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Abstract

Computer vision technology is used to detect an interesting area or interesting objects.
However, an operational process requires a lot of processing time to predict the interested object.
In addition, some processes are very complex to compute and implement. Moreover, the diagnostic
images of the glaucoma stage have to use special medical doctors to analyze. So, this research will
propose a convolutional neural network architecture to predict the normal or glaucoma images from
optical coherence tomography retinal scan. From the experimental results, the proposed architecture
represents the accuracy to predict the glaucoma images about 80 percentage. Therefore, the

proposed architecture is a useful assistant to diagnose the retinal images.
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MIBUNY LATUIAVBA receptive filed(UNTIVI) wuanA1nUBEN 1
(a)3x3forl=1 ((b)7x7forl1=2 (c)15x15for1l=3

1 3 T 1 o
U319 IMIVeNeUUIAVBA receptive filed 800 11) A lidanansznuaemMsmiuIn

[

Y v
MIRHaNMIUHUIZAUNT convolution NIMITFOUNVNABA A UIIE0IM TN TVENY
9 Y

wunuTae lidoudena1iimsiy kernel

7.) Spatially Separable Convolutions

gllmw 9 LAAIAIDINMITT Spatially Separable Convolutions

ﬁ’ll 1: [o0U 'Zﬁ‘ﬁ’] https://towardsdatascience.com/a-comprehensive-introduction-to-different-types-of-convolutions-in-deep-learning-
669281e58215
91031 input layer Jyu1A 5x5 71 kernel Y@ 3x3 Tao151929M3 stride Hag 1 tagd)
padding 0 15 19zdBvIMmstAdew 11n19a 3 ganslunuadwazaueu sy 0 9
qaamiaey) Taslunaazdumisz 1¥msaa 9wl sl 81 Fananmstzdumsuon
2D filter FeAoANUTURZANUN T IRNMINTUIoTIaRTIAveItoya uAdLINNYE i

I~ H A 4 1 ] H ] I~ 1
Wuiiey ioenn lilann kemel Nazaunsoutiseomidludiu’la



11

8.) Grouped Convolution

)
4
R
00
'
v

.0

\

)
5
A0

LIZI 117
muuanne

(T I ILII7
(TIIT T LT
(2T I 77
(I LI IT I
(L L L L Ll

gi/mw 10 UAAIAIDENINTIN Grouped Convolution

{ o
i - [o0U laii ] https://towardsdatascience.com/a-comprehensive-introduction-to-different-types-of-convolutions-in-deep-learning-

669281e58215

=

= I !
91031 input layer J¥119 HinxWinxDin 3z nti)aai}us output NV HoutxWoutxDout

1@ filter YU1A hxwxDin

9.) Shuffled Grouped Convolution
j¢&———Channels———> | &———Channels———{

Input | | (=
GConv1
o W Ed |
1
Feature "l [ | & sl L
g A [ - Channel
Y A Y KS3AY L L
GConv2 : - L Shuffle
Output

7Y 11 uaAad79819m 3911 Shuffled Grouped Convolution

i - [o0U 'me] https://towardsdatascience.com/a-comprehensive-introduction-to-different-types-of-convolutions-in-deep-learning-
66928158215

o | . v ¥ J 3 a <
911031/ filter Fupavzimsiszuranadoyaiu1nn input (MU @Iufilter TUUIU A9
o 9 ~ 1 9 1 gl-l o Y 1 dy o w = 9
Vl'lﬂ'lﬁll'igﬂJ’JﬁWﬁsUﬂlluﬁﬂﬂJ']%']ﬂ layer NOUFAMYNIUY ‘VI'IG],‘H filter MATUYNIINANITLTYUY
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=

9} y 1 U 4
TumsudTymtAsdimswaunay filter A199A20M15AAU Channels tWo Iroyalinig

R

4
ﬁigl!ﬂﬂl!ﬂulﬂﬂﬁu

= ) d' (% .
® Layer 2 : Detector stage J¥i11N3U Output 41910 Convolution state waztlag

= . . . A Yo q 9 o

111 nonlinear 1A8N33%1) Activation Function 192 157117 Output tmangauny
o Y1

m5i 1 14aelu Model voa151

Activation 1711"]9)'}

- ReLU 86931910 Rectified Linear Unit M11/1 non-linear operation
~ v < A 3 3 T A A
Nz lanaawives Output (I 0 S1a 1 1Ay 0 wazezd Output 1Jumdun

1 oA [ Y 1 1 & P Ag o
1131 0 M AN UHIENINNI 0 (0 D9 Infinity) Tag linuamndludiuiu

anal

q?'l/ﬂ?W 12 UgAIN1T1N9IUVOY Activation ReLU
‘ﬁiﬂ :[oou l]ﬁlj] https://medium.com/@RaghavPrabhu/understanding-of-convolutional-neural-network-cnn-deep-learning-99760835f148
= . A A1 a < A Y
Iﬂﬂﬂgil Negative ReLU W%?ﬂﬂﬂﬂ@ﬁ?ﬂ?ﬁﬂﬂ?ﬁﬂaﬂlﬂu 0 Iﬂﬂ%ﬂllﬂ?ﬂ'ﬂllﬂfﬂ
A dy <3 9 ) [ I\ Aa 1 Y a ~ 9 49! ~
mﬁ]ﬂﬂi']V\ILWll"Uull']mﬂuﬂElﬁ"lﬁiﬂﬂ'lﬂﬂﬂﬁﬂﬂ)")ﬂ(lﬁiﬂ!ﬂﬁ!ﬂﬂﬂ']i!iﬂuqﬁjlﬂﬂ"uu b\

515210
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A = &
1.) Leaky ReLU Qﬂi’]@ﬂLL‘fIJUlIWLW?)LLfS]AlGUﬂiUUﬁW@QReLU “If\ﬁ]%lfﬂﬂﬂ"li
' A ' v a3 o @ ' o
FIYWNrangeUDIReLU Tﬂﬂ Leaky ReLU Eﬂ$ﬁﬂ']ﬂ')']3ﬁfuaﬂﬁﬂﬂﬁ?ﬂiﬂﬂ?@]?

{Aa 4 I g’; 1
EYNAADY LNUNIZTU 0 NIVNA 15U v = 0.01x when x < 0

Leaky RelU: y=0.0/x

FUnm 13 1@ Leaky ReLU

i - [o0U la L;’] https://medium.com/@danging/a-practical-guide-to-relu-b83ca804f1f7

[ H a 4
2.) Parametric ReLU (PReLU) Ad1801 Leaky ReLU Na3 199151519103
#1415 neural network A28AIYBINULDI U y = ax when x < 0 ¥9 PReLU 92

uddym 1dana1 Sigmoid

=

3.) Exponential Linear (ELU, SELU) A Meny Leaky ReLU NaziMm

v 9 o Y] L d'Q 9 ~ Y X
ANUYUANUDYTIHTUAINUAUNAAQL I%LﬁwuENﬂiW\lﬁJwJﬂ:nileﬂlu

3 9
lanuoy

71w 14 1@@AIN3911 Exponential Linear (ELU, SELU)

i : [ooU 'Zﬁ‘lj] https://medium.com/@danqging/a-practical-guide-to-relu-b83ca804f1f7



4.) Concatenated ReLU (CReLU) 923 2 output Ao ReLU L@ negative

=

an I '
ReLU TagagUiavod output 101 2 191

v

5.) ReLU-6 (3013 AaIeu1ia luaavodauiodn1n Tumanounin Tagez

@ 1 ) { Aa a { o 1 1 { H I
Ysummumamauntdseansmuunninga ludesnmnangaaziu 6

FUA M 15 1@AInIN ReLU-6

IR [o0U la ‘l:!/] https://medium.com/@danging/a-practical-guide-to-relu-b83ca804f1f7

$10814 Activation D1

e

Q_)E

. . . < 5% e . h d'd 1
- Sigmoid Function Wulandu Logistic Function N3 Usrutluaa s

A 1 1 1 LY a 4 [ A
tazliA1 Output 3241319 0 - 1 adulugignlylumaaseianuuuiung
I [ @ 13 { a
Output 111 171 0 991U Sigmoid Function luiiiluiniien

1.0
= sigmoid
= tanh

-6 ) -2 2 4 6

-1.0L
q?'i/ﬂ?W 16 n3luoq Sigmoid Function 481 Tanh Function

i : [o0U ?ﬁlj] https://hvidberrrg.github.io/deep_learning/activation_functions/sigmoid_function_and_derivative.html
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<
- Tanh Function 1350 Hyperbolic Tangent Activation Function 11l
Y% { !
WanduuATyr1ved Sigmoid Function Tunsaif Input 191108 0 1"

. . U ' . . o . ' < 1
Derivative 923 Slope ¥UNIT Sigmoid W1 Gradient 110071 M3 1&152A1

K
v A I o ' = @
Taen351ve9 Tanh Function HUU3U51901A7 S 15UA8INY Sigmoid Function

u

- Softmax Function 1150 SoftArgMax Function 130 Normalized

1]
do Ao

. . s 3| Y <
Exponential Function (HUWIASUNTY Input 1 uvector tautaseanuuiluniiuy

' 3 Aa 1w
m%mﬂumwaiammﬂu 1

717 17 03184 Softmax Function

i : [ooU Ia LT] https://themaverickmeerkat.com/2019-10-23-Softmax/

L g I do A Y A I o A o
- Linear Function Lﬂuﬂﬁﬂ%uﬂulﬁu@]i\jwum lﬂuﬂ']’]llr’]fu NIVOATIINIIG

= = A ~ o P o = '
nasulaundevey e Meunux uaziib ugadauny y saausasglugll

function ]1@9])
f(x)

/

f(x) =ax +0b

)

pd .
e

717 18 n31MYB4 Linear Function

{ o
i [ aau?au] https://internal.ncl.ac.uk/ask/numeracy-maths-statistics/core-mathematics/pure-maths/functions/linear-functions. html
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® Layer 3 : Pooling Layer Ml vu1Av4 feature map aAn U415z

