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Fig. 1. Visualization of deep learning models using Class Activation Map for colonoscopy images. Activation
occurs at the location of the polyp.
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Table 1. Representative Open Data Sets for Medical Image Collection

Provider

Data Name Collection Type Modality Images

NCI

NIH

NIH

NIH

Washington University Knight

Common disease (e.g. lung cancer, . .
CT, MR, MG, CR, Over 100 unique data collections,

TCIA breast cancer, colorectal cancer, DX, pathology, etc. 30 million images
head and neck cancer) ’ ’
NLST Lung cancer CT, pathology 25000 patients, 200000 images
Common disease (e.g. lung
Deep lesion  nodules, liver tumors, enlarged ~ CT 4427 patients, 32120 images

lymph nodes, etc.)
Common thoracic diseases
(atelectasis, cardiomegaly,

Alzheimer Disease Research Center

University of South Florida
University of Michigan, Deep Blue

ChestX-ray8 effusion, infiltration, mass, X-ray 32717 patients, 108948 images
nodule, pneumonia,
pneumothorax)
OASIS3 Alzheimer disease MRI, PET 1098 patients, 2000 MR, 1500 PET
DDSM Benign and malignant mass Mammography 2620 images
RIGA Glaucoma Fundusimage 750 images

CR = computed radiography, DX = digital X-ray, MG = mammography, NCI = National Cancer Institute, NIH = National Institutes of Health, NLST =
The National Lung Screening Trial, TCIA=The Cancer Imaging Archive
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Fig. 2. Labeling using a pre-trained deep learning model based on the core dataset.

Pre trained deep learning model

(11T

1 1
Core data-set Deep learning Annotation tool with deep learning

|

Apply deep learning model
Data-set & edit region of interest Labeling data

1278 jksronline.org



ChetHAbol8ts|X] 2020;81(6):1274-1289

cHﬁl_I-oélel-Qlﬁ_lFEIXI

cllo]
Held QPQ & I3t elole 9] 23] 2HollA] o) & Roke] E/494 Hal'd k<ol ARE-5t7] ol Tlo]
EJ7} BZ517{u 7} 2f|o] & 71 Hlo] B E+tddo] Ak WAttt ol & S (data augmentation)
O 2 ZFE dagES ol tlolE9] &2 52= 7Ie=A, HolE
559l 2% 2AIE s 8sh7] fIgt 24 o] -ttt 8t TlolH o] = Y R s
o] 293t Y3 njx]= QA = Shto|t}, glo]E7F BESF A9 glo|gAle] EAL A HIgElA]
B3l 2ha 25 9 2fASto)| wik A ol3]o] 2715k} twat o] 7t Hjo]E|Q] ofo] B-FE3H A
3 =eof gh5o] tlolEj7t -2 golE o= HEFE Yol IRttt wetA b

2 &0l o= tlolE9] Y= 5 B3 tlo]E e o5 ket 2o & 7|

m
0|>I

N
rE
rl

P~
&
o
o
i)
f
=
Q.

Table 2. Free and Commercial Labeling Software for Medical Images

Name Region of Interest URL
Free software
ImageJ Rectangle, oval, polygon, freehand https://imagej.nih.gov/ij/index.html
ITK-snap Polygon, paintbrush, smart brush http://www.itksnap.org/pmwiki/pmwiki.php
Label me Polygon, rectangle, circle, line and point https://github.com/wkentaro/labelme
CVAT Box, polygon, points & line, point https://github.com/opencv/cvat
Medtagger Slicing, brush, polygon, pointing https://github.com/medtagger/MedTagger
Commercial software
Aview Brush, polygons, magic cut https://www.corelinesoft.com/
MEDIP Polygon, free-draw, pixel-wised, draw cut, region growing http://www.medicalip.com/
OsiriX Rectangle, oval, polygon, point, brush, region growing https://lionbridge.ai/
Labelbox Box, polygon, points & line, custom attributes https://labelbox.com/

