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Application of Deep Learning Methods in Diagnosis of Lung Nodules
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Abstract Lung cancer is the malignant tumor with the highest mortality rate in the world. Its early diagnosis can
remarkably improve the survival rate of lung cancer patients. Deep learning can extract the hidden layer features of
medical images and can complete the classification and segmentation of medical images. The application of deep
learning methods for the early diagnosis of lung nodules has become a key point of research. This article introduces
several databases commonly used in the field of lung nodule diagnosis and combines the relevant literature recently
published at home and abroad to classify the latest research progress and summarize and analyze the application of
deep learning frameworks for lung nodule image segmentation and classification. The basic ideas of various
algorithms, network architecture forms, representative improvement schemes, and a summary of advantages and
disadvantages are presented. Finally, some problems encountered while using deep learning for the diagnosis of
pulmonary nodules, conclusions, and the development prospects are discussed. This study is expected to provide a
reference for future research applications and accelerate the maturity of research and clinical applications in the
concerned field.
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Table 1 Data set of lung nodule diagnosis field

Dataset Image format Number of cases Number of CT scans Nodule tag Note

LIDC-IDRI* DICOM 1010 1018 * Open
LUNA16™ mhd 888 888 * Not open
DSBM" DICOM 2101 2101 - Not open

NLST!! DICOM - 3410 * Open

DLCST!? DICOM 823 17 * Open

LUNGx™"™ DICOM - 70 * Open

ANODEO9"* DICOM - 55 * Open
AliTianchi"" mhd 1600 2 000 * Not open

Note: * represents data set with annotations for the associated nodules.
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Fig. 1 Schematic diagram of segmentation of lung nodules by U-Net
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Sun ZPC IR 3 A IF4T Y 3D-CNN K 43 1 fiti
5. Zor kit 3D 245 1 DenseNet, SEEL T
255 3D CT R B2 5l AR 2 1) Bz B S DT 3R
5 BT 45 3 4 FORS B . Yuan 5% R Y /7 3
Wi B 2 2 HEZE VGG Net, IRes Net #ll Dense
Net ¥ #5 T 3D-CNN 1 £ 53 32 5 B 2% 2 43 #) AL
R E T ILFE 4 BRI 455 0 3D A E B, %
PR 3 PSR 1) I 28 43 S R $i BRI 285 15 1) TR B
TIF 5 J 30 Ak 4 B 3 b 0 4% 4% F ) 43 1 25 5R ok 45 5]
e 25y 5 A I 4571
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AR R /NEAZ B Y 3D-CNN, 4K J5 Bk il 45 35 2 R HH AR R T DXl 3 AR 25 ) % (RCNIND) B S8 [X B 52
JIE A5 S 2 0 6 I L DL S PR BEOHR AIF Y A BRI A TR 28 W 2% (Fast R-CNN) (14 355 X 3 F b 46 00 A 42
ARy B S R R 3D M g5 ME ALkl & il a3l e SRR B ARG I A I 465 5 R A B 1
S5 2 25 B RS 2 B Tl 45 Y Y o B . ARG T 3 PR RS B v o DAL L R GE A i T /N E

3.3 E T Faster R-CNN Al &35 4 8] /5% PRAEINAT 55 . & 3 25 Y Faster R-CNN fifigh 35 46 il 7
Faster R-CNN & 7E i Ren 57 F 2017 4E 42 T, 3R 2 S Tk SR AT 5 1 RS AR Y g 45 SR e g
vgeg-16

