BF AT EeerIZLREZHR
Breast Cancer Diaghosis Based on Artificial
Intelligence with Mammography

XIiE1E
2019/5/21



Hx

ORI R S =FENX

O AIRIEEE AR R HE AN IR(ESS
T A LESeRIZLIREZ T ZRIA
Unet+CNNEYSCLE
Mask R-CNNHYZLIE

>
-

0 o0

-



IR RE SR
KR

AN

#Lﬂiﬁi@ﬁﬁ’—%—‘m\
%’ ER=2 ::/\

COETIER, RIS
KA

—
i ¥ P ¥

15-19

B 1-1 fUIRE T B s A R M R A &



O ZLARIERESAR N HE B (ESS



HeCHR A7l

AEMASHE R

SRS FIINAY
fpERERIC



eIy SR

IR (EEHAFRER)
- T54¢
* ZSHEEL

B 2-2 ity £
(A Z B L =B 57 7 BMhipk, RS, BHmiL)



o ArpBRAa
o A B2 S
. RIDZRSE|

B 2-3 AfHe/ /454480 25 F 515 [3]

Rt



SHITH

* TR

.A'

&

CHREHE
* A ‘ﬁ*EJEF'

|h7|

S

FEAR

\/9/\%

Image Analysis

Procedure
Automatic s v Classification
| Pre-processing | Detection and s =] and
Segmentation Quantification

( Histopathology )

( Mammography j

Mass/

Manifold Learning

— Chclnlo:..lnrfllpte:f-:uty - Lgcal, Str:xc:ural D?ec: Level | Enb;ﬂ:rl::;;:fg?gz:n i sl Misrscaldfication
ormalisation egmentation eatures Quantification
Global Scene/ ; . )
[ » DE"nOiSing — Tissue Spatlaliy Related —] . Dilse_ase_ N . D|$e-a.se-
Segmentation Features Discrimination Discrimination
Multi Scale . Grade Based L,| BIRADS Based
Feature Extraction Classification Classification
SF?attfre . Sub-cellular
; eec' W Quantification
Dimensionality
Reduction,




OEF AT EgeVZLIREIZiZRA



%*/ Elﬂ Iﬂélzl

. Soﬂhje}x
Input Image -:_-.,Siasmfler
’ 3 T
oy G
g !;
fdr ”
4% 7 — ? Benign
me ’ E; Pooling 1 Convolution 2 3
Q&Q 2% : %-Z’C)Mali t
' Sy # [/ E K
Convolution 1 ' ,:_'.
A\
* EHU)\J

Fully Connected

ﬂJ NI

BTH=E
SiEiRes, B, BiE
DropoutlEN{t,/=
LiERE

Fig. 3. A typical Convolutional Neural Network architecture.
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