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Research progresses of computer-aided detection and
diagnosis based on CT in pulmonary nodules

WU Guangyao, WU Jianlin®
(Department of Radiology, Affiliated Zhongshan Hospital of
Dalian Uniwversity, Dalian 116001, China)

[Abstract] With the widespread use of low-dose and thin-slice CT in the screening and diagnosis of lung cancer, the
detection rate of pulmonary nodules was increasing. It provided a wealth of image information but resulted in a great
amount of reading work, and may lead to radiologists fatigue or miss diagnosis. To this end, the researchers developed a
computer-aided system in order to reduce the missed diagnosis of pulmonary nodules and relieve the pressure of radiologists
to improve their diagnostic efficiency and accuracy. The progresses of computer-aided detection and diagnosis based on CT
and the applications in pulmonary nodules were reviewed in this paper.
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