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Research progress of lung nodule segmentation based on CT images

Dong Ting', Wei Long”, Nie Shengdong'”
1. School of Medical Instrument and Food Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China;
2. School of Computer Science and Technology, Shandong Jianzhu University, Ji'nan 250101, China

Abstract: Accurate segmentation of lung nodules is of great significance in the clinic. A computed tomography ( CT) scan
can detect lung cancer tissues with a diameter larger than 5 mm, and its fast imaging and high resolution make it the first
choice for screening early stage lung cancer. At present, CT images of the lung have been widely used in pulmonary nodule
segmentation and functional evaluation. However, a single lung scan will generate a large number of CT images, and it is
very difficult for doctors to manually segment all images. Although the manual segmentation of lung nodules has extremely
high accuracy, it is highly subjective, inefficient, and poorly repeatable. In addition, the lung nodules in CT images have
different shapes and uneven density, and some adhere to surrounding tissues. Thus, few segmentation algorithms can adapt

to all types of nodules. How to segment lung nodules accurately, efficiently, universally, and automatically has become a
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research hotspot. In recent years, the research on lung nodule segmentation methods has made great achievements. In order
to assist more scholars to explore the segmentation method of lung nodules based on CT images, this article reviewed the
research progress in this field. In this study, the lung nodule segmentation methods were divided into two categories : tradi-
tional segmentation methods and deep learning segmentation methods. The traditional segmentation methods for segmenting
lung nodules are expressed based on mathematical knowledge ; that is, theoretical information and logical rules are used to
infer boundary information to achieve segmentation. According to different principles, the traditional segmentation princi-
ples were roughly divided into segmentation methods based on threshold and regional growth, clustering, active contour
model (ACM), and mathematical model optimization. First, the traditional principles and their advantages and disadvanta-
ges are summarized and compared in this study. Then, new methods, including deep learning and deep learning with tradi-
tional methods, are focused. With the development of artificial intelligence, deep learning technology represented by convo-
lutional neural networks ( CNNs) has attracted considerable attention due to its superior lung nodule segmentation effect.
Distinct from traditional segmentation methods, CNNs can use hidden layers such as convolution layers and pooling layers to
actively learn the low-level features of nodules and form them into higher-level abstract features. By using a large amount of
data for training and validation, we obtained the bias and weight of the model with the smallest loss rate in the validation set
and used them to perform prediction on the testing set, wherein nodule segmentation will be conducted automatically.
Because of the particularity, the study of CNN-based lung nodule segmentation is mainly concentrated on the design of the
network structure. Fully convolutional networks and encoding-decoding symmetric networks such as U-Net obtained better
performance on lung nodule segmentation. In particular, U-Net is commonly used in medical image segmentation due to its
small amount of data required and superior segmentation effect. U-Net achieved remarkable success in the segmentation of
lung nodules. In addition, the improved network based on U-Net structure also promoted the segmentation effect of nodules.
After a brief introduction of the process of extracting lung nodule features by CNNs, this article presented two aspects of
using deep learning methods alone and deep learning combined with traditional methods to segment nodules. It concentrated
on the application of deep learning in lung nodule segmentation. At the same time, various oplimization strategies for accel-
erating the model’ s convergence speed and improving the performance of the model on nodule segmentation were summa-
rized. Finally, the commonly used evaluation indicators of lung nodule segmentation methods were briefly introduced. Fur-
thermore , combined with the performance of the indicators presented in some literature, we looked forward to future devel-
opment trends of the pulmonary nodule segmentation method. Researchers have focused on how to improve the accuracy of
the segmentation results, the robustness of the model, and the universality of the method. To achieve this goal, the advan-
tages and disadvantages of various methods were summarized and compared. In pulmonary CT images, traditional methods
were more robust, but almost all of them were highly dependent on user intervention, such as region growing and dynamic
planning algorithm involving low computational complexity. Moreover, they were sensitive to image quality, and their ability
to integrate with prior knowledge was limited. In addition, these methods tend to experience over-segmentation and under-
segmentation. Although ACM could improve the accuracy of the segmentation results by merging with prior knowledge such
as nodule shape and texture to generate models, it increased the computational complexity. In recent years, with the contin-
uous improvement of medical standards, traditional segmentation methods have failed to meet clinical needs. The develop-
ment of computer vision, artificial intelligence, and other technologies has promoted the development of deep learning,
which has been successfully used for lung nodule segmentation. The lung nodule segmentation method based on deep learn-
ing is universal, and the network optimizes the model through operations such as regularization, weight attenuation, drop-
out, improved activation function, and loss function, which can reduce the training time of the model under big data. Even
in the case of a limited amount of training data, the accuracy of the model and the speed of segmentation can also be promo-
ted by using data augmentation, preprocessing, adjusting the network structure, and using different optimizers to obtain bet-
ter segmentation results. Therefore, deep learning methods have been gradually applied to segment lung nodules. The CT
image-based lung nodule segmentation method has achieved great success, but the gray value of the lung nodule in the CT
image is not much different from that of the surrounding tissues. Moreover, anatomical structures such as adhered blood
vessels and pleura added more difficulties to segment the nodules. Thus, there is still much room for improvement in the