512-dimension
I
I
() | classification layer |
I~ proposals
3 —»
L]
S
=~
P
}l X | classification layer |
=
. —p proposals|
p— — I
=~
<
- < @ <« -
bbox_pred
Kl 3 Faster R-CNN fifi &% 5 ¥ 1 75 22 &
Fig. 3 Schematic diagram of Faster R-CNN lung nodule detection
Fe 2 JIT IR SRR M 5 A AR B A 45 2R L AR
Table 2 Comparison of results of pulmonary nodule detection models in selected literatures
Reference Time Dataset CT number FP per scan Method  Sensitivity /% Note
Miao et al. "] 2018 LIDC-IDRI 888 1.0 or 4.0 2D 87.3 2D FCN
Chen ez al. ™ 2017 DLCST 612 6 2D 76.5 CNN
Tong et al. ™ 2018  LIDC-IDRI 888 1.0 or 20 2D 96.7 or 98.3 U-Net+ ResNet
Ruan et al."*! 2020 LUNA16 888 1.0 or 4.0 2D 90.1 LSTM+ U-Net
Setio ez al. ™" 2017 LUNAI16 888 1.0 or 4.0 2D 85.4 or 90. 1 CNN
Dou et al. ! 2017 LIDC-IDRI 888 219.1 3D 97.1 FCN-+ ResNet
Liu et al. ™" 2017 LIDC-IDRI 888 — 3D 95.8 3D-DenseNet—+ U-net
Cao et al. ™ 2020  LIDC-IDRI 888 1.0 or 4.0 3D 85. 4 CNN
Hou et al. ™ 2020 LUNA16 888 - 3D 92.3 3D U-Net+CRF
Dehmeshki ez af. Y 2008 LIDC-IDRI 25 - 3D 93. 4 U-Net+ ResNet
Xie et al. ™ 2019 LUNAI6 888 0.125 or 0. 25 3D 73.4 or 74.4 CNN
Yuan et al. ©% 2018 LIDC-IDRI 888 — 3D 96.7 or 98.3 CNN
Xie et al. B 2019 LUNAI16 888 - 2D+3D 86. 42 Faster R-CNN
Ding et al. B 2017 LUNAI16 888 1.0or4.0 2D+3D 92.2 or 94.4 Faster RCNN-+CNN
Zheng et al. ™" 2020 LIDC-IDRI 888 1.0 or 2.0 2D+3D  92.67 or 94.19 U-Net+Faster R-CNN
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RT3 FAS TR il 25 45 A BOR AL B 08 Al Al
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AR B LR B 3D A 3 DX I 43 B A A
Ja Sl 3D-CNN 2 Bk 43 %0 3 Jili 25 75 14 1% BH 1
B J5 15 B 25755 4 E A9 1 FROC (Free-Response
Receiver Operating Characteristic) 5 3] T~ 0. 893,
HAEFHE 1 AT 4 YR AR BH A B Az 0 455 76 1y i gk 43
R 92, 2% 1 94, 4% X GEB T baA el gy vk F
il 225 35 43 FAT 55 A R0

Zheng L0135 3+ T — A 3D [ Faster R-CNN
W28 25 48, 38 S 3D BUBE AR e 5 — A~ 25 {1l U-Net
1 2 B i B 5 R ML 285 5 R 2 I Il 4515 CT R 4y
fiE SR JEHE 96X 96 X 96 ) 3D A B4 A 3D RPN
W 2% e [ I 26 A 3D BUER A2 He ke 2 > Jifi 4% 45
PRI 0 J2 08 SUA5 B 5 e 3 3 42 1 2 A4~ 0 45 19 4
H 45 kAT B R 2 oy FI 45

g5 LTIk KA TR 2 20 AE I 45 T o ) 4
O WS — MR H A W R T 2. 1)
Jili 2535 19 T MR 2 R B R — o HL 7 3 5k i &
CT BEME I o5 HLAE /N L 25 Il 45 755 14 8 o 4 1 71 ok —
FE PRIME 5 2) 358 43 il 45 45 B AT 55 1l 350 20 20 & 1) A
LR, D 7E o B P R S 1 R s 3 ST
2D-CNN 1) 43 B33k 2006 T Il 25 45 1) 3D Ja 1, ok
RE 78 43 I FH il &5 45 10 2 8] kg A DA 5 B8040 8
(18 it 235 745 A7 78 R BB R 25 51 5 ) TR )2 W 4% 78 Il
GRi) R L A A S BB R T O s B AR
PG, BRI o ok A T 8 2 B A 80 il 45 1 A3
ik,

4 DREE= e 2575 70 28 vh i iz ]

A5 58 T 235 715 1) 73 15 38 1 6k il 45 9 R R
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P 45 (DCGAND | HE & [ W A 3 4 i #F (SDAE)
1 CNN,

4.1 DBN

54 CNN | 51 4 8R ], DBN & — A4 i %
A SRR S o T AR A AR 2 2 ] RS A L I
YINZE R 28 TC 1] (4 AL EE L 145 4 A i 28 I 4% i e KA
Tk A N 2R 504 . DBN A e B3z L B AT DA
FE R F gt 1 J0 W B 2% 20, mT LA A 2 26 2%
HEAT B 2=

P FS S A3 H Y i 25 5 TR B v 4R
ICH 87 /il 235715 A0 5 A% 2L 27 R AF A Sy Ml 485 3 ) 4
HEFR, HE—DEA 5 2 ML DBN 2244 5k 58
I 2575 (1 50 FAT 55 N 45 e 8 3 AR 2
T A BOHE  SRBURY 87 2 il 45 1 S AR 4 2 R AE L B
N2 58— BRI Z B T 58— 2 BRI R 252 0L
(RBM) , I 585 — A B 2 14 i 8 A F — A R
JE A AT U ZR SR 5 AR S ) L B S0k 7 AR
PR RECIEAT I 2 . I o0 BT RO 2 14 J2 580 S 285 0
BHXTZ M4 R R s, S ZE R R, Y
Xof IO B 45 A5 50 90,120,90 F DBN AR 3 A4S [ i
SRR BT R e AR A U RO S B A 5 A 5
R R 95.3%. Kl 4 Fn DBN 4288 1 2k
450,