Segmentation with brush & eraser, bounding box, polygon tool, freehand

Trainingdat;
rainingcata with sculpter, key point tool, magnify, 2D growth tool for DICOM

https://www.trainingdata.io/

Table 3. Studies on Data Augmentation Methods

Reference Modality Method Techniques
Mehta & Arbel (26) MR Standard Translation, rotation, scaling, shear transformation
Isensee et al. (27) MR Standard Rotation, scaling, elastic deformation, gamma correction, mirroring
Rahman et al. (28) X-ray Standard Rotation, translation
Yang et al. (29) X-ray Standard Rotation, translation, zoom
Hanet al. (31) MR GAN Conditional PGGAN
Sandfort et al. (32) CT GAN CycleGAN
Frid-Adar et al. (33) CcT GAN Deep convolutional GAN, auxiliary classifier GAN
Xin et al. (34) MR GAN Pix2pix

GAN = Generative Adversarial Network

https://doi.org/10.3348/jksr.2020.0171 1279
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Fig. 3. Example of CT image pre-processing.
A. Original.

B. Result of the median filter.

C. Result of histogram equalization.
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Fig. 4. Comparison of image resizing methods.
A. Interpolation-based resize (ignore aspect ratio).
B. Zero padding-based resize (maintain aspect ratio).

1282 jksronline.org




chjogﬁigjﬁjEJXI

ChetHAbol8ts|X] 2020;81(6):1274-1289

Hefd 2] sigol ko) 34 Hlol ezt W e sAIg, o ERotol = thzke) 34 Hlole]
£ 25| ofele 797k ek ol2ie B9, S-85P AH8E 4 9 W0l Aol Sk (transfer
learning)o|ch. #0] s}50]2k 8} o] 7} 255 7.9, Blo|el7} 53k e HofollA] A £21
) BS AAHESHE 315 7| Mol chaL, 42). 1o] e S Blolelo] 47k 42 wf Fwkaolm),

5}
otg St TS EY 4 k= Aol At

38
e

E@%gg&#%%wizﬂﬂaéﬁﬂﬁiﬂﬂ%ﬂﬁql%
5= W7kt gt 2ot 7Hg 214 0] 4
ﬂéﬂﬂﬂﬂﬁﬂéﬂ%%&%%%ﬂiﬂ% Z1o|tt. Rek E|AE doEfojjAle] Ay
olE{of|x{ 2] Axfe} Aolgt xfo] & Hol= 74, o] k5 o] Efo]] 1A H{Tkar
A

E|AE Hlo]E7} Z-E6HA] 2 A-2ols A5
T} 53], o8 dlo]el= B4 mele] dntst
o] ol 747+ . ojuw 1
-2 K-fold xbgdS-olct. o] dloejAle] B MEE0] 3 14 EHA
o] TH43). Fig. 59+ 2] K-fold mAA5-2 %A Hlo|E| S Afo] =7
Rk $Ae] R AR 258 tlolE =, I—Pﬂixl k-1712] P é‘

oN
L i

o)
rlr

-
o)

r
(0]
)

]
+

:
¥
h
kI
ifin)
1o
e,
rII
ng
ox
o,r

o
H0)
o
poat
N
rlr
2

jialcd

52 SAIY o] $35 ElofE]

I
ofr
T

Y

_ﬁi

et

>

S

rlr

o

it ox

e

&

X

oN

e

2

fu)

=]

2

h

>

ofo
fol L mfu

rlr

&

X

|

o|N
oL

m
i
N
p)
i

e,
&
g
1o
ol
4o
i}

ol
F[F
On:

ol
Lﬁ
o
o
8K
ofo
i)
o,
o
tu

>
o oo

/el
10 Jl
F—{II o
L
L
B
LT
iy JE
o
ol on
= ol
£
. _|¥
ox _|>1_‘
2 19
e
5 ﬁ
A_‘L o
=
To .
u %
< o
AAE!
Lo
o

N
).] 1-‘
3
Y ji
X
> ol
j_m O.uL E‘|L O}ﬂ
o
p
o 5
o %
oo
o &£
ol

okt

2
2l
r
ox
5\1
8
r\il
ot
S
olN
N
i
s
oot
ox
)
3
é
o
o
1o
=
e
2
=)
_V,‘-L
= m@
o

W 1o 4 Ho
=l
% i
o|N
N
i}
o
ey
)
%0,
inl
i)
2

>~ _\W‘g it
)
rlo
(@21
ke
rlr
—
()
e
_l
U
>
ofo
i)
}_

)

H

g‘lIj

rlo

e 2 o
E_:E |
>

N

o,

4] @ 5-fold WA Fo] F 2 ARGE|TL 9;

B, AR EERO 2 ANk A BhAlal 7ol Rt ik ElAE Hole]

Fig. 5. K-fold cross-validation.

