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Performance Comparison of Commercial and Customized
CNN for Detection in Nodular Lung Cancer

Sung-Wook Park*, Seunghyun Kim”,

ABSTRACT

Su-Chang Limm,

Lt
Do-Yeon Kim

Screening with low-dose spiral computed tomography (LDCT) has been shown to reduce lung cancer
mortality by about 20% when compared to standard chest radiography. One of the problems arising from
screening programs is that large amounts of CT image data must be interpreted by radiologists. To
solve this problem, automated detection of pulmonary nodules is necessary; however, this is a challenging
task because of the high number of false positive results. Here we demonstrate detection of pulmonary
nodules using six off-the-shelf convolutional neural network (CNN) models after modification of the
input/output layers and end-to—end training based on publicly databases for comparative evaluation. We
used the well-known CNN models, LeNet-5, VGG-16, GoogLeNet Inception V3, ResNet-152, DensNet—
201, and NASNet. Most of the CNN models provided superior results to those of obtained using customized
CNN models. It is more desirable to modify the proven off-the-shelf network model than to customize

the network model to detect the pulmonary nodules.

Key words: Pulmonary Nodule, Computer Aided Detection, Deep Neural Network, Convolutional Neural

Network

.M E

dozZ Qg AFEL A MAAA #H Y (Lung
Cancer)©] 714 &t vlgdA HgS o= Qg
ARREe] oF 26% 5 AAZTH 1] 2011 v =¢] =7}h
H 9+ 7 2 A (National Lung Screening Trial) ol A
= WAd (Radiation)d] el A2, AdH(Low
Dose) A H @529 (Computed Tomography, CT)

TEolA HFom QIR AGEC] 20% HAaHE A
HAZ 2] © °4'7L737Jri Qlsl, @A w)=o 4]
Hote] 7] AL ¢
AbEska ok el olY Azl o] 3
AR CT B4 &2 =oisteHs]. whabal A
A7t £48k=t F27F BEth old EAlE ¢
3latr] 918l HE B2 ©A(Computer Aided De-
tection, CAD) Al2=®lo] 75t CAD Al2=Hl& |

rlr rulo

o+

% Corresponding Author : Do-Yeon Kim, Address: (57922)
Jungang-ro 255, Sunchon, Jeonnam, Korea, TEL : +82-
61-750-3628, FAX : +82-61-750-3620, E-mail : dykim@
sunchon.ac.kr

Receipt date : Jun. 25, 2019, Revision date : Apr. 30, 2020
Approval date: May. 22, 2020

fDept. of Computer Engineering, Sunchon National
University (E-mail : 411050@sunchon.ac.kr)
" Dept. of Computer Engineering, Sunchon National
University E-mail : kimtmdgus22@gmail.com)
Dept. of Computer Engineering, Sunchon National
University E-mail : suchangLim@sunchon.ac.kr)
Dept. of Computer Engineering, Sunchon National
University

Tt

T



730 ZEIOICINES ==X M23H X6=(2020. 6)

A AR B G BEE GolshA| B, B
s

A ARE F&H0=2 & 4 JvH4-7]. CAD Al =
He F aAZ YHEAG A WA gdAdA Z2A
(Nodule) B+ =2 YW= (Sensitivity) 2 X5

=4 o]+ AA %A (False Positive, FP)o] 19+&
%] W&otk F HA dAA FP = o)A ET
FaTHAL FP 7 dubgbg gagifel what
Y CAD A 2Hl9 Hso] A=A JorA 2
2 CAD Alz=®lo] AISAARE F7 vlolE Mo

. H7HE AFste 9

AFA] vl A= Folr
7] &3, 8, 9]
H&# Y (Deep Learning)> ™2l 24 (Machine

Learning)9] 3} Hof=Z 43 Zoﬂ/q HARAA o7
or A& & ] °;l°“1 tolH =

9 (Computer Vision) =4S &2
g £ e AEHA HA 2Y H“ﬂoi R
E3], gsd #HEHo] 38 o]F EW A (Translation
Invariant)& 7} 11, 3] &€l 9] %’— Y AS =25 5
FE F A= AHFA AA oL(Convolutlonal Neural
Network, CNN)2 tl 522 AFE vld o Eg A
o] A (Application)®] AF&=H ‘3} M CNNQ— AA H)
o] Bl (Raw Data)<ll 4] Q%i T TEL
F4+3}(Abstraction) S 222 st&3T11]. 9 &
@ AFYHEA AF C

(Lesion Classification and Detection)= &2 7]

m[o

Z
Z,
rlo
o
22
57
i
g
ol
)

£ 9 5F(Organ Segmentation and Registra—
tion)g A o= ARG ATH12]. B =l

= 17]1 tolE A& AMgste] FRAS] #H AdE
3l o CNNo] 8502 &84 & %
Zd 7144 CNN =2do] 7 2™ &x&
7 2E¥ CNN Rd et ¢ v A34E
A= AFTo A71A Zol7} gk CNN

