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(- ) DenseNetl21

£ X AP E A % ed _DenseNet fi23] » v efk & L B2 ResNet — 5 » e §_v

ZErxaEw e 3 BB koon ks (dense connectlon) Rde Ry -

#L @ %k o DenseNet en¥ — % 3¢ F37 3 e channel |+ sndt i k9 10

FrucE *+ (featurereuse ) izt 4 2L2E DenseNet % S #icfrit & & & { 5 enff
5 @ vt ResNet { i > DenseNet » %]t #7j& CVPR 2017 ¢ i 3
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(=) DCGAN

DCGAN =z i Deep Convolutional Generative Adversarial Networks - LA
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# 2 ~ DCGAN 4

APAeE EAE Y ¢ HE % AT R Y 347 0] CNN 78 & 54 8 3 CNN 2
GAN 5 & ’T} ¢ 24 g 3| DCGAN» H 5514+ 4 5 Generator ¥ Discriminator>
H ¥ Generator = Bl= * 1 g 2 %ﬁé » @ Discriminator 3 Bl= ¢ % ¢ 2. ‘;:
o B fs 2 & IR e % L F ¢ 2 %o Generator 2 4254 45 72 §] 4

@ Discriminator 2_ #2;VEG 1L Bl 5 #7oT e

B 3 ~ Generator #%;" 45

s-ti. truncated_nexmel_initializer (stddev-TEIGHI_INTT_STODEV), meme= trans_convi’)

tializer (stddev-FBI¢HT_INTT_STDDEY), nane="logits”




B 4 ~ Discriminator #% 3\ 75

or’, reuse=reuss):

2d (inputes=x, filters=64, kern

ker

zer (stddev=WEIGHT_INIT STDDEV),
name=’

bat malization(convl,
cony tf_ n h_norml, name="conv]
convZ = B} (inputs=convl_ocut, filters-128

WEIGHT_INIT_STDDEV),

s=conv?_out, filter

trides=[2,

f_ truncated norma WEIGHT_INIT STDDEV),

b - tf i1on=EPSILON, name= batch_norm3’ )
co = tf mn

% 16x16x236 -

convd = =, e=convd out, filter

T_STDDEV),

1lon=EPSILON, name= batch_normd )

s=conv4 out, £l
EICHT INIT_STDDEV),

1 1on=EFSILON, name=" batch_norm’ ]

flatten = . rechape (convd_out, '{-'___ BxEx1024))
logits = tf.layers. demse({inputs=flatten.
units=1,
activation=None)
out = tf. sigmoid(logit
o log:
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DCGAN i 12 erAN - i ;MW,IL‘A ¥ e v R AR PiESHGAr
D=3 iR *aﬁﬂd e, (CNN)e 27 q\_ig.#ﬁgrr%? 27 > DCGAN %t
B B PR - R R R A TR ol acinit & 0
B ]
® P73 pooling & o G R ? ¢ * & ¥ ¥4 (transposed convolutional
layer) i {7 F P~4& > D e ® * 4o » stride s7% ff % 4 pooling o

. D4 G ¢ 332 * batch normalization
HFCR » RPpRE%:2EHFPR
G fepe? 8 % ReLU 1% 5 fx* Szt > Bfs— k& # * tanh
D g @ i * LeakyReLU i% 3 fx# 3\
(=) &8y
B & ¥ (Transfer Learning) & - A BF Y > 2 > 4 - BAB (R4 E)D
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Accuracy, Sensitivity, Specificity, Precision, 2 FI1-Score % 1 S By 3 56

(56 CNN A B0 5 18 700 i o

Data Original Labeled Data
fi& 78 MRI
I
! ! }
BHATRE BHFE - AER AR X ARERE
Augmentation No Augmentation DCGAN
Training DenseNet 121 DenseNet 121

l

I

Evaluation Accuracy, Sensitivity, Specificity, F1-Score

B 5~ Ay inde
(=) TR A S

* =T 3 Arié * cn Dataset f Kaggle F #7B~18 > 5 7

G e e MRI B Y -

BEG e fEAES 0 A %55 glioma tumor(¥ %) ~ meningioma tumor(*& ¥

F3) ~ no tumor( & "# %) & pituitary tumor(a‘*’i*"-ﬁ”)
BRI Y2 394 RPIEER Y R(jpe) 0 ¥ G RR
> Rz B E A

