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## 6380153326 : MAJOR STATISTICS

KEYWORD: transfer learning convolutional neural networks chest x-ray images
Thunchawin Photiwuttanut : IMAGE TRANSFER LEARNING FOR IMAGE
CLASSIFICATION USING CONVOLUTIONAL NEURAL NETWORKS: A CASE
STUDY OF COVIDI19-INFECTED CHEST X-RAY IMAGES.. Advisor: Asst. Prof.

AKARIN PHAIBULPANICH, Ph.D.

Image processing techniques are widely used in a variety of industries today. In medicine,
problems in image classification can be solved quickly and accurately through the application of
convolutional neural networks (CNNs) with Transfer Learning. This research, therefore, presents a
method for applying transfer learning techniques with an in-depth convolution network model to
classify chest radiographs into 3 categories: 1) chest radiographs of Normal patients 2) chest
radiographs of patients infected with COVID-19 3) chest radiographs of patients with viral
pneumonia, using pre-trained models, and three models: Mobile Net V2, Resnet50, and InceptionV3
(InceptionV3). The following 3 models were selected for comparison: CNN+MobileNetV2, CNN +
Resnet50, and CNN + Inception V3. The result shows that the CNN + Inception V3 model gives the
best result. After adjustment by fine-tuning in 8 layers in the 280th, 250th, 230th, 200th, 160th, 150th,
130th, and 120th layer which is different from other research that normally chooses one layer
to unfreeze, the accuracy of the model is improved. The model unfrozen from the 150th and above
gives the best accuracy at 95%. The proposed image classification approach be further developed to

benefit the medical field.

Field of Study: Statistics Student's Signature ........c..cccceeereenenenn

Academic Year: 2021 Advisor's Signature ...........ccocevveeenenen.
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2.1.1 M35844313980 (Deep Learning) [7]
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2.1.2 estsUnsou (Perceptron) [8]
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2.1.3 Tasaneszanniiey (Neural networks) [7] [9]
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~ 9 ! = Y v v A o A
msizoudveslnsinelseamiionilsznoudie 2 daunan Aenisaudiuain’lil
191111 (Forward Propogation) A g N13A U UI1U §oundy (Backward Propogation) 113
=) o 1 1 ao} % 1 H 1 1 U g’l o
auums lldeaniigdinsduianiornimin uazanlouny 0d19gy a9
1 v

nmsauiunudoundulasiFouianmsnaramdounasaintiuazsiinisiliulgeainag

’é v 1 4 4 H 1 1 1 Jd v 1 a
‘L!TVI‘L!ﬂLLﬁ%ﬂWLﬁENﬂJHLWd@ﬁﬂgZ‘T%‘ﬁ}@u AAAIMUANISUINATNIINIUNUANIVI

2.1.5 dane3nu3uiyaisz@nsan (Optimization Algorithms) [7] [9]
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2.1.6 NYUHMIB38UFIVUABUIIGTY (Convolutional Neural Networks) [1,2,6]
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2.1.7 Tnsavneilsza @ 9anuuy Residual Network (ResNet) [10]

A

4 1< @ ) ? Ao
¥OIANVUDI ResNet A Deep Residual Network 1asunisuiuauenss usnluaiuisedy
. . . <3 2 Y 4 L
Deep Residual Learning for Image Recognition FaUUTUDITAITUA ‘]jﬂlu RIEER Vanishing
. 2 a d%l @ [l A A = 1 9 14 ! (g
gradient t:Ifxil,f‘lﬂellillﬂ‘]JTﬂ'i\‘]‘ll'lfJ“l/l UANTUANABDUUINUIN ﬂ?ﬂﬂWﬁﬂlﬁVlNaﬂ (shortcut) ﬁ\ﬂl!

