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Prostate segmentation in CT images with multimodal U-net

LING Tong, YANG Wangqi, YANG Ming
(School of Computer Science and Technology, Nanjing Normal University, Nanjing 210023, China)

Abstract: Computed tomography (CT) can be applied to prostate cancer diagnosis; however, it is not effective for the
visualization of soft tissues structures because of the resulting low contrast, and thus, it is difficult to perform accurate
prostate segmentation in CT images. Contrarily, nuclear magnetic resonance imaging (MRI) provides a relatively high
contrast to soft tissues, which can provide rich image information for prostate segmentation. To improve the accuracy of
prostate segmentation in CT images, a novel multimodal U-net (MM-unet) is proposed based on deep learning, which
fully utilizes the complementary information between MRI and CT images. A transfer learning method is first applied to
train the initial segmentation model parameters for segmenting MRI and CT images, and then a novel multimodal loss
function MM-Loss is proposed to connect the segmentation models between different modalities, jointly training the
proposed MM-unet in paired MRI and CT images. To validate the effectiveness of the proposed MM-unet, we carried
out experiments on the prostate dataset provided by our allied hospital. The experimental results show that MM-unet can
achieve 3% higher Dice than U-net for prostate segmentation in CT images.

Keywords: CT; MRI; deep learning; multimodal U-net; single modal U-net; transfer learning; loss function; prostate
segmentation
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Fig.3 The flowchart of deep learning model for prostate segmentation in CT images
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Table 1 Experimental results of CT segmentation %

Method Dice Precision  Recall
MRI—CT-unet 87.62 88.43 88.56
CT-MRI—CT-unet 88.94 90.25 89.06
MM-unet 89.59 88.73 91.85
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International Conference on Computer Vision (ICCV 2019)

ICCV 2019 will take place at the COEX Convention Center from October 27 to November 3, 2019 in Seoul, Korea.

ICCV is the premier international computer vision event comprising the main conference and several co-located
workshops and tutorials. With its high quality and low cost, it provides an exceptional value for students, academics and
industry researchers.

Call for Papers

Papers in the main technical program must describe high-quality, original research. Topics of interest include all as-
pects of computer vision and pattern recognition including, but not limited to

* 3D Computer Vision

» Action Recognition

* Big data and Large Scale Methods

* Biometrics, face and gesture

* Biomedical image analysis

» Computational photography, photometry, shape from X
* Deep Learning

* Low-level vision and Image Processing

* Motion and Tracking

* Optimization methods

* Recognition: detection, categorization, indexing and matching
* Robot Vision

» Segmentation, grouping and shape representation

* Statistical learning

* Video: events, activities and surveillance

* Vision for X

All submissions will be handled electronically. In addition to the main technical program, the conference will in-
clude Tutorials, Workshops, Demonstrations, and Exhibits. Submit proposals to the appropriate chair.

Important dates:

Paper Submission Deadline: March, 2019

Rebuttal Due: May, 2019

Area Chair Meeting Notification of Acceptance:June, 2019
Camera-Ready Deadline:July, 2019

Main Conference:October 27, 2019—November 3, 2019