DUl 2 o I = 1A DG ) vl ) [ e o
(SPND 3 2 e IR )L, $2 48 T — A~ 2L T DBN
() SPN Zr KR 1 5ext SPN IR 47 81 4 1k b
FRIFH HAE 8 DBN A5 A 817 0 BN 25, SR e
I FH 9 2% % 45 A bR 25 9 SPN RS #4711 45, O3 i
TR LA B R 281 DBN 40 88 AL, 45 5 R I 25
1 DBN 43 26 BE R 7E SPN 3 P4 4 b 52 34y
Z5. 4 Y DBN 43 A 5 28 SR 2% 2] 3 2%
BERL SVM (153 2 55 S 47XF b, 15 DBN 3 2845
TR e Rk B T 86 %, Hior A 45 R W E L
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4.2 DCGAN

T R S i 2 4 R A R B E A A R
Y10 1) B, B UK DCGAN 51 A i 45 35 19 43 26 4F
% . DCGAN"'" g Yo J5 i GANM™ i 7778 (1) 52
FEPEAN B[R], Ay D Bt LG G, A S
TR 415 i A 114 il 285 0 TRLAR B0 B AL 2B B A R
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feature vector

input layer

P 4 DBN 7p2& & i) H AR 4544
Fig. 4 Specific structure of DBN classifier
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P 15
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4.4 CNN
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2] R T IREE AT A OR .
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(1R A T 25 SR 75 1) il 245 47 1 ek 17 L, OF K HE R £

1600005-9



¥ 5845 F 16 #1/2021 £ 8 B/HEXEFEHE

TR 2 o 4 A & SR 5 R A 4R B2 T vk 0 i
TRAEATAL A DU A B il 485715 1 e 28 R85 5%

EiRy KT LM E T 2D fligs T CT KIS HF
5, R F G255 55k U1 R b i kb A B ok SE B
il 2259 1 RO 2 W . (HFE I R Wi F b, R 2R
R T Xk i 5 5 9 A 4 v A2 WL TR TR 2 3 5 il
kS A B A S A RO R, B, AN RS
N GURE B 5T 5 B il 4555 1 3D CT Elf& . Kuo
S T —Fh ELAT 3D WU AR I 4% A 1 4
SER T TR S T R AR AR W Il 45 9T 4 2R HE R R A HE 2D
CNN 2% 1 3% A4 A 1k 3D CNN By 7l 17
P Lin 2550 g B 0 Ml 45 95 19 40 8 A R S T
— I B 2 I 2 ) Ml 45 Y9 A3 SR ARY L i kR
G Bt A X 4% 2 50 %) o R ek G ) R T R [ R A
T 26 25 2Z M TRl 45 T a2, B
JafE LIDC-IDRI #4475k, 45 21 1Y 43 28 1
BRIk F T 97.53%.

5 LR, Xia 2500 4 W — Ff 35 T 22 00 R
A EME X (MV-KBC) £ 1T 45 IR JE 2% 2] HE 425K fi# Dk
it 225 45 S5 5 A A PR S 7 ) R 9% B UK 3D il 45
TR 9 AN E LA L Xk AR o iR — A
FF AR PME (KBO) FHLAL %31 T 3 R 28 A
FG AN TR S00E B 25 45 1) 3 4> ResNet-50 W %,
X 34~ ResNet-50 W 2% 43 51| & 7 il 45 775 1) 8 44 ob
W AR R FAR S Pk . R E it B4 9 4~ KBC +
RISk il 225 45 64T 1 38 0 0 A 43 28, O A 1R 25 R 1)
L% 1L A P AT ) L A8 MV-KBC 57 BE % L i
oty X PEAT N S, AR 45 R F W, MV-KBC
BERDGT Fili 485 745 19 43 JEE B SRR 2] T 91, 6000, & 3
T LA A A il 45 95 43 26 7 . Siegel %55V 4R
IS 225 9 110 0 iR B T — 0 A A 2 T 4%
(RNND (9 43 S 7Y, 32 53 S50 7Y 1y A% 0 JE AR R
RNN [ 432 4544 , [5) B I 2592 Wi I 2% 1) 55 )22 53 24
55 o LA R Bt o i 25 0 1) 43 R 008, SEgR 45 SRR
4 RNN LA S5 35 3 3, o2 MR 5 24
A e vE Y 3D-CNN Bk i E T 3 14,

