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Pulmonary Nodule Recognition Based on Three-Dimensional
Convolution Neural Network
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Electronic Information School, Wuhan University, Wuhan, Hubei 430072, China

Abstract Herein, a method of pulmonary nodule recognition based on a three-dimensional (3D) convolution neural
network (CNN) is proposed to overcome the problem of false positives in pulmonary nodule detection by traditional
computer aided detection systems. First, a traditional two-dimensional CNN is extended to 3D CNN to fully extract
the 3D features of pulmonary nodules and enhance the expressive ability of the features. Second, dense connection
network and SENet are combined to enhance feature transfer and reuse, and feature weights are adaptively learned
by feature recalibration. In addition, focal loss is introduced as the network classification loss to improve the
learning of hard examples. The experimental results on the LUNA16 dataset demonstrate that the proposed network
model achieves sensitivities of 0. 911 and 0. 934 at one and four false positives per scan, respectively, and the
competition performance metric is up to 0.891, which is better than that of existing mainstream methods.

Key words image processing; computer aided detection; pulmonary nodule; three-dimensional convolution neural

network; deep learning

OCIS codes 100.3008; 100.5010; 150.1135

1 51 7

Jii 8 2 25 A SR e o A RIAE T AR e o F R
IR 22— R NI e B A AR A A R B AE L R B
L REAT AU i AR RO R JE AR AR L i Y R
SR A Il 45 75 A7l AR B g 2K B 14 ke R
INHIE 2545 57 0 HLAS B 5 il 30 G Al 41 201X 3 O 0K
— B LT L 2 A e A R R R 4 L B AR
JE R > i 98 B E AR RS RS 2 T R
IHE o 5 9 A 0 ke U e 132 iR T R R

)

e 25 il 45 5 G N0 A 2 08 A A R R I WL R
it 08 B4 R B ML JE 4 48 (CTD BBk R R
il B R A AEAE S T M — R CT H A E A 8A
sk CT YIR IX RRIGIN 1 B2 i) A 5, 0 10 52 W)
T8 W O R R T AR R TE O PL A B AR
(CAD) & 32 A ) o W 5 B B2 32 Wy i 26 = IR
it 7 o BE AR A2 T i 5 R L T 4 5 T2
WT B AR R . ISR ML A B A 45 R R G
PITR Y - BEAAZE 15 4R OB B 5 B . L« i 9
2B AR AR v 2 A Y R RIS AT R R
AR GERIHUEAE H R I 2l ok T OR B BB s

IS EER. 2019-01-22; {EEIHED. 2019-02-23; FHHEHR: 2019-03-11

“ E-mail: yibs@ whu.edu.cn

0615006-1



Es i

DU X i 5 45 40 R AT TR LA B AR PR P 85 4 AR
B ELIE I B 4595, DA T 5 20 R B A7 . DRk L AF
ED I ES R Rl OR 4 ER i i = S SR T

AR s TR BB 2 20 B0 DL HL A KA R A 2 B AR
J1 7€ BSR4y TN EUAS T B R A Ok i 2 1
S FOR IR T S LA Bh BT AE Al 2 Y R
T, SCHEk 5 T8 T — Fh 2 K % B & W 4%
(CNND , M5 15 1 37 M fe M 1 %, il & Tl 451 1)
AN 6] 4 (2D) DI T AF LR 5 5 AR PR PR 4515 (1% 5
AT B 2D {5 B0 Rl A, T8 78 40 4 IO 45
W=D A EFE . SCERL6 18 T —F 2 R
JBE B N 1) = 4 B 22 R 2% (3DCNIND L 78 78 23 F1)
ils 25 5 2 (B 45 8 A0 [R) s 4t 10 22 RUBE 4 AL A 33 IO i
S50 A B REEAR AL, {8 22 ROBE B A Ir Al K 1) 24>
AT SRR T M L% A SCER7 ]
T —FRR)ZE 5% 25 W45, O LR T s Y R AE
(442 B, 76 T SRR 2 A il ol 8 o oo R BY 4 Ok
PRIBUES Y 10 2 ROBERRAE , o — D 3 TH M 48 P fE L HiZ%
W2 =R 2= NI T 7T R S50, I gk
K. SCHR[8]7% 18 3 B 2= BRI 2 fE A 4L or i AN
AT LA B MEAE A E LA 25 55 n) 0, $2 4 T — P AE £k
BEA B BEHLH , AF R BEBE XS loss B2 A8 K I FEA,
(A ) I S e