1. Max pooling 85 uanuiionlumslfau Tasazninrgega (Maximum Value) 93 1%
. LA , da qy A “ A 4
Window Size Nt51011UA (Window PueulFaziuun 2x2 ¥3e 3x3) uaziaeu Ty stride N

AUUA

o | A = | F<8
(3, B 3, (4% ] . w |
w0 A = =
= W (= - T4
.
==}

gllmw 19 UEAIAIDENNTI Max pooling

i : [o8U la lj] https://www.machinecurve.com/index.php/2020/01/30/what-are-max-pooling-average-

pooling-global-max-pooling-and-global-average-pooling/

2. Average pooling 1%11N311A1RAY (Average Value) 1ag92 14 Window Size #1151
o . Aa Y = A A . A o =
fMuua (Window NileylHagiiving 2x2 130 3x3) uaziaou 1A stride NA11UA 992
1 ~ 4 1 1
UANA19D1N Max pooling 71 Average vz ait laluesnlsznouTagsimunnnnmseaulalum

=
8

2.8 45

3 5

3 4 8
4 5 4 3 — 5.3 5.0
'6[5]9]4

gl/ﬂ?W 20 HAAIAIDINMTIN Average pooling

A - [o8U la LT] https://www.machinecurve.com/index.php/2020/01/30/what-are-max-pooling-average-

pooling-global-max-pooling-and-global-average-pooling/


https://www.machinecurve.com/index.php/2020/01/30/what-are-max-pooling-average-
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3. Global Max Pooling 1911171529 U11Av84 feature maps output NS Flattening

130 Dense layer

——> 9

o & A& =2
B W oo o

;nlmw 21 UAAIAI0E1NTI Global Max pooling

inE [o0U la lj] https://www.machinecurve.com/index.php/2020/01/30/what-are-max-pooling-average-

pooling-global-max-pooling-and-global-average-pooling/

4. Global Average Pooling aamunag 1mu fully-connected 130 densely-connected

' A . A = 9 Jdo A Y ' Y
layers ¥I8ANITNA overfitting mmmﬂ“lmmflwﬁqﬂ%mi&ugmﬂauwm

—_—

(= I L
U"IIUI W W
o A~ B =2
W o

gzlmw 22 1AAIAIB81MT Global Average pooling

i : [o8U la LT] https://www.machinecurve.com/index.php/2020/01/30/what-are-max-pooling-average-

pooling-global-max-pooling-and-global-average-pooling/


https://www.machinecurve.com/index.php/2020/01/30/what-are-max-pooling-average-
https://www.machinecurve.com/index.php/2020/01/30/what-are-max-pooling-average-
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< { 1
® Layer 4 : Flatten Layer 1ilumsuilasdoyaioglugiuny Matrix 1deglu

5DV Vector ( FUuuuAaniiAe) Tasuasaingrsliva vulila

Pooled Feature Map

AN

1

1

111]0 0
Flattening :

421 4
0|21 2
1

0

2

1

710w 23 1AAINIM Flatten

i : [o8U la 1;] https://www.slideshare.net/KirillEremenko/deep-learning-az-convolutional-neural-networks-cnn-step-3-flattening

® Layer 5 : Fully Connected Layer ( Dense Layer ) AN Output 319 Flatten
Layer 11/1a% Input 499 Model 10292 1n5150ua0 Input Layer NUNN 9

9 1
Neuron 1% UU04 Dense Layer aaly L%’t)ﬂ“] U Output Layer

x.1 .I I A
y1
- " “‘ J;. (
" \.':# “ #’# y2
x3 , Li"h ‘
y3

x4

"w\w
W/

gﬂmw 24 UFAINIITOUVDY Input Layer 11 Dense Layer

i : [o0U Ia lj] https://medium.com/@RaghavPrabhu/understanding-of-convolutional-neural-network-cnn-deep-learning-99760835f148


https://www.slideshare.net/KirillEremenko/deep-learning-az-convolutional-neural-networks-cnn-step-3-flattening
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I A1 A A T a3 & o 1
® Dropout 111 Method Nguila Node 1'lijtinaz1ilu Output Fsemnsommuani
18 0 D9 1 (0-100%) 19U ¥ 1A Dropout 0.25 HUEINIZINA Node 25% VD1
4 S an R A o ¥y A oy Y Yy A
navua 1wt manilamiun lnonddyinaunsuuda 1aa Loss Niga
y A a a a 4 a 1
iioannilayn Overfitting ANaINMIAMIUMTIRoTMAU 11 uaninm
a s Y a 3 a . o 9 o A d%’
sumsilamestoonu lnvzina Underfitting v ¥ eunsasiass Tumaiiniu

Y
1nTuaa@enld azyin 19 Generalization Abstraction A1
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(a) Standard Neural Net (b) After applying dropout.

71N 25 uaAIAI9E19NS Dropout

1‘71'1/ 1:[o0U la 1;!/] https://medium.com/@pagongatchalee/overfitting-
%E0%B8%9B%E0%B8%B1%E0%B8%8D%E0%B8%ABY%E0%B8%B2%E0%B8%A2%E0%B8%AD%E0%B8%94%E0%B8%AE%E0%B8%B4
%E0%B8%95%E0%B8%82%E0%B8%AD%E0%B8%87%E0%B8%84%E0%B8%99%E0%B8%97 %E0%B8%B3-machine-learning-deep-
learning-373b1235394c



conv2d_input: InputLayer

input: | [(None, 300, 500, 3)]

output: | [(None, 300, 500, 3)]

conv2d: Conv2D

input:

(None, 300, 500, 3)

output:

(None, 298, 498, 32)

activation: Activation

input:

(None, 298, 498, 32)

output:

(None, 298, 498, 32)

I

max_pooling2d: MaxPooling2D

input: | (None, 298, 498, 32)

output: | (None, 149, 249, 32)

)

input:

(None, 149, 249, 32)

conv2d_1: Conv2ZD

output:

(None, 147, 247, 64)

I

activation_ 1: Activation

input:

(None, 147, 247, 64)

output:

(None, 147, 247, 64)

I

input:

(None, 147, 247, 64)

max_pooling2d_1: MaxPooling2D

output: | (None, 73, 123, 64)

)

conv2d_2: Conv2ZD

input: (None, 73, 123, 64)

output: | (None, 71, 121, 128)

I

. B L input: | (N
activation_2: Activation

one, 71, 121, 128)

output: | (N

one, 71, 121, 128)

I

input:
max_pooling2d_2: MaxPooling2D

(None, 71, 121, 128)

output: | (None, 35, 60, 128)

)

input: | (No
conv2d_3: Conv2D

ne, 35, 60, 128)

output: | (No

ne, 33, 58, 256)

I

input: | (None, 33, 58, 256)

activation_3: Activation

output: | (None, 33, 58, 256)

)

input:

(None, 33, 58, 256)

max_pooling2d_3: MaxPooling2D

output

- | (None, 16, 29, 256)

I

input: | (None,
flatten: Flatten

16, 29, 256)

output: (None, 118784)

dense: Dense

input: | (None, 118784)

output: (None, 64)

)

o o input:
activation_4: Activation

(None, 64)

output:

(None, 64)

)

dropout: Dropout

input: | (None, 64)

output: | (None, 64)

dense_1: Dense

input: | (None, 64)

output: | (None, 2)

input: | (None, 2)

dense_2: Dense

output: | (None, 1)

20



Jn33a319 CNN

1. conv2d input Ju¥eya Input NTIUANAIAT YUIA 300x500 Pixel (F4xA119) 970

. =2 g = a A ? a =
Training Set ¢ filter 3x3 “lf\‘lL“]JL! Channel Y93 3 & A9 UINUY, 1Y LAZLAN Tﬂﬁl%%

21

3 A 4 ] H [~{ ¥ ] . H ]
11 Default iSuduiioladoya mput Miluginim Fwnazzinmazil Pixel Nuondiu

v 9 a g 1 Y 1
AUAIYH nJum Value Q14661 0-255

v Iy YA v =) .
Wf;‘l'ﬁW‘ﬁﬂulﬂ 1 NIN Input YUIA : QQXﬂJNXGlffNﬁ =za= 450,000 Pixel

input:

[(None, 300, 500, 3)]

conv2d_input: InputLayer

output: | [(None, 300, 500, 3)]

l

1 Y . < & = o
2. a4 Input 19111/ 11 Convolution Layer Fuiluaavinaginmuazmsdsnuanyuzuos
doyan1oluginin Input A28 Window ¥11@ 32x32 9118 Parameter 90N
° ] A kS 1 YR o Yy A
M3 Convolution Nra1evwIATY dz30 AN yuzveIn I IRazBoaun

2 2 ' A 1w @ Y] g
f.l\‘lﬁu UAagBIYINY Parameter clUﬂ']ﬁWﬁu Model QWaﬂngm@Q’Jﬁﬂﬁ@ﬂQﬂ'ﬁuu%

dulszneves 1519

HASNEN IR AD NINVUIA : FIXNTIIXFBIT = 208x498x3 = 445,212 Pixel

uaz 1A Feature Map = (n - £+1) x (n - £+ 1) = (300-3+1) x (500-3+1) = 298x498

qQ

input:
conv2d: Conv2D

(None, 300, 500, 3)

output:

(None, 298, 498, 32)

l



g A L Y an A g 9 Y
3. NUUFAINTNUUIA 298%498 u]f]J‘Vl Activation 895N17 ReLU ma“lw"lmaua

4

AuANYY

4. FININVUIA 298x498 Pixel N¥1N5 Activation 11d2 117 Pooling Layer 1agaz1iing

v
(Y

u

A d ' =2 . v & (] 1 Aa
Mmilum value 0 D9 infinity fN1UU (lliJLﬂUﬂTVl@]ﬂﬂiJ)

input:

(None, 298, 498, 32)

activation: Activation

output:

(None, 298, 498, 32)

l

22

Max Pooling 1ioaauIanNadazidonguanyus A YRI18n1311 Maximum Value

el Filter ¥11a 2x2 1@ Stirde = 1 ﬂzhlﬁﬂTWﬂIU']ﬂ 149%249

9

5. SudPyaIn Pooling Layer y1imsanvuiagilnmuazmsainaanyazvodoya
MoluginIm a2e convad 9INMNULIA 149x249 Pixel Tagld Window y1119 64x64

uaz 1A Feature Map = (n - f+1) x (n- £+ 1) = (149-3+1) x (249-3+1) = 147x247

max_pooling2d: MaxPooling2D

input:

(None, 298, 498, 32)

output:

(None, 149, 249, 32)

I

HASNEN IR AD NINVUIA : FIXNIxFBIT = 147x247x3 = 108,927 Pixel

conv2d_1: Conv2D

input:

(None, 149, 249, 32)

output:

(None, 147, 247, 64)

l

S ! . A . . Y ax A N Y9
6. MNUUTINNYUIA 147x247 Pixel 117 Activation A2835M35 ReLU 1o 14 lavoya

4

A g ' =2 . v & L] 1 Aa
e U Value 0 94 infinity (NTUU (113JLﬂ‘]JﬂTVI@]ﬂa‘]J)

activation_1: Activation

input:

(None, 147, 247, 64)

output:

(None, 147, 247, 64)

l



10.
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FINNVUIA 147x247 Pixel NIMT Activation 11873 11/ Pooling Layer Tagaziims
Max Pooling IWPAATUIANINAIAIUN1THT Maximum Value 71813 Filter ¥110 2x2

1ae Stirde = 1 3 TANINUUIA 73x123 Pixel

input: | (None, 147, 247, 64)
output: | (None, 73, 123, 64)

max_pooling2d_1: MaxPooling2D
Y

[ . o v 9
JUVDYATN Pooling Layer MTW?ﬂWiﬂﬂﬂlUTﬂgﬂﬂ?W!!ﬁgﬂﬁﬁﬁﬂﬂ!ﬁﬂ‘lﬂﬂ!%ﬂlﬂﬁﬂlﬂgﬁ

Mo luginm @2e convad 9 IMIIA 73x123 Pixel Tag1d Window y11a 128x128
uaz 1A Feature Map = (n - £+1) x (n- f+ 1) = (73-3+1) x (123-3+1) = 71x121

naansn 1 Ao Mwuuin - gaxnaxFead = 71x121x3 = 25,773 Pixel
input: (None, 73, 123, 64)
output: | (None, 71, 121, 128)

l

g J . A . . Y ax A Yy
VINUUTINNUIA 71x121 Pixel 11N Activation @2875115 ReLU 1o 14 Iatoya

conv2d_2: Conv2D

[ A g ' =2 . Y 1 3 1 Aa
ﬂmaﬂymzmﬂum Value 0 93 lnﬁnlty INIUU (lliJLﬂ‘]JﬂWlﬁﬂmJ)
input: (None, 71, 121, 128)
output: | (None, 71, 121, 128)

I

FINNYUIA 71x121 Pixel N5 Activation 1183 1191 Pooling Layer Tagagsinms

activation_2: Activation

Max Pooling MAAYUIANINAIAIATITHI Maximum Value 181U Filter yu1a 2x2

e Stirde = 1 34 IANINVUIA 35%60 Pixel

input: | (None, 71, 121, 128)
output: | (None, 35, 60, 128)

max_pooling2d_2: MaxPooling2D

l




11.

12.

13.

14.
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SUdo3a91N Pooling Layer 1imsaaviaginimuazmsasguanuzvodoya
Mo lugdnm &2 convad 9INMNULIA 35%60 Pixel Taold Window U11A 256x256
aeld Feature Map=(n-f+1)x (n-f+1)= (35-3+1) x (60-3+1) = 33x58

naansn 1 Ao Mwuuin : gaxn axFoad = 33x58x3 = 5,742 Pixel

input: | (None, 35, 60, 128)
output: | (None, 33, 58, 256)

l

g}.z U . ~ . R Y axy A Y Y
VINUUTININULIA 33%58 Pixel 117 Activation @283515 ReLU 1ive 11 Idtoya

conv2d_3: Conv2D

[ A g ' =2 . v g 1 3 1 Aa
ﬂmaﬂymzmﬂum Value 0 94 infinity (MUY (113JLﬂ‘]Jﬂ']°I/]§°’]ﬂa°U)

input: | (None, 33, 58, 256)
output: | (None, 33, 58, 256)

l

F90INVUIA 33x58 Pixel NHIAT Activation 1183 11/ Pooling Layer 189z #1115 Max

activation_3: Activation

Pooling Lﬁﬂﬁﬂﬂlﬂ?ﬂﬂWWﬁ\‘iﬁ}’JﬂﬂWSﬁW Maximum Value 11811 Filter YU1@ 2x2 1@

Stirde = 1 U 1ANINUUIA 1629 Pixel

input: | (None, 33, 58, 256)
output: | (None, 16, 29, 256)

max_pooling2d_3: MaxPooling2D

l

g o ‘ ' o { 4 < <
nnhdeyaniioglugiuuy Matrix d9'11/91 Flatten Layer iivouilaailudoyaiiy

U U

Vector #3392 1a%03ya 1 Column NTjUU1A 118,784 Pixel

input: | (None, 16, 29, 256)
output: (None, 118784)

l

flatten: Flatten
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15. 11 Output 910 Flatten Layer aqlin Fully Connected Layer Ngsy Input LALNING
d‘ 1 @ 2}/ o A& o Y
1FOUAD Input NUNN ¢ Node voesuna lUnlu Dense Layer Tagmrualy Dense
Layer §U119 64 Node 19 1)n Node 484 Input $11171 118,784 9zgnii1 11 1d1unn Node

! o ! 4 o { I

U84 Dense Layer M31m¥ua 1331923 64 Node 11111 a319 Neural Network 7itily
msadrlassielszamiionnazlglumsmsuTuaa Classification Tasuaazyan
IWounnnULL Weight N1n19nu

X

input: | (None, 118784)
output: (None, 64)

l

e U : L
16. 91N1Ue9 1N Activation 92835013 ReLU tiin 1% 1dapuanaanyaustlual Value 0

RY Q

dense: Dense

= . 1 g).; 1 3 I Aa
OV infinity INUU (Ul,mﬂﬂﬂ"l‘lﬂ@lﬂﬁﬂ)

mput: | (None, 64)

activation_4: Activation

l

o 4 1 A { (D] a3 o Z/
17. ¥11M3 Dropout tHogua Node 7 1j1i1aziilu Output $1191 50% vodoyanivive

output: (Nmie, b4)

A - , A P = -
LWﬂaﬂﬂty‘Hﬂumil,ﬂﬂ Overfitting 91NNTNNTUVDYANY Parameter YRLIGATRS]

input: | (None, 64)

dropout: Dropout
output: | (None, 64)

l
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v 9 d' 9 [ d' ] 1Y) [

18. d3U8Yan Dropout l,l,m"l‘ﬂmmﬁwam@ﬂunﬂ ] Node U8 Dense Layer oa 11 Ty
o Y A < A 9 o & 3 1
myua vl 2 Node 1119 1JUN1511EN Parameter NANYAUNINNADD NI 2 nauy

A0 Glaucoma (MWANMNTDINIABRU) tag Normal (MNA1ANA)

input: | (None, 64)

dense 1: Dense

output: | (None, 2)

l

19. d90yaflszinn Glaucoma (MNWANMNTDINTADHN) 71U Normal (nMa219A11)NA)

Tlvhmsieuanunn 9 Node ¥4 Dense Layer 6@ 11/ Tagivualdiivuia 1 Node
4 I ! = o J . Y 2
ey Output ¥8IMS Predict Model 21015 1M s 11l Predict Wiy

Glaucoma ‘H%E] Normal
I

input: | (None, 2)

dense _2: Dense
output: | (None, 1)
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2.2.3) Architecture Network 819 i1hannaaos

® VGG 16 model

224 x224x3 224 x224 x64

/) 112 x112x 128

77

X56 x 256

J 7x7x512
|28x28x512 , ., r“”
7 7 A14x14 x 512 1x1x4096 1 x 1 x 1000
1l s
| | ‘ LY =

=) convolution+ReLU
max pooling
fully nected +RelU
softmax

FUnm 26 uaaalasanielszannifey VGG16

N - [oou 'Zﬁ‘lj] https://neurohive.io/en/popular-networks/vgg16/

< ] " H A
VGG16 1iluTaseeiszamiien (convolutional neural network) Agnandu lay K.