Test Train (k-1)
( - _>Validation\
score #1
(. e
score #2
K-fold < ‘ ‘ - ‘ Validation } Final score:
score #3 average

LT e
\ score #K_/

[ JTrain [N Test

https://doi.org/10.3348/jksr.2020.0171 1283



ol Z2E Hlo|Ed 7h5/do] A7) wiZolt). ofol 2l Zolks Bl 7| He 2R E +4E Hlo|EE 59
=z dlo] kel AJ5-8 AZ5}7] 93t 2] Z (external validation)] T 24d0] Z7}skar UTh44).

Eiald Dol Fs}

Helld 22 ks BAol| ARERt of g} AH|A g Alofle B2 Fo] dqte] B RSk, o]
AaiAl= GPU 718Ee] /g5 A9 mHl (computing power) 7t S8 Th 1ol = Etotal A
ARE 227t st Bk 2t o] gl ARl Agto] Sl Afolle Held REe
Z-85}7] {13t Apelo] BT 7hs/gdo] £t oof] 2 Zell= mdll FFEHE Foll AALYe] Bl
A AL Aoz Fee 5 fA5EA Held BdS ohEstal 1+ 4= s 4Fe 71 5ol
oigh A7 2hs] s AL ok

Helld 2elo] FFohs ofol AlA o m A8t 4 = W2 RO HES A 2 S
ZE 5ol

o= =,

o
2
b
e
2
ritt
i)
)
ol
e
o

2831 2ol w Bl 85 25, UY 24
=

DenseNet (46), SqueezeNet (47) 5-2] o] I}, TsH ‘H%%E ’é;“éf}% 4}606}1, HEz A
ARS Lo ikt ohetnl g & £91 RS &85 4> 91 0™ MobileNet (48), ShuffleNet (49)
50l Atk ARl 122 A geld B &-8oh= W Qo) 7|& dale|ES vt ot
ZHEE £ o2 dFelohs e &8 4 nk 7MY tiEAQl o g

£ 4 Utk 2 S WiRoll= Fig. 63 o] 7|12 AW HE A 7Fe4] 5 22 74| 4t
S BE 002 HAsle] Bulo] 7|2 Zol7] 9J8t 7}5x] 7FA] %] 7] (weight pruning), A1)
32bit 5 A4 455 16bit 8bit 522 F0iA AAte] BEAdS wole Ak 71M 5ol A
TH50). 7Fa2] 7HAIA] 7] 7He A& 022 el rids AAche EF oF(dropout) ) & A3t
IS 2=t SRR B oF22 BHE Aol M AR Z 7HSRIE AAISHAIRE ZHEA] ZHRA]

Fig. 6. Model compression method for lightweight deep learning models.
A. Weight pruning.
B. Quantization.