effect of segmentation. From the current lung nodule segmentation methods, the segmentation method based on deep learn-
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ing has high accuracy and fast speed. However, problems such as massive data requirements and super parameter determi-
nation still need to be solved in deep learning.

Key words: lung nodules; computed tomography ( CT) image; lung nodules segmentation method; deep learning; review
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Fig. 1 Lung nodules classification( (a) vascular adhesive nodules; (b) pleural adhesive nodule; (¢) lung wall adhesive nodules;
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(d) solitary nodule; (e) part-solid nodule; (f) pure ground glass opacity)
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Fig.2 Segmentation of lung nodules by traditional method
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Table 1 Types of nodules suitable for traditional methods
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F BNk A B R A B e B 0 R /Y
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Fig.3 Basic process of deep learning method
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2.2 ETFERMEMKZSBET

H Cernazanu-Glavan %8 A (2013 ) ¥ & B 25
#% ( convolutional neural network, CNN) FH F 43 #] X
ZRIEMER IR, CNN 3L A HE R G A AR A BORURR AR 52

/

INBEAR RN M, 48 CNN i 245
ZEBCH AR RRE , R S AL 2 X RRIE R4
SR G R 2 T 42 2 SR AR AR 5 A R A, B
JE {8 softmax S50 PRECZIR R 7028 RS e 47 B
FRIXI, CNN g5t DLIE 4,

ONCTA= — ittt
; . &
% Lol ,
& ]
B Bog o
14 CNN Z5#4

Fig.4 CNN structure

TREE 27 2 T T4 BB 455 SR FH il 48 ) 2%
BEAIYI SR 25715 V) B, 36 8h 2 UM SC AR AF 58 1 43
#], Wang % A (2017) JFEKF T~ CNNs 43814575, —
KO TR KANARE 6 NEFZEN% 3D YA,
FEEAS TR S AVRRAE 5 53— 2 SO R AR 2 800 5 A7
JEINZR 2D YL R $REUEE 5 B F- AR P 4% 43 33
RH 2 Aot Ak 2 AR B 45 R oG fF B IR
FRIE R 4E ; 25 softmax & HEE HT BB E 2L
J&  BE P AY 37 A R R o R B Bl 4G
75, CNNs £ BG4 %0 05 1 B T 3848 308,
Mask-RCNN ( region CNN) 5 i Ay 31 4F 4 BfF 5% #4057
Mask-RCNN J& 1 24155 [ 2% AT [A] i 5 90 5 prder
MANGFE (He 5£,2017) . BT HIA T RS 7
2% ( feature pyramid network , FPN) , Mask-RCNN 7£
/N E BRI 7 A ARG B PR RE (B AS R AT 55, )
HKINTFZSHTR L%, T AL Mask-RCNN LA
N ZETT 53] Yan 55 A (2019) HH focal-loss 1 LA
PR BB, e T 25717 575 5o R/NE IR S 80
BOELR AL A B B T 1 Liu 28 A (2018b) HIZAT %
P R4 1 43 FIROR o 3D M 4% RE 2 T 42 1
FIFFHE , F 3D Mask-RCNN 4312555 (945 3 R | K
2 R AE 22 2 e 1 He 2D 19 B 4T ( Kopelowitz 1
Engelhard ,2019; Cai 45,2020 ) , {H W 45 )| 4150 R A
FITREAR , IR, 58 TR B 2 ) 0 B 7 Bl A7
B, Xl A 1 T A g % B BT S b i e, A 3D

