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Abstract To solve the problem of serious imbalance between the foreground and background in medical
images and small objects segmentation, we propose an attention network based on Gaussian image pyramid
to fuse spatial information and abstract information in the feature decoding stage. In addition, a feature
recaller is designed to force the encoder to avoid missing features of the region of interest. Finally, a hybrid

loss function composed of classification accuracy and global overlapping terms is employed to deal with
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the serious imbalance between the foreground and background. The proposed method was validated on a knee

articular cartilage dataset and the COVOID-19 chest CT dataset where the foreground proportions are 2.08%
and 10.73%, respectively. The proposed method achieves the highest Dice coefficients on both datasets as
compared with U-Net and its state-of-the-art variants, which are 0.884 £0.032 and 0.83140.072, respectively.

Keywords medical image segmentation; Gaussian image pyramid; attention network; feature recaller; hybrid
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Fig. 1 The proposed U-Net based on the attention and feature recall
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Fig. 2 Image pyramid attention structure
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Table 1 Segmentation performance on the knee cartilage dataset

i Tversky ZHIT- 16 K 1 DSC itiEs EEIEES
U-Net+ DL a=p=0.5 0.762+0.071 0.773+0.092 0.76140.084
U-Net+TL a=0.3,5=0.7 0.783+0.064 0.783+0.085 0.82140.061
U-Net+TL a=0.3,5=0.7 0.736+0.068 0.803+0.087 0.714+0.064
U-Net+TCF a=0.3,5=0.7 0.795+0.063 0.794+0.079 0.828+0.049
U-Net+Gau ATTn+DL a=p=05 0.806%0.065 0.839+0.072 0.82740.061
U-Net+Gau_ATTn+Re+DL a=p=05 0.81540.059 0.8284+0.067 0.857+0.059
U-Net+Gau_ATTn+Re+TL a=0.6,4=0.4 0.822+0.062 0.839+0.063 0.83940.057
U-Net+Gau_ATTn+Re+TFL a=0.6,4=0.4 0.831£0.072 0.841+0.069 0.85140.054

ii: DL A Dice #i%: TL 4 Tvershy #i%%: TCF 4 Dice #i2k 5 Tvershy R IR &Hi%%: DSC Jy Dice AR E. TR%E 3
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Table 2 Performance comparison of U-Net and its different variants on the knee cartilage dataset

WiRis DSC Jaccard ML R %L TS TR P S (mm)
U-Net'® 0.789+0.045 0.698+0.056 1.39+0.44
UNet+ +11% 0.833+0.038 0.741£0.047 0.4940.37
Focal-Tversky-UNet"”! 0.861+0.037 0.778+0.041 0.254+0.29
AILTE 0.884+0.032 0.8010.043 0.17+0.31
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Fig. 3 The precision and recall performance on cartilage test data among different methods
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Fig. 4 Comparison of cartilage segmentation among different methods
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Table 3 Segmentation performance on the COVID-19 chest dataset

Ji ik Tversky ZHU1-F 17 K1 DSC A0 ElEEs

U-Net+DL a=[£=0.5 0.762+0.071 0.773+0.092 0.7614+0.084
U-Net+TL a=0.3,=0.7 0.7834+0.064 0.78340.085 0.82140.061
U-Net+TL a=0.3,=0.7 0.736+0.068 0.80340.087 0.71440.064
U-Net+TCF a=0.3,=0.7 0.795+0.063 0.794+0.079 0.8284+0.049
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Fig. 5 Comparison of ground glass opacity segmentation on COVID-19 chest CT with different methods
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