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3D-DenseNet for reduction of false-positive polyp detections in CT colonography
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2.1 DenseNet

DenseNet | 3% %> Dense Block & Transition Jg|Z k- TH¥
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— X OEMEIMZ TN,

2.1.1 Dense Block

ResNet CiZ Residual Block O L7 m v 7 ~D A
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Z 2T, HiiI Ny FIEHIEIE (BN: Batch Normalization),
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2.1.2 Transition [&

Dense Block |28\ TEAIA LI — RV DY A XILHFIZ—
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3Tt~ L JL3E L 72 3D-ResNet[4] & 3D-DenseNet D 53461 AE
WCBL, HEREEIT o7, BEHEANTO 5 DB ERGE
FBICEVEETVOFEERB LY, FMEiTo72. ¥EMERE
DAL IT, 5215 E BAER M (ROC: Receiver Operating
Characteristic) ffi # o i # T 75 (AUC: Area under the ROC
Curves)fii # i 7=. 7=, 3D-DenseNet & 3D-ResNet ™
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L, 3D-DenseNet i 3D-ResNet L ¥ & 3.3% i\ V4SS BN
Bon, HERPOBRELY, 20 AUC EOEITAETHD
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AHFFETITETED CADe ¥ AT LB IT HHEEM D
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