Mask-RCNN 5 H 25 fl 3 822 ) SR g 25 4, Wang 4§
A (2019) H s 1 58 E RER 7E HUR T 14, 85% 7l
bR&EE S SERIN 20 5T, 48 T 5 R H
100% R 2882 5N T M2 TC L 3 FIRE B .
N2 AT A/ IMEEAS T TR BE 27 2 43 RIS

2.3 ET&E5RHENESELET

/b CNN s 24 2 R 215 B, Long 5%
N (2015 ) P 4234 452 R 45 0 A5 FRUZ B 4 5 B 22 I 2%
(full convolutional network, FCN) J1:45 %I 7], FCN
A SHc /N TR ) B R R N B R
FPRHRFIE IR A2 3 A SRR N, 6 i 31 o £ 1]
WM, FCN 25K LI 5,

6 B Bk 22 A (75 21 5k 22 M 4%, 72
X533 A A AR 25 W 248 43 RIZ5 1T I e 2 A . 2 R
FEPEHREE T R AR A w19 L SR T
Sy EVRE (Liu 55,2019) o FEMCEERN b LAHC 38 B2
WALE R KM AL Z, IR T 45O SR
Kl B, i — P4 T 174575 70 FIRBOR (Cao 55,
2020) , SR, H PR B 5% 2 J7 15 56 4200 57 Ak
AT 55 2 LU RCHE R BT IR, A OCAT 55 B IR 22
A B TS AT 55 AU PERE (Wang 45,2020) . E4S
TR A E TR AR S N His 2, 5rE)
5L, S Faster R-CNN 53 CNNs PR i 25
WALE, PR FCNs 43%1457 , H i ffi H FCNs 4351
() 25 B B4 f- ( Huang %5 ,2019) ; FH 3D CNNs Al £5 5
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FRuk M FHPE X 38U , P9 3D FCNs 3 HI4571, 4577
FAJAGEIN R - ) A SR A0 A B 2L FH( Tang 45 ,2019)
2.4 ETHRB—EBHEEHNESEIET

TE FCN M2 R R B AR B R BRI &
i AR RN 38 o B A5 RN S, 2015 48,

LA U-Net( Ronneberger 25,2015 ) A& B9 4 i—Fi#t
Tty I 24 T B 0 FH e 2 B B0 H AR RRAIE | i ot
fRt g R S5 BRI 20 HE R Ty b oReAE 7 2
e MR AR 1L %) 57 B 44 A e S 2 ) AR 1 o
ZRMLE S T AR AN 45 o A UK 6
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HNEIG
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Fig. 6 Encode-decode structure

U-Nets [RECHE  oR B/ 20 BICR GF Mg 20
2T A AR Z AR 45 . TE U-Nets 195 fi
a8 51 A Bottleneck He(WLIE 7 (b)) , F| L 14 4
I PR AL (rectified linear unit, ReLU) Dropout JZ & F
Dice $i 2% bR B 1% 8 19 38 SRS 400 2% R AR 8 T
26 B ZRA5R 5 70 #)4 RE — B ( Tong 45,2018)
TP U-Nets JHEX AU EFRZ A Bottleneck B, 254
F Bl > SR AT S ERAE Y B2 B A B A HI
A LS (Zotova 55 ,2019) . Fr5IHE , 7E Bottleneck
Heft) ReLU pRECHT N AL S AR 1AL ( batch normaliza-
tion, BN) JZ15- 22t Bottleneck e ( WLE 7(¢)) ,IF
B HMABRIZ A RZ o AU 28 R 275 LA