H rng%s 2870 32"

o

Fa "B 4 VIREF ST | RERERTEKE
glioma tumor(*} § %) 826 % 100 3k
meningioma tumor(*& ") 822 3% 115 3
no tumor( & *# &3 395 sk 105 35k
pituitary tumor( =% %) 827 % 74 %

ERE R S



(2) FA® R
Step 1 : F#L/F%(Data Cleansin

plo pmg g
BAEFVHRET > AT RGEEA LD E“%s‘fﬂéﬂfﬁMRI LAl =
By Bt FrEE e B P endidy B OBl w A ,Fi GE = Y=z

Step2: AEFR T ~ | 540k RE
d 3R ADRF A A - 0 2 A3RA CNN fEZEH % & & input B 5 <
R R 224%224 0 FpM Aol 60 AP resize EiE KB A- <) o

pituitary tumor no tumor meningioma tumor glioma tumor

B 6 ~ Resize 16 e MRI B . ~ -] 2 224%224

B {8 £ #-label 1 * onehotencoding == 3% » @ H L ¥R T 2 BE Y 0 #HB
% S\ T E)

@] 7 ~ Label #& 75 47 ;¢
Step 3 : #cdy & L i
WL LG Mo W il FRLE D 0 AP R DCGAN 67 38Rt g v e
TR - 2T B AR T Gl o ke W

np. random. shuffle{input_images)

le_imagez = random sampla(lizt( ot imssez) SAMFLES_TO_SHOV)

] 8 ~ DCGAN 2. #c¥k 4 5



Step 4 : 7 # & T4t

B RARGERR Y REE S 0 R RI S REER T T T AP A
BRI LRI R RS EE o AT ri?‘ R IR EREE 01 b
EATHIA o 40T ]

[ 1 #shuffle §56E 5 I8 FFHE T EL

¥_train. w_train = shuffle(¥_train,y_train, random_state=101)
# train test_splitRZ WEREMIES, EE R trainfl EMEHSMEERHEE, v trainMEMBRHOMETER test_sizeMBFE SL
X¥_train,X_test,y_train,¥ test = train test_split (¥ train.v train, test_size=0. 1, random_state=101)

RO~ €34 FHE
(z) DCGAN 2 % * 2 ficdh 3 5

f1* DCGAN £ 78 4 = > DCGAN "33l » 53 Bk - B35
Generator > d * Lo = (7 &~ $48); ¥ - # 5 Discriminator > d 5 7L %
BT K#ER) FHicR S8k Lcod - 5 500 B epoch i
EERGA BRI AL o

DCGAN A
I DeConvl I I DeConv2 I I DeConv3 I I DeConv4 I I DeConvs I In Convl Conv2 Conv3 Conv4 Convs
Qutput
Generator Discriminator
B 10 ~ DCGAN % % -7 %
DCGAN %33k 2
IMAGE_SIZE 128
NOISE_SIZE 100
LR D 0.00001
LR_G 0.0004 Fi P 728 985 EESINE:S SR EY Y E:S
BATCH SIZE 64 glioma tumor 826 7k 100 7k
- 500 meningioma tumor 822 ik 115 5k
EPOCHS no tumor 790 ik 105 7k
BETAL 0.5 pituitary tumor 827 ik 74 7%

SAMPLES _TO_SHOW 395
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(7 ) DenseNetl21 #i-3]& = 222" 5

*F 3 4% TensorFlow B Rsic#l B:E 7280 H @ A * 5 ImageNet B
B e CNN g % 28 4-DenseNet121 {8 (972 & R & 29 5 0 2 103 £
Bem Ao r 2D 2R T VR REFLEHRE > VAP A RS 'J‘l v
Dropout & & > 2" enpE F ~ Bofs £ 1% Softmax & Hokg it { F deha 4 o
oAl 2 g S 40T Bl

[ 1 #DenseNet12l
effnet = +tf.lkeras.applications.densenet.DenzeNetlZ2] (weights="1imagenst’, include_top=Falze, input_shape={image_size, image_size, 3))
model = effnet.output

model = +tf.keras. layers.GlobalfveragePooling2D () (model)

model = tf.keras. layers. Dropout (rate=0. 4) (model)

model tf.keras. layers. Denze (4, activation="softmax’ ) (madel)
model tf.keras. nodels. Model {inputs=effnet. input, outputs = model)
e e A A
B 11~ $503)E 2 B R K T
history = model.fit(¥_train,y_train,validation_split=0.1, epochs =30, wverbose=l, batch_size=3,
callbacks=[tensorboard, checkpoint, reduce_lrl)

3317331 1 - ETA: 0z - loss: 0.0462 - accuracy: 0.9888
Epoch 00018: wal_accuracy did not improve from 0. 96259
3317331 [ ] - 86z 26lms/step — loss: 0.0462 - accuracy: 0.9%86 - val loss: 0.1016 - val_accuracy: 0. 9626 - lr: 2.4300e-06
Epoch 19730
3317331 [ ] - ETA: 0= - loss: 0.0417 - accuracy: 0.9890

Epoch 00018: wal_accuracy did not improve from 0. 96289

Epoch 00018: ReducelLROnFlateau reducing learning rate to 7.289898985006124e-07.