Taseine WieRizenIunalindwmsiFouaeaigli ¢

X
L
| weight layer |
__F[){] ”l‘Elu x

| weightlaver | ] onity

Flx)+x &
relu
J 11 6 Residual Block

nn: https://towardsdatascience.com/residual-blocks-building-blocks-of-resnet-fd90cal Sd6ec

9 : 9
Tags 1 uTuvee 10599109 N1 IR NI0%0 Resnet UHHUI18AI11I1 ResNet-50 U311
v y & Y & Y, L . G A Ao o ,
TATIATNATNNIMUA 50 U FIN15unT Y11 vanishing gradient 17/ U TINT1AYDH19110
d' d‘ G [ a Jd a a 1 [ .
esnnodnaeunuuTagnsdsumnimeinuaadenulunszuIUNIG gradient
o a 4 g’; v 1 { 1 a
descent M3UsVMIT A0S Tunsada 9 1 rgaderzn)asunasiosaunniulinanaly

M3 Optimize ¥300199zA04 ¥ uIUToU IUMSHATOUTIHINHANBT O



11

2.1.8 1399852 @ U InceptionV3 [11]
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Stride=1 block Stride=2 block

711 8 Tnseaswvevandaonssu Inseaneysea 1muyy MobileNetV2

N https://paperswithcode.com/method/mobilenetv2

Y
N151USe VNV A UTTOUL VDI pre-trained model N9 MobileNetV2, ResNet-50 119 ¢

. Aq Yo o 9 Y o
InceptionV3 N lgnuausmunlszinnvesgnmaingadoya ImageNet lawanaaalu

P‘HiNﬁ 1 917570!1/?81!@81]?7%5501!57]60 MobileNetV2, ResNet-50 & InceptionV'3

Size Top-5
Model Parameters
(MB) Accuracy
MobileNetV2 14 0.901 3,538,984
ResNet50 98 0.921 25,636,712
InceptionV3 92 0.937 23,851,784

2.1.10 NQEHM3583uuVMENA (Transfer learning) [13]

Aa = Y

= ] "y ~ ] ] o A )
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A A o Al 3 o Aao = ] 1 9 '
iesniniigalsararaimninhdswaunn msSeuiuvunieneaausadiuizisan
szoznalumsiln Tuaa wazawnsaiseuinnTuwan lidSualdunla Tasmsiauee
Y1 ¥ o oA Aa 9 ~ 1 = =< Y '

T¥maaaihmin naz Avdesuuainluaanlgudeyanvualvgumngegnilnudr ludiu
¥84 body U84 CNN 9 1¥dsendanarlumsilnTuaaly converge 51z liidnel5u A1o0e
y ] { o 1 A @ S o 4 T 2 4 Y] 1
Wniin uag AndeunuaaFudu vasniuazhuyeusenUaIUFUM FouADN UL

o Yo y X ) ¥ a o o A Vo
avysaingian Tueaainvuuiesnngudoyanuay Tasnainniimsyouaony luma

g

{ 2 ) Y I [ )
i arwes Tuasudalizilumsliusivazidea (Fine-tuning) Tasvzihnmsazidu
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9 H 9 1
M3A39 (Unfreezed) 1UaI111a18v09 pre-trained model TusuiIndnusumsyennenuedi
2 ' 4 A o 9 o o ~ 9 1 a
ﬁll‘uv’iil‘!TﬂﬁlIﬂﬁ\‘lﬂl'lElLl’U’Uﬂ@uI'JQ“IfuﬂQﬂuﬁJ'lGlEIfﬁ'l‘ﬂi‘Uﬂ'li!,'iElugLL‘U‘UQTEJVI@ﬂﬂJﬁa'IﬂWa'IEJ
Tasea s 9wy VGG16, VGG19, MobileNetV2, MobileNetV3, Resnet50, Vggl6, Vggl9 Uae
. . . k4 9 . =
Xception Tag weights LI1& biases GU’eNIﬂ’iﬂﬁiN%mmﬂjﬂuﬂlﬂya 1magenet °1NiJ§°1Jﬂ1Wﬂ’J13J

