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Carotid Atherosclerosis Plaque Recognition Algorithm based on Deep Learning

ZHANG Jie', DENG Chengliang', XIE Shenghua®, LI Zhaohuan®, MENG Qingguo’, ZHANG Qingfeng’
(1. College of Software Engineering, Chengdu University of Information Technology, Chengdu 610225, China;2. Sichuan Academy of
Medical Sciences & Sichuan Provincial People’s Hospital, Sichuan Provincial Key Laborary of Ultrasound in Cardiac Electrophysiology and
of Biomechanics, Chengdu 610072, China)

Abstract In order to achieve the automatic segmentation of carotid atherosclerotic plaque components, a deep learning
based segmentation method was proposed. Firstly, the carotid atherosclerotic plaque data set was established through da-
ta preprocessing, data expansion and extraction of regions of interest, and the data set was trained and tested in
Deeplab V3+ network. To solve the problem of Deeplab V3+ network with complex and large number of parameters, the
original network was optimized by combining the advantages of MobileNet network in the experiment. According to the
comparative experimental results, the optimized model can effectively segment and identify the components of carotid
atherosclerosis plaque while reducing the amount of parameters and computation.

Keywords : Deeplab V3+;image segmentation ; MobileNet ; carotid atherosclerotic plaque ; composition analysis