/Aw/“v

¢" \«’ ‘y

At\
\

-0.1 1.2 0.7 0 1 05 bits Value
00 -0.5

0.2 1 -0.6 0 1 -0.5 01 0
10 0.5

0.5 0 0.3 0.5 0 0.5 m 1

1284 jksronline.org



chjogﬁigjﬁjEJXI

ChetHAbol8ts|X] 2020;81(6):1274-1289

71 A 7HS A E AAEE 4= ltks 2tolRdo] . ojuff ofwdk rido] o] Qle=A] of F
£ ddisto] 23 7SR E AAlehe a84Q1 dale|EE Fdshe 2ol 7HEA] 7HA1A]719]
9 Tt S 4 Aok 2 Qjolle A4 FF W o] gk gt Held R FERtet] 9
ShHPH 0 2 who] 8| W1 QITH(5L, 52). A4 SF 2 H 2 miefolElet AAkS 7IRto &2
Ay sk 2 o] Rel(M27) 2e teacher model) 2HE DR HHES Al thedh 1
o] mel(&ed7t 2 student model)ol|A] ZgHto} S55h= 7O 2 22 10| T ElofA]
o] BElvp HIRSH g 52 E 4 A= o] o) oietnlEl o] ot Aibgo]l e s =
2 A9 T2 (computing power)7} 8715 7] wf2oll 2|4 SF 7H-ES Fol Held e Ak
THEE Aol 7| Rdo] 5 FAIE 4 k. Ho] 8k et 2] 4] SF W -fAF
S}, Mo sh5-2 thE ol B &2 g5 RHlo] AuE f7ek ol & 7|Hho g ok o R
FHZ3 djo]Ejet & ARk B 4= lths o] Al o] 2 ek Hdlo] AnkE 7|Hke
2 8h5ol7] wizoll A2 men|Elel ditoll i e 7|2 T w2 folA g At 57
uZoll geid de] Fafstol] Hol &85 ot
as

AF7HA] o7 YA 2otellMe] deid ReS 7idehs 2HollA] 2t HAE Jefslol & FQ
L4537} o] & fIg 243} i Sof tis] Aw Rttt dRtele deo] "eld e vHET] 9
A= ehigh tlol B 7F e ATt SRR et o Bl & R oktial Wo| vtake Haid Ko

BFE 0|t 212 ofuick. Hlofe] Fu] Bel el dlole] 7, X2, Yel'g
%, A B apo] Yel mele] Aush 45 A4shn 9 vl 4 9)
gl =] 7 3y 2zjol M st 225k e elsiorsict. Yelidol B4t ulolelo)
TR, ALSSHE Al B4 52 4402 Tejst, olo] Wadh K S-S AU A

Safob i,

AR QgAY 71 wHE 42 Wt 91, cheyek HolellA] el wlo] 9-2lo] e Lo ul
27 48531 9lck. o) 2 ol wat ulole} 74l AT 43 Ae) £A42 QBAS 71452 485
S Al gt 2718k 2l o2 ool Q13 A5 o] olate] elgke chalsks 2ol ohd o
AFE BASHE STH0 4] Fjdte] 8 o231 oL BAHEe] YBS ThE Holel v 213
50] ool Festckn & 4+ 9lck. 7|4 AT 5] AT YAH A g
23} Q9 4’52 Hol = Zlolc). 121 o] 2 lsiAl ol A Ay e FoHoR B

ofuio] g2l o] 7ol sofuaL, o] 5 |23t} ff et S-S atefslioF & 2ol

38
e
1o
o
)3

~|
o

N
M
2

Sl

Author Contributions

Conceptualization, all authors; data curation, all authors; formal analysis, all authors; investigation,
all authors; methodology, K.Y.]J.; project administration, all authors; resources, all authors; software,
K.Y.J.; supervision, K.K.G.; validation, all authors; visualization, all authors; writing—original draft,
K.Y.]J.; and writing—review & editing, all authors.

https://doi.org/10.3348/jksr.2020.0171 1285



Ab
(o]

o

A|MB}E ElajLl oo gt C H |‘O

(o NTH

|15_I|-i|x|

Conflicts of Interest
The authors have no potential conflicts of interest to disclose.

Acknowledgments

This work was supported by the National Research Foundation of Korea (NRF) grant funded by the
Korea government (MSIT) (No. NRF-2019R1C1C1008381), and Institute of Information & communica-
tions Technology Planning & Evaluation (IITP) grant funded by the Korea government (MSIT) (No.
2019-0-01750-002, Development of an optimal limb-compressing cardiovascular treatment device us-
ing deep learning technique) (No. 2020-0-00161-001, Active Machine Learning based on Open-set train-
ing for Surgical Video).

