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Automatic liver tumor segmentation based on cascaded 3D convolutional neural network
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1. School of Science, Nanjing University of Science and Technology, Nanjing 210094, China; 2. Department of Mathematics, Nanjing
University, Nanjing 210094, China

Abstract: Objective To propose a cascade convolutional neural network for full-automatic liver tumor segmentation in CT image
according to the specificity of liver tumor CT image, difficulty of liver tumor segmentation and the idea of residual network.
Methods Firstly, CT data were preprocessed based on clinical information, thus reducing interferences. Then a coarse liver
segmentation network was used for liver segmentation, and according to the location of segmentation results, the liver was selected
as the region of interest. Finally, the tumor was segmented accurately in the region of interest. Results A fast segmentation of liver
tumor was realized by cascaded network segmentation which effectively reduced computational time and avoided interferences
from other tissues. The proposed method was tested on the dataset of MICCAI 2017 liver tumor segmentation challenge (LiTS)
and achieved an average Dice score of 0.663, which verified its effectiveness in the segmentation of liver tumor. Conclusion The
full-automatic liver tumor segmentation in CT image based on cascaded convolutional neural network can be used to realize fast
tumor segmentation. More cases will be included and tumor classification will be conducted in later studies, so as to further improve
the model.
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Fig.1 Network module
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Tab.1 Structural parameters of liver segmentation network
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Tab.2 Structural parameters of liver tumor segmentation network
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Tab.3 Comparison of tumor segmentation results
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Fig.2 Comparison of tumor segmentation images

(5% 30Hik])

[1] FERLAY J, SOERJOMATARAM I, DIKSHIT R, et al. Cancer
incidence and mortality worldwide: sources, methods and major
patterns in GLOBOCAN 2012[J]. Int J Cancer, 2015, 136(5): E359-
E386.

[2] ANTER A M, AZAR A T, HASSANIEN A E, et al. Automatic
computer aided segmentation for liver and hepatic lesions using hybrid
segmentations techniques [C]//2013 Federated Conference on
Computer Science and Information Systems (FedCSIS), IEEE, 2013:
193-198.

[3] MOGHBEL M, MASHOHOR S, MAHMUD R, et al. Automatic liver
tumor segmentation on computed tomography for patient treatment
planning and monitoring[ J]. Excli Journal, 2016, 15: 406-423.

[4] LIBN, CHUI C K, CHANG S, et al. A new unified level set method
for semi-automatic liver tumor segmentation on contrast-enhanced CT
images[ J]. Expert Sys Appl, 2012, 39(10): 9661-9668.

[5] WUW, WU S, ZHOU Z, et al. 3D liver tumor segmentation in CT
images using improved fuzzy c-means and graph cuts[J]. Biomed Res
Int, 2017, 2017: 5207685.

[6] CHLEBUS G, SCHENK A, MOLTZ J H, et al. Deep learning based
automatic liver tumor segmentation in CT with shape-based post-
processing[ C . MIDL 2018 Conference, 2018.

[7] CHLEBUS G, SCHENK A, MOLTZ ] H, et al. Automatic liver tumor
segmentation in CT with fully convolutional neural networks and
object-based postprocessing[ J]. Sci Rep, 2018, 8(1): 15497.

[8] CHRIST P F, ETTLINGER F, GRUN F, et al. Automatic liver and
tumor segmentation of CT and MRI volumes using cascaded fully
convolutional neural networks [J]. Comput Sci, 2017, arXiv:
1702.05970.

[9] SUN C, GUO S, ZHANG H, et al. Automatic segmentation of liver
tumors from multiphase contrast-enhanced CT images based on FCNs
[J]. Artif Intell Med, 2017, 83: 58-66.

[10] LI X, CHEN H, QI X, et al. H-DenseUNet: hybrid densely connected
UNet for liver and tumor segmentation from CT volumes[J]. IEEE
Trans Med Imaging, 2018, 37(12): 2663-2674.

[11] BAAZAOUI A, BARHOUMI W, AHMED A, et al. Semi-automated
segmentation of single and multiple tumors in liver CT images using
entropy-based fuzzy region growing[ J]. IRBM, 2017, 38(2): 98-108.

[12] LONG J, SHELHAMER E, DARRELL T. Fully convolutional
networks for semantic segmentation[C] //Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 2015: 3431-
3440.

[13] RONNEBERGER O, FISCHER P, BROX T. U-net: convolutional
networks for biomedical image segmentation [ C]/International
Conference on Medical Image Computing and Computer-assisted
Intervention. Cham: Springer, 2015: 234-241.

[14] CICEK O, ABDULKADIR A, LIENKAMP S S, et al. 3D U-Net:
learning dense volumetric segmentation from sparse annotation[ C ]//
International Conference on Medical Image Computing and Computer-
Assisted Intervention. Cham: Springer, 2016: 424-432.

[15] YU F, KOLTUN V. Multi-scale context aggregation by dilated
convolutions[ J]. Comput Sci, 2017, arXiv: 1511.07122, 2015.

[16] HE K, ZHANG X, REN S, et al. Deep residual learning for image
recognition| C ]/Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. 2016: 770-778.

[17] LIN G, MILAN A, SHEN C, et al. RefineNet: multi-path refinement
networks for high-resolution semantic segmentation [C J//IEEE
Conference on Computer Vision and Pattern Recognition. IEEE
Computer Society, 2017: 1925-1934.

[18] LI W, WANG G, FIDON L, et al. On the compactness, efficiency, and
representation of 3D convolutional networks: brain parcellation as a
pretext task [ C |//International Conference on Information Processing
in Medical Imaging. Cham: Springer, 2017: 348-360.

[19] BIL, KIM J, KUMAR A, et al. Automatic liver lesion detection using
cascaded deep residual networks [J]. Comput Sci, 2017, arXiv:
1704.02703.

[20] YUAN Y. Hierarchical convolutional-deconvolutional neural networks
for automatic liver and tumor segmentation[J]. Comput Sci, 2017,
arXiv: 1710.04540.

(%h#% %M A)



