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ok ?|o] O-MB(Fig1) ZAZAAMO A2Q&|= A[ZtO] &F 1-4 20| 2L2%|H(E2ZE,2013)
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Hi=0| CHE O[OjX| S0 CHsiA HAFS BiOF ot7| Ii=0f 2tef o YT HYS AtS=ot=d

L2222 & 7+ Y& €12F0| st FETILL (Alom etal, 2020) [M2tA O] AFOM =
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(A d(malignant): 24 I LY (Ductal carcinoma in-Situ, DCIS), 2~ & (lobular carcinoma),
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Layer (type) Output Shape Param #

input_1 (InputLayer) [(None, 150, 150, 3)] 0

conv2d (Conv2D) (None, 148, 148, 32) 896
max_pooling2d (MaxPooling2D) (None, 74, 74, 32) 0
conv2d_1 (Conv2D) (None, 72, 72, 64) 18496
max_pooling2d_1 (MaxPooling2 (None, 36, 36, 64) 0
conv2d_2 (Conv2D) (None, 34, 34, 128) 73856
conv2d_3 (Conv2D) (None, 32, 32, 64) 73792
max_pooling2d_2 (MaxPooling2 (None, 16, 16, 64) 0

flatten (Flatten) (None, 16384) 0

dense (Dense) (None, 512) 8389120
dense_1 (Dense) (None, 8) 4104
Table 1. 288 =& 0/0/XIE 8 7}A] & EFE TN E (malignant):2&F& /LY &f (Ductal carcinoma

in-Situ, DCIS), 2 & EHlobular carcinoma), 728E& 244 & (Mucinous Carcinoma),

=

2S48 (papillary, carcinoma), & (benign): 41Z(adenosis), 28241 Z (fibroadenoma), &4

& S phyllodes tumor), EH1E (tubular adenoma)) class £ 8l&A|Z! cnn architecture
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Wenzhong 2| =20 A= ResNet I} Inception & AtEsHA ZEHS S AABQ HZTt

HiE0| S7tetof w2k FA A0 HRlet 2|8 M DeepBC &S M otEHA =4t

Ml
=

ro
rx

2E YHAUS 25 2 OENME A8 7|E9 F=HEEL 52 58 20

24Tt (Wenzhong, 2020)

Loukas & kNN, SYM % PNN & ALES{A R TICH O[O|X| QA 8IS X|QHSHRILCH
si0|d2 St =2TA CHH O|0|X|0M AX|= MEE HMASHALE XA +XE FAHSHY

rx
)
els
°
o
o

1 $tC} (Loukas,2013)
Alom 2| =20 =X (Alom et al, 2019) =&F0|A|{= Inception Recurrent Residual

Convolutional 2122 (IRRCNN) Z &S AL23I0 <

0x
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|8 A SIFT (Scale Invariant Feature Extraction), LBP
(Local Binary Patterning), LPQ (Local Phase Quantization), GLCM (Gray-Level Co-occurrence Matrix),
AA 2t 2™ SAH(TAS) U Parameter Free TAS (PFTAS) S0| A0 AMS L0 H&E7t 85%
Mz Fe|of 2EX|ZE O] A0 A= Recurrent Convolutional Layers & F7tst0] O Lt2

37|=7, o|ojX| Xt=7|, HolH 387l & Sof =1 99% d5= EACHD
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(Computer assisted recognition of breast cancer in biopsy images via fusion of nucleus-guided deep
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MzZo| 2|0 e MAES 2 = U 2 ITEA AFME BEeHES =20 (Alzubaidi,
2020)
Deep Neural Network with Support Value (DNNS)2 0[|&3l O L2 &2l O|0|X|E 45t

CHE ds mi2t0HE +785t7| ?lo =9 OO0l £F =X E sfZotaxt Ch £t o L2

ol

the Rl SIAE 2, Sigmoid & A Histo -sigmoid 22| ALtS @9 =
| =8 % YOO|EE ot LIHX| YA HF BC dF L1251 |RASH

