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CNN 48RS 2R IE AT CNN {EpE 2R 4TH
EfficientNetB0 VGG16
EfficientNetB1 VGG19
EfficientNetB2 Xception
EfficientNetB3 MobileNet
EfficientNetB4 MobileNetV2
EfficientNetB5 MobileNetV3Laege
EfficientNetB6 MobileNetV3Small
EfficientNetB7 NASNetMobile

DenseNet121 ResNet50
DenseNet169 ResNet50V2
DenseNet201 ResNet101

InceptionResNetV2 ResNet101V2

InceptionV3 ResNet152

# W EfficientNetB5 - DenseNet121 -
InceptionV3 72 = (ERELFE— T

- FISEERAEE
-  1EE/DBYepochEZZE S Accuracy
o B HAIAHYEA



EfficientNetB5 (1/2)

GooglefE i BIFT E E S
Table 1. EfficientNet-B0 baseline network — Each row describes

S EE ER=—a=—-P: astage ¢ with L: layers, with input resolution ( H;, W;) and output
AE E/] l l ﬁ * 2 E EE channels C;. Notations are adopted from equation 2.
E  EBEFEZVEHEE

Stage Operator Resolution | #Channels | #Layers
1 Conv3x3 294 % 224 32 1
e B E BRI G ERI DM ARV 2 MBConvl, k3x3 112 x 112 16 1
3 MBConv6, k3x3 112 x 112 24 2
Depth ( A4S EE ) 4 MBConv6, k3x5 56 x 56 40 2
5 MBConv6, k3x3 28 x 28 80 3
Width ( BB ) 6 MBConv6, k5x5 14 x 14 112 3
. = /I 7 MBConv6, k5x5 14 x 14 192 4
Resolution ( hK/] ) 8 MBConv6, k3x3 TxT 320 1
9 Convlxl & Pooling & FC TxT 1280 1

- BEEIRIRS N EREHFRIBEE



EfficientNetB5 (2/2)
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Inception V3 (1/3)

« GooglLeNet - Inception V1

« fEH 7 Inception =3 - HEgABRILIT %

NITZERIE - BERHZEAREE
3x3 convolutions 5x5 convolutions 1x1 convolutions
A S 4y PN N 1x1 convelutions [ [ _ )
- REEZEBEBRKZEEFIIM
Qﬂcm 1x1 convelutions 3x3 max pooling
. . _,..r--r"____:._"'-—-—-—-—'—'_'_—__—'
- EEFRWIORENT
Pravious layer

B © - RS KRV R
- Nigitim /b 7 SHETESE




Inception V3 (2/3)

o KRB ES D 8RR EUE /) VRO 28
- BEEE D RENR 251

- BEHEMMLERE

« Label Smoothing Regularization(LSR)
BE . - MEETERE

- RS AIRIBER
- R AR R SRS

Filter Concat

Filter Concat
3x3
i
3x3 3x3 1x1
i i i
1x1 1x1 Pool 1x1

Base

nx1
i
1xn
nx1 nx1
i i
1xn 1xn 1x1
i i f
1x1 1x1 Pool 1x1

Base




Inception V3 (3/3

Input: 299x299x3, Output:8x8x2048

Convolution
AvgPool
MaxPool
Concat

Dropout

Fully connected
Softmax

Input:
299x299x3

Qutput:
BxBx2048

Final part:8x8x2048 -> 1001



DenseNet121(1/2)

DenseNet

BN_n'Iu_eonv
f

' BatchNorm |
ReLU

Conv
f:f, kik, s:1, pis

o IRd T EEREN R EE Z

o JEIBYFEITEchannel D 9E K E IR
45120 2 F(feature reuse)

B - R 7V RHERAAE
- B 1 OE R RV S R
- Nigtpl /> SHETRE




DenseNet121(2/2)