Y

. . a ] J J A A 1 o
Simonyan Iag A. Zisserman NAUNIINGIagesntiosa TﬂEmeﬂagﬂgmuuumwmmuﬂﬂu

Y < Id { 1
MINATOUFIZAD 92.7% 1NMINATOVN ImageNet Fuilugadoyaniziniwuinnii 14

U

augniwiegluclass 1,000 classes

Y 7 . ¥y A < A Y o
VGG16 ﬂigﬂﬁ)ﬂﬂ’lﬁlmlﬂﬁ)i Convolutional 16 ¥U LH@Q%WﬂLﬂHﬁﬂWﬂ@ﬂﬂiiuﬂﬂawﬂ‘u
A A . 1 ~ =] a 4 2’, 9
AlexNet NULNET 3x3 convolutions LOYiAY filters Iﬂﬂ‘ﬂ VGG16 N5 NINUA 138 a1

a J 4
W151310195 UUUIA convolutional kernels 3x3 1A maxpool kernels 1 2x2 1182 2 stride


https://neurohive.io/en/popular-networks/vgg16/

Size: 24

Size:112

Size50

Size:28

Size:ld

Size:i7

3x3 conv, 64
v

3x3 conv, 64

pool2
v

3x3 conv, 128
L

3x3 conv, 128

,uluV)

h 4

3x3 conv, 256
L
3x3 conv, 256
4
3x3 conv, 256
pool2
*

3x3 conv, 512
A
3x3 conv, 512
A
3x3 conv, 512
pool2
v

3x3 conv, 512

*

3x3 conv, 512
B
3x3 conv, 512
'-n);'[/_’
v

fc 4096
v
fc 4096

v

fc 4096

FUnm 27 naassunuduawe$ lu VGGie

- [o0U la 1,7] https://iq.opengenus.org/vggl6/

vGGl16 Usznov'l1dqe 16 layers aatl

1. Convolution using 64 filters

2. Convolution using 64 filters + Max pooling

3. Convolution using 128 filters

4. Convolution using 128 filters + Max pooling

28



5. Convolution using 256 filters

6. Convolution using 256 filters

7. Convolution using 256 filters + Max pooling

8. Convolution using 512 filters

9. Convolution using 512 filters

10. Convolution using 512 filters + Max pooling

11. Convolution using 512 filters

12. Convolution using 512 filters

13. Convolution using 512 filters+Max pooling

14. Fully connected with 4096 nodes

15. Fully connected with 4096 nodes

16. Output layer with Softmax activation with 1000 nodes.
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Input Feature Map
and Receptive Field Output for each
1| s receptive field

9 | 10 .

|. Output Feature

Map of 1st conv
laver

w.
b | =
s | =
L3
&

2 24 | 25 *
11 2]13]4]5
G| 7] 8]8]|10
11]12)15] 14 )15 Input Feature Map Output Feature
. Map of 2nd conv
16|17 18] 19] 20 of 2nd conv layer Javer
aver
(2223242
-
112]13]4]5
G| T|8|9|10

11

16

by | o= | =
b | =0 | B
[

21 | :

FUNIW 28 1AAIAIDEV input NUUIA 5x5x1

A - [oou la ‘lj] https://towardsdatascience.com/the-w3h-of-alexnet-vggnet-resnet-and-inception-7baaaecccc96

o v Yy A A 9 A L R o A .
1NAIDYWVIAUINBUNITIVININ input layer VUIA Sx5x1 mﬂuuuﬂﬂw convolution
: . ' M .
layer 1 kernel Y119 5x5 tae stride 11/ 1 ¥09 92 ldanyazvoq output feature map Nuua 1x1
=~ [ Y] 1 d‘ 9 A [ 9 . g}z
Tuvazmernuanyuz Yo output feature map NlAvimileunums 14 convolution layer ¥

1 2 vu1a 3x3 uag stride 11 1 ¥o90 laauniiouny

1 Y

o v 9 Aq v ) o & . A~ U
EI]”IH’J‘L!@']’J!L‘]JT’Uﬂﬁﬂl@gﬂﬂi%quﬂ”ﬁlﬂiu TIHTUYU convolution NUUVUIA 5x5 =25 UASY
d' . = S g}/ o v
N 2 Y94 convolution layer HUUIA 3x3 ICUNIHNA 3x3x2 = 18 (aﬂﬁ\ill‘ﬂ 28%) uIUA IS
o o a = Ad =\ a A 1 Aa
HANINNITLNITIUAAAN W1]1ﬂﬁﬂﬂﬁllﬂiﬁ]&ﬂﬂﬂ?iliﬂuiﬂLi’J LLﬂZil‘]Jigf‘W]‘ﬁﬂ”l‘Wﬂ@ﬂ1ilﬂﬂ

] 9
overfitting WPV


https://towardsdatascience.com/the-w3h-of-alexnet-vggnet-resnet-and-inception-7baaaecccc96
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® MobileNetV2

| Audd | conv 1x1, Linear

1\ f
I conv 1x1, Linear ]

T Dwise 3x3,
stride=2, Relub

Dwise Ix3, Relub ‘ T

Conv 1xl, Relub

il 1
{: -npuf_._-_:} (_'____input__.'jl

Stride=1 block Stride=2 block

Conv 1x1, Reluf

FUA M 29 1EAIAI9E1IMINNUUBI MobileNetV2

- [ooU la 1?] https://paperswithcode.com/method/mobilenetv2

. 3 1 . 4 )
MobileNetV2 111 Tasa9181/52 @1mfien (convolutional neural network) 1911 laauu
| 5 o 9 Y ! Y o
gilnsaiiede YuegnumImnumslassauuuneuIa dauasinalesgldmsvhauu
depthwise convolutions 110N303901a non-linearity 3@ msauaas lanandaonssuunu
MobileNetV2 3z 152novlU@1e fully convolution layer 32 filters 1O¥UIUADVIADN 19 layers

4 MobileNetV2 &5 19U UIINUUIAAANUDI MobileNetV1
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tf _keras applications MobileNetV2(
input_shape-None,
alpha-1.0,
include_top-True,
weights-"imagenet"”,
input_tensor-None,

pooling-None,

classes-1000,
classifier_activation-"softmax",
kwargs

7AW 30 18A3 MobileNetV?2 function

IR [o8U la 1?] https://keras.io/api/applications/mobilenet/

Aq ¥
Arguments ‘1/116])' 41U

. 1o & 9 ' Aoy v Y v 9 Ao
- input_shape : lisniludosszyvualudiuasetinla endudesmsldlumaniianm

= d' ] ] a 9!&
amaﬂmmgﬂmwﬂﬂwum (224, 224, 3) mmimzmumauwmﬂﬂ% FIVHIAVDY

)

=

9 91 . 3 19 ! Y 9 !
ﬂ1¥ﬂ@ﬂ3§ll3Channebliﬁ%ﬁWﬂ@@ﬂﬂWii%ﬂTﬂWﬂlnqu}enynfﬂﬁWNWiﬂqhﬁﬂﬂigﬂﬂ11ﬂLQHH@
FI ajz . . A 9 . Y g};
EACTRREIN input_tensor 8% input_shape sTUVZE@en 1¥A191N input_shape 9171 shape UDINI

ANTINU 110 1UATINUIZIAAINA error
Id 1 a 1 o ~
- alpha : U MALENTZHI19 0 NV 1 N52YDIA1NAT19VD network 1 MobileNetV2
alpha < 1.0 : 91UIU filters 1ULAAE layers ILAADY
° 1 A 2
alpha > 1.0 : 91UIU filters Tuneag layers SIWNUU
alpha = 1.0 : 11U filters 1UUAQL layers VZINUAN

] { < Z '
- include_top : A1 true/false VDN fully-connected layer ﬁgﬂu%uuu’q AV network 1AYA1

I 1
default 9£13] 1A true


https://keras.io/api/applications/mobilenet/
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. I ! . A vA 9 . A
- weights : SRR string Ta@ none ﬂami’qwaaauﬂmm 11ae 1magenet AIBNII

.. 9 < = PR
pre-training 311 ImageNet gy wseumsisen path UlWammmi%Twaﬂ
. To & W ' v Ay yegve o |
- Input_tensor : “lmnﬂummizuﬂﬂuﬁ’mullﬂ T a5y Input gﬂﬂTW"Ui’N model
. I ' X 9 § . "
- pooling : SIEE string %Qﬂﬁl%ﬂmﬁﬂﬁju include top Ay false
1 Ay ¥ I . 2 9
none : 11 output N'1Av09 model %Lﬂugﬂamu 4D tensor U9 convolutional block FUFANY

<3 1 { o % g}}
avg : 1wy global average pooling oz 119w output YD convolutional block ¥UFY AMe

I
Tagaziilugiu 2D tensor
max : ANV0Y global max pooling

a3 1 o I~} Y] I~ [
- classes : 1uAITIIUAY Tasdnavazitlunsdailszian classes Y03UNIN d131350

1 J 2 Y aA < 1 5
izuﬂﬂumuu”lﬂmwwmmﬂ include top 11 true uaz”lwmiﬁzu weights arguments

[l
1 A

. . A ! ’ 9 . . . Y v '
- classifier activation : f11 string W30A1MI58n 14910 activation function 1HAY top layer 1¥U

I
softmax 11/ 1AU

Yy
- *¥kwargs : §1MTUNT backwards compatibility (N1

® EfficientNet BO

=

I~ 1 H o o . [
EfficientNet B0 131 Iaseanedszammiionin 185 umstndusumnunn i iad unn

3

9 o < 1 Y Y
nngudeya lagazansoswungnmesnitlunuianyingla 1,000 Uszian awnsni

MIANHAULVOIMNNUANUHAINHAIY UYUIADUNWANIN 224 x 224



3B0x380x3

Conv 3x3
112x112x32

£

( MBConv1 3x3 )
112x112x16

MBConv6 3x3
SExdeN24

I

MBConvE 3x3

MBConvé 5x5
28x28x40

MBConvé 5x5
28x25%40

MBConvG 3x3
28x28%80

MBConvE 3x3
2BX2BXE0

bt

b

]

MBConv6 3x3
28x28x80

MBConvé 5x5
14x14x112
MBConvé 5x5
14x14x112
MBConvé 5x5
1dx14x112
MBConvé 5x5
TxTx192
MBConvé 5x5
TxTu192
MBGonv6 5x5

TXTx192

MBConvE 5x5
TX7x192

MBConvE 3x3
TXTx320

i

i

1

FU7W 31 M3 EfficientNetBO

A : [ooU 'ij] https://www.researchgate.net/figure/The-architecture-of-EfficientNet-b0_figl 339462624
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https://www.researchgate.net/figure/The-architecture-of-EfficientNet-b0_fig1_339462624
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® Xception

9
. @, ! . Y . . 1A o 1
Xception HUUINBOU MobileNet waz depthwise separable convolution !FULAYINU LI
1 . . Y a A o . . . ! 9
19910 depthwise separable convolution HUUAUANATINIEN pointwise convolution NBU LA
ERGRENR depthwise convolution Tagwaun Inception 91 1x1 convolution IWBAATIUIU

channel NOU

zé . = a A = 1 . Aa A d' A zg = 1 Y A
4 Xception HU3ANENINANTI Inception V3 ms1zdlseanTamimisnvuie lu'lding

