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Research on medical image segmentation based on convolutional neural network
with integrated attention mechanism

WANG Bingliang, SUN Fengjie, YUAN Zhen

(Optimization and Analysis Product R&D Department, Inspur Communication Information System Co. , Ltd. , Jinan 250000, China)

Abstract; Deep convolutional neural networks are widely used for medical image segmentation and achieve good performance. This
paper proposes a convolutional neural network based on the integrated attention mechanism for medical image segmentation tasks to
improve the segmentation performance. By comparing with some popular deep learning segmentation methods, the experimental
results show that the method proposed in this paper is competitive in classification performance. The Dice and /loU scores on the
ISIC2018 dataset are 89.72% and 82.93%, and on the CVC-ClinicDB dataset are 89. 86% and 82.05%, respectively.
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Fig. 1 Integrated attention convolutional neural network model structure
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Fig. 2 Scale feature attention model
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Table 1 Quantitative comparison of ISIC 2018 dataset segmentation

results with other models %

A Dice loU Precision  Sensitivity
U—-Net 87.92 80. 52 87.49 88. 35
Att—UNet 88.01 80. 82 87. 64 89. 34
ResUNet 88. 42 81.25 88.57 89.28
Swin—UNet 88.73 81.96 89. 24 89. 87
UNeXt 86. 19 78.36 88. 35 89. 65
AR SRR 89.72 82.93 90. 52 90. 81

%2 CVC-ClinicDB iE&EH B ER S MR HNERILE
Table 2  Quantitative comparison of CVC - ClinicDB dataset

segmentation results with other models %

BT Dice IoU Precision  Sensitivity
U-Net 87.61 80.25 89.46 87. 65
Att—UNet 88.32 81.13 89.23 88.50
ResUNet 88.12 80. 82 88.32 87.43
Swin—UNet 88. 64 81.03 88.97 89.72
UNeXt 88.83 81.74 89.21 90. 21
AR 89.86 82.05 90.73 91.03

K5 FE 6 s T ISIC2018 ¥4 il CVC -
ClinicDB Bl M 73 HIFTALSE R . 56 1 173808
GRIEME,55 2 17 R om IR AR KR bR 28, 55 3~ 8 1741
#Ze/8 U-Net, Att — UNet, ResUNet, Swin — UNet /I
UNeXt, 7ERLGE b oRA A SCHE 0 5 B 7E A 808
S A7 A R ERUAS T R AR HI M RE

(a) UG FIR

(b ) ¥5%

(¢) U-Net

(d) Au-UNet

(e) Res UNet

(f) Swin—UNet

(g) UNeXt

(h) A=A
5 ISIC2018 HiEERI 5 B E LB
Fig. 5 Comparison of segmented views of ISIC2018 dataset
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Fig. 6 Comparison of segmented views of CVC—ClinicDB dataset
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