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Kaiming He, Xiangyu Zhang, Shaoqging Ren, Jian Sun,

Deep Residual Learning for Image Recognition, IEEE Conference on Computer Vision and Pattern Recognition, 20113



PythOn(:J:é_—igyﬁ%muuntwj ﬁ\EA
(ResNet ZE A UzeliER)
def _init_ (self):

super(Net, self). _init_ ()
self.convl = ResidualBlock(1, 32) # 32F v > FJLbN\

self.conv2 = ResidualBlock(32, 64) # 64F % >R)L/\

self.pool = nn.MaxPool2d(2,2) # F—U>JE

self.fcl = nn.Linear(64 * 12 * 12, 128) # £f&&/E1

self.fc2 = nn.Linear(128, 10) # £E&E2 (HHBE)
TOEHRAHZ2—FN2y P T7—0%AHRITH7RTF L

gl 0> 5 >
IO 5 H

i

iy

N

Rt

M

oy

14




/,\ 1 $E§ﬁ$0)m\n& e
CNN ODZhER

15



@ Google Colaboratory MDR—=%Fd <
https://colab.research.google.com/drive/18IPPkY960c6|KY Dz
su4cFgWcoYAskLo ?usp=sharing

@ JO0 S APSRBAPEITHERENBEH SN TLD C & =R,
ZEHTKLFHED,

@ [1. $$§§i$® u\nﬁ (gﬂﬂiﬁﬁb?g) (Ea}‘la}
—1—3I)IbxRY NO—D%ER) | =R

1. FESBFORE BEHDEE) (BHAHF1—-3N1RY FD—O%ZER)
(e

BHAH=1—F Nty FD—F DEM.

[TO7 3 LDwiA]
FEXINF0,1,2,3,4,56,7,8,90 FESBF)OMNIST—FEY hOBERT—FZEAL TSR ITVET.



https://colab.research.google.com/drive/18IPPkY96Oc6jkYD2su4cFgWcoYAskLo_?usp=sharing
https://colab.research.google.com/drive/18IPPkY96Oc6jkYD2su4cFgWcoYAskLo_?usp=sharing

/,\ 2 $E§§i$®ﬂﬂa\ﬂ& e
ResNet [CK D=

17



@ Google Colaboratory MDR—=%Fd <

https://colab.research.google.com/drive/18IPPKY960c6|KY Dz
su4cFgWcoYAskLo ?usp=sharing

@ JO0 S APSRBAPEITHERENBEH SN TLD C & =R,
ZETLHD,

@ [ 2. $$§§i$® u\nﬁ (gﬂﬂiﬁﬁb?g) (5.37'1_37'
—1—3JILARY FID—DD—FE ResNet Z{EH) | =R,

2. FESHFORE BAHDFEE) (BHAHZI1—3IWFRY T—ID—E ResNet Z{EHH)

[#E1==]

esNet (Residual Network) IATBESC, BEN :' T#%3 [Residual Block] ’F.'E%?;L;(L\%J~ ZNFToALE. EDARN
EEOR (B0 HE) ([CELZEROBHE !J.Ll@' qﬁﬁﬂ)%%ﬁ#% B < BE°



https://colab.research.google.com/drive/18IPPkY96Oc6jkYD2su4cFgWcoYAskLo_?usp=sharing
https://colab.research.google.com/drive/18IPPkY96Oc6jkYD2su4cFgWcoYAskLo_?usp=sharing

FEDEDIRU &FERATR

BUNIKT—FZRWCFEZ 1 0EEDIEL.
> FEHOBRDRUICKDIEX (RE) (iR

ssssssss

0.3 1

58 FEOBDEBRULT LOIIET - TOiER (BRE) OZE1L
AL>2S6  FEOBDEBULUS EOREEST —FThiak (BRE)
DEAL

19



2HAHGZ1—T)LFRY NIO—TD5NE

Hiili—a—F Ly b7 =200

B 0D Eit H
Bl 0D EitH

%igt%m#bmmmww METDIEL

ning Cur

—— Training

~—— Test Loss

0.4 4

034 ™

n
a
3

0.24

0.1

0.0 T

FEOREY R LL. &V, \EXRIZED

5.

