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b
64x64x1 *(height <width = channed)
32x32x64
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8xBx256 TxT=x512 B
L - - H
= - 4 % 4 Convistride 2}, LeakyRelLU = : 4 x 4 Conv(stride 2), BatchNorm, LeakyRelLl
= - 4 ¥ 4 Convistride 1), BatchNorm, LeakyRelLU = : Fully Connected Layer (4 x 4 Conv) +

C
a2l 1. De-noising method based on unsupervised learning using cyclic consistency. a. Overview of the
proposed network. Generator G: mapping from X to Y, F: mapping from Y to X. Dx and Dy refers to adversarial
discriminators. b. Network architecture of the G and F generators. C: Network architecture of the Dx and Dy

discriminators.
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A+ McNemar’s test/marginal homogeneity test %
A& AH-3S. SSIM 2 Wilcoxon signed-rank
test/paired t-test 7} AFEE RS

o F WA A7 DA A= intraclass correlation
coefficientE S74st&. tlEo] WH 2719 {4+
Ao 4=t G S FAS BASL o
= linear mixed modelS A& &4 E4& 935}
SPSS AZE]o] (version 14.0; Statistical Package for
the Social Sciences, Chicago, IL, USA)E AH&-3%-.

2) A+ Zof

A EA 22 it daEE A8 Aol i
R

© 10% AN 18 &9 FoIA B A B G
st o] At om 20% AT 1 &F FElM

H1.20% % 40% MAE RU EE Joel Y12 ME 0|F HHe| ZX| I &) et "otAnt
g " Mean %"
Lesion Type Detection Assessment = = p-Value
Reconstructed 20% Dose Reconstructed 40% Dose
No detection 126 32
Mass p 0.003
Detection 874 96.8
o No detection 10.0 0.0
Calcification ) <0.001
Detection 90.0 100.0
Mean %"
Lesion Type Quality Assessment p-Value
Reconstructed 20% Dose Reconstructed 40% Dose
Decrease’ 54.7 147
Equivalent’ 411 65.3 <0.001
Improve’ 4.2 20.0
Mass
Decrease* 253 4.2
Equivalent® 62.1 75.8 <0.001
Improve* 12.6 20.0
Decrease’ 78.3 26.7
Equivalent? 20.8 65.0 <0.001
o Improve’ 0.8 83
Calcification
Decrease* 19.2 5.8
Equivalent*® 70.8 75.8 <0.001
Improve* 10.0 183

p value calculated with McNemar’s test or marginal homogeneity test using a generalized estimating equations model to account for data

clustering effect.

“Mean refers to the mean percentage of the lesion detectability and diagnostic quality assessment scale from the readers calculated for each

lesion type (mass, calcification) according to each dose.

"Full-dose used as the reference standard for diagnostic quality assessment.
*Low-dose (20% or 40%) was used as the reference standard for diagnostic quality assessment.
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B fue BN R Beiglon 3 (497), 3 97 Zm} DA Y 670 F24
48%), A3 (1770, 16.7%), T3 <t A3 (237), 22.5%), -
23 A= (571, 4.9%), Bt (87H, 7.8%) o2 445 c 2 Aqe A EA 2R ANE T EY ¥
A TFY A7 T1 (2971, 28.4%), T2 (4971, 48%), &l A& AEFA AFT 7IHE 2F 93 &= AA
T3 (2470, 23.5%) & Yebd (18 3). G EE 9T BLe 98l A &shH I3 ol &
© EE LS VNIEOR 40% e BUT GBoIM BEE ASE 50l 40% HUE FFL AT I8
ANl 973 3 (p=0.547), W] 7FAA (p=0.120),  H]usto] G| shdo] A= s, i EA4E U
HHo R E (p=0.083)°] thall 553 A4S HAF (B O st g4 AFME I A3 WS B3l AdF
2). N3] W] B9 ARy 8 24 g wet B FAY T3l FAEAL 40% EHE S AHE @
FEFS WAL (p = 0.024), AFo] F&4E, 4 AF A9 34, ¥ 78 2 t2e0t 88 4T 553}
o WET £84% Wt Z2oES (E3). Ul A WrhE. B 479 Aok dAY fF FYolA WA
W] 277} ALSE BE 75 FFES I A PSS FAFE 29 4 = TS AAeH 53
SHle. 4 kel A8 &g F AF5S Asl 34 2 ALY LAE A S 78 & S
3t SSIM = FIHES A58k (0.34£0.05 Hf 0.77% c B A4e £ HES ARgSHA gL, 1 AdY
0.02; p<0.001) UEs st 28 £ Qe 8 A 24 225 8
2. 1022 Ut Sxtol Mo, SHE Sy, 2E Joo Hotet=ol et il nt
Parameters Image Reader p-Value p-Value® p-Value®
100% 8.15 + 1.02 0.547
Overall image quality 40% 741 £107 <0.001 0900 <0.001
Reconstructed 40% 7.46 X 1.10 0.547
100% 848 £ 131 0.120
Visibility of lesion 40% 794+ 146 0.01 0.547 0.011
Reconstructed 40% 8.12 £ 1.39 0.120
100% 8.14 +1.23 0.083
Contrast 40% 746 £131 <0.001 0.150 <0.001
Reconstructed 40% 7.78 + 1.38 0.083
100% 826 +1.23 <0.001
Resolution 40% 741%£129 <0.001 0958 <0.001
Reconstructed 40%  7.45* 1.28 <0.001
100% 838 +£1.20 <0.001
Diagnostic quality of calcification ~ 40% 7.39  1.52 <0001 0.883 0.002
Reconstructed40% 7.26 £1.31 <0.001
DRErCCElal of ras/ 100% 802 127 0.037
: . . 40% 743+1134 <0.001 0.796 0.007
symmetry/architectural distortion
Reconstructed 40%  7.54 X 1.37 0.037