Layers Output Siz> | DenseNet-121(k = 32) | DenseNet-169(k = 32) | DenseNet-201(k = 32) | DenseNet-161(k = 48)
Convolution 112 x 117 7 x 7 conv, stride 2
Pooling 56 x 56 3 x 3 max pool, stride 2
Dense Block [ 1x1conv | 1x 1conv ] [1x1conv ] [ 1x1conv
56 x 56 6 6 6 6
(D * _3><3cc:mv_>< 3><3c:cmv_>< _3><3conv_x 3 x 3 conv *
Transition Layer 56 x 56 1 x 1 conv
(D) 28 x 28 2 x 2 average pool, stride 2
Dense Block [ 1x1conv ] 1% 1conv ] [ 1 1conv ] 1 x 1 conv
28 x 28 12 12 12 12
(2) * _3><3cn:mv_)< 3><3c0nv_x _3x3c0nv_x 3 x 3 conv x
Transition Layer 28 x 28 1 x 1 conv
(2) 14 x 14 2 x 2 average pool, stride 2
Dense Block [ 1x1conv ] 1x 1conv ] [1x1conv ] 1 x 1 conv
3) 1414 _3><3cc:mv_><24 3><3c:cmv_><32 _3><3(:cmv_><48 3 x 3 conv x 36
Transition Layer 14 x 14 1 x 1 conv
3) 7T x7 2 x 2 average pool, stride 2
Dense Block [ 1x1conv ] 1% 1conv ] [ 1 1conv ] 1 x 1 conv
4) 7T _3’:><3c|:mv_)<16 3><3ccmv_><32 _3'><3’:t:0nv_x32 3 x 3 conv x 24
Classification 1x1 7 x 7T global average pool

Layer

1000D fully-connected, softmax




Transfer Learning

B1%E 8 (Transfer Learning) 2 — &1z BB B 7574

E—EREORF)NEE - BRI —ERE(B1ER
1) - R EZETAEHNSEFNEBUR -

HEREHEER L EYBORBEREER - TUER
HEE RN ED S ENEE EMZEB BN (R
FBEEE -

WEIREUERTEEMERR - FAIEBABEEE o LU

REBTAE -






Erln A

BRI

RIGE R

Bt 53 15 R Kaggle ARG A AZ FEMRIE B RY AR ERIEE -

EREPEZIUEKEERN ZMRIES - 255
2 & 72 (glioma tumor) - f&if% 7 (meningioma tumor) -
P&~ ZEFERE S (pituitary tumor) & #EFEJE(no tumor)

43 4 train % test i @ Bl &£

A ARE R EE (train) B1= 2870 EE R
R B RIEE (test) B2 394 EE R
> 51 3264 EE1E

HE TR A1) 4k EE HE HIEE HE
glioma tumor(f2'&J%) 8267 10055
meningioma tumor(Jif5J3) 8223 1556
no tumor(JiEfE JEg) 39555 10555
pituitary tumor(E £5%7) 82755 Thif

glioma tumor

meningioma tumor

no tumor

pituitary tumor
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32 (1/3)

B A R/ N —

& FresizeF 54— B/ KX/

Sample Image From Each Label
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[]

=n AT ERIE (2/3)

& A one hot encoding5 =¥
& label A5

7_train_new = []
for 1 in ¥_train:

v_train_new. appendilabel=. index(i))

v_train = ¥_train new
v_train = tf.keras.utils. to_categorical (v_train)
v_test_new = (]

for 1 in ¥ _test:

v _test new. append(labels. index (1))
v_tezt = ¥_tezt new
v_test = tf.keras.utils. to_categorical iv_test)

labelE A5

FE F7K i 2 B R S i TR BB
BRI

folderPath = os.path.join(’
# tqdm python 2ET
ind=1
for j in tqdm

rain-tumor-classification-mri2’, 'Training',i)

folderPath)):

img = cv2.imread(os.path.join(folderPath,j))

new_img = cv2.flip(img,8) # Lip(img,8) ft:
save_path="./Training2/no_tumor/ +str{ind)+'.j
ind=ind+1

Ellicy. 287imirite )
cv2. imerite(save_path,neu_img)

EAGE S




B AIEIE (3/3)

ERLEN+EH &

i alll AR B R sl S5 AN A3 LA
9:1&E#r77 El I ARELAIE &

[1 #shatf1=EA5E R IEFREHETA

F_train, y_train = shuffle(¥ train, v train, random_state=101)

Step 5

A train_test_splithAi REEMEE, EHPL train (EF RSN FRENEE, v trainl RN PBRTRR,) test sz UREFIIL

F_train, ¥_test,y_train,y_test = train_test split(¥_traim v train, test_size=.l,random_state=101)

&t & (B AR ERTE &)
D9 1531 R 5 21 2 e 2

Eay=

AR Flﬂ S

[ 1 history = model.fit{¥ train,v train,validation zplit=0.1, epochs =00, werboze=l, batch_size=27,

callbacks=[tenzorboard, checkpoint, reduce lr])



| FiTensorFlowFIRER B2 EEZE1TRIIAR - R E P Fa5I 4B RICNNAR S 2015

Inception¥d = +f.keras.applications. Inception¥d (weights="imazenet’, include_top=Falze, input_shape={image_size, image_size, 31)