Palebuse Lok

BHAAHAZ 2 —T Iy b7 =7 DF|

Bl 0D Eit Hp
Bl OD &

TEINSESSINSYil

FEEZXF (00 H9) MNIST DDFETDIBL

Learning Curve

0.5
—_— Training Loss

—— Test Los!

L) KZELEXKITEL
: *%1275‘@

0.2 1

0.4 1

0.14

0.0
Ep chs

2By ELE LY. Begmy 20



ResNet ([CKBHEDRNE

BHAIRZ 2 —T Iy T —2 D] ResNet DFERFT O v 7 DE A

= e £ 23 £ e
% = |% % | |& = |%
A &1 |& 7 §> 7 &1 |&
7 = = A |7A = =
B “/

4
FEXXF (0D H9) MNIST DRFETDIEL FEXIZF (0N H9) MNIST DFETDIELk

Learning Curve 05 Learning Curve

0.5
—— Training Loss —— Training Loss
—— Test Loss

—— Test Loss

) WEAHKHND

0.2

0.4 4

0.3
a n
9 3
0.2 1

0.1 0.1 4

0.0 T T T T
2 6 8 0.0

+E®ﬁU LL ). Bk %E@ﬁU LE&U\E%Hﬁ¢ 21



HE 2 DBHAHF—1—SIxy hO—0 &

Palebuse Lok

e Tl B e B I
128 1@ 10 &

relu softmax
ea
+
%III G~
Bl T wma
= T RE
H
SR ==

22



X COFXED

[

—
—

FEZINZF MNISTTF—AFtV b

« O~ODFEZTHF. 28x28ET17)L. 60,0008DilfET—
4. 10,0008 DAREET — 4

FEEXF MNIST T—5tY bORH

« WFO0~9CHHE. IET—ITETILZEE. KR —4
TETI)L=ZAREE

ResNet (2015%F)
s FRIERI R OV OZEA
« BJRCHRDFEA]




O-3. H{5kI32E & F &

€7 )LDER

=Y,

24



ImageNet-1K >=—45t v ~OHE

EB{SODRE : hZ—BiF 112051
« DS A : 1000 FEFICHFERH
-Eﬁ7jf—95>ﬁb:%E@OEZ@jjﬁzah@ﬁ

A

N\

« (IEIBER : A AICDWVWTIE, AT MDOMEERES
DTF—SFEME

ILSVRC

. tench

. goldfish

. great white shark
. tiger shark

. hammerhead

. electric ray

. stingray
. cock

. hen

: ostrich

A
e . -
'.\*vs,\ vy. - S “:'},- ] " % ) _6 7 7 %
dalmatian %shbnd miniature schnauzer standard schnauzer giant sc hnauzer 1000%@ */E\ @ j O - 9 = G) 7 X

OO T RO = O

3 fk: ImageNet Large Scale Visual Recognition Challenge
Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng Huang, Andrej 25
Karpathy, Aditya Khosla, Michael Bernstein, Alexander C. Berg, Li Fei-Fei



COCO F—4twv hOHE

- ¥ : E{5IEAR
o F—ADFFEN

- 80DAHFIV

o ETAMDIEIR

- MRS —>

c INERAT ST O MZEDE




FBEHETILOERA Y K .

BIfFORMRIET —FZAVZAIES
« X HI :
- ZFBRDFI%EHIR
« =L VI%RE :
« KRS —AtY FTOEBICKIDENIZHREEZIFD
« BRATRADI AT WEEZXIR
-?%f%%?»@%%ﬂ%(ﬁ%ﬁ%,774>?1—:
i




5.