40% (low dose), 100% (full-dose), reconstructed 40% (reconstructed full-dose).

*100% image as the reference standard.

"Reconstructed 40% image as the reference standard.
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3. 8HH IU|9f 7Y AR U Fo IHE FII=el Jet ot
— Lesion Size Parenchymal Density
B p-Value p-Value* B p-Value p-Value®

Overall image quality 0.08 0.010 0.926 -0.58 <0.001 0.135
Visibility of lesion 0.18 <0.001 0.864 -0.83 <0.001 0.078
Contrast 0.15 <0.001 0.938 -0.83 <0.001 0.214
Resolution 0.12 <0.001 0.967 -0.81 <(0.001 0.098
Diagnostic quality of calcification 0.26 <0.001 0.282 0.06 0.851 0.024
Diagnostic quality of mass/asymmetry/architectural distortion 0.12 0.013 0.920 -0.80 <0.001 0.112

p <0.05 means as the lesion size increases, the assessment criteria (i.e. overall image quality) rate increases or decreases by 3.
*p value is the interaction p value, with p < 0.05 meaning that the assessment criteria (i.e., diagnostic quality of calcification) is affected by two
factors, theimage (low dose, full-dose, reconstructed full-dose) and increased parenchymal density.

L

ofr re

o 4
2
X
[l

of
N
off 1o
o 41 op

k1
of [t
sy &
>
oy N o
Bomn 2 >4

flo o

P

Lt

Lo g
R )

ofr
-
32

I

-

N

i

30,
bt
o
o Uo
o

> O

e

Lo

(e 1%

-4 ot 4o

L2, Ho o

_E okt

¢! ﬂll?l‘.

il o2

o ox
it
ol

e 3o %

o Y of M2 [

0,
h)

oN

o2 rlo

=

09. EZJ-‘
N
)
o o fop T I

> do & o X
1o o X

e
o >~ dlo
jﬁ_x_

o2 N

N

>

o

S
2
)
%
mr rx

1. =EYE 4oy

shewl, R1ekE), A8, AR, Avh, PeE, 7
#7, o3, Radiation dose reduction in digital
mammography by deep-learning algorithm image
reconstruction: a preliminary study. ] Korean Soc
Radiol 2022; 83 (2): 344-359.

s,

mammography platform by image reconstruction

Development of low dose digital

using deep learning algorithm: a preliminary study.
RSNA 2018 Scientific presentation.

X2t Radiation dose reduction in digital
mammography by image reconstruction using deep
learning algorithm: clinical evaluation. RSNA 2019
Scientific presentation

3. 8E2dut

AR, BAgA=, A2z M, wYFEg o
(2017.12.18) Qg ] - A7-apA A7

4. 78 dut

2023 KSR-th &t/ oJstej#| ¢4=2d 4

_9‘]_



CHORQ HIARIOSIS|X| 2023;20:85-95

J KErean 5o Radicd 2022:83(2):344-359
® | Original Article  ups/sorgis seesanors cHekodabo|sty|x|
H "=

Radiation Dose Reduction
in Digital Mammography

by Deep-Learning Algorithm
Image Reconstruction:

