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Liver segmentation algorithm based on conditional parametric attention network
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Abstract: In view of the low contrast, fuzzy boundary and poor segmentation results in the existing liver CT image
segmentation algorithms, a conditional parametric attention network (CPat-Net) is presented. The method uses conditional
parametric convolution to replace the conventional convolution in the residual network, and integrates the fused conditional
residual convolution module into the encoder for improving model capacity and maintaining efficient computation. Then the
spatial and channel attention mechanisms in the CPat module are used to obtain the semantic and detail information of the
feature map, so as to better combine the local features with their global dependencies, and finally depth supervision is
adopted to fuse multi-scale semantic information for improving the segmentation performance and robustness. The
experiment reveals that the method has a Dice similarity cofficient, intersection over union and Jaccrad coefficient of 94.1%,
90.3% and 92.4% on the liver CT image data set. Compared with the advanced methods such as UNet, CENet and CSNet, the
proposed method has a higher accuracy in liver segmentation.
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Figure 1 CPat—Net structure

CONV3x1
CONV3x3+BN+RELU
CONV1x3
N .
S sigmoid AN
HIA >
. CONV3x3+BN+RELU Convix1l e

BIEFEER

—,‘_._,

Global pooling

&
' TEAR
‘ Sigmoid &R £k

Sigmoid IBIENER

E2 CPatERLEHIE

Figure 2 CPat module structure
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Figure 3 Convolutional block of conditional residuals
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Figure 5 Liver CT image and segmentation criteria
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Figure 6 Liver segmentation experiment results
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Figure 7 Tumor segmentation experiment results
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