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Prostate image segmentation based on dense connections and
Inception module

Xu Yaoyao Shan Jianfeng

(School of Electronic and Optical Engincering, Nanjing University of Posts and Teclecommunications, Nanjing 210023, China)

Abstract: Aiming at the problems of low segmentation accuracy and over-segmentation in the current automatic
segmentation of prostate tissue regions on magnetic resonance images, a U-Net segmentation algorithm combining
dense connections and Inception modules was proposed. Firstly, the contrast-limited adaptive histogram cqualization
mecthod was used to process the prostate image to cnhance the detectability of the information. In addition, the
algorithm introduccs the idea of densc conncction into the U-Net model, improves the connection method of the original
cncoder and decoder, and rcalizes the [usion and dissemination of multi-scale semantic inlormation. Mecanwhilc, the
Inception module driven by atrous convolution is used to replace the original concatenated convolution operation to
increasc the width of the network and cnhance the [eature extraction and expression capabilities [or objects of dilferent
sizes. Finally, for the over-scgmentation problem of non-organized objccts, a corrector with classilication-guided
[unction is designed to reduce [alse positive predictions. By testing on the public datasct of NCI-ISBI 2013 Challenge,
using Dice similarity cocllicicnt, accuracy rate and [alsc positive rate as cvaluation criteria, the mean values can rcach
86.12%, 97.96% and 1.11%, respectively, The cxperimental results show that this algorithm has better
scgmentation clfcct than other scgmentation algorithms,
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