A Preliminary Study

Held eSS 0|88 MM CIXE e EYF
Fae| S ofj] A

Su Min Ha, MD'* &, Hak Hee Kim, MD'" 3, Eunhee Kang, PhD* &,

Bo Kyoung Seo, MD® (&, Nami Choi, MD® @, Tae Hee Kim, MD" @,

You Jin Ku, MD* @, Jong Chul Ye, PhD* @

'Department of Radiology, Research Institute of Radiology, Chung-Ang University Hospital,

Chung-Ang University College of Medicine, Seoul, Korea
‘Department of Radiclogy, Research Institute of Radiology, Seoul National University Hospital,

Received August 19, 2020
Revised Qctober 28, 3020
Accepted July 23, 2021

*Correspoanding author

Hl e Kim, MD

Department of Radiclogy,
Research Institute of Radiology,
Aszan Medical Center,
University of Ulsan

College of Madicine,

B8 Oympic-ro 43-gil, Songpa-gu,
Seoul 05505, Korea,

Tel 82.2-3010-43050
Fax BJ-2-4T6-0050
E-madl radhhkim@hanmail.net

This i5 & Dipedi ACCEss artacle
diestributed under the terms of
the Creathwe Commaons Attribu-
tizn Mon-Commencial Licenss
[hEtpss e reat veoommans. ong/
lipenges,fy-ncfd.0) which permits
wnrestricted ran-commercial
e, dissbribution, and reprodiuc-
tion in any medium, provided the
riginal work is propedy cited.

: A _ o OQRCID iDs
Seoul MNational University College of Medicine, Seoul, Korea 0 Min Ha B
Department of Radiclogy, Research institute of Radiology, Asan Medical Center, bt ps:ff
University of Ulsan College of Medicine, Seoul, Korea pocid orgA0000-0003 - 1833-0919
‘Department of Bio and Brain Enginesning, Korea Advanced Institute of Science and Hak Hee Kim &
Technalogy (KAIST], Dagjeon, Kore httpesff
‘Department of Radiclogy, Korea University Ansan Hospital, Horea University College of Medicine, orcid o A000-D002- F156-921
Ansan, Korea E.;m,r; Kang @
& i i i I i s
Department |:!f .Radlul.ogy, Konkuk University Medical Center, Konkuk Uinkeersity ondid 155314103
School af Medicine, Seoul, Korea B0 Kyoung S40 @
Department of Radiclogy, Ajou University Hospital, Ajou University School of Medicine, Suwean, Korea Mtps:ff
"Department of Radiology, Catholic Kwangdong University International 5t. Mary's Hospital, ecid e A0000-0002-3512-536.1
Cathedic Ewandong University, Incheon, Korea Nami Choi &
hatpe:ff
ocid org /0000-0003-3T03-4283
Tae Hee Kim (3
htps:ff
se = ; = i .ongA0000-0002-0520-2355
Purpose To develop a denoising convolutional neural network-based image processing tech- e
nigue and investigate its efficacy in diagnosing breast cancer using low-dose mammaography It
imaging, mld.ur&;ﬂﬂm—lm:-ﬁrﬂ-ﬂ!m
Materials and Methods A total of & breast radiologists were included in this prospective study. ﬁpﬁ; we
Al radiologists independently evaluated low-dose images for lesion detection and rated them pacid oo /0000-0001-9763-0609
for diagniostic quality using a qualitative scale. After application of the denoising netwark, the
same radiologists evaluated lesion detectability and image quality. For clinical application, a
consensus on lesion type and localization on precperative mammographic examinations of
breast cancer patients was reached after discussion, Thereafter, coded low-dose, reconstructed
full-dose, and full-dose images were presented and assessed in a random order.
344 Copyrights © 2022 The Korean Society of Radiology

_92_



spanl © CHOHQuIGAROIotYl/ChSt QIO Bl K|®l Ch | 7 BT

K oREAM SocierYy oF RaDiclLogY

KSR-CH Ztod & == A|

5 =2

Moot
4=

20224 cliFtogqfete|x| EIE =R F 2R P
izt T2t 45 =R2E MASHAUC ° ¥
EEBiL|ct

=Ed=

EEY Ud2|Sd |42 HMoUY CIRIE #% B9 9V
R oy #A

BEEIS5>
ClEhog 2=t x| 2022;83(2):344-3569

20234 9@ 23

chgtog ey ete] 27y of

_93_



CHORQ HIARIOISIY|X| 2023;20:85-95

10.

11.

ot

to 23
.Tang J, Rangayyan RM, Xu J, El Naqga I, Yang Y.
Computer—aided detection and diagnosis of breast
cancer with mammography: recent advances. IEEE
Trans Inf Technol Biomed. 2009;13:236-251.