Az1RIAFININAI 15,000,000 Haz3zANNINNI 22,000 Yszian

2.1.11 Regularization [9]
1. Data augmentation
< o v ..
Data augmentation Lﬂuﬂ’i”‘U’Jumﬁﬁmﬂlua“’Qlﬂsflﬂuﬂuuiﬂsluﬁuﬁﬁu Computer Vision
"’U Glﬂuiuﬂﬁ‘l’nﬁuﬂﬂi‘ﬁ’)‘ﬁﬂﬁuﬁﬂﬂWWMNNWﬂWﬂﬁmﬂu Ty nan ﬁﬂ‘UNﬁ’Juﬁlﬁlﬂ Glﬁ
Noise 89 11/ #3oUSUUAIT A1UANUDININ Lwa“lwllmjﬂyamnllﬂmﬂmmaﬂuaﬂ LRGN
A a A4 A ) A o Y = I

mnmmammumuLwalfwmJﬁmm611EN611auﬁamumﬂﬂumimsuiuma FIUONNNY U5
° 9 Y . o a A ° =S 2 Y o
VYIYIIUIUVDY AL Augmentation fJ\‘]‘I)”JEJ&WiJﬂ’JHJﬂaWﬂTmWEJGUENﬂ?W‘VIi]%‘LH]l‘IJI?Jﬂ’f)ﬂﬂ’)fl N

DN

Al =
HA S

‘]' T
ﬂ"l!\ ""

FUN 9 10619 M8 TIaNT1WONNHIUMTN Data Augmentation

15U MIHYUNTN ﬂ?i‘ylllsl%!!ﬁ@:@@ﬂ
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2. Batch Normalization

'
A o '

I a @ 1 ] 1
Batch Normalization 11 umatialunisdsuaidenaldegluveoumansivua noudison

Y u

] ¥

I o J v o
910 1vua 1u Neural Network Layer tHun15d 141909 utateoioald n15v1 Data

. . o Y9 ~ 3 ) 1o oA o A ) =y 2 o ~
Normalization ﬂgﬂ1iﬂmauauu1WUﬂlﬂ1ﬂu UNITINISINYAIUNUDUNU hlllll@]‘ﬂu@@]{lﬂll

Y

a a 1w Y 2 o 2 o Y1 oA A
BNTNANINNINNY 1/]\1ENLTJ‘L!ﬂ15LWllﬂ]1%&5fﬂuﬂ?ﬁﬁ]ﬂIulﬂalla3%11Wﬂ1lﬂ8ﬂlﬂuﬁﬂﬁﬂln@

~ ) A o W Yo X . a9 A d '
ieunuaoungs 1i18v Normalization ms1zlimdeyaiannii

3. Dropout
I a o 3 . A A 1 = a a ' A~
Dropout (I umaiialun1svi1 Regularization Nizeud1e ualidszd@nsnimed1aunn lagioil
] s o Y R vA o o
11319911 Dropout Maluawesnnmmuanailvualumwesiuazgnguimailanisiiau
$n512 1 ULAAZTOUVDIN1T Forward Propagation 1182 Back-propagation A140AI 1NN UA

A 2 o I 1 o 1o , o A A 1 o Ao o a
Glu@umzvmmivlnTuma‘wﬂw“lmmﬁmmmmmmmuﬂmgﬂwamaﬂﬂwuwmmgﬂﬂﬂ

a Q'J Jd
2.1.12 ﬂauwa‘uumw%nm( Confusion Matrix)

a ) a o A a v [ o v dA o
AoUIIFUNNTNF Ao MIUssluraansmsniuievesluma lag azilwaansniiuieg
9y = v 9 a @ (— 4 @ v 9 1 o Ay YA
VlﬂiJ'lL“lei‘(’JUL‘I/]EJUﬂ’]JGIJ’E]iJ“ﬁi]iQ ﬁ'lll153@WﬁﬁW'ﬁﬂ1ﬂﬂ'ﬁﬂ@ﬂ’q3ﬁU’ﬂNvﬁ ﬂT’U’ENWﬁﬁW‘ﬁ“VIU],@ﬂ@ True

