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FEA R FEAR I O ST SRR AU Y o AU A T
A B Ry — SR 51 i BE 58 7T v Fe Y 22 i i
Jt(neuron)#te - ALFEEN AJE (input layer) ~ (&
sk J& (hidden layer) ~ & H J& (output layer) - H
o R RTLUE 2 - B H B HI TR R

B o ST AT A L (weight) BRI R PLF 7R
FLEASTRE - B DU mi S ORI 22 il ¥
fiz’ -

FOE AR ATAHLEE - ANNR A YA [ 25
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AR GRS ~ oG - TR - 7o
B~ FHE > BOERRSE S - R LRIYLE
IR EEYIEET ~ SEVITIRER ~ BRIREZET - DIk
IR TR I TR -
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HIFERR B 53 %0 - CNN B HERY 25 Jig g I e K
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4 EsGoogleNet Inception V3 By A TR g
B o

W TR AE P anr 1T 1 R G - 2k
BONN (HITHEREIAES « X2 =
KE I B9 43 B I E (three-class disease partition
test) - FEENEE > RUENER - EIEER - JRE
FEWI S G P9m » ELLRE B - CNNSEE[T72.1
+ 0.9%HYIEMESR - [y W (L 5/ S FHEE Rl 1E
e85 11 5465.56%Ei166.0% - 55 " RHIEZ L
REA B 43 28 I & (nine-class disease partition
test) » FEFE M ] DIEE S IERY R DL H iR
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FAE SRR - AEFIBT RN ~ SRR B
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