JRUE MR I T IR BE 2 2T (0 il 45 RO 4y 2R
PR T AN W RCR A8 Tl 30 45 B 2 AR B
V1R 5 St X S 245 49 1 b 1 23 FE 2R KR N 1 M g
PRI 7 K i 652 4 S8 B 1 T & 1) B a5 e 3 1 2 M B
BTG W TR BE 2 ) BOR L Bl A AR UK B R 2% 1Y R
Ji& . 47 B LB LA R0 It S RS B  PT A i e AT A 45
TR (0 bR TE AR . AL, B R S B S g R
(SAE) ™ #1157 PR3 /K 2% 2 HL (RBMD 7 45 G W B 2%

21 77 45 B2 AT S TR A B D | [R) ] fig
EXGEIE E
4.5 TBFEI

A B TR BE 27 T 03 AT 55 7 BB N AR
R R 7 PR S U R B A WO S s i A A
RN F 5 ML SR L R IR 5 i B
TR A5 AR A A0 4 o i A A g, XL 2 —
Tl A R SCHE 9% IR 2% R T W R TR B o T Y o 207
o R R XA ) A4 — Fh 75 9 R R S 5 A
R 2 Xl T PR AR A R B L A L R A A RO
BB M A H Y (H S PR RO 9 R T
ROV EIERREA, JT LA T4k 2 R B, 53 b — Fl
REAS A R AR A BN R R T il 2 i # o ) . (il
FHIE# ~7 ~J RE A fiff DR © b i 1Y B2 27 SR A B A
AL [R) AR, AT B A AT I 2R CNIN 12 B A2 0
Hussein %5 5 YO I 88 % > 19 BV R I F 3D-
CNN [ 4535 73 24T 55 v . A i 245 4 P 45 A 3l
FEE 100 J7 BB S5 aod 1) 10 45 1 2 47 1 7% 2
> o 2 Xt A I 45 2 B AT o ok 1 B i 451 oy
e ORE DI A RFARC IV N 7 I e o = N <

6] 35
5 ZEihE

T AT R Bl R 2 ) bR R e L AR R 2 A
Gz W RS T K R B 7R W4 Y 2 W
B AFIEN BB G AT T R A A I S IR U
TN BN . TR 2 2 HORAE Bl 455 1)
o BIRN 4y 24T 55 J7 A 4 B AF 1 R FH A 5% DA SR 0
2y #) )7 ) 2D-CNNL 3D-CNN % J& 2] £ W 2%
43 R g B B AR CNINL W% 42 CNIN, i % & 3
Faster-RCNN, K Tl & S > Bk fiE B,
FLA3 FVR 3 25 19 45 UL AR 48 55 F112 W 1 R B 78 AS
27t

MR VR 2 2 N T il 45 1 1932 W AT 55 ) T
e 25 VF 2Pk . PR I3 T VR B 2 20 4SS A 0 o iy &5
A 5 o 0 AT T A S U G, B Il 2 Y
2 W7 48R 114 T 98 ME 2T

1 YRETIF R B CT S48 B % , A A BF
FEN DL 04 1l 285 9 12 DA 2R i fet PR 1 M 4 T e
L KA AR AN — R I TG vk A b 2 W
45 L ok 0 W A5 A 1) PR R A 5 .

2) 1l Z A T G 1 il 5 R A B S LR AR Bl
PN 2 ) A A 34 5 30K DA B 2 T O A B
W EWRRR A S P E A RS . RETERY¥

1600005-10



¥ 5845 F 16 #1/2021 £ 8 B/HEXEFEHE

>3] DU g 5 1] 45 R 0 v 42 BP0 g T2 3 AR
BN I FCAT AL B Ml 45 5 B A K oh L BT s 2 i 41
LG B AR A o ) 2l ok ST # (] AL HL
TEREAH A AREEAS B2 R AR R A E R 22 5+
DAL, o i st s 670 3 8 6T $i BB 235 95 il R R AIE B 52
i J2 — A E AT BE 5T A9 ) B

3) il A B oy PR AR Ak B TR T/ F B
b 5 — AR AL BE P A R B ARMTLE . /N B AR A7 E
PRBR/IN A 5 HARG LK 2019 R I A 58 B S5 A IR
22 1 2% v ) Tt AR 2 A TR A AR P A AR P AR 2
B4 IR 5 B SR L 3 AL B 45 1Y 23 F A 9
AT o PRI S ] 7 R A 4 B R o sl /b Bk A/
b PG B A £ R A5 % o B8 3 1 2R ) o Foft 3 B X
ZIN LR DX ) R I £ R R A7 18 5 B AT 2 A0 T 5 T
LA E