17t 2 W 28] (Memory) 37|12 213
| &8 SHANA & o]HE 7HxITh

[‘2_

)
2 nE

o}

rr

@ o
o rlo o i L

o, ol

Mo X fo fr oo
)
>~

N

jur)
-

2. 7|4 CNNe| 1= 4

B =FdAe oA 7FA CNN Z(LeNet-5,
VGG-16, Inception-V3, ResNet-152, DenseNet-
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1.3.6.1.4.1.14519.5.2.1.6279.6001.100225287222...
1.3.6.1.4.1.14519.,5.2.1.6279.6001.100225287222...
1.3.6.1.4.1.14519.5.2.1.6279.6001.100225287222...
1.3.6.1.4.1.14519.5.2.1.6279.6001.100225287222. ..
1.3.6.1.4.1.14519.5.2.1.6279.6001.100225287222...

Fig. 1. Configuration of candidate

42 NE 84 7y
BF %0 29 2o Fu 22 WIAA AL

coordX coordY coordZ class
68.420000 -74.480000 -288.700000 0
-95.209361 -91.809406 -377.426350 0
-24.766755 -120.379294 -273.361539 0
-63.080000  -65.740000 -344.240000 0
52.946688 -92.688873 -241.067872 0

* csv file,
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Sagittal shape: (318, 360)
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Coronal shape: (318, 360)
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Fig. 2. Examples of clipping and normalized nodule images,

Aial Sagittal  Coronal

Fig. 3. Representative nodule images used in experiment,
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1529} NASNet 2d& ‘He 2713 WHE AT
[26-27]. 2 3}7](Optimizer)e] 25 &7 A+
317} ¥ (Stochastic Gradient Descent)2 A3,
8}% & (Learning Rate)='0.01", 7}5* 4] (Weight
Decay)="0", =% (Momentum)='0'2.2 243t}
£4 g4 (Loss Function)& 2+ AEZ3(Cross
Entropy) & AF&31, 8L £240] 392 (Epoch)
FRF HojA A gFoH HET

st=glol Abeke]l 9 CPU(Central Processing
Unit)= Intel Core i7 7Alt] Kaby Lake 7700K,
Graphics Card= NVIDIA TITAN Xp 12GB, RAM
2 414 DDR4 48GB, SSD(Solid State Drive)= 4
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DA, =
Jo f

472 850 Pro 512GBE AT AZE o] ARk
o] 4% &9AA(Operating System)e $EF
(Ubuntu) 16.04.4 LTS, CUDA(Compute Unified
Device Architecture)+ 9.0.176, cuDNN(cuda Deep
Neural Network library)2 7.1, ®1A4] & Z(Tensor—
flow)= 1.12.0, A&t (Keras)= 2.2.4, o] A (Py-
thon) 3528 AME3Th Agd2e HAZEE Y=
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Ao FAA =% EXA(Receiver Operating
Characteristic)2] =41 o}2] W& (Area Under the
Curve, AUC)Z 4R A% A E(Competition Per-
formance Metric, CPM)S AM&3}e] H7 3o} A4
vk $4lx =2 54 (Free-response Receiver
Operating Characteristic, FROC)2] 1=+ &X]
H A% FA(True Positive) 5 24 2 U
#olx, =7 3 B+ A3 ¥ F(FPs/scan) 2
A FTH CPM H4E Aol Aold 7714 AR oA
H] & (False Positive Rate) 1/8, 1/4, 1/2, 1, 2, 4, 89
N o w2 ASTH2L A3l 48 vES A
A 4 AE SolA AR FHe= ZX E/T A

Eola, A} 2

Fulse Positive 0

Fulse Positi te =
alse Positive Rate False Positive + True ~ative

AUCE 3RFS 24 v nAdzE 253 o
o] A%S YeEHIT CPM2 AAZ AHLEH = &%
A (Operating Point)ell A1 ¢] CAD A%< Yetdth.
AUCE 37 07 1 Atol9] ghs 7Kt whabA dlo]
B Aol 271 FeYrt ob g Edgstvgts 73
Y= =3 AUC ol 057 9t} 182 g B3
g dlolE MolAe A =Rt AUCTE 84 U2
A&}, Table 12 AHEE 67) 2o wixnl=a A%
(F38 A7 29 =7], AUC 2 CPM A4S YeRd
th Table 1914 & 4 A%°] AUCS CPM A+
Hlg @A oputh

Fig. 4= & A3 AH8-H 671 CNN 22 9]
FROC =Alolx, Fig. 4b)E ¥zE sl 4ds
LUNA16 @@ A|¢] FROC FAoz AHA HY 4
=& 93 AA AT gEE CNN F2 CPM