. National Research Council (U.S.), Committee to
Assess Health Risks from Exposure to Low Level of
Ionizing Radiation. Health risks from exposure to low
levels of ionizing radiation. Washington, DC: National
Academies Press; 2006.

.Friedewald SM, Rafferty EA, Rose SL, Durand
MA, Plecha DM, Greenberg JS, et al. Breast cancer
screening using tomosynthesis in combination with
digital mammography. Jama. 2014;311:2499-2507.

. Yaffe MJ, Mainprize JG. Risk of radiation-induced
breast cancer from mammographic screening.
Radiology. 2011;258:98-105.

.Svahn T, Hemdal B, Ruschin M, Chakraborty DP,
Andersson I, Tingberg A, et al. Dose reduction and its
influence on diagnostic accuracy and radiation risk in
digital mammography: an observer performance study
using an anthropomorphic breast phantom. Br J Radiol.
2007;80:557-562.

. Yakabe M, Sakai S, Yabuuchi H, Matsuo Y, Kamitani
T, Setoguchi T, et al. Effect of dose reduction on the
ability of digital mammography to detect simulated
microcalcifications. J Digit Imaging. 2010;23:520-526.

.Samei E, Saunders RS, Jr., Baker JA, Delong DM.
Digital mammography: effects of reduced radiation dose
on diagnostic performance. Radiology. 2007;243:396-
404.

.Sun M, Star-Lack JM. Improved scatter correction
using adaptive scatter kernel superposition. Phys Med
Biol. 2010;55:6695-6720.

. Mencattini A, Salmeri M, Lojacono R, Frigerio M,
Caselli F. Mammographic images enhancement and
denoising for breast cancer detection using dyadic

wavelet processing. IEEE Trans Instrum Meas.
2008;57:1422-1430.

Gorgel P, Sertbas A, Ucan ON. A wavelet-based
mammographic image denoising and enhancement with
homomorphic filtering. J Med Syst. 2010;34:993-1002.

Vikhe PS, Thool VR. Contrast enhancement in
mammograms using homomorphic filter technique.
2016 International Conference on Signal and

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

_94_

Information Processing (IConSIP); 2016 October 6-8;
Vishnupuri, India: IEEE; 2016. p. 1-5.

. Golkov V, Dosovitskiy A, Sperl JI, Menzel MI, Czisch

M, Samann P, et al. Q-space deep learning: twelve-
fold shorter and model-free diffusion MRI scans. IEEE
Trans Med Imaging. 2016;35:1344-1351.

Zhu B, Liu JZ, Cauley SF, Rosen BR, Rosen MS.
Image reconstruction by domain-transform manifold
learning. Nature. 2018;555:487-492.

Sun Y, Liu X, Cong P, Li L, Zhao Z. Digital
radiography image denoising using a generative
adversarial network. J Xray Sci Technol. 2018;26:523-
534,

Landman BA, Angelini ED, Qadir A, Suzuki K,
Fajardo L, Yang L, et al. Radiation dose reduction
in digital breast tomosynthesis (DBT) by means of
deep-learning—based supervised image processing. In:
Angelini ED, Landman BA, editors. Medical Imaging
2018: Image Processing; 2018 Februarty 10-15;
Houston, TX, USA2018. p. 105740F.

Wang Z, Bovik AC, Sheikh HR, Simoncelli EP. Image
quality assessment: from error visibility to structural
similarity. IEEE Trans Image Process. 2004;13:600-
612.

American College of Radiology, Bi-Rads Committee.
ACR BI-RADS breast imaging and reporting data
system : breast imaging atlas. 4th ed. Reston, VA:
American College of Radiology; 2003.

Nystrom L, Andersson I, Bjurstam N, Frisell J,
Nordenskjold B, Rutqvist LE. Long—term effects of
mammography screening: updated overview of the
Swedish randomised trials. Lancet. 2002;359:909-919.
Parker MS, Hui FK, Camacho MA, Chung JK, Broga
DW, Sethi NN. Female breast radiation exposure
during CT pulmonary angiography. AJR Am ]
Roentgenol. 2005;185:1228-1233.

Doody MM, Lonstein JE, Stovall M, Hacker DG,
Luckyanov N, Land CE. Breast cancer mortality after
diagnostic radiography: findings from the U.S. Scoliosis
Cohort Study. Spine (Phila Pa 1976). 2000;25:2052-
2063.

Law J, Faulkner K. Two—view screening and extending
the age range: the balance of benefit and risk. Br J
Radiol. 2002;75:889-894.