Draduse 4o

e 3

FEAHET I aERULESRD

28



Y/

\l_l_|\
I E

- N

DI=L:N
IRODIEAR -
« 1000FELEN\DEURD LA e

» ImageNet-1K TEZEHD
ResNet-50 (ResNet (D—7&
T, [EDZEZL 50) DOFIFE -

Il

ResNet-50 DS

ResearchGate DR D R—T H 55| H
https://www.researchgate.net/figure/An-illustration-of-ResNet-50-layers-architecture _figl 350421671

29



@ Google Colaboratory MR—=>%ZFd < f
https://colab.research.google.com/drive/18IPPKY960c6|kY D:
su4cFgWcoYAskLo ?usp=sharing

@ OO0 S AVRBAPDEITREMNMEE SN TULB C &= iER.
B TLLED,

Q 3. hT—EIEDFHE (BEPdHDFE) (ImageNet-1KTHF
BiBHDResNet-50EF IV EER) | =R,

3. AS—ESHDE (BFHDFEE) (ImageNet-1KTHEREEHDResNet-50FF L& HH)
(=)

{EFAETIL : ResNet-50 (ImageNet-1K F—% v b THEEFHA)
14 - ResNet-50IXBHRAH =21 —FILHy b T—H D—3F, ResNet DERTO v/ ORAEEHLET S,

HRRIBRENS

Predicted for baboon. jpg: [ (' baboon’, 14.075982093811035), (' guenon’,

30


https://colab.research.google.com/drive/18IPPkY96Oc6jkYD2su4cFgWcoYAskLo_?usp=sharing
https://colab.research.google.com/drive/18IPPkY96Oc6jkYD2su4cFgWcoYAskLo_?usp=sharing

REFH
HATESKI 7V EAEL C. BHEI\ERT. TOE
T, FEEEMAEEC DV TR DR IR

© BT 7 1) %& 2w

@ LYED Google Colaboratory DRX—=0D [4. B9 T¥fi
UZEHROERDFE | O1— R)LZZELT

Q) BEIEDIERICHEL, BRI 71 ZBIRIT B ET.
7w JO0—R

BB JrAILINBIRENTWER A, | Cancel upload |

Bz Uy oL, BIR7 714 /)L 7 ERN

@ FER & HESR

FELITHA T WNWEE S EE
THRDERTHT

1 054321289) ] : ; :|



0-4. =X X FX QR EFIEEE
DY

32



[EB SR %

« SESERGHA AWK, THXA, BEE, OMRwv b

« SEIFTREH  BFEDFE, MARE, TIAZ T3
>, BHEGRAUE, ZEEHTFERE

BRDBEZREN THEXITO
IO X TF—2 3 DR

33



RV e

CIERESEOR
1 O BRI
(eI Dh] =B

@ Fi%t
P E RE S HIERE

AEIAFT—S3>
B3R EE{\] CIEAR

5.

Palebuse Lok

person
bicycle

person



O BRI A

5.

Palebuse Lok

W e e e e el e e el

score 0.9827020168304443, Lahel lab_coat

ocore U.0030872616916894913, Label syringe
score U.00Z24311079178005457, Label beaker
socore 0.0016609227 750450373, Label stethoscope
score 0.00037950885598547757, Label plate

B HADIERIE, SNV EHER
X 5 DM (top 5) WFRSE
NCTWnd

35



@ YPAARRL

LL

5.

Palebuse Lok

car

person

icycle
NO>F 4 2DORVIR,
NN ZFD
D254 DRV IR,
WA EORIORY IR (UER) ..




B tIA>FT— T3>

i

INNZEBDIZLEETED
37



EFIERZDILAB : EREDES
BEFRADOERZOmE (1B, BN, RELRLE)

FLAIR GE Manual DeepMedic DeepMedic+CRF

Aba P 0D YR 28 0D il HA

Figure 11: Three examples from the application of our system on the TBI
database. It is capable of precise segmentation of both small and large lesions.
Second row depicts one of the common mistakes observed. A contusion near
the edge of the brain is under-segmented, possibly mistaken for background.
Bottom row shows one of the worst cases, representative of the challenges
in segmenting TBI. Post-surgical sub-dural debris is mistakenly captured by
the brain mask. The network partly segments the abnormality, which is not
a celebral lesion of interest.

Efficient Multi-Scale 3D CNN with Fully Connected CRF for Accurate Brain Lesion Segmentation,
Konstantinos Kamnitsas, Christian Ledig, Virginia F.J. Newcombe, Joanna P. Simpson, Andrew D.
Kane, David K. Menon, Daniel Rueckert, Ben Glocker, arXiv: 1603.05959, 2016.
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