Tigstct 3 A M 7}X|Z DNNS & alistct A H® SHA O A= Pre-processing(AHH X 2])
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(Breast cancer detection by leveraging Machine Learning, Anji Reddy Vaka, 2020)

i[E

S &l DCNN(Deep Convolution Neural Networks)2 AH835l0] CHE HEQT TN F&
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HEA 7|2 A LFE DCNNN 4 7H(0il: DensityNet121, ResNet-50, ZE| 28 In 44 v3,
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Cancer Image Classification via MultiNetwork Features and Dual-Network Orthogonal Low-Rank
Learning, YONGJUN WANG, 2019)
A Review on Gynecomastia and Male Breast Cancer for Radiologists, Eun Jin Hwang, MD and Joo Hee

Cha, 2020 Sep;81(5):1096-1108. Korean. Published online Sep 01, 2020. M2 2| &gt 2t

Y9, 47 oLt D28y BAE 20l 1gT1=Z 7+ B XN =IC}

Yuan S(16)0] A|S#t 125 7H(ZA 1007, 2 25702 UM St

Oh¥
=]
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s o =30 240

thot =™ 2M0M 5 &F0 X2 J1, 4
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20l 20| 58 wEEel Rolegh 2AO0IRALE. Ly =S A7 & dX=
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PHO|Et e 0= 28N 7| -ots E0|LHERHEM Z2 BI-RADS HF 2L} 3 EHO|

S27] Y20 RYeol JH540| Ao A HARHO} BCtD B
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=22l E7f Zof EtAC 222 210) O SFF 2l S LIEFHHCF T BILf. (National Cancer

Institute, n.d. )

EESE Johns Hopkins pathology Off 2™ Fe 558 ZAE5=0 A E = U= Nottingham
Histologic Score A|AE! (“the Elston-Ellis modification of Scarff-Bloom-Richardson grading
system”)2 "HE|StA7F 1 2{dt= 3 7KK 2212 He|}=0 gland formation 2| (M ZE Z2tE2f

SUNEI HY MS MMt HE), HSHCHEY 2

oF
S©
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O MES N2X 23 2Y)
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e ’*Q?‘A?
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G
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/O\ \)\/

A
L6004

i iati I/ i iati r/Tubular Dif i
>75% of tumor forms glands 10% to 75% of tumor forms glands <10% of tumor forms glands

Nuclear Pleomorphism: Nuclear Pleomorphism: Nuclear Pleomorphism:
Uniform cells with small nuclei Cells larger than normal with open Cels with vesicular nuclei,
similar in size to normal breast vesicular nuclei visible nucleoli, prominent nucleoli, marked
epithelial cells and moderate variabilty in size and variation in size and shape
shape
Mitotic Count: Mitotic Count:
<7 mitoses per 10 high power Mitotic Count: > 16 mitoses per 10 high power
fields 8-15 mitoses per 10 high power fields
fields

Figure 4 RE2t 550 WE E2/8t 8 MELZZF EX Johns Hopkins pathology, n.d.)
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Histologic Grade | Invasive

Ductal Carcinoma.

Hed g 232 st HEH S EZZSH= nests of |FAF 282 7HE! nests of

2 IHE ZHE nuclei 2 cells O] & HHE|X| A2 cells(nests cells with marked

T ALt BhEt 252 Eolrta it nuclear atypia and mitotic
activity) S EQICt1 BiCt

Table 2 782 &S50 LFE =X ZAF O/0JX|0jA e/5t5 £F.

metM 2 a4 =20AME ol2gt He|gty el S8 S 4oty = Us S-S Sof T
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3 Research Methodology

3.1 ol

CIO|E & BreaKHis(Breast Cancer Classification Challenge 2015 G|O|Ef ME) 2 H|O|E{= 40X,
100X,200X, 400X 210|F Higg€=2 87tX| ZCHANE 77 ofdar e HolHZ 2/E0 A2
ZICHADNO| CHB{ Z=Abeh ZDfo|Ct.
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- QAL 2N (Ductal carcinoma in-Situ, DCIS)
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