Table 1, Results of off-the—shelf CNN models featured with training time per epoch, model size, AUC and CPM value,
Numbers in parentheses indicate the number of subsets used in calculation of the AUC and CPM

Model /Trg)zléf [tsl:;‘i’ MO?QB?‘“ AUC [%] CPM [%]
LeNet-5 101 2.45 0.99 (8 0.956 (8)
NASNet 4231 6318 0.997 (10) 0.954 (10)
VGG-16 755 256.4 0.999 (9) 0.951 (9)

DenseNet-201 1959 1478 0.99 (8 0.943 (8)
Inception-V3 1115 175.2 0.99 (7) 0.893 (7)
ResNet-152 2081 9574 0.979 (7) 0.846 (7)

FROC performance

&

= ; s
@
Y G
b :

Sensitivity

=
-

#+ LeNet-5, CPM = 0.956

=4 NASNet, CPM = 0,954

w—x VGG16, CPM = 0951

e *: DenseNet-201, CPM = 0.943
&% Inception-V3, CPM = 0.893
= ResNet-152, CPM = 0.846

03
0125 0.25 0.3 10 20 40 80
Average number of false positives per scan

(a)

FROC performance

Sensitivity

; +1+ CUMedvis, CPM = 0,908
'8 d—4 JackFPR, CPM = 0.872

o8 »— DIAG_CONVNET, CPM = 0.854
«- CADIMI, CPM = 0.783

©-0 ZNET, CPM = 0.758
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10 2.0 40 80
Average number of false positives per scan

Fig. 4. FROC curve of the pulmonary nodule detection by (a) off—the—shelf network models and (b) customized

network models in LUNA 16,
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Table 2, CPM values of each subset with the usage status that determined the CPM values of the network models

(—x— : unused)
Model Subset
0 1 2 3 4 5 6 7 8 9
LeNet-5 0.896 | 0922 X X 0966 | 0975 | 0968 | 0975 | 0992 | 0.958
NASNet 0948 | 0951 | 0951 | 0956 | 0958 | 0955 | 0961 | 0957 | 0956 | 0.955
VGG-16 0967 | 0934 - 0925 | 0958 | 0955 | 0965 | 0963 | 0962 | 0935
DenseNet-201 | 0940 | 0.934 - - 0944 | 0949 | 0961 | 0954 | 0951 | 0914
Inception-V3 | 0946 | 0.924 - - - 0901 | 0710 | 0920 | 0950 | 0.903
#*2 LUNA16 AR e} 53 to]E] A& A3} e BT Fig. 4a)9] 671 2d& GFE 5tH o
o &g oluw, CPM #2 k2= 33 A5 % E2 CPM @t 850] 715 Aolgt A= th29]
H (k-Fold Cross Validation)& AH&R I, ke 102 Axdoz ¥ ZH &R EAE ©¢E5Y 2dg 2
2 4330 a8y Akl Fo)d Fps 1H4 9 iz A A AR 45H 718 RdES AHEshe
S5 AR BE A BA dE) 5317 o ¥ 2ol o uigzsittal 22X At 53], LeNet5 &
ot el EF HAEAL Hrtol A AT Y 9L Hlwd FA Azt #a, W me Z7]7} o}
Hl X 271 ‘10002 AR, 7 2d Edol AL 2t Aol AHgAl = A{E Aol AekEth 1

3 S0 FL HAE A E 2F/F7F HA A4
71EOE ¥l B A% ol glod HED
AFANAME nZhS Fo = AAJY. =3 CPM Al
o= 107 A EA F Rkl
Fig. 4(a)l| A Inception-V3 2 ResNet-152 =&
o] CPM @2 o& vl 7| 2Ry @A 7]E
LUNA A3 Y & 2534 Had 4 . Fig.
4(a) Inception-V32} ResNet-152 E4d o] CPM #h&
Fig. 4(b) JackFPR®} DIAG_CONVNET =% 2] CPM
& 27 0.021, 0.008% AHol2 FAdtrh 11 9
LeNet-5, VGG-16, DenseNet 18] 1 NASNet =4
< Fig. 4(b)2] CUMedVis Bt & H45S HATh
Table 2= Fig. 4(a) 67} 249 CPM & AA3
7k A BA CPM #t# CPM 4H&E] AMS-EA] &2
ABAE YERAT d& £9], Inception-V3e] 745
ABA 6¥e] CPM #2 0.71%°]t}. &3], Incep-
tion-V3¢] A EA 6> UM A] MBS CPM #LE
t} 2o} Fig. 4(a) Inception-V32] CPM-S A BAl 6W
< ALt 4AHE3dHE 09237%7F H 3, 28 A sHH
Fig. 4(b)¢] CUMedVis 2@ Xt} CPMo] Fo}zith
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