REFERENCES

1. Amato F, Lopez A, Pefia-Méndez EM, Vanhara P, Hampl A, Havel J. Artificial neural networks in medical
diagnosis. J Appl Biomed 2013;11:47-58
2. Ren J. ANN vs. SVM: which one performs better in classification of MCCs in mammogram imaging. Know!
Based Syst 2012,26:144-153
3. Cinar M, Engin M, Engin EZ, Atesci YZ. Early prostate cancer diagnosis by using artificial neural networks
and support vector machines. Expert Syst Appl 2009;36.6357-6361
4. Hinton GE, Salakhutdinov RR. Reducing the dimensionality of data with neural networks. Science 2006;
313:504-507
5. Hinton GE, Srivastava N, Krizhevsky A, Sutskever I, Salakhutdinov RR. Improving neural networks by
preventing co-adaptation of feature detectors. ArXiv Preprint 2012;arXiv:1207.0580
6. Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with deep convolutional neural networks.
New York: Communications of the ACM 2012:1-9
7. Silver D, Huang A, Maddison CJ, Guez A, Sifre L, Van den Driessche G, et al. Mastering the game of go with
deep neural networks and tree search. Nature 2016,529:484-489
8. Tajbakhsh N, Shin JY, Gurudu SR, Hurst RT, Kendall CB, Gotway MB, et al. Convolutional neural networks
for medical image analysis: full training or fine tuning? IEEE Trans Med Imaging 2016,35:1299-1312
9. Chen J,Wang Y, Wu Y, Cai C. An ensemble of convolutional neural networks for image classification based
on LSTM. Proceedings of 2017 International Conference on Green Informatics (ICGI); 2017 Aug 15-17,
Fuzhou, China: ICGI; 2017:217-222
10. Anwar SM, Majid M, Qayyum A, Awais M, Alnowami M, Khan MK. Medical image analysis using convolutional
neural networks: a review. J Med Syst 2018,42:226
11. Wang Z, Yan W, Oates T. Time series classification from scratch with deep neural networks: a strong
baseline. Proceedings of IJCNN 2017 : International Joint Conference on Neural Networks, 2017 May 14-
19; Anchorage, AK, USA" IJCNN; 2017:1578-1585
12. Philbrick KA, Yoshida K, Inoue D, Akkus Z, Kline TL, Weston AD, et al. What does deep learning see?
Insights from a classifier trained to predict contrast enhancement phase from CT images. AJR Am J
Roentgenol 2018;211:1184-1193
13. Bona JP, Prior FW, Zozus MN, Brochhausen M. Enhancing clinical data and clinical research data with
biomedical ontologies - Insights from the knowledge representation perspective. Yearb Med Inform 2019,
28140-151
14. Basu A, Warzel D, Eftekhari A, Kirby JS, Freymann J, Knable J, et al. Call for data standardization: lessons
learned and recommendations in an imaging study. JCO Clin Cancer Inform 2019;3:1-11
15. Aberle DR, Berg CD, Black WC, Church TR, Fagerstrom RM, Galen B, et al. The National Lung Screening
Trial: overview and study design. Radiology 2011;258:243-253
16. Yan K, Wang X, Lu L, Zhang L, Harrison AP, Bagheri M, et al. Deep lesion graphs in the wild: relationship
learning and organization of significant radiology image findings in a diverse large-scale lesion database.
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition; 2018 Jun 18-22; Salt
Lake City, UT, USA! IEEE; 2018:9261-9270
17. Wang X, Peng Y, Lu L, Lu Z, Bagheri M, Summers RM. Chestx-ray8: hospital-scale chest x-ray database and
benchmarks on weakly-supervised classification and localization of common thorax diseases.

1286 jksronline.org



ChetHAbol8ts|X] 2020;81(6):1274-1289

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

cHﬁ‘_I-oélAOI-QIZFEIXI

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR); 2017 Jul 21-26;
Honolulu, HI, USA: IEEE; 2017:2097-2106

LaMontagne PJ, Benzinger TL, Morris JC, Keefe S, Hornbeck R, Xiong C, et al. OASIS-3: longitudinal
neuroimaging, clinical, and cognitive dataset for normal aging and Alzheimer disease. MedRxiv 2019 [in
press] doi: https://doi.org/10.1101/2019.12.13.19014902

Benndorf M, Herda C, Langer M, Kotter E. Provision of the DDSM mammaography metadata in an accessible
format. Med Phys 2014,41:051902

Yu S, Xiao D, Frost S, Kanagasingam Y. Robust optic disc and cup segmentation with deep learning for
glaucoma detection. Comput Med Imaging Graph 2019;74:61-71