FBRIMNADZE B ERERI RS E - BBt a; LUK ADropout/Z i /D Al RV E -
£ 12 55 ) FHSoftmax 28 & (R 85 B A WA 77 48

model = InceptionWV3. output

model = tf.keraz. layers.GlobaliverasePooling?D () (model)
model = tf.keras. layers.Dropout (rate=0.5) (model)

model = tf.keras. layers.Denze (4, activation=" =zoftmax’ ) (model)

model = tf.kerasz. models.Model (inputs=Inception¥3. input, outputz = model)



1R U2 Y7 BN AR (2/3)

£ FHOptimizer B A EE R . NIRAARRE - B R EE R\ A ERIE AW -
= "idaDelts’, metrics= [ accuracy ])

model. compile (lozs=" categorical crossentropy , optimizer

FEFE 7 ReduceLROnPlateau R £ /\KL:%E%“E epoch IEMERBIZSH -
BRRBEIFE E—E/NVRI1WEE - ZEEIER -
WEE

[] # ReducelRonPlaten ALAEIGRETRIEER. val scomaryiTEmizilEacoracy, REL—ER RIS AELEE,; faota TR SR
i patiencefor@fBepac ENELMEREE; nin_deltaBHE, RENEEIREENFT EHRA
4, mindelta = 0.001,

= yal acowacy’, factor = (.3, patlence =

reduce v = ReducelROuFlatean(monttor
node=" auto’, verboze=l)
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batch_normalization_92 (Batchll
ormalization)

convad 93 {(Conv2D)

batch_normalization B85 (Batchl
ormalization)

activation BT (Lctivation)
activation 88 (Lctivation)
activation 91 (Lctivation)
activation 92 (Lctivation)

batch_normalization_ 93 (BatchW
ormalization)

activation 85 (Activation)

mixedd_1 (Concatenate)
concatenate_l (Concatenate)

activation 93 (Activation)

mixedl) (Concatenate)

zlobal_average pooling2d (Gleb
aliveragePoolingZD)

drepout (Drepout)

dense (Dense)

EAE)I 4R (3/3)

(Hone, 8, 8, 384)

(Hone, 8, 8, 182)

(Hons, 8, B, 320)

(Hone, 8, 8, 384)
(Hone, 8, 8, 384)
(Hone, 8, 8, 384)
(Hone, 8, 8, 384)

(Hone, B, 8, 193)

(Hone, 8, 8, 320)

(Hone, 8, 8, T68)

(Hone, 8, 8, 768)

(None, 8, 8, 192)

(None, 8, 8, 2048)

(None, 2048)

(Hane, 2048)

(Hone, 4)

1152

393218

980

576

8156

[" conv2d_92[0] [0]"]

[" average_pooling2d 8[0][0]"]

[" conv2d_85[0][0]"]

[’ batch_normalization_87[0][0]]
[’ batch_normalization_88[0][0]]
[ batch_normalization_91[0]1[0]]
[’ batch_normalization_92[0][0]]

[" conw2d_93[0] [0]7]

["batch_normalization 85[01[01"]

["activation &7[0] [0,
T activation B8[0][0]7]

[ activation 91[0][0]7,
"activation 9201 [0]"]

["batch normalization 93[0]1[01]
["activation 85[0][0]",
"mixedd_L[0] [0,
*concatenate 1[0] [0]",
"activation 93[0][0]7]

['mizedt0[0] [0]"]

["global_average_pooling2d[0] [0]7
]

["dropout[01[0]"]

Total params:
Trainable params:

21,810, 980
21,776, 548
34, 432

Hon—trainable parans:




ZEB(E(1/2)

L = FECNN 4 F8 2245 (EfficientNetB5 , InceptionV3, DenseNet121) - FEAI AR FEINRESEEELER -
HEBRMEENLESE - EMSHELEHNER

7K #E2
A Dropout 0.4 0.5 0.6
B Optimizer Adam AdaDelta Adagrad
C Batch Size 2 4 8
D Data Augmentation iz 7K HE ERER L

AMATERRSTPHOHORE  AYBVARSENARE - WESHEINGER -
EIE Y LR EINITIES B ERIUERF - WEA=/KE  BRAVERTRREHSHEL -
(& &z &1 FH 30 epoch



L9 BTS2 8IHE:

=L Dropout Optimizer Batch Size Data augmentation

1 0.4 Adam 2 i

2 0.4 AdaDelta 4 FK - F i
3 0.4 Adagrad 8 =R
b 0.5 Adam 4 ERERS
5 0.5 AdaDelta 8 ik

6 0.5 Adagrad 2 FK - Fl
7 0.6 Adam 8 TR
8 0.6 AdaDelta 2 ERER L
9 0.6 Adagrad 4 it




E56585T ; EfficientNetB5
B Dropout Optimizer Batch Size Data augmentation Test Accuracy
1 0.4 Adam 2 i 0.95918
2 0.4 AdaDelta 4 7K 0.89796
3 0.4 Adagrad 8 BRI 0.98129
) 4 0.5 Adam 4 o B 0.98810
5 0.5 AdaDelta 8 i 0.78571
6 0.5 Adagrad 2 K 0.86224
7 0.6 Adam 8 7K 0.98469
8 0.6 AdaDelta 2 EHER L 0.86054
9 0.6 Adagrad 4 it 0.93197




[ ] [ ] :I: . [ ]
Minitab#5 2R : EfficientNetB5 level A
2 -1.1621
3 -0.6835
Delta 0.5751
- - - Rank 2
7KAET 7KAE2 7KAE3
A Dropout 0.4 0.5 0.6 Response Table
B Optimizer Adam AdaDelta Adagrad level et
C Batch Size 2 4 8 % gggg
D Data Augmentation 4 JKIEEEE FE R Eel ﬁa ninﬁ?g
an
Main Effects Plot for SN ratios Main Effects Plot for Means
Data Means Data Means
A ge—b C 3] A ge—
L I. 0975/ l
04
g 0950
2 08 wi
s 5
Z 08 g 09825
Z
% S U
g '“’ § os00,
s . =
0875
14
-16 0850

Signal-to-noise: Larger is better

Responze Table for Signal to Moise Ratios
Larger 1= better

B
-0.z000
-1.4447
-0.687s

1.244T

for Mean

B
0.9%is
0.3481
0.9252
D.129f

=

ooo o

C
-3940
9383
9172
0454

C
-0.9547
-0.5503
-0.7976

D.dei

ooo o

4

-1.0229
-0.7854
-0.5242

D.dgﬂg

I
Jg923
9150
[9433
0510

3



E—FHZ . EfficientNetB5

g et Dropout Optimizer ~ BatchSize  Dataaugmentation  Test Accuracy
10 EEHE 0.4 Adam 4 EIER 0.98
Epochs vs. Training and Validation Accuracy/Loss Heatmap of the Confusion Matrix

Accuracy

100

030
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075

Taining & Validation Loss

—e— Validation Accuracy

o7

06

05
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03

0z

o1

200

175

150

125

100



EBRE%5T ¢ InceptionV3

Hi Dropout Optimizer Batch Size Data augmentation Test Accuracy
1 0.4 Adam 2 it 0.87075
2 0.4 AdaDelta 4 7KEREE 0.95918
3 0.4 Adagrad 8 BRI 0.97279
4 0.5 Adam 4 Gk 0.96769
5 0.5 AdaDelta 8 i 0.90816
6 0.5 Adagrad 2 TK BN 0.98639
7 0.6 Adam 8 7Kl 0.9989
8 0.6 AdaDelta 2 Bk 0.88095
9 0.6 Adagrad 4 4t 0.97619




Mean of Means

Minitab#s

. InceptionV3

A Dropout 0.4 0.5 0.6
B Optimizer Adam AdaDelta Adagrad
C Batch Size 2 4 8
D Data Augmentation it KEEE  EERE
Main Effects Plot for Means Main Effects Plot for SN ratios
Data Means Data Means

A B

]

B

01

-02

03

Mean of SM ratios

07

-08

]

Signal-to-noise: Larger is better

Responze Table for Zignal to Nolse Ratios
Larger iz hetter

Level &
1 -0.6012
2 -0.4137
32 -0.4399
Delta 0.1876
Rank 4

Responze Tahle

Level &
1 0.9342
2 0.9541
2 0.9520
Delta 0O.0198
Fank 4

B
-0_4990
-0_7666E
-0.18932

0.5713

for Mean

I3
0.9453
0.91a1
0.9785
0.0624

2

=

o Y e

S27
J9E77
.9509
0550

C
-0.80%4
-0.2855
-0.3620

0.5218

o Y e

3

-0.77494
-0_1635
-0_5420

0.5359

[9184
J9815
S9405
.063%



Dropout Optimizer Batch Size  Data augmentation  Test Accuracy

10 wEHE 0.5 Adagrad 4 TK SR 0.9932

Accuracy

200

175

150

125

100

Epochs vs. Training and Validation Accuracy/Loss Heatmap of the Confusion Matrix
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B EE55T - DenseNet121

