ISSN 1004-9037,CODEN SCYCE4 http://sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 31,No. 5,Sep. 2016, pp. 868 —881 E-mail: sjcj@nuaa. edu. cn
DOI:10. 16337/;. 1004-9037. 2016. 05. 003 Tel/Fax:+86-025-84892742
© 2016 by Journal of Data Acquisition and Processing

CT EEM & T it ARl 52 E AR gk
k% & K tH4?

(1. G BBTE R ROF T BB 2 2 e T8I, 2410025 2. B8 1 B8 2 B 153 DLELF 22, FE W, 241002)

W OE. MWL Y EAE 8% B (Computer-aided diagnosis, CAD) #t 4% A CT B4 4 | | 5 E] = 4
MET RHTHMBENAGE  AMAAETZEAENL., W THETHBIMRBELER RT . £E

NALEMEEREEEHEETN, FEMETAMNFL B SRR —A T RGP A, j,ixxd‘kb/\
T CAD R4 T ER5E METHN WEFTHNAAMET EEIRABFAANATRFZAG X
BHRARAPIK . FHEFELAAZXCAD AR EZH#—FTHALT Flé"cﬁm Tk RBE ERE T K
MZERKET ST ALK . AT EZERYEAME B 1Z 2 % (Picture archiving and communi-
cation systems, PACS) vL & ¥, F J% i % % (Electronic medical record systems, EMRS) , 4% £ B % 16 &

EER T A,
KR CTEAR ML Tt A s 4w EZERLES 547
':Pﬁgé'n'? TP391.4 iﬁk*ﬂ‘:uﬁg:A

Reviews on Computer-Aided Detection and Diagnosis of Pulmonary Nodules in CT Images

Wu Changrong' . Jie Biao', Ye Mingquan®

(1. School of Mathematics & Computer Science, Anhui Normal University, Wuhu, 241002, China; 2. Department of Computer
Science, Wannan Medical College, Wuhu, 241002, China)

Abstract: Computer-aided diagnosis (CAD) system can detect, segment and diagnose pulmonary nodules
from CT images, and improve the survival rate of early lung cancer, which has important clinical signifi-
cance. As the appearance of pulmonary nodules varies with its type, size, location, internal structure,
and malignancy, nodule detection and diagnosis have become a major challenge. Here the key techniques
and challenges are analyzed in four main processing stages: segmentation of lungs from chest images, de-
tection of pulmonary nodules inside the lung fields, pulmonary nodule segmentation, and diagnosis of
pulmonary nodules as benign or malignant. Further research is needed to optimize the diagnosis algorithm
sensitivity of nodules with different sizes and shapes, thus decreasing the number of false positives, and
improving automation level of diagnosis. Finally, the picture archiving and communication systems
(PACS) should be integrated with electronic medical record systems (EMRS) in order to be adopted in
clinical practice.

Key words: CT image; pulmonary nodule; computer-aided detection and diagnosis; medical image pro-

cessing and analysis
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}i (Contrast-enhanced computed tomography, CE-CT) il IE i, T %& 4 W7 /2 $9 4 (Positron emission tomo-
graphy . PET) J& FI 46 I 7132 W7 il 45 5 A Jee o L ELJC 05 35 A0 i O 1 R DY . Hop g i CT 514 2
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TS Z R AW . e AR T FEHLE B2 W7 (Computer-aided diagnosis, CAD) &4t
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BB s 45 75 R U AR SR AT SR s 1 5 2 7 I (Second opinion) ” i i By B2 I G ) fil 45 15
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Fig. 1 Automatic detection and diagnosis of pulmonary nodules flowchart for chest CT images
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LA —F, DL N L T E . B AR TE R E8 A FLR N (Partial volume effect, PVE) i 52 i, H R A B {H 1
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