5324 9.5144 0.676 8 0.9332 0.778 8 0.9490

0.7,0.3,4 0.5310 9.4838 0.6757 0.9325 0.7855 0.9476

0.7,0.3,3 0.5389 9.4365 0.682 1 0.9475 0.5836 0.9836

0.1,0.3,3 0.5357 8.7858 0.6722 0.9475 0.6214 0.980 1

0.3,0.7,3 0.5565 8.7662 0.7043 0.9537 0.6759 0.9820

0.6,0.4,3 0.5892 9.2559 0.7409 0.9456 0.8871 0.9516

0.5,0.5,3 0.5363 9.2473 0.6790 0.9377 0.748 8 0.9570
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Table 2 Performance comparison among loss functions
JFIE A3 R 5256 UL PO I 8 S
K PRIAL
Miou  Aver HD Aver Dice Miou  Aver HD Aver Dice

BCE 0.8905 6.3699 0.9477 0.5425 9.4081 0.6852
DiceLoss 0.8313 6.9137 0.9300 0.5389 9.4365 0.682 1
Focal Tversky Loss  0.8793 6.7600 0.9356 0.5892 9.2559 0.7409
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Table 3 Comparison of evaluation indexes of liver segmentation

(-R7S DTC-FCMSPCNN Fii&h # Miou Aver HD  Aver Dice sf [
Unet-++ £ 0.8624 6.9524 0.9253 272 min 35 s
i 0.8479 7.0230 0.9170 291 min 1 s
Unet3+ & 0.8706 6.8676 0.9304 518 min35s
?5 0.8653 7.1045 0.9273 575 min 50 s
R2U-Net 2 0.8685 6.6759 0.9291 380 min 10's
& 0.5369  10.3186 0.6813 477 min 2 s
Attention-Unet I 0.7618 9.0318 0.8623 289 min 44 s
éf 0.8113 7.1177 0.8957 302 min 3 s
CE-Net 2 0.8430 5.6288 0.9417  237min26s
7 0.7915 6.1985 0.9325 250 min 12 s
ARSI = 0.8905 6.3699 0.9477 246 min 5 s
e 0.8903 6.6616 0.9414 265 min35s
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Figure 8 Segmentation results obtained by different models
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Table 4 Comparison of evaluation indexes of retinal vascular segmentation

Bk Miou Aver HD Aver Dice Aver Acc Aver Sens Aver Spec
Unet++ 0.5360 9.0079 0.6732 0.9444 0.6511 0.9737
Unet3+ 0.4926 9.086 1 0.6345 0.944 4 0.5657 0.9812
R2U-Net 0.5494 9.0063 0.6905 0.9409 0.7372 0.9615

Attention-Unet  0.5374 93547 0.6807 0.9382 0.7357 0.9587
CE-Net 0.5207 9.5485 0.6683 0.9315 0.7716 0.9478
ARSI 0.5892 9.2559 0.7409 0.9456 0.887 1 0.9516
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