Schneider CA, Rasband WS, Eliceiri KW. NIH image to ImageJ: 25 years of image analysis. Nat Methods
2012,9'671-675

Yushkevich PA, Gao Y, Gerig G. ITK-SNAP: an interactive tool for semi-automatic segmentation of multi-
modality biomedical images. Proceedings of the 2016 38th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society (EMBC); 2016 Aug 17-20; Orlando, FL, USA: IEEE; 2016:3342-
3345

Russell BC, Torralba A, Murphy KP, Freeman WT. LabelMe: a database and web-based tool for image
annotation. Int J Comput Vis 2008;77:157-173

Hansen US, Landau E, Patel M, Hayee BH. Novel artificial intelligence-driven software significantly shortens
the time required for annotation in computer vision projects. MedRxiv 2020 [in press] doi: https://doi.
0rg/10.1101/2020.09.11.20192500

Liu H, Bielinski SJ, Sohn S, Murphy S, Wagholikar KB, Jonnalagadda SR, et al. An information extraction
framework for cohort identification using electronic health records. AMIA Jt Summits Transl Sci Proc 2013;
2013'149-153

Mehta R, Arbel T. 3D U-Net for brain tumour segmentation. In International MICCAI Brainlesion Workshop.
Cham: Springer 2018:254-266

Isensee F, Kickingereder P, Wick W, Bendszus M, Maier-Hein KH. No new-net. In International MICCAI
Brainlesion Workshop. Cham: Springer 2018:234-244

Rahman T, Khandakar A, Kadir MA, Islam KR, Islam KF, Mazhar R, et al. Reliable tuberculosis detection
using chest X-ray with deep learning, segmentation and visualization. I[EEE Access 2020;8:191586-191601
Yang S, Kweon J, Roh JH, Lee JH, Kang H, Park LJ, et al. Deep learning segmentation of major vessels in
X-ray coronary angiography. Sci Rep 2019;9:13897

Antoniou A, Storkey A, Edwards H. Data augmentation generative adversarial networks. ArXiv Preprint
2017;arXiv:1711.04340

Han C, Murao K, Noguchi T, Kawata Y, Uchiyama F, Rundo L, et al. Learning more with less: conditional
PGGAN-based data augmentation for brain metastases detection using highly-rough annotation on MR
images. Proceedings of the 28th ACM International Conference on Information and Knowledge Management;
2019 Nov 3-7; Beijing, China: CIKM; 2019:119-127

Sandfort V, Yan K, Pickhardt PJ, Summers RM. Data augmentation using generative adversarial networks
(CycleGAN) to improve generalizability in CT segmentation tasks. Sci Rep 2019;9:16884

Frid-Adar M, Diamant |, Klang E, Amitai M, Goldberger J, Greenspan H. GAN-based synthetic medical image
augmentation for increased CNN performance in liver lesion classification. Neurocomputing 2018,321:
321-331

Xin B, Hu Y, Zheng Y, Liao H. Multi-modality generative adversarial networks with tumor consistency loss
for brain MR image synthesis. Proceedings of 2020 IEEE 17th International Symposium on Biomedical
Imaging (ISBI); 2020 Apr 3-7; lowa City, IA, USA: IEEE; 2020:1803-1807

Ning CY, Liu SF, Qu M. Research on removing noise in medical image based on median filter method.
Proceedings of 2009 IEEE International Symposium on IT in Medicine & Education (ITME2009); 2009 Aug
14-16; Jinan, China: IEEE; 2009:384-388

Cadena L, Zotin A, Cadena F, Korneeva A, Legalov A. Noise reduction techniques for processing of medical
images. Proceedings of the World Congress on Engineering 2017; Jul 5-7, London, UK: World Congress on
Engineering; 2017:5-9

Wang Q, Chen L, Shen D. Fast histogram equalization for medical image enhancement. Proceedings of
2008 30th Annual International Conference of the IEEE Engineering in Medicine and Biology Society; 2008

https://doi.org/10.3348/jksr.2020.0171 1287



A%31E Eaiy DY o L

cHﬁI-oéIAOFQIff_!-ilxl

Aug 20-25; Vancouver, BC, Canada: IEEE; 2008:2217-2220

38. Reza AM. Realization of the contrast limited adaptive histogram equalization (CLAHE) for real-time image
enhancement. J Signal Process Sys 2004,38:35-44