3317331 [ ] - 86z 26lms/step — loss: 0.0417 - accuracy: 0.8%280 - val loss: 0.1011 - wal_acecuracy: 0. 9626 - lr: 2.4300e-06
Epach 20430

331/331 [ 1 - ET4: 0s - loss: 0.0377 - accuracy: 0. 8524

Epoch 00020: wal_accuracy did not improwve from 0. 96259

3317331 [ 1 - 86z 26lmsfstep — losa: 0.0377 - accuracy: 0.9924 - vwal_loss: 0.1014 - wal_accuracy: 0. 9626 - 1lr: 7.2000e-07
Epoch 21/30

331/331 [ 1 - ETa: Os - loss: 0.0420 - accuracy: 0.9890

Epoch 00021 wal_accuracy did not improve from 0. 96259

Epoch 00021: ReducelROnPlateau reducing learning rate to 2. 1870000637136398e-07.
3317331 [ 1 - 89z 266msfstep — losa: 0.0420 - accuracy: 0.9880 - val_loss: 0.0989 - wal_accuracy: 0. 9626 - lr: 7.2000e-07

Epoch 22/30
B 12~ #0200

* TR L Ar P F ONN & S Fe A @ 3351 - B 4 715 3k eh
TR VLIRS EAF SR BFFEE LRI hlmik T FFad
"J&Iim7L}‘H¢¢£ 4@3:“%3;3111:%,\2"? HP P A gk § A Y
518 DCGAN ¥z 3 % § S 5 iR 1 (7 CNN H3] e 3 o
’L‘Wq'* BoRB4eT 4

~

T

\

T E LS

F -+ LEA Level 1 | Level2 Level 3
Dropout 0.4 0.5 0.6
Optimizer Adam | AdaDelta, SGD
Activate function | Tahn ELU ReLu
Learning rate 0.01 0.005 0.001

OO w >




BT RAPFZERRF &K Y 7 Sl L Lok R RBRITH hE K
BETRAS Q] oo AL T R D R e S o i PR D PR e
DEFING R TR N EFE DT FHRRITIE NS RN
MBEFEFTHRRK Y w v 32 R P RS 2L - B RET R
9 BRrAAPFEGhiEE s ET FEBENDES o BFAR DI
e - Znf % o AP hi- % 30 epoch i 7 A e R o
BHUWLNLI E R F AT

%2 5~19% %%

BB Dropout = Optimizer = Activate function = Learning rate

1 0.4 Adam Tahn 0.005
2 0.4 AdaDelta Tahn 0.01

3 0.4 SGD ELU 0.001
4 0.5 Adam SGD _ 0.01

5 0.5 AdaDelta SGD 0.005
6 0.5 SGD ELU 0.01

7 0.6 Adam ELU 0.001
8 0.6 AdabDelta Tahn 0.005
9 0.6 SGD SGD 0.001

(=) #amwitz s
® DenseNetl21(* /518 DCGAN #ck 3 35 )
T 4 % DenseNetl2l enf e b &% Hd Brpk g woe s
e FERHR A B E ] 09132 &% F F A PR 9 X R
@@%&Aﬁw?uﬁaﬁ B F) 3 AR PR R

E
LR

o

# 6 ~ DenseNetl21 9 %K+ 2%

- Dropout | Optimizer | Activate function | Learning rate | Accuracy

1 0.4 Adam Tahn 0.005 0.8651
2 0.4 AdaDelta Tahn 0.01 0.8943
3 0.4 Adagrad ELU 0.01 0.8815
4 0.5 Adam SGD 0.001 0.9132
5 0.5 AdaDelta SGD 0.005 0.9013
6 0.5 Adagrad ELU 0.01 0.912

7 0.6 Adam ELU 0.001 0.8753
8 0.6 AdaDelta Tahn 0.005 0.8864
9 0.6 Adagrad SGD 0.001 0.8946