I bR 1 0 28 Wi S5 B 435 749 43 R ROCR L B
(Singadkar %§,2020) , 5 AR[A], Rocha 48 A (2020) 7£
U-Nets B RMLALZ S FoRFEZ Z RN A AL 2 5
(Badrinarayanan 4§ ,2017) , - FH e AL AR KA,
U/ R 28 T AR 1 [T s T P26 AP0 (B
515y EINE S FON MBI I AT, X7 3D 45
57 E], Aresta 55 N\ (2019 ) K4 PSR 181 A9 U-Nets 52 EX
733 iW-Nets , 1] H 8h7p HI25 15153 3D R, IF 2 H
PHEMARIGA R EG AP ST FIRGOE,, 12 M%%
TR R N TE— e R BIb TIIZRSAL,
XFHAESESSE 1 19 73 BIRCR IR T R, S, 7E R Bk
3 PU-Nets M2 B K455 3 DUImRY G M
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Fig.7 Residual structure ( (a) residual block; (b) Bottleneck block;(¢) improved Bottleneck block)

XERE AR fE ST A 3 AN AT IR, R 10
138 SUBGIE AN A 58 12 42 T4 49 1) K ( Amorim & y
2019) 45 F I, £43 3 3D 45 F AE Rl i 22 7 1) 2
A ARG M FIRCR A,
2.5 HREF33ID HEHESIERMHA

3D S EN T 0 N Ok BG4 T AR I A I
R R . TEES T e, 2D ik GRS R E ML,
FEREE 242 J7 i, 2D #1455 FH VI F- g A, A
By 2D SRR ICEE T 0 K B SC AR 28 587 TR
fiE AR 20 T Y1 R 51 K Z 81 & RBHE, R T
SrEV AR ARG R . B TR 2% 2 HAR I & Al
AR R EETE, 3D 43 F1 45 PR L2 (R RRAE 42 3
AEFIEBR 2 R 4y B 4000 H W4T, 3D W45 5 Bh
3D & AT HEHRES T (1) 42 Jm FRAE , HLA T8 1Y % > g
F1o TERET 5 B 22 W 45 43 B 4535 o | Feng %6 A
(2019) 48 3D CNNs YIZAR TR R R 25T IR,
PSS 3D NS RRAE, BT T A EIROR
FEFET 245 B 28 W 45 43 F1 4515 P, Yaguchi 58 A
(2019) ffi F§ 3D FCNs 58 A% 1 %t 21) i 19 45 775 T
T FE T G B — e D 465 4 ) 2 43 B 25 45 v, Wu 28 A
(2020) ¥ 3D U-Net 5 3D Z/4BEHLY ( conditional
random field,CRF) #Hi% , Y Zrid # v CRF F T4k
) 284 At i FIASCERL , TR 45 R S 15151 3D U-Net H1 581
W28 SEL AL, G519 53 B 45 R 7R I% M 45 1 1k REAR
W 5408 AR 3D U-Nets AR R 2% | V-Nets 7F 5
PG RUZZ RN A SR 25 8, 510 H S 84t i
PR (PReLU ) 18 ReLU fipe M £8 Uie 84, th3K45 T

BT 245 70 B3R ( Kumar A1 Raman,2020) o 4R
1M, BT 3D & AR B9 2 Hc it 53 B ok 1
2D 2% I BRI N, H 3D ¥ 45 % £
MRB IR, HAT,3D M4 HI RS 2D W
2= T IO WALE, Rk 2D 5 3D MZEREG T
G510y B w2 O AR SR BT 5T 5 1A (Liao 5%,
2018) , 2 SE T HRI RIS 3D EIXF EE 2D
Oy ENITIR A28 S SR, Bl B AR 55

BRI 2] o3 805 i FEE A AL s W &
%% ( computer aided diagnosis system, CAD) 7E IIfi K I
REAER, HITE AR Z T CAD Iy
Wu %A (2018) FIATECHER) 3D U-Net 528 T 2545
o3 R PETN A RO > 28 1) Z24E 55 CAD; Khos-
ravan Fl Bagei (2018) | 3D R JE £ 4% 5 CNN ¢
BT S5 o B AR BH PR 980 79 CAD 55, R4S IR B
FAFORE 2 BB A SRR S TR
M, B T B TR A BB R PR A, E R TR
JE 27 > B 451 0 1 ' 2 A I PR AT 557 7 4R 48
B 15 A A S 518 ( Razzak %5 ,2018)
2.6 REFITELDE