Law J, Faulkner K. Concerning the relationship
between benefit and radiation risk, and cancers detected



23.

24,

25.

26.

27.

28.

29.

30.

si40l : Titte

and induced, in a breast screening programme. Br J
Radiol. 2002;75:678-684.

Hemdal B, Bay TH, Bengtsson G, Gangeskar L,
Martinsen AC, Pedersen K, et al. Comparison
of screen—film, imaging plate and direct digital
mammography with CD phantoms. In: Peitgen HO,
editor. Digital Mammography. Digital Mammography.
Berlin, Heidelberg: Springer; 2003. p. 105-107.
Gennaro G, Katz L, Souchay H, Alberelli C, di Maggio
C. Are phantoms useful for predicting the potential of
dose reduction in full-field digital mammography? Phys
Med Biol. 2005;50:1851-1870.

Huda W, Sajewicz AM, Ogden KM, Scalzetti EM,
Dance DR. How good is the ACR accreditation
phantom for assessing image quality in digital
mammography? Acad Radiol. 2002;9:764-772.

Hemdal B, Andersson I, Grahn A, Hakansson M,
Ruschin M, Thilander-Klang A, et al. Can the average
glandular dose in routine digital mammography
screening be reduced? a pilot study using revised image
quality criteria. Radiat Prot Dosimetry. 2005;114:383-
388.

Cole EB, Pisano ED, Zeng D, Muller K, Aylward SR,
Park S, et al. The effects of gray scale image processing
on digital mammography interpretation performance.
Acad Radiol. 2005;12:585-595.

Zanca F, Jacobs J, Van Ongeval C, Claus F, Celis V,
Geniets C, et al. Evaluation of clinical image processing
algorithms used in digital mammography. Med Phys.
2009;36:765-775.

Uematsu T. Detection of masses and calcifications by
soft-copy reading: comparison of two postprocessing
algorithms for full-field digital mammography. Jpn J
Radiol. 2009;27:168-175.

Cole EB, Pisano ED, Kistner EO, Muller KE, Brown
ME, Feig SA, et al. Diagnostic accuracy of digital
mammography in patients with dense breasts who
underwent problem-solving mammography: effects
of image processing and lesion type. Radiology.
2003;226:153-160.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

_95_

LY goAAL /o F TR XA Cp7 | AT 21N

Chatterjee P, Milanfar P. Is denoising dead? IEEE
Trans Image Process. 2010;19:895-911.

Cesarelli M, Bifulco P, Cerciello T, Romano M, Paura L.
X-ray fluoroscopy noise modeling for filter design. Int
J Comput Assist Radiol Surg. 2013;8:269-278.

Chan HP, Lo SC, Sahiner B, Lam KL, Helvie
MA. Computer-aided detection of mammographic
microcalcifications: pattern recognition with an artificial
neural network. Med Phys. 1995;22:1555-1567.

Samala RK, Chan HP, Hadjiiski L, Helvie MA, Wei J,
Cha K. Mass detection in digital breast tomosynthesis:
deep convolutional neural network with transfer
learning from mammography. Med Phys. 2016;43:6654.
Bernhardt P, Mertelmeier T, Hoheisel M.
X-ray spectrum optimization of full-field digital
mammography: simulation and phantom study. Med
Phys. 2006;33:4337-4349.

Riedl CC, Jaromi S, Floery D, Pfarl G, Fuchsjaeger
MH, Helbich TH. Potential of dose reduction after
marker placement with full-field digital mammography.
Invest Radiol. 2005;40:343-348.

Chesters MS. Human visual perception and ROC
methodology in medical imaging. Phys Med Biol.
1992;37:1433-1476.

Zhou T, Krahenbuhl P, Aubry M, Huang Q, Efros
AA. Learning dense correspondence via 3D-guided
cycle consistency. 2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR); 2016 June 27—
30; Las Vegas, NV, USA: IEEE; 2016. p. 117-126.
Zhu J-Y, Park T, Isola P, Efros AA. Unpaired Image-
to-Image translation using cycle—consistent adversarial
networks. 2017 IEEE International Conference on
Computer Vision (ICCV); 2017 October 22-29; Venice,
Italy: IEEE; 2017. p. 2242-2251.

Paszke A, Gross S, Chintala S, Chanan G, Yang E,
DeVito Z, et al., editors. Automatic differentiation
in PyTorch. 31st Conference on Neural Information
Processing Systems (NIPS 2017); 2017 2017 December
4-9; Long Beach, CA, USA: Neural Information
Processing Systems.