AR S il 235 745 G 00 e AR B e v ) L 4
T —Fh gk 69 36 F SDCNN A9 il 25 15 R0 5 ik,
R SN e BN AR g TR S B e 4 W 4
(2DCNN) X fili 45 5 R AE $2 BOR 7843 L 2 = 2 25 [A]
VS A JEKE SDCNN FH T Jili 45 55 A0 4 AiF 12 15
UK FE VSN %% 46 7 A B DL SR Ak RR AIE 1) 15 15 52
AT VRS B TE R i A B, Bl A SE (squeeze-and-
excitation) FEHR ) X FEAF $2 B A2 rp A R AE 4T E
FRE s 38 N 2F > R AR AR | i0F — 25 2 w8 U0 1) 2
KR A focal loss #5142k oR EL Y fif e I 5 K A
R IE BB AR T TS S DL B xR A e LI 2k R

i) i
2 PrigAs

2.1 3DER

i CT B8 s T b2 15, WIS R B
J& T = 4ESr AL T AL S0 2D 4 B RE 4R B
ISR TR (W NTTEC 2 € A N U IR LN EFSES
&G ABESE R T 3D £ L DL TERRAE AR B 1Y
Feor iR, M1 AT RLE LS 2D B BUR R A
SDERMAL T —PDRELERE 7 CT B& ik

h LKk SR R, PR B Al 4 A R 3 m — A~
drpgtrtl O FER 1) L H W 43 3 1 88— 4k 1K
B 5 R S8 ke A BRI /N B 1 (b) iy
H W .D %3 5l 3R = 48 508 1 L s F g, o %
TR KN g b i) b Xk 8 R ke Xk X d, (H15
HEE M2, 3D & R AR 1T LUAT 2% 4 B = 4 208 4
fE AR TR, K 51t ERd Sl
T PR e — R B b BRI 45 TR

(@)
k re
4 R
W
(b)
D Y
d
" kiﬂ »e
k
w

1 S S ERL (0EBE () SAEER
Fig. 1 2D and 3D convolutions. (a) 2D convolution;
(b) 3D convolution
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Table 1 Comparison of pulmonary nodule recognition performance by different network structures on LUNA16 dataset

False positives per scan

Method CPM
1/8 1/4 1/2 1 2 4 8

Model_1 0.629 0.735 0.807 0.865 0.901 0.917 0.928 0.826

Model_2 0.734 0.812 0.869 0.901 0.918 0.927 0.929 0.870

Model_3 0.754 0.821 0.888 0.913 0.930 0.933 0.937 0.883

Proposed 0.807 0.843 0.877 0.911 0.925 0.934 0.939 0.891
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Table 2 Pulmonary nodule recognition performance by different algorithms on LUNA16

False positives per scan

Algorithm CPM
0.125 0.25 0.5 1 2 4 8

Ref. [6] 0.678 0.738 0.816 0.848 0.879 0.907 0.922 0.827

Ref. [5] 0.692 0.710 0.809 0.863 0.895 0.914 0.923 0.838

Ref. [18] 0.760 0.794 0.833 0.860 0.876 0.893 0.906 0.846

Ref. [7] 0.802 0.847 0.886 0.909 0.925 0.936 0.941 0.892

Proposed 0.807 0.843 0.877 0.911 0.925 0.934 0.939 0.891
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Fig. 5 Recognition results of candidate nodules. (a) Prediction probability of true nodule;

(b) prediction probability of pseudopositive nodule
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