A A d% 1 a3 9 a 4 o YA a A 49!
VINAITNYINNNUU umﬂumﬂwwwmanmumaaﬁwuﬂimmmwumeuu

(%

. = Y o 1 dy
Xception %umﬂﬁmmm’imﬁmgﬂuuumwmu

1. Original Depthwise Separable Convolution

Depthwise Convolution

Pointwise Convolution

1x1 conv

3‘1/:7774! 32 M3IMNULUL Original Depthwise Separable Convolution

{ g
- [oou lasi ] https://towardsdatascience.com/review-xception-with-depthwise-separable-convolution-better-than-

inception-v3-image-dc967dd42568

Tag original depthwise separable convolution DERY Depthwise convolution lQ1¢ Pointwise
convolution

Y

. . Id dy ~ ] 1 9 AA A
1.) Depthwise convolution A UM IudaaWuNUUY nx n 081UFU DUTIWNUN 5

1 ° Y Aa 1 dy AR
NIRN] %zwﬂmﬂﬂmmmwumﬂu 5nxn
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. . . < dy ~ A I ~ Aaa
2.) Pointwise convolution 1lumsutlasfiuinuuy 1 x 1 odlumsilasuua
2. Modified Depthwise Separable Convolution in Xception

Depthwise Convolution

Pointwise Convolution

= nxncony |
...... 1x1 conv
o

J U771 33 MIMOULVUModified Depthwise Separable Convolution in Xception

{ e
N - [ooU laii ] https://towardsdatascience.com/review-xception-with-depthwise-separable-convolution-better-than-

inception-v3-image-dc967dd42568

s Y { { Y . . 9 . (% ¥ 4 I~4
HumsUsununaie3s inception 1aen13 1% Inception-v3 numMsutlasnuinglu 1 x 1

é o <3 1 dy c!'
FIVTHUATINOUMTUUAINUNUUY n x n

ANINIUUVY Original Depthwise Separable Convolution A1 Modified Depthwise

Separable Convolution in Xception GERREI ﬂ@iNfﬁ!@fj ADMIMULUL Original Depthwise
9 [l
Separable Convolution aldmsuasiuiuy nx n now (Original Depthwise Separable
. o ¢ = o K A A A4 aa . . .
Convolution) W99 INUUILINMTHUaINUNLVY 1 x 1 1weor)aguilia (Pointwise convolution)
FTUANAINMTNULDY Modified Depthwise Separable Convolution in Xception Tag
Y v

MINNULUY Modified Depthwise Separable Convolution in Xception ihmsudasiiuinyy

d' d' aa |l 9 =R o dy d'
1 x 1 erasuianou LLﬁ’Ji]WﬂﬂTiLL‘]JaQWHT]LL‘U‘U nxn


https://towardsdatascience.com/review-xception-with-depthwise-separable-convolution-better-than-inception-v3-image-dc967dd42568
https://towardsdatascience.com/review-xception-with-depthwise-separable-convolution-better-than-inception-v3-image-dc967dd42568
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® [nception

I 1
Inception Net v3 1111 convolutional neural network architecture NNV Inception family
4 o Aa A 1 9 . . .
o5 u1lesz@nsnaienee1a tag1d Label Smoothing, Factorized 7 x 7 convolutions Hag
. Y A ) ) {o 1 v 9
5904 classifer 19tie propagate label information NN network (W3 o1 batch

normalization 115U layer 14 sidehead )

Inception v3 Architecture

. . <3| o aQ J 4 o [
1. Factorized Convolutions Lﬂumiaﬂmmuwwmmaﬂu network Lﬁ’e’]aﬂmiﬂﬂnm LS8N

¥093900VUTZANTNINUDI network A28

! A 1 { <
1.1) Smaller convolutions U convolutions N1%aj A28 convolutions Manas Tasns

v
14 filters 3x3 $1UIU 2 ATIUNY filter 5x5
9y o Y o
W' filters 5x5 314U 1 layer 19892 1@ Parameters $143% 5x5 = 25
19 Y o 9 [
uaan 19 filters 3x3 314U 2 layer 1089214 Parameters 91U 3 x 3 +3 x 3 =18

G?QﬁiJ']fJﬂ’J'liJ’j'] 1UIU Parameter ﬁﬂﬁ\‘ill‘]_l 28%

7V 34 waeans 19 filter 3x3 $1UU 2 layer uNU filter 5x5 $1UI 1 layer

A : [o0U la 'lj] https://sh-tsang.medium.com/review-inception-v3-1st-runner-up-image-classification-in-ilsvrc-2015-

17915421f77¢


https://sh-tsang.medium.com/review-inception-v3-1st-runner-up-image-classification-in-ilsvrc-2015-17915421f77c
https://sh-tsang.medium.com/review-inception-v3-1st-runner-up-image-classification-in-ilsvrc-2015-17915421f77c

Filter Concat

5%5 in 3x3
GoogleNet 1

(Inception-v1) 13
£ ]

1x1

- — =
Inception Madule A =
Base

717 35 1@@A9 model Y04 Inception-v1

{ 7
N - [o0U lani ] https://sh-tsang.medium.com/review-inception-v3-1st-runner-up-image-classification-in-ilsvrc-2015-

17915421f77¢
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1.2) Asymmetric convolutions 7 convolution 3x3 AINTAUNUAAY filter 3x1 ANAIY

Y
o Y] o o a 4
1x3 Tagaz 189113 parameters MU (3x D+(1x3) = 6 1w lmesanas 33%

i

]/ =N
/I (i
[ [ e

FUnm 36 uaasms 14 filter 1x3 N304 filter 3x3

A : [ooU la 'LT] https://sh-tsang.medium.com/review-inception-v3-1st-runner-up-image-classification-in-ilsvrc-2015-

17915421f77¢


https://sh-tsang.medium.com/review-inception-v3-1st-runner-up-image-classification-in-ilsvrc-2015-17915421f77c
https://sh-tsang.medium.com/review-inception-v3-1st-runner-up-image-classification-in-ilsvrc-2015-17915421f77c
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For promoting
Filter Concat

high dimensional
representations

1%1
Jﬂ 1x1 y i
S T ___.--'___ et

Inception Maodule C

FUn W 37 udAINIW Inception Module C 114 filter 3x1 n1az 1x3

N - [o8U 7@151/] https://sh-tsang.medium.com/review-inception-v3-1st-runner-up-image-classification-in-ilsvrc-2015-
17915421f77¢c

3 { 1
2. Auxiliary classifier 19 CNN U11a1a0 NUNTN5EHIN layer 1UADU training 1A loss incurred

%gmﬁu”lﬂ"lu main network loss
Tagld 1 auxiliary classifier lanou layer qﬂﬁ’wﬁyﬂu 17x17

Auxiliary Classifier
|

f_

e

1x1x1024

The main branch
for Inception-v3

| BxBx1280 |

Inception

Fully connected

5x5x128
1x1 Convolution

5x5x768

—— 5x5 Average pooling with stride 3
| 17x17x768 I

71U 38 LAAININ Auxiliary classifier

A - [o0U 7@1?] https://sh-tsang.medium.com/review-inception-v3- 1 st-runner-up-image-classification-in-ilsvrc-2015-
17915421f77¢
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3. Grid size reduction Iag1/ndnsaavia Grid ¥4 laems 1y pooling operations LA

a

v . : A A a A X
untley#1 bottlenecks YD computational cost FUTUDIBNHUTZANTMWNLAUL

. 9 A 9 . . =\
Tagmsanvuuia grid 1214 320 feature maps NYNTINIIN convolution LIAT stride NAT 2
31} ) . gl/ 4 v I
step mﬂungﬂm"lﬂ max pooling {AZNY 2 YA feature maps veounudlu 640 feature maps

nauvzad i inception module aa 11/

| ._.,.:_M: ]

]
. o Posieg

[ ....:‘-._-.: | | T ]

Py rcmphion

33 *
Com] (o= \
] A
" 3 N A
.\
1 7% TEid0 \_
I'I'l"'ll'l Pissl
singe 2
[ imairaazn | | 17x17x320 |

-:-nw;"'--.-._ - "":'\'c;.-'\-
i B

YA 39 1@AIA NN Grid size reduction

{ 7
N - [o8U lani ] https://sh-tsang.medium.com/review-inception-v3-1st-runner-up-image-classification-in-ilsvrc-2015-

17915421f77¢
. . U‘l 9 v JA
4. Inception-v3 Architecture 'ANAANTAD
Grid Size Reduction
{with same modifc ations) Grid Size Reduction
[ 79903 Outpndt 80802080 | 2xinception Module C
Sx Inception Modube A 4~ Inception Module B ! A ¢
. 4 ~ = {7\, N\ )
Y | AW/ AW Y
At T D G A - R M 5 e
(e : 3 N\ 1 1 ¥ MY !
S 2N R - A 4
co ougia G
wrerng o 4 Pavsectn /
: QEA 2 ’ / - (. Pl part Sl 2008 > 1001
- Dewpont t Auxiliary Classifior
E- [P f

J Un 1w 40 ndaInIn Inception-v3 Architecture

A - [ooU la 'LT] https://sh-tsang.medium.com/review-inception-v3-1st-runner-up-image-classification-in-ilsvrc-2015-

17915421f77¢

& 3 Yy 9 9 o o . .
WU IIIWNe 3 Vo AY NN Architecture YOI Inception-v3
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® Resnet50

ResNet (Deep Residual Network) 1NNUIY Deep Residual Learning for Image
Recognition Nier u@%%l,l,ﬁ}ﬂ‘r;UUWW Vanishing gradient FUNANLY convolutional neural network Nl

1 1 [~] a ! ' . .
ANNanuIN Taemsla shorteut 191 T umatianisen i "residual mapping”

Vanishing Gradient

| weight layer I
F(x) l relu
I weight layer I

>
identity

Figure 2. Residual learning: a building block.