TRIE "7 S O R REAT R0 HI A 2R 25 R T 3
AMEGE T M LS AT S R ZE S oy FI R R, 7
I PERETHEILAY SCRE T | TR BE 27 2] 7 1 filg PR 58 i
4 A3 B AE 55, R H TR TR 2
FRORLFRARAS Rt (8 T shAniC Ul 2R AT BRI 4, i
SEANHAE TR BTG (HAE 38 SR 73 HIKS 1wy A4 il 2555
I3 AT, TR o 2] D5 PR E I L IR
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Table 1 A brief summary of the 3D segmentation methods

22 L 2% 2D 3D HAbAT:55

st

B,

Feng %% \.(2019)

2D. i i 4 %I
Kopelowitz #11 s |

Liu %% A (2018) ) (Chang % ,2019)
NN Yan g a(aongy  EneelhardO19) g i 0 ( Cao
Cai % A\ (2020) 5 2000)
Wang %5 A (2020) ’
4 2D JH N Mg 4351
FON Eiagféo(lzgo)w) Yaguchi ZE A (2019)  ( Christ %,2016)
Cao A (2020) Tang % A (2019) 3D Ze0 %50 #] (Jin
o 45 2018)
2D fz kR K 4
Tong % A\.(2018) Aresta 5 A (2019) ;éng;]az Al Rahman,
Zotova %5 A\ (2019) Amorim Z¢ A (2019) e 1
U-Net Singadkar % A (2020) Kumar il Raman(2020) ill?l i E[i;%mlz(i gﬂ; n
Rocha 25 A(2020)  Wu 28 A(2020) uang ~7,

i 9 9% 43 %1 ( Chang

2D I 2D #H A
F 2D Ul R ER AT
FRAE B A B A
ZREBAL, Tl g Z
B/ | [ Bt T 3
A ENRIE 2
IR I 25 sk ] — %
ik

3D FI 3D 3
F 3D (R He g B &
FHHE, M — 25 2]
TE 5 BEAH
HZS ] 5G|, g P2 IR
ZEATHY 3D RN

R

2D H g R X 3
HIES 15 B, Tk
I 4 ) 45 4
fFE.

3D BB R
R E, TGS
L E A [
oW LR g
A,

4F,2018)

A JEARK — B Rl N AT VISR T vk . IR
JE 27 S REAU NS B 2 PR A i) B R o o SR B, R
EEU CT 4 2 ok K A 451 S AR 40 (EL
SRR A LTI AT R PR M TR 2 ST i 4G
TR FEN AT /R A R B BRI, X5 g, B9 E
PEECEY IRl 55 MBS I 2% 24T 552 ) ok
DA BRI ZRAE AT 190 26 AN UT S (1) R 5 3l e o)
22 BEAT AL LR TR R A2 A RE ) 5 a8 ok it
VT RS A0 K RRESOR I DRSS e o R R 254
SERAEATHY 2D B 3D R EGH S E] 5l A A
B AR R #R a0 Adam | BEHLESEE T B ( stochas-
tic gradient descent, SGD ) B33 45 42 =5 43 HIKE B2 FIR%
AR, BRI, RS v B SR B0 5 A 1 it
3D 2% B FH 2> P BRI B 008 I, e FICR I
T 2D MILE R 2518 A 1 BE 22 S0 oIk ; A Al D
PRAE BN AR S /MR A Bl S BRAS 1T B9 42 A 3l
AT T AR 22 PR TR B 25 >0 23 D5 VA TR I R
s E R Z IR Z LR,

3 REFRISEEFEEGHRET

L 5 B R T U AR R A2 0
VREE 251 {55007 v IS 4 FR T 454 408 3 50
P SRS I B SR 1) 225745 A 7 18P
A2 GEHT AR EL, Sun SN (2017) A 55 1 P )