39. Hashemi M. Enlarging smaller images before inputting into convolutional neural network: zero-padding
vs. interpolation. J Big Data 2019;6:98

40. Smith LN. A disciplined approach to neural network hyper-parameters: part 1 -- learning rate, batch size,
momentum, and weight decay. ArXiv Preprint 2018;arXiv:1803.09820

41. Shin HC, Roth HR, Gao M, Lu L, Xu Z, Nogues |, et al. Deep convolutional neural networks for computer-
aided detection: CNN architectures, dataset characteristics and transfer learning. IEEE Trans Med Imaging
2016;35:1285-1298

42. Shi Z, Hao H, Zhao M, Feng Y, He L, Wang Y, et al. A deep CNN based transfer learning method for false
positive reduction. Multimed Tools Appl 2019;78:1017-1033

43. Wong TT, Yeh PY. Reliable accuracy estimates from k-fold cross validation. IEEE Trans Knowl Data Eng
2020;32:1586-1594

44. Bleeker SE, Moll HA, Steyerberg EW, Donders AR, Derksen-Lubsen G, Grobbee DE, et al. External validation
is necessary in prediction research: a clinical example. J Clin Epidemiol 2003;56:826-832

45. Szegedy C, loffe S, Vanhoucke V, Alemi A. Inception-v4, inception-resnet and the impact of residual
connections on learning. ArXiv Preprint 2016,arXiv:1602.07261

46. landola F, Moskewicz M, Karayev S, Girshick R, Darrell T, Keutzer K. Densenet: implementing efficient
convnet descriptor pyramids. ArXiv Preprint 2014;arXiv:1404.1869

47. landola FN, Han S, Moskewicz MW, Ashraf K, Dally WJ, Keutzer K. SqueezeNet: AlexNet-level accuracy with
50x fewer parameters and< 0.5 MB model size. ArXiv Preprint 2016;arXiv:1602.07360

48. LiY, Huang H, Xie Q, Yao L, Chen Q. Research on a surface defect detection algorithm based on MobileNet-
SSD. Appl Sci 2018,8:1678

49. Zhang X, Lin M, Sun J. Shufflenet: an extremely efficient convolutional neural network for mobile devices.
Proceedings of the IEEE conference on computer vision and pattern recognition; 2018 Jun 19-21; Salt
Lake City, UT, USA! IEEE; 2018:6848-6856

50. Han S, Mao H, Dally WJ. Deep compression: compressing deep neural networks with pruning, trained
quantization and huffman coding. ArXiv Preprint 2015;arXiv:1510.00149

51. Chen G, Choi W, Yu X, Han T, Chandraker M. Learning efficient object detection models with knowledge
distillation. Proceedings of Advances in Neural Information Processing Systems, 2017 Dec 4-7; Long Beach,
CA, USANIPS; 2017:1-10

52. Yim J, Joo D, Bae J, Kim J. A gift from knowledge distillation: fast optimization, network minimization and
transfer learning. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition; 2017
Jul 21-26; Honolulu, HI, USA® IEEE; 2017:4133-4141

1288 jksronline.org



EHﬁ‘_FOéIAOFQ|T5;!'E|X|

ChetHAbol8ts|X] 2020;81(6):1274-1289

2T, g FF wobolld "efd2 7H s AL = 7le § shuelth S 2%
oot 24lo] Hald dalelE2 Heid 2| o] 2%t o)tk shA|eh Urte}
d 22| Hald LS 7S] flsiAe wlolele] Ik 2l4le] Hd ¢alalE Qo=
B2 2 alEslof gttt HlolE AR E Ty, A2, mHle) sk 8l 45, AReA =
£ o] Jeld o] Aol &2 nlE 4 7] wiEold & SHolM = & Gl
She Hefd B 9fsl 7 g ZzolM alBsiof & $e% 245S AwE A}

https://doi.org/10.3348/jksr.2020.0171 1289