FUMIM 41 uAAKANNITVBINIIN building block

A - [oou la ‘lj] https://laptrinhx.com/ma-thakhwam-rucak-resnet-kan-di-kwa-334005315/

9 v J . 1A o 1 . A
TiHaaN591N convolution layer gNANUL arrays x 1183 convolution layer (WD 2
) 9 v J 1 Y] o Y v J A a [ Y
layer FIO IHHAANT x WU layer DANT 0190z I Raansaaanaey lUnnuu@an il

Tuanson 18 parameter 11 layer u3nl¥ia1e 15lasuniasliiig
P y

U 1 [ [ o J
JuddymIaomsden x aaliuaniunadns 1 layer gashonnu

256-d

1x1, 64

1x1, 256

=\ 1 A [ 9 9 A [ @
q5/'1/?777’\! 42 waasmslseufeuse g Features map NUYUIAMNINY (DIWATULIY) LA Features map NUYUIANNNU

A - [o0U la 1:1/] https://laptrinhx.com/ma-thakhwam-rucak-resnet-kan-di-kwa-334005315/
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TN Layer gAN103] Features map yu1aia1oon 1 (munimduva) iulasunn

< 1 ~ o o J 9 v o [
Features map Y119 256 Tihiiluving 64 nouiagilmaansan layer gaio luannudumii

o I £y 9 = @ 2
x 9 uA091% Feature map VU1A 1x1 Tagisenn13U5Y Feature map HUVUI bottleneck

building block

. =1 o Y] dy
ResNet50 Architecture N93a1l5znouaas 1l

layer name | output size 18-layer | 3d-layer S0-layer | 101-1ayer 152-layer
conv 112112 T=T, 64, stride 2
3 3 max pool, stride 2
. [ 1x1,64 ] BEIR:E [ 11,64 ]
¥ | " . "

comv2.x | 5636 [ ol I [ axal ]:u:."l- 3x3,64 |x3 | | 3x3.64 [x3 Ix3,64 |3

SRS AT } : [ 1x1,256 | | 11,256 | | 11,256 |

- ; - . [ 11,128 [ 11,128 ] [ 151,128 ]

4 -:

convix 2828 ::: Il;i ) I ::: t;: x4 33,128 | =4 33,128 | =4 Fuw3, 128 | 8

L F7 o o 7| L S [ 1x1.512 | | 1x1,512 | | 11,512

. L Y, S | 1x.25% | |[ 1x1,256 11, 256 ]

) 4

convdx | 14x14 :”; ;i: x2 | :""; ;22 %6 | | 3x3.256 |x6 || 3x3,256 [x23 || 3x3,256 |36

B¢ EFalhe. LY o ® 1x1, 1024 11, 1024 | L1, 1024 |

. . 3 1=1,512 1=1,512 1=1,512

a

convSx | TxT i::i}f *2 ::;21; #3 || 3x3,512 | %3 | | 3x3,512 |x3 3%3,512 |3

S S i LT 11, 2048 =1, 2048 I=1, 2048

1=1 average pool, 1000-d fo, softmax
FLOPs 1.8x 107 ! 3.6x107 3.8=107 | 7.6 107 1.3=107

71n10 43 118A9 ResNet50 Architecture

- [oou la 1.7] https://iq.opengenus.org/resnet50-

architecture/#:~:text=ResNet50%20is%20a%20variant%200f,explored%20ResNet50%20architecture%20in%20depth

- 911 Output size @917 Convolution layer N1 kernel size 7x7 1182 64 kernels NA19NY

stride J17iag 2 step &1 layer 89NN max pooling 3x3 A0 stride 2

Y
- Convolution layer 80 11) 1x1 1ay 64 kernels ¥18991NUUI 33 1A 64 kernels 1Az

9 o Y o g o 3 ) Y
FaMmyUINITINNY Ix1 1ag 256 kernels ANUU layer ﬁﬁ]ggﬂﬂTGﬂ”li'JN 3 A3 %Qvlﬂﬂ’f]ﬂiﬂ 9

layers
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Y
- Convolution layer 99 11) 1x1 1az 128 kernels HAINUUI 3x3 11ag 128 kernels L
S 2 o ¥ 2
’GIQﬁWEJuWiJWi’JiJﬂU Ix1 tiag 512 kernels A9UU layer HILYNNMIHITIN 4 AT %Ii]?\ivl@g]j’f)ﬂﬂMT 12

layers

Y
- Convolution layer 99 11) 1x1 1az 256 kernels HAIIINUUIT 3x3 1AL 256 kernels 1L
Y Y Y Y
f:fﬂ‘ﬁTEJU']iJ']i'HJﬂU Ix1 tiag 1024 kernels ANUU layer ﬁ%zgﬂmmmu 6 N33 %Qﬂﬁ@@ﬂh? 18

layers

Y
- Convolution layer aa'l1) 1x1 uag 512 kernels ¥a99INUUR 33 1A 512 kernels 1Ay
Y Y Y Y
’s:fﬂ‘ﬁﬁﬂl!'m']i'nlﬂﬂ Ix1 tiag 1048 kernels ANUU layer ﬁ%ggﬂﬂWE']ﬁ’Jll REPN %Qiﬁ@@ﬂﬂ? 9

layers

Y ]
Y] o Y . . °
- VINUU 1T19E NN average pool AIY activation sotfmax (AN fully connected layer il
Y

NAHUA 1000 nodes A28 activation sotfmax 9214 1 layers 990N

- Tamsaz g Deep Convolutional network FINNINUA 1 +9+ 12+ 18+ 9+ 1 AD 50

layers



Confusion Matrix

Confusion Matrix

Actually Actually
Positive (1) | Negative (0)
Predicted frue False
Positive (1) Positives Positives
(TPs) (FPs)
Predicted Fals.e Trug
Negative (0) Negatives Negatives
(FNs) (TNs)

gilmw 44 1e¥a3Confusion Matrix
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{ g
- [ooU 'Zau] https://www.dataschool.io/simple-guide-to-confusion-matrix-terminology/

.. =< A d' ) o A d‘ a 49! a A o 1 a A d‘

- True Positive (TP) UYDIFINMUIYATINUAINDAVUITI C1“Ll!ﬂi"l.?l!i/n“hﬂEJ'ZH VI3 AIN
a dsl SA a
INAVUNABDIIN

Y
=X =

- True Negative (TN) H31809a9M1 11803 INUFINNATY

a

Tunsaihuiedn lTuase as

a d? SA 1 Aa

AT NAD 1034

.. =< A d‘ o ] o A d'za dy = o 1 a = A

- False Positive (FP) H1180aaanyinue luasanuasnmaay Asyiiuiegdn 939 uaaan

a d%} A [ =N

Navy Ao l1a3q

A =R A A o 1 o e Aa A ° ' 1 Aa =

- False Negative (FN) vungdaganyiune liasanuinnaiuase Aeriiuied luese uaas

A a d%} = a
NINAVUABDIIN

U w a a
ﬂﬂuﬂ1‘53ﬂﬂi%ﬁ‘i’lﬁﬂ1w

1 1 o [ I 1 U < %’ a o 1
1. Precision ﬁﬁ] ﬂm’nmmummmmﬁm"lﬁlﬂuﬂﬂﬂmwﬁwmmm NAINNITUI AN TP

YUNIUNU FP

' Yy Ay D) A ) 0 ) ~ y & a
2. Recall ﬁ’f] ATINITUYNADNNAUNUVDYANYNADIVINVTUIUVDYANYNADINTIUA INA

U

1MIHIAT TP VUNeVND FN
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g 1 Ay y ' .. ° o ¥
fl-score AD 1HUAIN lA91NMTIEIA precision LA recall NIATUIUITIUNU F1 @319
2 A g . . A o 1o & 9 A '
AR TR ISIAY, single metric V]?ﬂﬂ’JHJﬁHJﬁﬂ‘U’ENT?JLﬂﬂ llmuﬂmmmaﬂigmw
« . o = q' 1 Y
precision, recall tN1EN1IN Fl-score imsmasa v
] [y} { o Y g’/
support ﬁ’ﬂ AMAUVAYU mmﬁmmmmumayamwm
e A 1 1 o A J A dAa X & g
sensitivity f19 ﬂ'lﬂ’ﬂllhb mmu,uuamﬁu%iummlmmsamﬁmﬁ]iqmﬂmu CINL‘]JL!
@ 1 a g a o @ g}.a 1 [ 1 Yt
gadIUUeINaUIN ML UITI AHTUNIZHU q YU ﬁﬂﬁ’]uﬂl@ﬂﬂﬁﬁi’]ﬂWUTiﬂiuﬁjﬂ
128934
. . A 1 o I [T A g a o [ 2 '
specificity 9 ATAININUNIL nJuﬁﬂmumawaaumﬂu%iqmmumaguu q ¥U

daaanvesmsasdv lunuTsaludn lide
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U

a d' d' Y
2.2 NUIYNINYIVDN

2.3.1) lsndosiuriianuaumingd (Normal Tension Glaucoma) 1ag A 519A0 WIIUDIDY

A4 o Y a KX A o
‘]J‘Vlﬂ’ﬂllulﬂﬂﬂﬂﬂ@TﬂWiﬂlﬂﬂTiﬂﬂ@ﬁu G]N!‘]_I‘Ll!ﬂEJ’Jﬂ‘lJiz'U‘lJﬂizfﬁ‘V]ﬂTfﬂuﬂ’N@n Tﬂﬂ
= a [ [ < [ 1 9 = [