(graph cut) 43 H B E5 T X3, FFH CNN 2>
A B A DX IO 2351 i — AL R W i Aoz, 55 AT soft-
max TR R SR, 153 TR JIAOCR .
TE U-Net Ti75 2 0 2575 A , SR H graph cut 55
EOAIZ o B 5L, TR 1 43 1 REHOHL 73 )
M5 HETF 20% ( Mukherjee %5,2017) , IRIE¥ 5
15 77 B AR R R 43 ) R AR S AT I TR R R,
Roy %6 A\ (2019) H SegNet ( Badrinarayanan 55 ,2017)
XFR LY R AT 2 B Ik 15 B RE AL
XA AT TO0I0 A5 2R 23 B 45 2R | B Be o F14%
R AP R B R 5 RIIG; BLAT HI S5 2R R level
set [ RRELI T IR Ak It 2, 1) P it 4 32 AR T8 A S BRG
M) Ao E, B M G 55707k o H 4
W AR AT DAERR AR RS i B (HAR S
BOR Gy #5478 Bhandary 55 A (2020 ) 114 fili 55 k1A
THE B8 vb Ao FH BB 1Y AlexNet TR B 5 > ) 45 $2 Bt 2%
TR, BB S 200 B 455 15 8] TR Y
4k

REES ) 550 0 AR gs & T B4 AR
W, BN ELEAPR. ) A5 Tk
S PREET R, A AR FE 7 I A2 ) 1 I 45 A%
RS2 S 25T B RRAE 3R OR | 7 A% 48 07 AU b 3
B2 TR REARAS BRSO 45 T B E2R
URBE 22 2] i Re e e 0 2571, i A% G2 )5 vk HA& 4
P B HARRe ORI, SR, %285 i
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AHIE ISR (W2 3) o I PRIV FH 3B SRR
3 F R [R5 e 2 R AT 7 35 45 5 i
DRAFIRIE 5 ] B i 0 IR S AL G0k A gt
B R RS IE

®3 RAFFRERANETEE

Table 3 Types of nodules suitable for mixed methods

Vi WIRES S NiNEE R
Sun 55 A (2017) TP o B RS i R FINST B2 Y
Mukherjee %5 A (2017 ) T8 R S B B S 2
Roy %5 A.(2019) I8 M BB S Y PR AU A5

Bhandary % A (2020) & TR 455

4 HEITEIRG ISR

PEAG i 45 59 1Y 23 F 45 R B E RV Bk
AE, B2 WA BUE I 3R 7 B4 2R 5 4 bn v Y
25, EIBCR BTN — A Dice AHAL £ %L
(dice similarity coefficient, DSC) | # & % (intersec-
tion over union, loU)  BH¥E FUIIE ( positive predic-
tion value, PPV) B (sensitivity, SEN) F1F-1)
2210 #E B (average surface distance, ASD) % & 1k
f5h5

DSC Al ToU $5 /0 HILE A5 SAnifE Z [0 B #0145 72
JE PPV 841 ENES 945 R R 5 J 4 2] b AR
F LA SEN T2 7R 70 F R A AR R L s dm v rh
SMEER L5 ASD J2 46 73 B 45 R 5 G br e Z 18] (Y
V-4 Hausdorff B 25, 75 iR 5 BB F5bnH, LA
DSC 1 ToU $abrdi g i 1, HZ WL i 1 0 145 5R
5 bRt (R AH DL B2 B B, BB A RT3 )
JTEIAE T . DSC I ToU 4845 1] 78 A

2(Gt N Seg|
DSC = ——————=2—+ 1
G| + |Seg | =

_ |Gt N Seg |
fol = |Gt U Seg | (2)

K, [ Ge| | Seg | 73 AR 4 b e 10 AR O vk
SrER R TA, [Gr N Seg | INEK B IRES
SRS RN EZHR, |Gr U Seg| RESIRES
OyEIGE R IEEE . DSC M ToU (HIfE0 ~1 2
] (B AR R B A3 B S5 R 5 S bR e A2 3T | 3 BIRCR
g

YR 45 5 3 IR f w5 ] BB R I8 322
P . 1) il 45 2040 22 6 B (lung image database
comsortium, LIDC) 22 IH0dE % 5 2) I IR %4 . LIDC
A1 1010 RGBT 018 Eiis CT HHER , 45
BRI S AR 4 7 250 F 5 U RHE A
PRUE A 4595 45 B, 451 BLARAE 2 ~ 40 mm Z [H],
LUNALG6 Bffi 4 )2 LIDC 19748, A5 888 44
Bl & 20 3 AU BE A E R ER R T
3 mm BSETY, Il RECHE W gk T BE Be, JF A X A2
i, #4 RS SEE T IAIr i s 55 B H
PEMIRFREE SR, Homp, CF-CNN 4 central focused con-
volutional neural network, CDP-ResNet A cascaded
dual-pathuay residual network, DB-ResNet & dual-
branch residual network ,DDRN 4 deep deconvolutional
residual network .

