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Study on Detection Method of Pulmonary Nodules with Multiple Input Convolution Neural Network

ZHAO Peng-fei' ZHAO Juan-juan' QIANG Yan' WANG Feng-zhi? ZHAO Wen-ting'
(College of Computer Science and Technology, Taiyuan University of Technology, Taiyuan 030024 ,China)!
(PET/CT Center of Shanxi Coal Central Hospital, Taiyuan 030006, China)?

Abstract In view of that the detection process of pulmonary nodules in traditional computer-aided diagnosis system is
complex, the detection results depend on the performance of each step in the early stage of classification, and there is a
problem of high false positive rate, this paper presented an end-to-end detection method of pulmonary nodules based on
convolution neural network. First,it uses a large number of tagged pulmonary nodule data to input the newly construc-
ted multi-input convolution neural network for training, realizing the supervised learning from the raw data to the se-
mantic label. Then, it uses the fast edge detection method and the two-dimensional Gaussian probability density function
to construct the candidate region template,and the obtained candidate region from the CT sequence is used as the input
data of the multi-input convolution neural network, Finally, it uses a diagnostic threshold to annotate the suspected pul-
monary nodule region, which will be emphatically checked in the next frame, A large number of experimental results on
LIDC-IDRI data set show that the detection rate of the small nodules in the lung CT image with the proposed method is

high,and the candidate region template with key monitor can slightly reduce the false positive rate of the small nodules

detection.
Keywords Computer-aided diagnosis, Convolution neural network, Pulmonary nodule detection, LIDC-IDRI dataset pre-
processing
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Fig. 1 Lung nodule detection model of lung CT image based on convolution neural network
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Table 1 The parameters of multi-input convolution neural network

layer WBE 4 ESBRE H kN
Input 1 307
Convl 1 5%,3,PReLU 26
Conv2 3 5%,3,PReLU 222
Conv3 3 52,3,PRelLU 202
Convid 3 52,3,PRelLU 162
Conv5 3 5%,3,PRelLU 122
Conv6 6 32,6.PRelLU 102
Conv7 6 3%,6,PRelL.U 82
Conv8 6 3%,6,PRelLU 62
Conv9 6 3%.6,PRclL.U 42
FC 6 sigmoid 64 X1

W 0 NEBUZIE AN (X010 s T 1.+ T 1.3 505
T ) WSS § AR

Znj) =max(0,l§Conv(w<,,,j) s X—1,0 ) T0,) F0min(0 ,é‘,l

Conv(Wen.jy s Tn—1.0 ) T 0,) 3

Hrfr,0 0 PReLU 11 a; » Conv B RBIRAE , w.) R UL
B b, NIRE . ZFIERN G B B OE R S B
PIEME G AR A TR A B R th )2 % sigmoid pR#E
ST PR P — A 0~ 1 Z [l AR s

o Y 432645 7 2 7 BE I ) A% 40 B i) 22 i A B
25 2%, [] B U ST B PReL U, 44 T 8y ek o B8O 25 as
HEAT IO

Aa,‘:/lAa,‘+5% Y]

H, o AshmBE T, & S . AL GBS RS R
FESERY PR L. W1 Sigmoid, tanh pRELAE, R BF, 7E M 4% 90 4R
LS H R MSRA Jr3k 2 B 080 0005 220 /2/n 1Y)
R R Ho P ORI A2 BT AR BT RV S 0
AL,

A 1 FH RS 4 (X1, X2, X3) A4 S e Ae il 4% 1t
IREERZE (CT EHEZA K BRI 2 . X F 3 A~EZE, 409
S R ST ] 45 48 11 25 B b 28 I 4% AT K0 L D o £ (YL
Y2,Y3) i 1% S A A R AS SR Y A 1 Vote
A TR .

2.3 RERIBAERE

1 Se I AT . Bl A g e CT B — e B,

) L A R it 25 A i S R % (e 2 1 R e

PR SE XA o AR SRR H (0% 32 DX 3 o 3 A
SRV RAS W it 45 5 o 0 3L 000 o o e P e v B0 o RS ML 3 1
(B HEA 7 TS 530 73S B X kg B A LA A 15613 2R B 2000 A>
AT oI A 1 3 b R (A ik DX, 325 06 X i s 1X
SRR AT R PR RBEALIE . SR 2 R R e
ey e 14 i 512 i DX S B ML AR BB 1) B~ e ik 2 -

2 2
1 Gom) e, 2*g,+(3’7/‘4) i|
201-0) o, o, o, o,

Sflaay) =5 (5

2mo, 05V 1—(02
Hrpr, (e, )8 CT BRI A BB po TN pe S HHERE . 00 N
o0 HITX . SEE 0 =170, 1, =270 ,61 = 40,6, =80, 5 F U
& 3(h) s .

% 105 2D Gausslan Frobabllity Density Function X 102

5 | {45

€O) [€))

P 3 ik X Bkt eos =

Fig. 3 Selection of candidate area

FEFPA CT FGAG I SR AR B =, AU B R SCE R
AT LA R 5. BIORE b — it CT PR 1 Joe A 45 2R
HAE BUER T 0. 8 BBEAL X I A SRR 15 Y AT canny
LS DR 2 e ST AR R 5 T2 R IR S (1 kL DX BB AR
F o M 2T e XA

3 KWHERESH

3.1 LIDC-IDRI #iE&

H BT il e 15 B Hie B LIDC-TDRI %k 48 8 J2 it L - st
KIS AT EESE . 35 T 2001 48 4 A kA6, HE &
W 68 B F] 4141 1018 #i (Hit 375590 iR CT 52450
FET 4 2R B A3 6 USRI T AR T L B 45 AN B A
FRL ST 8 FhAE R A5 BAFHAE xml 3L, LIDC %4
PRAE AT SR 22 , MEAT IR SRR AL B R TR e, R 5 3K
BOFABRIRE DI CT BUR  ZE RN TAE 347 LIDC 545
PRI E R P RR G T R IR 4 BRI &
DA A AT 6T B AR TE 19 xml 305 CT EUR L
FfE CT BME BRI S W B/ NMERTE , Gt sk Ul R
T GEARTE 0 B O SR O B Y 8 P AE R AR RE S L W)
AR5 T X I B AR A 1 5 e



ARG A5 22 A B 2 IO 288 i 45 Y ARG T YA TS 165

4 LIDC-IDRI nf i fb)J@/RTF-5
Fig. 4 Display platform of LIDC-IDRI
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Fig. 6 Error rate in validation set
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Table 2 Some experimental results (Threshold=0. 95)
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LIDC-IDRI-0950 8/1 88. 89 53. 34 77.78 60. 00 77.78 54. 54
LIDC-IDRI-0993 9/9 83.33 65. 22 38. 89 63.63 44, 44 61.53
LIDC-IDRI-0956 6/1 85.71 30. 00 57.14 50. 00 71.43 62. 50
LIDC-IDRI-09599 14/13 74. 07 52. 63 77.78 65. 62 85.19 76.67
LIDC-IDRI-1001 6/4 80. 00 53.33 60. 00 46,15 70. 00 63. 63
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