40 % 55 24 D= {4 Vol. 40, No. 24
2020 4F 12 H Acta Optica Sinica December, 2020

g5 e R B2 4% L5 R AR
fili a5 19 RS TE 00 vk

AN RERT

PR TR RS AR S e BE . B 200082

‘

WE R B E M 4 (CNND 2 2 FHAE 55 G AR F R RS G I 245 RGPS Or ik, B 58, i+
THEALEZ 4 (CT) BIG b 43 0 HS il 25795 DI, I A% GE AL 48 2% ) J7 6 B IS 9 X380 I S AR 24 R AE s SR 0 L il
BRI it 25 55 11l 5 3D-Inception-ResNet A A4 , 48 B 2% 2% 3] ) CNN FRAE , 4145 P2 HRAE 1 1 BE L AR AR (RF) A5
RUEAT AR 8 s I U5, R A 4 luJ*iﬂl(SVM) RF %5 1% 55 43 25 45 % il 485 9 3E4T KOG M 4002 W, ] LIDC-
IDRT 40 Fe v /19 1036 ANl 45 55 AT 52 B0 90 4iE e 28 i $2 07 86 19 40 2 ME B % U B e e B S 4 32 3 1 A e vk ot
2 (ROO) T AL (AUC) 434l ik 94. 98/ 90.02%.97. 03% J 97.43% , S 25 S 3R, BT 52 7 ¥k RE oE T 1 K 5 fil
S5 ROBE IROL T ORI A E W O

KW KGRI Mm-S 2w CT A4 Mgy RAGME% 5 LIDC-IDRI £04E 1%

FESZEES TP391.41 XERARER A doi: 10.3788/A0S202040.2410002

Method for Identifying Benign and Malignant Pulmonary Nodules
Combing Deep Convolutional Neural Network and Hand-Crafted Features

Gao Dachuan, Nie Shengdong”
School of Medical Instrument and Food Engineering, University of Shanghai for Science and Technology,
Shanghai 200082, China

Abstract Here, we present a method for identifying benign and malignant pulmonary nodules that combines
convolutional neural network(CNN) learning features and conventional hand-crafted features. First, the pulmonary
nodules area is segmented from computed tomography (CT) images, and traditional machine learning methods are
used to extract the image features of the nodule area. Then, the CNN features of network learning are extracted,
using the intercepted pulmonary nodules to train the 3D-Inception-ResNet model, and the 2 kinds of features are
combined, the random forest (RF) model is used for feature selection. Finally, support vector machine (SVM) and
RF classifier are used to identify benign and malignant pulmonary nodules. The 1036 pulmonary nodules in the
LIDC-IDRI database are used for experimental verification. Classification accuracy, sensitivity, specificity, and area
under the receiver operating characteristic (ROC) curve (AUC) of the proposed method can reach 94. 98%,
90.02%, 97.03%, and 97. 43%, respectively. The proposed method can accurately distinguish benign and
malignant lung nodules, more effectively than most existing mainstream methods, as shown by the experimental
results.

Key words image processing; early diagnosis of lung cancer; CT image; classification of benign and malignant
nodules; LIDC-IDRI database
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Fig. 2 Schematic of nodule fusion method. (a)—(d) Pulmonary nodule areas are manually segmented by four radiologists;

(e) pulmonary nodule area segmented by nodule fusion method

FRAE $2 BU B R AR B 8T 1 /Y o 2 5% 4 T
B HROE 3 AT 10 22 S M I 4 R 1 A ] 1 R B
IR, QG2 BAT 3 i AE BRI | 045 R Rl L 2
PR AR S5 I PRAE 52 7 R 435 19 38 A T3 A
H R EH " B, 0 A il 45 T R AR B S
K BE AR 103 ML GE AR AR,
2.2 HRHENEZRIFEDBS

¥ T 3D-Inception-ResNet #2581, M4 T £ 48
TR IR AR, SRR RS S ) T R A T &
1A L, CNIN . B0 0 S fiF o7 LA e
Inception-ResNet #i # B Szegedy 45 #2 i1, 75
Inception FLERL 1 5] A ResNet 4% 22 550 J5 , % #5 Al

K 3 N 3D-Inception-ResNet 43 2 4% Al
54, B SEMRE LIDC-IDRI $4is Fe rb i S B & K
AIARIEAE L M 512X 512X S X 1 J5ilh CT 4 b
BCH DA 25 95 R A i 64 X 64 X 64 X 1 {2 R B, H
1S CT GV R E(S>64) :8R )5 . 6 =4
CE o Bl Ly il = Bl XoF A i 25 0 REAR AT P58
Tty T A S A R 1 S B BICHE  H H 5 S ) B
PR RFET 48X 48 X 48 X 1 1 Z e, LI W B 48
i A5 X 5 9T B B R R L B R L
W& 25 3D-Inception-ResNet #8 A | A% Bl k47 4 3
MNEBUZ 5 M Mifb)Z2 .3 4 Inception-ResNet £
1 MM H R, AT 3D-Inception-ResNet 5
T3 2ty AT — )2 AARAE L B L 512 Fh CNN HR1E