HRAEFEPREE IR AL Ge T AT ol IR 25719 26 3
X RAE R RN, 0K BB TR 55 > Tk Y
e P S, S R o SR, 0 RGO
I ) G ARG T AR 4y ) EIRAS T ARG AR
R MR I R AT P REAIR . #% I R4S 1 R/
A AR, — e, BRI AR RS R R
T 22 WA 53 HIOE B LR Y HPE 45 A i 4
I, 75 R PERE W B AE

Gy B VP I B B R A R VA AE I
PRI b RA R R AT . Jr et BERR 1 ] ik
B AEAE IR LAAD AT W PEA, BRIl
I R 25 2B A BCRAE PP HIb e, R4 /T 4%
Ti R FWVET, BEEE UL 1 25 O AR RE

5 KREEE

D ik R PR FT 4574 70 FIPRG JEE A3 B R A 7
SR BORBEZS ISR F OB IR 2 S BOR il
BT ORI ) (I EE T 0 RTE IR P — i, A
SC i B PR 23 BT 2451 B O 1 B P PR AR R B
XFORIE 7 > T ik W A R St A T R

1) FiE A T RERHUARY 2k, 2 T IR 2 2T 1Y
LR prr e (e e S L Sl e =y o S D
%S Tk

2) RFBUA Y I 45 4T AT ekt el 5 AR e 0T
VLT BN A BRSO — AT 5

3) F AT A i 28 9 205 T 2R T B s i IO R AR
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Table 4 Evaluation indicators results of traclitional methods and deep learning methods for lung nodule segmentation

RS FE Vol it SR £ TR RN DSC  ToU TP
BE + BRI HFEW M 200( LIDC) RRFETH 1 AMIE RN
- 0.57 X
(Kostis %5 ,2003) M/ My 45y HA%: <10 mm Rz RS,
A - I 700 (i K ) Bland-Altman 43 #7 —
( Kuhnigk % ,2006) FHEE B, - = 036 mbeik ose;
-
B T ., 10S(LIDC) +B20CIEER) W B {87 45 30% %
(Kubota % 2011y " FVHRELAIETD LIDC g2 - - 08 o oy
e PR 7% 23 ~ 30 mm 7 e
= 22 A A FI| 4
level set L K 542(LIDC) 0.70 0.57 %%ﬁigq_% “3;”#
gy (Farhangi % 2017) M4/ Mo Zs 1 B =3 mm ﬁﬁﬁﬁﬁ 5 2% )
i AT #8532 16
X BRI 18(LIDC) +38(Ii}K) LN X R ELAF
(Jung 45 2018) GGO 477 LIDC FL4%:3 ~22 mm 0.82 0.66 "y i 2 e g
e IR ELA% 14 ~29 mm S ‘
‘rﬁ {HJO
s 4 2L RN 5 F 45
aKibapour =y, T : mm ﬁ‘lﬁf%ﬁﬂ{l?}lls%o
GMM + FCM , 893 (LIDC)
1] _
(Li %.2020) A 25T B =3 mm 0.90 0.86
Yk  Wirgk il
S 493 (LIDC) 4 B 4y B 4
(W (JFQ;NZNO”) prggom  30CIDC) SOCLIDC) - o) ey 0,82 0.71 {f.DSC = 0. 84, —
an , N
i LIDC F#% :4 ~ 24 mm BHERES T 1.98%
IR A% 1. 64 ~ 58.94 mm
YksE L Wik 4 2R RN B4
CDP-ResNet S I . DSC = 0. 83, —
Ve . : ’
(Liu % .2019) Jr A 25 391 (LIDC) 56(LIDC) 539(LIDC) 0.83 S R
LIDC E#.3 ~ 14 mm -0.03% .
YksE  wursE ke 4 BRI 4y B4
DB-ResNet . H{H.DSC =0. 83, —
KT - ’
(Cao %.2019) ! 387(LIDC) 55(LIDC) 544(LIDC) 0.83 2 2
REE2: 5] LIDC B #£.3 ~ 14 mm -0.49%
ik g BiEgE Wit
SegU-Net - a _
(Rocha % .2020) FrE2A 1591(LIDC)531(LIDC) 531 (LIDC) 0.82
LIDC EH4%: -
Yk BIrEE WiRE
DDRN )
2K _
( Singadkar £,2020) A2 272(LIDC) 54(LIDC) 89(LIDC) 0.95 0.89
LIDC 4% -
IS EAE k4
200( LIDC)
3D U-Net +3D CRF ;
ke 2;2020) Figdem  662(LIDC) 74(LIDC) L S0( I 0.80 - ~
LIDC E#2: <30 mm

