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Detection of low dose CT pulmonary nodules

based on 3D convolution neural network
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Abstract; To improve the detection rate of pulmonary nodules in early lung cancer screening, a low-dose CT
pulmonary nodule detection algorithm based on 3D convolution neural network was presented. First, the
multi-directional morphological filtering algorithm was used to preprocess low-dose sequence CT image. The
improved 3D region growth algorithm combined with the convex hull algorithm was used for lung
parenchymal segmentation. Then the 3D candidate nodules were routed and illuminated in order to solve the
convolution neural network on the sample imbalance sensitive issues. Finally, in situations of different
network parameters, four groups of experiments were performed on the 50 sequences of low-dose lung cancer
screening data in ELCAP database. The results showed that accuracy, sensitivity, specificity and ROC curve
of the AUC values were 84. 6%, 88.89%, 80.32% and 0. 924 4 respectively by the constant optimization of
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network parameters. The proposed algorithm can correctly detect low-dose lung nodules, with the the

accuracy, sensitivity, and specificity increased by 5. 37%, 5. 6% and 10. 42% , respectively, which is more

comprehensive and can provide effective help for lung cancer screening compared with conventional lung

nodule detection algorithm.

Key words: lung cancer screening; three dimensional convolution neural network; ELCAP; lung

nodule; imbalance
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Fig. 1 Process of detection
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8 K YR T ELCAP (International Early
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Fig. 2 Extraction of candidate nodes
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Tab.1 Network parameter of test one

Testl-1 Testl-2 Testl-3
C1(FM) 12 12 12
Cl(kerneD (5:5:3) (5,5:3) (5:5:3)
C2(FM) Jo 24 24
C2(kerneD ¥ 9 9
C3(FM) 7 ¥ 48
C3(kerneD) Jt o 1
FC 128 128 128

K2 TR _MESH

Tab. 2 Network parameter of test two

Test2-1  Test2-2  Test2-3  Test2-4
CEH 2 3 4 5
M ZE % 2 3 4 5
FC ZH 128 128 128 128

Softmax 2%k 1 1 1 1

R3I XBR=ZRANESH

Tab.3 Network parameter of test three and four

Test3 Test4
Test3-1  Test3-2 Testd-1  Testd-2
C1(FM) 24 24 24 24
Cl(kerneD (5,5,3) (5,5,3) (7,7,3) (7,7,3)
C2(FM) 24 24 24 24
C2(kerneD) 9 9 5 5
C3(FM) 7 48 b 48
C3(kernel) 7 1 ¥ 2

3.3 KBHERRSW

XS B — 45 B 3 B Accuracy, G-mean,
Recall, Precision, F-score, AUC, &5 £ @ 3% 4; XF
HAR ST 55 A 40 SC 5 A9 Accuracy . Sensitivity .
Specificity JAUC, g5 80 5.

T4 TH—LER

Tab.4 Result of test one

RRECED Testl-1 Testl-2 Test1-3
Acc 0.862 7 0.894 6 0. 850 5
G-mean 0.723 9 0.830 3 0.734 9
Recall 0.548 4 0.731 2 0.580 6
Precision 0.784 6 0.790 7 0.710 5
F-score 0. 645 5 0.759 6 0.639 0
AUC 0.843 4 0.902 3 0.834 2

x5 LU ~LWMER

Tab.5 Result of test two, three and four

S5 KX Acc Sen Spe AUC

Test2 Test2-1 0.7952 0.822 2 0.769 3 0.907 4
Test2-2 0.828 6 0.834 9 0.8222 0.902 9
Test2-3 0.7810 0.8825 0.6794 0.880 8
Test2-4 0.814 3 0.793 7 0.8349 0.8686
Test3  Test3-1 0.846 0 0.888 9 0.803 2 0.924 4
Test3-2 0.746 0 0.958 7 0.533 3 0.8651
Test4 Test4-1 0.8159 0.860 3 0.7714 0.902 8

Test4-2 0.746 0 0.911 1 0.828 6 0.9059
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Fig. 4 Result of experimental contrast
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Tab. 6 Result of different classifiers

e A Ace/% Sen/%  Spe/%
XHk[6] LIDC 2DCNN — — 85. 4 —
Sc#k(7] LIDC 2DCNN - 82,3 79.4  83.8
ScEk[19] LIDC  2DCNN - 75.01  83.35  66.67
SCEk[16] EEBE SVM 71,67 73.33 70
CHk[17] ELCAP  SVM 82 90.9  73.91
SCHk[18] ELCAP f8#HVCHES 85.15  87.36  55.13
AP ELCAP 3SDCNN - 84.6  88.89  80.32

SCHRC17-18] [ KE R A ELCAP 0 H8 3 B s
PEAT 25 35 K, SCik (17 1R ML 409 SVM &
P MR 6 IR Y R N TR SR
LR 3 TR AR A SCHE LW BT SVM Bk 3¢
ﬁ}t[lsj%ﬁﬁfrﬁﬁ@ﬁa%% I AS ] g A5 A % it

W HEATRI L 2 6 B R iz Sk AR i — 4l
ﬁ;%;/zt/ﬁﬁﬁr;ﬁi@&%ﬁf 85 %0 LA I AH AR 5 i
L 55. 13 % , W 5 i iR 12 .

S T k20 B WA SO A R o AR S
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