2410002-3



pan along y-axis  pan along z-axis

64X64X64X1 o center crop
2 g 48X 48X48X 1
512X 512X SX 1 \ rotate 90° rotate 45° / 24 3X3X3
along x-axis along v-axis " Conv
o & data augmentation
maxpool
Inception-ResNet Conv & maxpool Inception-ResNet —e
block block concatenate
- A T 24X 24X 24X 24 I ¢
-«
12X12X12X128 19X 12X 12X T2 24X24X24X64 24X 24X 24X 48 center crop 48X 48X 48X 24
Conv &
maxpool 24X 24X 24X 24
. lobal
Inception-ResNet &
p blook Conv & maxpool  maxpool dense benign
BX6X6X256 EXEXEX256 SX3IX3XHI2 512 malignant

[l 3 3D-Inception-ResNet 15 7l 48 44
Fig. 3 Architecture of 3D-Inception-ResNet model

K 4 & Inception-ResNet #£ ., 5 & 4f
Inception #HAH LY , Inception-ResNet # £t 3 jin 1
shorteut Z54 , 5 T A BRI A 4 FEB R0 3. 70
SRS ADAN [R] R /N B SR 52 188 5 8 T 3 <3 X3 B
o AT LAAE R AR O A A% 1 [) I il 20 A 10 2 B8 it 5 e
J % 2% 45 B4 ST AR AR AT L (1< X
1 5 R X S5 - 12 R 45 R 5 dan A Bl A L 7 31
Inception-ResNet # B .

l output
1
L\
.\

concatenate

|
Conv
3X3X3

~ Conv { Conv Conv

3X3X3 3X3X3 1X1X1
Conv { Conv || Conv
1X1X1 1X1X1 3X3X3

input ‘

%l 4 Inception-ResNet bt
Fig. 4 Inception-ResNet module

X} F AW 4%, Softmax pRBUH E XN
_ CXpy;
b 7expyo + expy, '
Kt eyo .y, ¥ CNN BH 5 p. Ry fili 25 15 4 2 1l
WAy R M s ) E % A /MR 2K BRSOk I
SR LAY 451K bR BB E LR

1
L:*NZ[QInglTL(l*q)lOgPo]’ (2)

KN AL IR N BB R 165 RIS 15 AEA
IESEAR g =0 o 1. BV R, —BY
Adam 5 32 16 H b o8 B, B0 5 2E ST RN
0.0015, &%k 8 %5 » 2% 2 R4/ 1/10, HE
YIRS, MAk2E ) 30 ik,
2.3 HEHS

RN 3 Y i s SR TR A |
GPIARIE B 5 SRR AT IR, A7 RoR &5,
AL FE LIDC-IDRT £ 48 4 i 680 /il 45 5 FEAS
G 3% 8 FRAE & AL G2 AR SF FRAE 103 4>, 3D-
Inception-ResNet 11 8 $ I FR 1 512 4, 3 615 A4~
FROE . B TR ¥R RS CNN RRAE ™ A4 7 0K
[F] 75 P 2 AR 19 2o 9 77 A W 0 1 R 88 2% SRR ALE
P —fbZ= [0, 1], LMERT AL . B2 R A &4
TIE 5 58 o3 2 20

l.:()aly (1)

2410002-4



Es i

LIDC-IDRI
data set
(680)

hand-crafted features CNN features
(103) (512)

BSR4
Fig. 5 Visualization map of features
WER A R R AIE ] 2t AT DB v il 4 4 1 43 2
R BE AR YRR TUAR 35 B — 8 B B2 B, A 2348 i
AN AL B B T LR 23 AT 45 55 2 S AR

L, FEAE A AT Bl T 42 & o R kg . R A
RF R HEATHREAF BE £, Pkt A E & F 0. 01 19
R SRR AN S (1 SR 9 =IO 7 Lo (1
iy A SVM . RF S5 4% 45 43 2 2% b, S 90 Ml 45 77 RO%
PEAr 20,

3 AMTIE

3.1 XWigE

S BCE AN 1 PR AL 3 A 1 il
TAEG 4% % F4F . 3D-Inception-ResNet f& 8l | 4%
4 CNN $RE 5 AR = AR AR 1Y 73 2R S8 505 2) 16 = Fb
AN FIAEAS BC & T 58 T 1 43 28 S, FEAS TE 5 28 A
2P, S FPAEAEC E T SR I B D 3
M N EFH R EM;3) 5 3D-DenseNet, 3D-
ResNet 5528 B0 26 B0 44 1 X6 LE S50 . o B O 52 56
AT SR IR 4R 5 3ok 4 R T I 28 SCS kO vk
W€ S T A 432 A R B B o BRI 2 80, CNIN AR A
ZFHTF TensorFlow HEZE LB AY, 7E 2 & A Intel
Xeon E5-2673 CPU 2. 4GHz 4b ¥ £#% , NVIDIA Ge
Force GTX 1080 & R i TAEu b 58 UL 50

x1 LBRBEUY

Table 1

Description of experiment setting

Experiment Sub experiment

Description

a Classification based on traditional hand-crafted features

b

Classification based on 3D-Inception-ResNet model

c Classification combining CNN features and hand-crafted features

d Classification on the Shanghai Chest Hospital dataset

2 Classification under three different sample configuration schemes

3 Contrast of different architectures (including DenseNet and ResNet)

* 2 AL AR AT BT R

Table 2 Configuration scheme of three pulmonary nodule samples

Description

Number of benign Number of malignant

Configuration

nodules nodules

‘17, ‘2’7 as benign and ‘4”, ‘5’ as malignant
‘17, ‘27, 37 as benign and ‘4”, ‘5’ as malignant