%$§$1ﬁlﬂ\1ﬁ1!ﬂﬂﬂ'ﬁmﬂjiﬂ ANHUSUVDIDINIT LL'ﬁ%ﬂ'ﬁiﬂ‘H'}Lﬂu‘Viaﬂ hlllllﬂﬁ\‘lllﬂﬂﬂﬂaﬂﬂ'lﬁ

v o

~ Vo q 9 v A o Y Y Y A v
L"'UEJUI‘iJiuﬂill LW]‘VI']GI,‘HLS']ﬁHﬂiﬂg ] ﬂ‘]sJfl!gell’f]i‘lﬂ']‘Wﬂ’N45]TLiJ’f]Gli’J%i]‘]JLLa’JW‘]JﬂfJUWfJWUUlﬂ

v 4

Y A o I YA Y A [ a A 1A o
Wod : 1 I sudinernueimsvesnaialsail 7una luanvazgdunulamelu

u

a9 M liensafnysesealulassaule

J

Y A = 9 1 I = [ d o Y o
UaLeae 3J§‘]Jﬂ"lW‘]Jﬁ$ﬂE]°]J'L!@fJ ’L’f’J‘LliJTﬂL‘iJ'L!‘VIi]‘]elg]l,l,ﬁgﬁﬁﬂﬂTﬁ/I”l\iﬂ”lil,LW‘ﬂﬂ Tlﬂﬁi"ﬁ/\l‘ﬂ
1 9 Yoo a 9 9 o 9

gnaeman e lanui dealdnarlumsmanuslaunany

2.3.2) Simple Image Classification with CNN 1ae Shraddha Anala
I = 4 [ . .
Wuunanumse %j N Convolutional Neural Network (CNN) oI Image Classification

=

I @ 1 o . .
Wof : 1 ud10819 Step 114M5951 Image Classification A28M13 1% CNN

2.3.3) Develop a Deep Convolutional Neural Network Step-by-Step to Classify Photographs

of Dogs and Cats 1ae Jason Brownlee

Wumsana model Vo4 Deep Convolutional Neural Network Tums Classify 3 ﬂ’q Uy

=~ =
azuy) lawll accuracy gNON 97%
Y A =~ ] o
Uae : IiJ!ﬂﬁllﬂ'J"liJ!!ﬂJNﬂTgﬂ

{ = o o
Yorde : N lFzAouilunnd vazlinnudanulumsuen Classify Tuszanils
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2.3.4) The 4 Convolutional Neural Network Models That Can Classify Your Fashion Images
Tae James Le

d o v o . .
um3sa31a machine learning model @1 IUNITIAVININVUDY fashion objects ’Iﬂflsl,"lafjclgﬂ

. 1 1 ¥ Iy H [~4 1
6lgl)'if]llfﬂ Fashion-MNIST Iﬂﬂ!!ﬂﬁﬂﬂ?ﬂﬂgﬂl@ﬂ!ﬁ@ﬁ? ﬁ/aElaﬂymz‘ﬁummumammazﬂmﬁ

u

Y A = ] d' @ = = [
VYIA : UNITHINAATANYALIU Nﬂ?iﬂﬂﬁ@ﬂllﬁﬂﬂmﬂﬂﬂﬂ VGG-19



UNN3
Aas o "\
M HHIATINY

3.1 M IAUHUNY

3.1.1 (FudULazUHU TATINg
A v 9
3.1.1.1 [@a8n¥2ve 1A 991U
9 = a =
3.1.1.2 iUy afnyLUIAALAE NG Y
3.1.1.3 ansuna TuTadnazaiun e
3.1.2 M5DALLUTZUL
o [ 4
3.1.2.1 MriuadIaglseasaAnaz o uaYed5 U
= 9
3.1.3 M3wsenvoyazilnn
o 5!' 9 o =
3.1.3.1 thydnmassai Idumnain Tsawena yhmsdne uaziszulana
o 3 . 14 (% 9 A
3.1.3.2 111 Object Detection tazlliuvnagam Augiuveyazilniwny
3.1.3.3 @59 @0UANUNT oNVBIgIUTOYA
[y o [} a J

3.1.4 myviann Tumadmiumsins i gdnimazem

3.1.4.1 MMssusaziau luea
3.1.42 imsnaaeunazlsulgaluaa
3.1.5 agluazmeunsuive

3.1.5.1 mssulgaszuung o
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3.2 BHUMIANHHOIUAAAIATINY
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HAUMTAUHUIUIATINUIDY

v
U

YUADUM IAUHUNY

63

n.A.

a.n

63

.8l

63

f.9.

63

.8,

63

5.A.

63

LGN UIaz NWHUIATING

A v Y
manmméﬁmams

k4 =X a a2
WvalaanHIHINAUAS NGB

anyunalulagnduiluanly

v
2. 3IUFINYBYA

53D§3NUTIﬂ'J13Jﬁ1N1ﬁﬂH1

o

3.9313 CNN 715399109

Q

U

NAadaU Demo Gli!ﬂ?iﬂi?“l)%‘l]?ﬂﬂ

Q
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4. 33U93U Data Set

53159) Data Set NI UNM3AII09VAIVY

ci [ 4
33U Data Set mﬂugﬂmammnmammwm

5.9319 Model 238 CNN 435129 UMNAIN

NAaal Model 938 CNN lHMIATIDIUMNAIIN

6. Mmsnagevnaziuiys

Al 4
a K

YSuilgalfdanumivdnnngaun

7. aguazmenns Iy

agiwanaziinaue

TN 1 UAUMIA LY InTIn15 398



3.3 gilnsaimaznsesiiofnly

3.3.1 gUnTal
3.3.1.1Computer
14
332909123
3.3.2.1 Google Colaboratory
3331y

3.3.3.1Python

34 ‘lgﬂﬁ’iqula (Dataset Set)

{ T s
gadoyanldnagonlumamsudoya CNN uiiaily 2 Tlamos Ao

3 9 A Aa Yy Aa 13
1.) Glaucoma L‘]memay,a1/1uaﬂqgﬂmwmmmqmmmmsmwu 1UIU 281 g‘ﬂ

2020 Project Mask RCNN EyeRegionRecognition > 2021Dataand Code > A _Glaucoma ~ B

M A_G005.bmp M A_G006.bmp M A_G007.bmp M A_G008.bmp

71U 45 1ARINNA1AINTDINMIADHY (Glaucoma)

51



I ! a o
2.) Normal (Jugadoyaiuansginimaisanlnd s1uau 132

2020 Project Mask RCNN EyeRegionRecognition > 2021Dataand Code > A_Normal ~ B

ols i N

M A_N005.bmp M A_N006.bmp M A_N007.bmp M A_N008.bmp

FUNIN 46 1AAININANNNTINTUNA (Normal)

3.5 Ugyrimazglassn

9
TYoya

A Y = ] o o Y Y 9 =2
3.5.1 19991ANDINANEINANMT 1UN1591 CNN M 1videalgszeznarlumsansn

. 2
lumsmInssanuil

3.5.2 ningadeyagiamanuiymluaounsn shlddewldenisunld CNN Model
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UNN 4
NaNMIAUHUIATINY

(Y] d
4.1 HaaNEU93 CNN
dy Y o a a Jd Y a 4 d'd
Tassnuilldadunaiinms aasizngdnminldlumsinngdmglnmaesaisaid
a a9y 1 3 1 9 [ .
anuralnaaremaniaglnmiluvinages o Tagldnanns Convolutional Neural Network
a 4
(CNN) 119l umsunsz

) =

g o A = A = .
Glg‘ﬂGll@34”aﬂ1%1Uﬂ15ﬂ1Luu\11uuﬂﬁﬁuﬂ 413 gﬂ Iﬂﬂﬂllﬁaggﬂumu’]ﬂ 834 x 500 plXCl

[ I~ 4
019304 2 Class i 15 lumsnaaeu Ao

Train Data

Found 331 images belonging to 2 classes.
Test Data

Found 82 images belonging to 2 classes.

° 4 A ]
FUnm 47 uaassugnm uag Class naruan s lumsmsudoya

1.) Train Data 91424 331 31

2.) Test Data 3143 82 31/
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A 9 AA o 9 ' 9 = YA o . A
HDNINYAVDUANUITUIUUBYADNIIINTUVDYD N‘lﬂumim Data Augmentation IW®

u

a . 9
aANIIINA Overfitting Gl,umimiumay,a

7101w 48 18AINIM Argumentation

{'A Glaucoma': ®, 'A Normal': 1}

[[e.]1]

GLACOMA
{'A Glaucoma': @, 'A Normal': 1}

[[1.]1]

NORMAL
7Un M 49 ndAIWAdNERIoNTNATOUIN path file

< <
MINMINATOV path file Tumsinudoya Tae path usninudoyailszinn Glaucoma tiaz

~ Y

1 3 9 o JAY Y o
path foauInyUvDa Normal Wa'd‘W‘ﬁ‘ﬁ]lﬂﬂ’]ﬂﬂﬂlﬁﬂﬂﬁﬂﬂﬁﬂ"m@ﬂﬂﬂﬂﬁﬂﬂ

u

v lAy Y 9 A 1A a 3|
Nﬂ'ﬁ‘W‘ﬁV]hlﬂflﬂﬂﬂTﬂVWHGUfHJ”ﬁiJﬂT accuracy 9gn 0.81 ﬂﬂlﬂu 81%

1/1 [==============================] - 1s 1s/step - loss: 0.6015 - accuracy: 0.8171

