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Selective Feature Fusion for 3D CT Image Segmentation of Renal Cancer Based on Edge
Enhancement

WANG Tao' .BAI Xuefei' and WANG Wenjian®"*

1 School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China

2 Key Laboratory of Computational Intelligence and Chinese Information Processing(Shanxi University) , Ministry of Education, Taiyuan 030006,
China

3 Department of Network Security,Shanxi Police College, Taiyuan 030401, China

Abstract Aiming at the problems of multi-scale lesion areas,sparse edge pixels,low contrast,as well as complex and irregular
tumor shape in 3D CT images of renal cancer,this paper proposes a selective feature fusion 3D CT image segmentation network
based on edge enhancement(EE-SFF U-Net). EE-SFF U-Net adopts the symmetric encoder-decoder network architecture based
on U-Net,and the encoding path contains an edge enhancement module for strengthening edge information, which can effectively
mine and utilize shallow feature information to alleviate the sparsity problem of edge pixels and avoid missing detection of small
targets. In addition, in the skip connections of the network,a selective feature fusion module is designed to make the deep and
shallow features complement each other and realize the effective aggregation of different information. Finally.a hybrid loss func-
tion with Generalized Dice Loss and Focal Loss is proposed. The dynamic weight adjustment strategy is used to realize the opti-
mal training of the loss function,and to improve the influence of multi-scale lesions and irregular tumor shape and size. The pro-
posed method not only ensures the accuracy of the overall localization of the lesion area,but also strengthens the mining and utili-
zation of small target feature information,so as to improve the accuracy and robustness of segmentation. The experimental results
on KiTS19 public dataset show that the proposed method performs well in various indexes and significantly improves the segmen-
tation performance compared with other segmentation algorithms.

Keywords 3D CT segmentation of renal cancer,Edge enhancement, Selective feature fusion,3D U-Net, Deep learning
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Fig.5 Visualization of segmentation results of different algorithms
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Table 1 Kidney segmentation performance of different algorithms on
KiTS19 dataset

Methods Dice 10U HD95/mm
3D U-Net 0.9218 0.8584 11.7757
UNETR 0.9212 0.8572 18.9129
U-Net++ 0.9352 0.8802 21.4158
Attention U-Net 0.9392 0.8873 27.7096
SegResNet 0.9372 0.8834 10.4917
EE-SFF U-Net 0.9445 0.8855 8.1827
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Table 2 Tumor segmentation performance of different algorithms on

KiTS19 dataset

Methods Dice 10U HD95/mm

3D U-Net 0.5514 0.4331 117.4663
UNETR 0.4773 0.3702 129.7753
U-Net+ 0.6236 0.5065 69.9455
Attention U-Net 0.6519 0.5370 66. 8486
SegResNet 0.6024 0.4954 109. 1184
EE-SFF U-Net 0.6733 0.5401 64.5423
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Table 3 Evaluation index results of ablation experiment
Methods Kidney Dice Tumor Dice Composite Dice
3D U-Net 0.9294 0.5577 0.7436
3D U-Net+EEM 0.9429 0.6482 0.7956
3D U-Net+ EEM+ SFFM 0.9445 0.6634 0.8040
3D U-Net+EEM-+SFFM+Loss  0.9416 0.6733 0.8075
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Table 4 Complexity analysis of different algorithms

Methods FLOPs Parameters
3D U-Net 176. 39 107 35.21 X108
UNETR 6.88>107 92.62 X108
U-Net+ + 133.61 <107 6.98 X108
Attention U-Net 14. 65> 107 5.91 X106
SegResNet 3.66>107 1.17 X106
EE-SFF U-Net 197.47 X107 36.17 <106
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Visualization of ablation experiment results
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