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Comparison of 3D-CNN and 2D-CNN in Analysis of 3-Dimensional
Brain MRI Images
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X 1: 3D-CNN ¥ 2D-CNN H#g

E{REER L (x, v, z) B 3D R 74 2% Z2hzh
BATA REMWMET 5. ZD% (224, 224, 3) DY A4 X
W2 EICVHAXLTARY MEEFRAEET 2 (K 1).
EifR A, CITH U TIEER L7z 2D-CNN E 7L, Hili ¥
BEAD VGCG16, HFFEEAD VGG19, ResNet50,
EODPDRF A AR LHATFEE L O VGG16 = H
WTHLGEHA 2 227 2175, FBITBT % epoch(BUF
ep) % 3D-CNN, 2D-CNN T 150ep, VGG16 T 50ep,
VGG19, ResNet50 T 100ep TH 5. 2 PBREFHMMiZ Ac-
curacy Z WV, F v v AL~ 66 ABEM: 53 AD
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model 3DCNN 2DCNN  VGG16 VGG19 ResNets0 VGG16 untrained
Avg. trainingtime[sec/ep] 30.3 6.2 6.4 6.8 7.7 90
param 41K 10K 14M 20M 23M 14M
# 2: T LT LD Accuracy
Image&Axis Ax Ay Az |Bx By Bz|Cx Cy Cz|Dx Dy Dz
2DCNN 89 8 8 | 71 71 74|91 90 90 | 75 73 T4
VGG16 98 97 98 | 8 84 8 | 97 97 97 | 82 82 81
VGG16(3ch) 78 74 73 70 T4 67
VGG19 95 96 96 | 8 84 8 | 97 96 97 | 8 80 80
ResNet50 100 98 98 89 87 91 | 100 97 99 87 87 82
ResNet50(3ch) 87 86 80 81 82 79
3DCNN 82 \ 71 \ 83 \ 55

DRAFA ADR B 3F v Y AMEHRE > THIIEH
#HD VGG16, ResNet50 THH S H 7.
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