—AEEEAN EEBEE S [EEEE e
THE INSTITUTE OF ELECTRONICS, IEICE Technical Report
INFORMATION AND COMMUNICATION ENGINEERS S1P2016-5, IE2016-5, PRMU2016-5,M12016-5(2016-05)

Deep CNN (Z35-3< CT Eif 05 O IRIEE o 3 ®4y FaiE
R HEYRY A e TR BET BRI BETRRY R s

WR HZ > R RE!

1 IR B K2R i [ 2 R W 22 R A R BRI RE A A — VISR T501-1194 1 BRI B A= 1-1
2 IR B RS2 [ AR b B IR e A R T 501-1194 5k B LIy B A= 1-1
3 I B RSP R R 2 S R W ST R Il 2 B A R 2 520 B T 501-1194 15 B I B i = 1-1

E-mail: 1 tkano@fjt.info.gifu-u.ac.jp,

HOFEL IBBEEIIADADOV AZFHHICHNSN D EEREIETHDH. T E TICHIRORESEEIC r
QRIE~ T T 7 4 DRI TWAA, 3%t CT BRI 2 IIRBEONE & SE LIS, $H
1%, WA AME e 8 CiRE SN DB CT Mmifg S ILIREE 2 HEMICOE T2 FEEREL, m®5%1ﬁ%
iz CT BB EALNBAD Y A7 FHIIZIEH T 23R SIRZ N v A7 A% T 5. REFIEIIIMRE L OfifH
AR OFRFRICK AT, CT B4 LEBENICHIRED D 7 Y — 3 E2 T )W AFNTh 5. ZhidlE, &
HirIr=a2—F )%y hT—27 (CNN) ZFLE7fEE s L, fFEO CT BH{IZ CNN I X > THREEDO T TV
—HBFITHEROL LI, Xy NI I RIA=FEFHIES. BEOLERNE, £, AJ) CT B b
E%E%W(%%%Imfméﬁmﬁsﬁﬁfyﬁx)%%n%hﬁ@%*@mfé ZLT, 3L ThHLESL

FERE A S K& 2 ot EE (EAR) Z24EKL, TNENOEARICK LT CONN ICL2IRBEDO ST I

ﬁ%%ﬁo AT OREAR D 535G R 2 IR D T i R & Bl st 5. EEBRTIX 40 1o CT i (30
D 60 i TOLMIER]) % L7=. Holdout 5% H\ 7= FLIRIEFE O /R R 6, 20 JEBID 5 5 16 JEH] D
SIS LI E AR L. 2L, CTEBICEIT 23RO BB E O AF r$73>/Té>h7t

¥—U—F 3ot CT @, IEEkOMmM, ILREEOSH, BHAH=a—FNVFry NT—7, FEFH

Automatic classification of breast density on CT images by using deep CNN
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Abstract: Breast density has been used as an important risk factor of breast cancer and routinely measured on 2D
mammography. 3D CT images have been also expected as another image modality for breast density measurements. This
research work proposed a novel method to classify a CT case directly into four categories of breast density by using an
end-to-end mapping without any dependence on image segmentations. The deep convolutional neural network (CNN) was
used as a core part for the classification and was trained on parameters by minimizing the classification errors to the human
decisions. The processing flow of the proposed method can be described as localizing left and right breast regions on CT image
firstly, and then, sampling a large number of 2D sections from the 3D breast regions for breast density classification based on
the deep CNN, and making a final decision based on statistic of classification results of 2D sections. 40 CT cases from 30 to 60
years old women were used in the experiment. We used holdout validation to train and test the performance of the breast
density classification, and confirmed that the breast density of 16 CT cases were classified correctly from total 20 test CT cases.
In conclusion, the potential possibility of breast density classification on CT images was demonstrated.
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