4) TR A > W 45 1 NS A I A o8 42
W] SO A7 A AT figp R A5 22 Y [l AL i A 3+ 53 HIL
Bl 2 2 RS W ST, 3 75 2 T 2 9 IR SRR R
334 500 JFG AT Sigp A L DT 82 e TR = 2 Bl B 12 W
TE BRI U ) 12 32 K

5) WFFEE B i I IR JEE 57 ~) B o AR 12 W A 1
[F] B2 e s PR 22 I B9 52 38 52 /0 BTl S B ik i 19 12
W7 00 288 A 3 T T i R S e A L T EAILRE Bh a2 B R SE ik
REBEBEIRAR AR R G EREE B R G478
AR A 18 PR M R BB S 7 0 AE W T S PR R B A 3R
DL RIS Wr 2 58 oK FLIE 28 fif < A= 1912 I8 6 40 42

T8 A SR il 25 75 B9 58 A b T T LR L
MBEFTHRTE

1) i — 20 48 o Ml 45 755 0 23 DORS B2 . il 45 19 03
)P B R R B Bt 08 i 8 DX Il A 2 T R A i 5 i
L5 R B OCHE B H A 1Yl &5 7 4 B 5T R
A — R BE X AT A BESE T P S B A 45 5 [
SHE K I 52 0 57 T I ) i 1) i 44 il 45 55 ) 80 2
B

2) 2Nl 4 R 1 B A 0 A B L 25 S AR
PREEGF B ES CT Bl + 70 B 2 L 3 2 e 27 B R
CHE 175 v 3K i TR MR . 24 AT SN B 4R S Bl
LSS WTT Ik 2 O M e o) T ik R B S O
SRl HR CT 5O 3 rp A7 78 R R b 3 119 P 1R
o BN Kaggle [u 128 Ip 1 Y il i 12 W 5 3%
oo AV R8s © O 1548 T A2 DX, T 3 R
By kR CT J2 5 o i iy 458 . ik, R
— b B AR TR I G 1E 8 AP S B 5 M ) 55 e P R

WEB 2 2] s . (HASTE B IR % ) vk E
o 78 AV 2 3 15 2 00 R A H B TR R A5 Bk B AR
R RFAE e 7 2, 4 T T Bl s 1) o 1) 4 o o (AR 5K
B il 45 5 2 Wi tf . DBN L SDAE Fl1 CNN 25 5 ] i1 1%
JE 2 ) KR T2 B FH Ok 58 BN 45 5 i RRAE SR LS 43
FAT 55 W25 795 19 43 T 55 — M s 245 6 oAb 5
BEAT . DN PR 55 FH ok B - 5 Rl 08 M5 fili 285 47 43 1
I RAT 55 RN — S IS W BB, Hy o) 5 45
WA Ry o JE A G i AL AT RE T LI R S
Faster R-CNN 23 1 iili 2% 7 43~ 1 Al 4 28 i 78 19 —
A AR S DT I RIS T B AR B i T i 5 2 L 2 il
S IE N — N TER RN,

2 X% X #t

[1] Yang F, Wei G H, Cao H, et al. Research progress
on content-based medical image retrieval[J]. Laser &
Optoelectronics Progress, 2020, 57(6): 060003.
B, BEE, WE, % ETHANEREGER
MRt 1] . WOk 5ot 7 gt k&, 2020, 57(6):
060003.

[2] Kermany D S, Goldbaum M, Cai W J, et al.
Identifying medical diagnoses and treatable diseases
by image-based deep learning [J]. Cell, 2018, 172
(5): 1122-1131.

[3] le Cun Y, Boser B, Denker ] S, et al.
Backpropagation applied to handwritten zip code
recognition[J]. Neural Computation, 1989, 1(4):
541-551.

[4] Kodirov E, Xiang T, Gong S G.
autoencoder for zero-shot learning [C] /2017 IEEE
Conference on Computer Vision and Pattern
Recognition (CVPR), July 21-26, 2017, Honolulu,
HI, USA. New York: IEEE Press, 2017: 4447-
4456.

Semantic

[5] Zou M, Conzen S D. A new Dynamic Bayesian
Network ( DBN ) approach for identifying gene
regulatory networks from time course microarray data
[J]. Bioinformatics, 2005, 21(1): 71-79.

[6] Krizhevsky A, Sutskever I, Hinton G E. ImageNet
classification with deep convolutional neural networks
[J]. Communications of the ACM, 2017, 60(6): 84-
90.