M R ELA -

TE =7 BN AH R SCRRAR RIS
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Table 5 Evaluation indicators results of traditional methods combined with deep

learning methods for lung nodule segmentation

RIS FEIR BB 2T A SRR/ R/ DSC  ToU  FEWIEH
VoS RS IS
Graph Cut + CNN PRSL Y RN I 4/
A LID . - -
(Sun % ,2017) Wl 2 305(LIDC) 0-85
LIDC Ef2: >3 mm
I 4hde BEdE i3 £
WEH> + SegNet + Level Set SR/ IRST I /R
’ ) T 220( LIDC 63 0.92 - -
f6 5715 (Roy 4,2019) Wt (LIDE)
LIDC Hf%. -
Vs Loaties iR LE
AlexNet + TE ST s
Y LID . - -
( Bhandary % ,2020) LIRS 777(1IDC) 0.9
LIDC A% -

T =7 FR AN SCHRORARE

HEFT A MBI Sk, (E T T B 2 i 1y S e vk, T TR
AR AAMIESE ) —Fh JC B 5 W TR
I LASE RS 8 GGO 45 43 HIME B R ) 4515
T 2 AT 2R S5 5 1 23 HE W ST 2l H AT

4) BT AL REAY $2 7T, TR AL 2% 2] 3D 43 %)
W2 Iz (B AR 22 BB 2 5 25, Aok
WF5EH,2D 5 3D 258 1 2 T G 2 1 BUSCh
ARE;

5) SR RE N Z MR R HEEE T E B Ak
F PET (positron emission tomography ) -CT {5 /3]
R EE A = e R AR B

6 % i&

A SR 2L D25 1 AR G i 2575 4 1 7 s B e
SR TR ) R SR T R A5 R
T R BB ESE Y or BT A AT T R AT Y
Rk, ARGEIT I EAR R A Y IR AR K BRSO
SRR LA (H A R IE RS =, HA Ay
45 5 A N NSESS RG24 1 o EI i 1A
M 5 1 58 75V ) I B2 AR, 3 VS R A2 B, ELX
FH P T A AR, R BE 2% 2] Jy A R B 4
PEINZRM 2 | T3 D R fE vl | s #l gy, B
A3 IR B o B M, S &5 T A ) 1 3 P A
X T REE ALY St By o 005 SR
TR BE 24 ) n] A E Ak ASUE ZE 0 Dropout | 20 3
T BRI ERORI 2% o 8055 0 A A5 R R sl B ) I 4 e A5

TGN Rt 1] 3 ROEEAESS T REAS A BRGSO T, il
AR Y HE AR 28 B, T80 M A i 2 R 4 1
PEF BB HAF Y FIROR

TRIE =7 > J7 AR S5 39 0 ) B UG T — % A A
WL, TEA 5 — B ] B e R S8 i 46 R bz, i fE 4t
J7 R SEAR HAR A BIE SO Pt AN 2 1k 48
AN, AN, FAT R 45 G 2 80 LG BOR IR
PRI AN FRAT A, R K 9 R 1 2 LA S 2
BB E W IR TR L > AR R IR REL
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