Accuracy: 0.8170731663703918
Loss: 0.601502537727356

v J J
gﬂmw 50 LAAINAANTUDIA accuray and loss



4.2 WAdWEYDS Network model 1sz1and1

e

a/4 [ ] - 7s 2s/step - loss: ©.2730 - accuracy: ©.2880 - val loss: ©.7376 - val accuracy:
Epoch 98/160
a/4 [ ] - 8s 2s/step - loss: ©.2876 - accuracy: ©.3005 - val loss: ©.8663 - val accuracy:
Epoch 99/160
a/4 [ ] - 8s 2s/step - loss: ©.3803 - accuracy: ©.3515 - val_loss: ©.8101 - val_accuracy:
Epoch 1ee/10@
a/4 [ ] - 7s 2s/step - loss: ©.3488 - accuracy: ©.3361 - val_loss: ©.6177 - val_accuracy:
0.69 — loss
val_loss 066
0.68
067
067
066 0.66
065 065
064
064
0.63 = accuracy
val_accuracy
063 5 ; . . =
0 0 40 60 80 100
4.2.2) MobileNetV2 : accuracy = 0.32 1a& loss = 0.04
loss accuracy val_loss wval_accuracy
2] 23.934759 ©.320242 12.823609 8.317073
1 9.871383 ©.320242 5.854974 8.317073
2 9.559165 @.328242 7.100817 8.317@73
3 9.503382 ©.320242 3.069846 8.317073
4 9.416995 @.328242 1.604718 8.317@73
a5 9.823450 0.320242 242.537109 8.317073
96 9.020584 0.320242 2084.158676 8.317073
97 8.1ed4406 ©6.320242 229.518452 8.317073
98 ©.324777 0©.320242 197.452988 8.317073
99 0.841260 6.320242 202.739334 8.317073
20 s L:slsloss ,"N\j““x 03200
| W 03195 |
200 1 /|
g N 03180
150 4 & / — accuracy
‘ ‘ ‘/ 03185 val_accuracy
1 \ | .} 03180
M
50 | 03175 1
w” \ "’1 N /‘M'
0 A A4 J 03170 4
T T T T T T 0 0 0 &0 &0 100
0 20 40 60 80 100

4.2.1) VGG 16 model :

wr g e

accuracy = 0.33 112 loss = 0.34

55

9.3171
9.3171
9.3171

9.3171
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4.2.3) MobileNet Ex2 : accuracy = 0.30 L4Q1g loss = 0.27
4I/4 [ 1 - 7s 2s/step - loss: ©.2358 - accuracy: ©.3258 - val loss: 0.8574 - val accuracy: ©.3171
Epoch 98/100
a/a [ 1 - 7s 2s/step - loss: ©.2263 - accuracy: ©.3292 - val loss: ©.7407 - val accuracy: ©.3171
Epoch 99/100
4/4 [ 1 - 7s 2s/step - loss: ©.1672 - accuracy: ©.3117 - val_loss: ©.8180 - val_accuracy: ©.3171
Epoch 1@0/100
a/4 [ ] - 7s 2s/step - loss: ©.2754 - accuracy: ©.30894 - val_loss: 0.9687 - val_accuracy: ©.3171
— 0SS
0200
50— val_loss
03195 4
200
03150 -
150 — accuracy
0.3185 1 val_accuracy
a0 03180
M
50 v f\ | 03175
vV
0 L/JJW\/ V ,\N 031704 = - i ]
T T T T T 0 k] a0 &0 8o 100
0 20 40 60 80 100
4.2.4) EfficientNet BO : accuracy = 0.30 L18% loss = 8.4
loss accuracy val loss val accuracy
4] 28.386335 0.320242 10.148320 9.317673
1 16.323578 0.320242 6.577157 9.317073
2 8.933468 ©.320242 23.257857 9.317673
3 13.845317 0©.320242 9.729277 9.317673
4 14.183225 ©.320242 10.431584 9.317673
95 8.255869 06.320242 9,864823 8.317073
96 9.186574 ©.328242 3.856899 317073
97 6.310441 ©.320242 5.458768 @.317073
98 6.448401 ©.328242 5.8049320 317073
99 8.204464 0.320242 16.521418 8.317073
03200
25 <
03195 4
20 <
031590 4
15 —— acouracy
03185 4 vall_BCouracy
= 03180
51 03175
o L T T T T T T D'jl?u 1 T T T T T T
0 20 4 60 80 100 0 0 0 & Al 100
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4.2.5) Xception : accuracy = 0.29 14a1¢ loss = 0.09

CpuLl T auw

a/a [ ] - 7s 2s/step - loss: @.9114 - accuracy: @.3308 - val_loss: 2.4863 - val_accuracy: @.3171
Epoch 98/100
a/4 | ] - 7s 2s/step - loss: ©.0477 - accuracy: ©.3112 - val loss: 2.2296 - val_accuracy: 0.3171
Epoch 99/108
a/4 | ] - 7s 2s/step - loss: ©.0386 - accuracy: ©.3081 - val loss: 2,2977 - val_accuracy: ©.3171
Epoch 10@/100
a/a [ 1 - 7s 2s/step - loss: @.0966 - accuracy: ©.2946 - val loss: 9.7655 - val accuracy: @.3171
o 0.3200
03195
0 03180
— BCCuracy
03185 — wal_sccuracy
10 03180
5 03175
0 03170 - .
0 20 40 &0 80 100 o m 40 2] 1] 100
4.2.6) Inception : accuracy = 0.33 8% loss = 0.01
e e e
a/4 | 1 - 55 1s/step - loss: ©.8748 - accuracy: ©.3282 - val loss: 10.4214 - val accuracy: 0.3171
Epoch 98/100
4/4 [ ] - 4s 965ms/step - loss: ©.03990 - accuracy: @.33@1 - val loss: 9.077@ - val accuracy: @.3171
Epoch 99/100
a/4 [ ] - 5s 1s/step - loss: ©.1224 - accuracy: ©.2999 - val_loss: 7.2059 - val_accuracy: ©.3171
Epoch 108/16@
4/4 [ ] - 4s 9a4ams/step - loss: ©.0164 - accuracy: 8.3338 - val_loss: 13.3512 - val_accuracy: 8.3171
0
0K
@ val_loss 03200
€0 03195
) 03150
— BCCUrACY
0 0 31ES = val_acouracy
20 03160
0 03178
0 03170




4.2.7) Restnet : accuracy = 0.32 142 loss = 0.04

LpuLnl zig iy
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4/a | ] - 5s 2s/step - loss: @.8527 - accuracy: 8.3222 - val_loss: 1.4258 - val_accuracy: 0.3171
Epoch 98/100
a/a [ ] - 55 2s/step - loss: @.8449 - accuracy: ©.3279 - val loss: 1.5955 - val_accuracy: ©.3171
Epoch 99/100
a/4 [ ] - 65 1s/step - loss: @.8554 - accuracy: ©.3333 - val loss: 1.1218 - val_accuracy: ©.3171
Epoch 100/100
4/4 [ ] - 65 1s/step - loss: @.@452 - accuracy: ©.3219 - val loss: 1.581@ - val_accuracy: ©.3171
40 1 — loss
15 — n|-|oss 03200
30 ! 03195
25 | 03150
20 |l \ — BCCuracy
W v [ Mty | B

15 )" "‘”ﬂ(lt‘, ”\."‘ VWU ‘f‘ “\ IAMJ 03180
10
S /\MM—M—MW.__,JA‘\. e
00 03170 __ — J . . . .

0 2 P 0 80 100 0 0 40 &0 B 100
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5.1 agdmamsfinunAuan

MINMIANB AT WALITZUUATINTOUANMAY AT 1815z annifiennuunealog
Y . . . . v N Y
¥U ( Glaucoma Classification by using Convolutional Neural Network ) #10130@] Unadns la
v 1 cgl P o Y o =< -] 9 o [ '
asae Uil I9elavhmsAny g WAz uUAT T DAIMIAIeMTIIMENNT IATINY
o . H 9 [ a I'd
UszamnennUnea 1994 Y (Convolutional Neural Network) N lanannisniendiamans
Y Y
ﬂﬂﬂiiﬂﬂﬂi}@yja Tagldvuaoumnan 5 YUADY AD Convolution, Activation, Pooling, Flatten (a1
& o Yy I A B = g yd
Fully Connected 31nHuimnad1ailuTumananuuiudigagadaiosas 0.81 uaadliium
Y o . Y Aa
mseenuuy Iuea Iaal$Mann1sCNN (Convolutional Neural Network) Wil utuanianalu

ﬂﬁﬁ']ll']ﬁﬂ‘hl']ﬁ@ﬂﬂﬂ LlﬁgﬁWUWiﬂqﬂ&lUfJUTﬂW

Tagnaansi Idih Tumafosnuuua181ann1s CNN (Convolutional Neural Network)
wf3euifieunt Network Architecture Model 94480 6 3Uuuy ienadou Tumah 1dvash

= a A S A ' A
1]1]53ﬁﬂ‘ﬁﬂ’lWﬂWi@Llﬂﬂ?TINlﬂﬂ@uﬂ

5.2 anis1ana

NAMTAUHU TATIUTZVUATRADVANMAWMTIHANMT Insevielszan
M EJML‘JJU?]@E]T%Q"I?M (Glaucoma Classification by using Convolutional Neural Network) Tag
Aaah lavhnswenn Tuaadaeuanms Convolution Operation 1138131 CNN (Convolutional

1 A a A [ 1
Neural Network) Wi uilu Tuaanilseansnmnlunsns19unIma1aaganidi Network
Model ﬁu@]ﬁﬁmmﬁi guey 1aun VGG16 , MobileNetV2 , EfficientNet BO , Xception ,
[ 1 Y
Inception , Restet 1199910 TUAANWAUIA8HANNT CNN (Convolutional Neural Network) 114
Y [ 1 Y [ 4

1aimsdsudyemluealisesiulumsasaaaunin OCT NIMIUANGVDIANAT

] ) a 9 a ~ ¥ v o
Tﬂﬂm‘ww NIDUMIAANITINAVDNANAIA (Errors) Gluﬂﬁ!,iﬂug"llﬂimlﬂﬂﬁﬂﬁaﬂﬂﬁ Data
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Augmentation FaJumsiuiiuiugllumsmsudeyaaremsdiugUamw wu wilasa
a a A 1 1 1 <
WA , Hyun I, Wanmw, danmuuugu,verenmuuugy, Usunasvesnn itudu uay
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