[7] Armato S G, Roberts R'Y, Mcnitt-Gray M F, et al.
The Lung Image Database Consortium (LIDC) and
Image Database Resource Initiative (IDRI): a
completed reference database of lung nodules on CT
scans. [J]. Academic Radiology, 2007, 14 (12):
1455-1463.

[8] Shelhamer E, Long J, Darrell T. Fully convolutional

1600005-11



[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

segmentation [ J ]. IEEE
and Machine

networks for semantic

Transactions on Pattern Analysis
Intelligence, 2017, 39(4): 640-651.
LUNA16-results[EB/OL]. (2019-12-31) [2020-11-
05]. https://lunal6.grand-challenge. org/Results/ .
Kuan K, Ravaut M, Manek G, et al. Deep learning
for lung cancer detection: tackling the kaggle data
science bowl 2017 challenge[ EB/OL]. (2017-05-26)
[2020-11-05] . https: /arxiv.org/abs/1705.09435.
Trial summary-learn-NLST: the cancer data access
system[EB/OL]. (2019-12-31) [2020-11-05]. https: //
biometry. nci. nih. gov/ cdas/learn/nlst/ trial-summary/ .
Danish lung cancer screening trial (DLCST). [EB/
OL7J. (2019-12-31) [ 2020-11-05 7. https: //
clinicaltrials. gov/ct2/show/NCT00496977.

Aggarwal P, Vig R, Sardana H K. Semantic and
content-based medical image retrieval for lung cancer

diagnosis with the inclusion of expert knowledge and

proven pathology[C] /2013 IEEE Second
International Conference on Image Information
Processing, December 9-11, 2013, Shimla, India.

New York: IEEE, 2014: 14029735.

van Ginneken B, Armato S G III, de Hoop B III, et al.
Comparing and combining algorithms for computer-
aided detection of pulmonary nodules in computed
tomography scans: the ANODEO09 study[J]. Medical
Image Analysis, 2010, 14(6): 707-722.

Ali Tianchi Data [EB/OL]. (2019-12-31) [2020-11-
05]. https: / tianchi. ali-yun. com/ competition/
entrance/ 231601/ information.

Havaei M, Davy A, Warde-Farley D, et al. Brain
tumor segmentation with deep neural networks[]J].
Medical Image Analysis, 2017, 35: 18-31.

Long J, Shelhamer E, Darrell T. Fully convolutional
networks for semantic segmentation[C] /2015 IEEE
Computer Vision and Pattern
Recognition (CVPR), June 7-12, 2015,
MA, USA. New York: IEEE Press, 2015: 3431-
3440.

Conference on

Boston,

Ronneberger O, Fischer P, Brox T. U-net:
image
segmentation[ M]//Navab N, Hornegger J, Wells W

M, et al. Medical image computing and computer-

convolutional networks for biomedical

assisted intervention-MICCAI 2015. Lecture notes in

computer science. Cham: Springer, 2015, 9351:
234-241.

Miao G, Li C F. Detection of pulmonary nodules CT
images combined with two-dimensional and three-
dimensional convolution neural networks [J]. Laser &
Optoelectronics Progress, 2018, 55(5): 051006.

Wb, AW AR A B A I 4% AR 45 5

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

1600005-12

£58% F£1658/2021 £8 A/HtSRBEFEHR
CT BIMGA & ks ik [T ot 506 T2 R,

2018, 55(5): 051006.

Chen S H, Qin J, Ji X, et al. Automatic scoring of
multiple semantic attributes with multi-task feature
leverage: a study on pulmonary nodules in CT images
[J]. IEEE Transactions on Medical Imaging, 2017,
36(3): 802-814.

Han Y, Ye ] C. Framing U-net via deep
convolutional framelets: application to sparse-view
CT [J]. IEEE Transactions on Medical Imaging,

2018, 37(6): 1418-1429.

Tong G F, LiY, Chen H R, et al. Improved U-Net
network for pulmonary nodules segmentation [J].
Optik, 2018, 174: 460-469.

Ruan HY, Chen Z L., Cheng Y S, et al. Detection of
based on C-3D deformable
convolutional neural network model [J]. Laser &
Optoelectronics Progress, 2020, 57(4): 041013.
Brok e, PR, BTk, 4. C3D W ARE B
o0 2 5500 4 Jis 245 9 A 0 [0 SOt 506 T o R,
2020, 57(4): 041013.

Setio A° A A, Traverso A, de Bel T,
Validation,

pulmonary nodules

et al.
comparison, and combination  of

algorithms for automatic detection of pulmonary

nodules in computed tomography images: the
LUNAI16 challenge [J]. Medical Image Analysis,
2017, 42: 1-13.