T Bl 5 A5 DCGAN #Hodp i 5 o0 £ S 5 &2 B 5 ondf U B> =
Blad'REEmzZdaolmRbdE  SEE %A Y 08 R Epochs 4%
SRR AR AR S PR AR T AR T IR BT ag o
Bl 7 "R B s foodp A S BAREB P RS EREAN T NER
Epochs AR X PIAE A SBAR L > AR Sl § AR TR T R BT ag

Bl 13 ~ No Augmentation 2. Accuracy £ Loss

Epochs vs. Training and Validation Accuracy/Loss

100 & Taining Loss
. L] L] L ]
........... oo e o7 #— Validation Loss
L
.
0.95 P‘. ¢ v
[# 06
| L
0.90 %05
5
’ 5
E g 04
3 085 £
g ]
g
£ 03 9\
0.80 £ \ &
' \
02
\\
075 '\{" -
01 aaa o ol
.
®- Taining Accuracy | Wege . g
o validation Accuracy | Towteteeeety t e
0 5 10 15 0 = 0 0 5 1 15 p P n
Epochs Epochs

® DenseNet]21(/5i DCGAN #cdh 3 5 )

T OB 5 5B B 58 15 DenseNetl2] 2 sk f B H RS, H ¥
REREBFNEE LS TBR% > Bma$id 09864 7 SiER
ZAPT UFRGEEIGH R L SRR G P R A oo

% 7 ~ DenseNetl21 § 2% % %

- Dropout | Optimizer | Activate function | Learning rate | Accuracy
1 0.4 Adam Tahn 0.005 0.8955
2 0.4 AdaDelta Tahn 0.01 0.9232
3 0.4 Adagrad ELU 0.01 0.9153
4 0.5 Adam SGD 0.001 0.8966
5 0.5 AdaDelta SGD 0.005 0.9472
6 0.5 Adagrad ELU 0.01 0.9561
7 0.6 Adam ELU 0.001 0.9864
8 0.6 AdaDelta Tahn 0.005 0.9247
9 0.6 Adagrad SGD 0.001 0.9311
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Augn[::r:jation Dropout Optimizer Activate function | Learningrate | Accuracy
No 0.5 Adam SGD 0.001 0.9132
Yes 0.6 Adam ELU 0.001 0.9864
(=) #p
7 A ?* DCGAN 13 % 58 (7 ficdp 3 58 0 T F M licdp ch R 82 0 #

*ARBEFY KApRE * ImageNet #cdy # 2 CNN 7 455 DenseNet 53] -

T EGL G R By e PR R TR T O RS B R R T

SN RiFadiBcokEES o

(=) ®w

%] DCGAN 2_ $-#ch B enF3p e pr iy Bﬁ WA A AT 2 e b

Slen T AT R T AAFEY P T AR DCGAN £ = ) eh MRI
Flifer £ AiE* 7 k>t ONN 2 42 Balie 700 fodr 247 o

d 3 AR O ER S TR G RS TR IR ME

AR B hl R T BB (T IR SRR E T v FIH lg:m% g = B rE R

L, Tz

BEZAG DB BRI e BB R R SR AL R g
7 R NIRARR O GE R R 2EFF L TSRS DRSS
PUTkpAIAFA L SR LR AL S E T UL e a1 B
BE A FAIEL S kg RO ERE S g

T) A ki

A K AT 2% M- DCGAN e Beil (728 R iR it > U FTd ] 4 & f 4
FLBFF %%F’m@@»’ FEEGEIEG AR IR ATV LE R
BATeNY 2 B GHA R R R RS R T A TR R k%

—

—~

% !

v s &=
‘jk'] m‘/_LIL‘ At 4 o






3 TR
https://link.springer.com/article/10.1007/s11063-
020-10398-2
https://link.springer.com/chapter/10.1007%2K97
8-981-15-0222-4 52

https://www.kaggle.com/sartajbhuvaji/brain-

tumor-classification-mri



https://link.springer.com/article/10.1007/s11063-020-10398-2
https://link.springer.com/article/10.1007/s11063-020-10398-2
https://link.springer.com/chapter/10.1007%2F978-981-15-0222-4_52
https://link.springer.com/chapter/10.1007%2F978-981-15-0222-4_52
https://www.kaggle.com/sartajbhuvaji/brain-tumor-classification-mri
https://www.kaggle.com/sartajbhuvaji/brain-tumor-classification-mri