13

Optimizer Batch size Data augmentation Test Accuracy
1 0.4 Adam 2 it 0.8980
2 0.4 AdaDelta 4 7K 0.9354
3 0.4 Adagrad 8 # H 0.9813
4 0.5 Adam 4 #E L HE 0.9677
5 0.5 AdaDelta 8 i 0.8912
6 0.5 Adagrad 2 7KEEREE 0.9694
7 0.6 Adam 8 7K P EEE 0.9864
8 0.6 AdaDelta 2 = L HE 0.8622
9 0.6 Adagrad 4 it 0.9864




Minitab#5 SR : DenseNet121

A Dropout 0.4 0.5 0.6

B Optimizer Adam AdaDelta Adagrad
C Batch Size 2 4 8

D Data Augmentation it KEEE  EERE

Main Effects Plot for SN ratios
Data Means

|

03
04
-05

06

ﬂj__:;;ymiffi_
-08

03

Mean of SN ratios

-10

-1

12

2 3 1 & 35 1 & 3 1 1 3

Signal-to-noise: Larger is better

Main Effects Plot for Means
Data Means

G |

Mean of Means
e 2 a2 o
Z 8 &/ B

=
&
&

Fesponze Tahle for Signal to Noisze Ratiosz
Larger 1z better

Level ) B [ I
1 0.7 -0.074RS -1.0309 0 -1.1247
2 -0.8734 -1.0190 -0.4762 -0_3253
3 -0.6102 -0.2952 -0.5537 -0._A102
Ielta O.16869 0.7238 0.5547 0.7988
Rank 4 2 3 1

Rezponze Table for Meanz

%evel ) B ; I

09167 0.9200 0.8900 0.3300
a 0.9267 0.8900 0.9467 0.9633
3 0.932F 09667 0.9400 0.9332
Delta 0.0167 0.0767 0.0567 00833
Rank 4 2 ) 1



—53 82 : DenseNet121

B et Dropout

Optimizer

Batch Size

Data augmentation  Test Accuracy

10 RS 0.6

Adagrad

4

TR ERE 0.9864

Epochs vs. Training and Validation Accuracy/Loss

100
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: —e— Validation Loss
095 07
06
090 "
505
7 E]
g
£ oss E
H >
5 04
@
g
z
080 £ o3
02
075
01
—#— Taining Accuracy
—&— Validation Accuracy
o070
o 5 10 15 20 5 30 o 5 10 15 20 5 30
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no_tumor
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Al Dropout Optimizer i Data augmentation Test Accuracy
EfficientNetB5 0.4 Adam 4 T EL i 0.98
Inception\V3 0.5 Adagrad 4 FK B 0.9932
DenseNet121 0.6 Adagrad A TK S E 0.9864

iR Dropout Optimizer Batch Size Data augmentation Test Accuracy
EfficientNetB5 0.5 Adam 4 ERERS 0.9881
InceptionV3 0.6 Adam 8 FK - FfE 0.9989
0.6 Adam 8 7K B 0.9864
DenseNet121 0.6 Adagrad 4 T 0.9864
BREEFEMNEFKE : Adam&Adagrad > AdaDelta » BiigE




=Rl

AR S E= RAYCNNAE RS 2848 -
DRI RRE R E A D ENE
M

REAFHIRRNEIE - BAR
PEMRE BEREEFIRERE £
MK - ERARESHCHARER

218 -

ERR1E

IR EANERIER R mERE -

AR ARE SR RS E HERM
B RIS -

=RARAENE R BABERS -
OJREE B 4B HEER M -

BRI FIABRE— - tJpESA

KIEiEHERE BN AIE R FX -

i R

EARERE > JUBARERRK
BRI RIEE KR

REASIBRE > RIRMH LA E
REEEER - BERANKIRE
B8 A0 1 1T R IR R

RNRRE

BR 7 RSPE TR 28 RlRY L - oM
o O] AR E—DELERRY
UE - FBENHABEREIL
SBINRER

o] DA LG5 2L e R A HLER BB AL
RUBEEMRIE & - ZRAERRIEERY
z e -