Dou Q, Chen H, Automated
pulmonary nodule detection via 3D ConvNets with
sample and hybrid-loss
learning [ M] //Descoteaux M, Maier-Hein L, Franz
A, et al.

assisted intervention-MICCAI 2017. Lecture notes in

Jin Y M, et al.

online filtering residual

Medical image computing and computer

computer science. Cham: Springer, 2017, 10435:
630-638.
Liu S, Xie Y, Jirapatnakul A, et al. Pulmonary

nodule classification in lung cancer screening with
three-dimensional convolutional neural networks[J].
Journal of Medical Imaging, 2017, 4(4): 041308.

Roy R, Chakraborti T, Chowdhury A S. A deep
learning-shape synergism for

driven level set

segmentation[]] . Pattern
Recognition Letters, 2019, 123: 31-38.

S, Picozzi G, Falchini M, et al. 3-D
segmentation algorithm of small lung nodules in
spiral CT
Information Technology in Biomedicine,
(1): 7-19.

Cao H C, Liu H, Song E M, et al. Dual-branch
residual network for lung nodule segmentation[]].

Applied Soft Computing, 2020, 86: 105934.

pulmonary  nodule

Diciotti

IEEE Transactions on
2008, 12

images[]J].



$£58% £ 1681/2021 £8 B/B A EREFEFHRE

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

Hou T X, Zhao J J, Qiang Y, et al.
CRF 3D-UNet

Computer Engineering and Design,

Pulmonary

nodules segmentation based on
structure [ J .
2020, 41(6): 1663-1669.

B HE, IR, 3E, % . CRF 3D-UNet filig5 154
FIMLT]. AL TR 5T, 2020, 41(6): 1663-
1669.

Dehmeshki J, Amin H, Valdivieso M, et al.
Segmentation of pulmonary nodules in thoracic CT
approach [ J]. IEEE
Transactions on Medical Imaging, 2008, 27(4): 467-
480.

Ciompi F, Chung K, van Riel S J, et al. Towards

automatic pulmonary nodule management in lung

scans: a region growing

cancer screening with deep learning [J]. Scientific
Reports, 2017, 7: 46479.

Xie H T, Yang D B, Sun N N, et al. Automated
pulmonary nodule detection in CT images using deep
convolutional neural networks[]J]. Pattern
Recognition, 2019, 85: 109-119.

Sun W Q, Zheng B, Qian W. Automatic feature
ROI based on deep

structured algorithms for computerized lung cancer

learning using multichannel

diagnosis[J]. Computers in Biology and Medicine,
2017, 89: 530-539.

Yuan Z G, Bi L X, Hui H G. Survey on medical
image computer aided detection and diagnosis systems
[J]. Journal of Software, 2018, 15(6): 56-64.
Nibali A, He Z, Wollersheim D. Pulmonary nodule
classification with deep residual networks []].
International Journal of Computer Assisted Radiology
and Surgery, 2017, 12(10): 1799-1808.

Ren S Q, He K M, Girshick R, et al. Faster R-
CNN: towards real-time object detection with region
proposal networks[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2017, 39 (6):
1137-1149.

Xie Y T, Xia Y, Zhang ] P, et al. Knowledge-based
collaborative deep learning for benign-malignant lung
CT[JJ]. IEEE
Transactions on Medical Imaging, 2019, 38(4): 991-
1004.

Ding J, Li A X, HuZ Q, et al. Accurate pulmonary

nodule classification on chest

nodule detection in computed tomography images
using deep convolutional neural networks [M7] //
Franz A,

computer assisted

Descoteaux M, Maier-Hein L, et al.
Medical image computing and
intervention-MICCAI  2017.
computer science. Cham: Springer,
559-567.

Zheng S 'Y, Guo J P, Cui X N, et al. Automatic

notes in

10435:

Lecture

2017,

[41]

[42]

[43]

[44]

[45]

[46]

[47]

1600005-13

in CT

based on maximum

pulmonary nodule detection scans using

convolutional neural networks
projection[J]. IEEE Transactions on
Medical Imaging, 2020, 39(3): 797-805.

Yang ] L, Zhao J J, Qiang Y, et al. A classification

method of pulmonary nodules based on deep belief

intensity

network [J]. Science Technology and Engineering,
2016, 16(32): 69-74.

MRy, BOBE, WE, 5. TR SN
HEWREMESKIT]. BEHEARS TR, 2016, 16
(32): 69-74.

Liu L, Yang P L, Sun W W, et al. DBN classifier
for classification of benign and malignant solitary
pulmonary nodule[J]. Journal of Harbin University
of Science and Technology, 2018, 23(3): 9-15.

XN g, BiEse, IS, S5 TR EAE L IR
Jifi st RGP o 28 (7] My JR I B TR 4 iR,
2018, 23(3): 9-15.