‘17, 27 as benign and ‘37,4, ‘5’ as malignant

1 380 300
2 736 300
3 380 656
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Table 3 Comparison of classification results in experiment 1
Method A /% Sex/% See/ % AUC /%
Hand-crafted features+ Gaussian-NB 89. 69 85.18 91.43 95.19
Hand-crafted features+KNN 90. 72 83.33 94. 03 95. 54
Hand-crafted features+ RF 91. 64 89.42 93. 06 96. 78
Hand-crafted features+LDA 91.75 86. 21 94.12 96. 18
Hand-crafted features+SVM 91.81 88. 66 94.59 96.53
3D-Inception-ResNet 91. 44 92. 87 91. 09 96. 27
Combined features+ Gaussian-NB 91.75 86. 21 94.11 95.99
Combined features+ KNN 91. 81 88. 66 94.59 96. 53
Combined features+ RF 92.75 92.12 93. 34 97.11
Combined features+ LDA 90.72 88. 46 91.55 96. 46
Combined features+SVM 94.98 90.02 97.03 97.43
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Fig. 6 Four typical nodules in LIDC-IDRI database.
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(e)—(h) 3D displays of corresponding nodules
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Table 4 Classification results of SCH dataset

Dataset A /% S(—:\J/% SH:/% AUC /%
LIDC-IDRI 94. 98 90. 02 97.03 97.43
SCH 90.91 88. 10 95. 83 95.58
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Table 5 Comparison of classification results in three different sample configuration schemes
Configuration Method A /% S/ % See/ % AUC /%
) ) Combined features+RF 92.75 92.12 93. 34 97.11
Configuration 1 . .
Combined features+SVM 94. 89 90. 02 97.03 97.43
] ) Combined features+RF 86. 04 70. 87 90. 20 91.70
Configuration 2 . .
Combined features + SVM 85. 86 70. 20 90. 55 91.12
) ) Combined features+RF 80. 38 85.11 72.37 87.26
Configuration 3 . .
Combined features+SVM 79.73 82. 35 74.91 85. 31
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0 — combined features+RF (area is 0.971) 0 — combined features+SVM (area is 0.974)
0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8 1.0
False positive rate False positive rate
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g g
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804 204
g g
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Fig. 7 ROC curves in different classifiers. (a) RF; (b) SVM
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Table 6 Comparison of classification results of different CNN architectures

Architecture A /% Sex/% See/ % AUC /%
3D-DenseNet 89. 69 87.10 94.55 92. 64
3D-DenseNet combining hand-crafted features 90.72 90. 00 89. 47 94. 20
3D-ResNet 84.69 76.74 90.91 88.13
3D-ResNet combining hand-crafted features 90. 82 90. 48 91.07 95. 38
3D-Inception-ResNet 91. 44 92. 87 91.09 96. 27
3D-Inception-ResNet combining hand-crafted features 94. 98 90. 02 97.03 97.43
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# 2D-CNN21 5 2D-CNNA7 I 4% $2 IS G454, I
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Table 7 Comparison of the results of different methods

Method Number of nodules A /% Sex/% Spe/ % AUC /%
Method in Ref. [26] 664 93. 20 87.90 98. 50 97.10
Method in Ref. [27] 1226 85.6242.37 81.2146. 20 89.564+1.17 90.454+2.58
Proposed method 1036 94.98 90. 02 97.03 97.43
Lo 5 % x ®

P T — B A IR 2 2] 5 R AR SRR AE () il 45
TR S A I ] LIDC-IDRI 454 48 3 17
LHIGIE . 5 A A Y R Ay AR H L BT
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512 A CNN RHIE . 2H & 9 28 e AE I el FH ik T Bl AL 2%
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FrHE ik o iE T & B R F R E 5 CNN & 4
T AEE A3 L BE 5 R T 15 B R 1R 2% PR AE AN ik
3 R A X388 A B4 1) L SRR T A B R
JEMTEOLT 3D CNN 2 BRI & #, 3) %%
KT REAE Gy 2t A6 SVM A U e 2 40 25K
JELSEI 1Y o 2 R U 4 S L AUC
43535 94. 98 96,90, 02% .97, 03 % K 97. 43 % , L5
Sl 5L L BT H T 12 B v T ) S A 5 B R
DWET 3 FhA R M FEA L& 7 5,3 Fhor 5
AL FARE B R 37 M 45 0 E 38 AR A
MR, B4 AUC 2y A 97, 43%. 91. 70% Al
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BB 4 PERE 1. 5) XF 3D-DenseNet, 3D-
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