Xu ] Q, Hong L P, Zhu H B, et al. Generative
adversarial networks for the classification of lung
nodules malignant[J]. Journal of Northeastern
University (Natural Science), 2018, 39(11): 1556-
1561.

/NG R T R S U R U B FER TP 6
BEOF AL RS HU R 2% [J] . ZRAb K222 4R (A SRR
2F0RD, 2018, 39(11): 1556-1561.

Choi Y, Choi M, Kim M, et al. StarGAN: unified
generative adversarial

image-to-image translation [C] // 2018 IEEE/CVF

Vision

networks for multi-domain

Computer and Pattern
Recognition, June 18-23, 2018, Salt Lake City, UT,
USA. New York: IEEE Press, 2018: 8789-8797.

Hsu S Y, Yang C Y, Huang C C, et al.
SemiStarGAN:

Conference on

semi-supervised generative adversarial
networks for multi-domain image-to-image translation

[M] // Jawahar C V, Li H D, Mori G, et al.

Computer visionrACCV 2018. Lecture notes in
computer science. Cham: Springer, 2019, 11364:
338-353.

Lu X, Gu Y, Yang L, et al. Multi-level 3D

densenets for false-positive reduction in lung nodule
detection based on chest computed tomography[J].
Current Medical Imaging, 2020, 16(8): 1004-1021.
LuoJ Y, Zhao J J, Qiang Y, et al. Lung nodules
diagnosis using multi-features generalized deep auto-
encoder based on extreme learning machine [J].
Computer Engineering and Design, 2019, 40 (1):
154-160.

PR, BIRE, mE, . AT REA
AL A I 45 A5 2 W Oy s (0] F AL TR S it
2019, 40(1): 154-160.



$£58% £ 1681/2021 £8 B/B A EREFEFHRE

[48]

[49]

[50]

[51]

[52]

Shen W, Zhou M, Yang F, et al. Multi-scale

convolutional neural networks for lung nodule
classification[M] //Shen W, Zhou M, Yang F, et al.
Information processing in medical imaging. Lecture
notes in computer science. Cham: Springer, 2015,
9123: 588-599.

Shen W, Zhou M, Yang F, et al.

convolutional

Multi-crop
neural networks for lung nodule
malignancy suspiciousness classification []J]. Pattern
Recognition, 2017, 61: 663-673.

Dey R, LuZJ, Hong Y. Diagnostic classification of
lung nodules using 3D neural networks [C] /2018
IEEE 15th International Symposium on Biomedical
Imaging (ISBI 2018), April 4-7, 2018, Washington,
DC, USA. New York: IEEE Press, 2018: 774-778.
Setio A A A, Ciompi F, Litjens G, et al. Pulmonary
in CT
reduction using multi-view convolutional networks
[J]. IEEE Transactions on Medical Imaging, 2016,
35(5): 1160-1169.

Kuo C F J, Huang C C, Siao J J, et al. Automatic

lung nodule detection system using image processing

nodule detection images: false positive

techniques in computed tomography[J]. Biomedical
Signal Processing and Control, 2020, 56: 101659.

LinZ Z, Wang G T, Fu Q S, et al. Benign and
malignant classification model of pulmonary nodules

based on residual neural network[C] //Proceedings of

[55]

[56]

[57]

(58]

1600005-14

the 2019 International Conference on Big Data,
Electronics and Communication Engineering (BDECE
2019), November 24-25, 2019, China.
Paris: Atlantis Press, 2019: 164-167.

Xia X, Brain K. W-net:

Beijing,

a deep model for fully
unsupervised image segmentation [EB/OL]. (2017-
11-22) [2020-11-05]. https: // arxiv. org/abs/1711.
08506.

Siegel R L, Miller K D, Jemal A. Cancer statistics,
2020[J]. CA: a Cancer Journal for Clinicians, 2020,
70(1): 7-30.

Yuan X F, Huang B, Wang Y L, et al. Deep
learning-based i

feature  representation and its

application for soft sensor modeling with variable-
wise weighted SAE []J].
Industrial Informatics, 2018, 14(7): 3235-3243.
LuN, Li T F, Ren X D, et al. A deep learning
scheme for motor imagery classification based on
IEEE
Transactions on Neural Systems and Rehabilitation
Engineering, 2017, 25(6): 566-576.

Cao K L, Risk
stratification of lung nodules using 3D CNN-based
multi-task learning[ M] //Niethammer M, Styner M,

Aylward S, et al. Information processing in medical

IEEE Transactions on

restricted boltzmann machines[]] .

Hussein S, Song Q, et al.

imaging. Lecture notes in computer science. Cham:

Springer, 2017, 10265: 249-260.