Positive (TP), True Negative (TN), False Positive (FP) tiai¢ False Negative (FN)

MFUNN

Negative Positive

AMNINTL Negative | True negative (TN) False positive (FP)

Positive | False negative (FN) True positive (TP)

. A o 7 A = 3 a 4
® True positive (TP) ﬂammum&gmmﬂﬁu"lwNmﬂumﬂ HASUAQAINNITNITNIU

!,‘]dJLl“U’Jﬂ
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. A o S a < = s
® False positive (FP) ﬂammumqmmmﬁu%uwmﬂuau LLﬂiJNa*ﬂ'lﬂﬂ'linﬂﬂiﬂ!Lﬂu
UIN
. A o 7 = I = t4
® Falsenegatlve (FN) ﬂaﬁnmumsammwau%uwagﬂumﬂ UAZUHRANNITNYTINTU
<
wWuay
. A o A = I = L4
® Tmenegatlve(TN) ﬂ@mmumsamimmﬁuiwNmﬂuauuazuwaﬁnﬂmiwmmm

udJumJ

o Qad' Y o 9 o’& d‘ a =\ T A
Gl?ﬁﬂ@]ﬂi"ﬂ?ﬂﬂ’)?ﬂ\lgﬂ@]ﬂ\‘lﬂ]@\iﬂﬁ‘Wﬂ'lﬂiﬂ!“]S\‘IWaﬂlﬂﬂﬁ]1ﬂﬂ1iWﬂWﬂﬁﬂ!ll 49100

.. A 3 @ 1 o a =
Precision Aotlumstananuuuudivosluna lnsaausnnazaaia

TP

Precision = ————
recision TP + FP

A g o 9 A =1
Recall ﬂ@LﬂuﬂTi’Jﬂﬂ'ﬂMgﬂ@l@\iﬂlﬂ\ﬂiﬂﬂﬁ Iﬂﬂwéﬂﬁﬂﬂllﬂﬂﬂagﬂﬁ"m

TP

Recall = TP-I-—F]V

< o a o
Accuracy ﬁ’e‘]tﬂum‘i’MﬂDWQﬂ@l’@wﬂﬂnma IﬂﬂW%im1i’J§Jﬂunﬂﬂa1ﬁ

TP+TN
TP+FP+TN+FN

Accuracy =

1 { . ' . . < . .
F1-Score ADANAYLLD harmonic mean 551314 precision L8 recall 11lu single metric

[

NIANUAINITOUDI TUIAD

Precision * Recall

F1=2
* Precision + Recall
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2.2.1 VNN IVBINUMIAAUYN]IADINMNNDNYSIANITII0N

Lakhani [6] 1ineuems 19 CNN 2 Tuiaa fio AlexNet 1182 GoogleNet 1ONIAALINTZH I
4
YoauosdireAnyo i Isan19tlea (Pulmonary Tuberculosis) ttaz{1eUnAr1unmo1059d

v A . J ) i A a Y
n35290n Tasldimatia Augmentation naug lildremeinlSunavesginiw uazld a1 Auc

v v
a0 =

a A v J
1a875 Delong M fSeumeutlszaninimuedluaa Taswaanivod lumanin AUC ganga

q

2

= 9J LY é 9 d'
Aon13 19 Tuina AlexNet 1% GoogleNet AUANY BI14A1 AUC 1 0.99% tiazn13 1%

] Y
Augmentation °])"JEJI,W3J°]Ji$t’f‘l/]‘ﬁi‘l1‘1/‘l"ll’é]\ﬂilmﬁﬁlﬁ}llﬂﬁ‘Vﬂ‘LlHJLHJu‘(’ﬂlﬂﬂﬁ‘u

) @ U g <3 1 a 1
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v A ) . . J Yy 1 . .
$98n35290n a1 1uiAa Machine learning N31 7 131aa 1ALA k-nearest neighbors classifier,
support vector machine classifier, decision tree classifier, multinomial naive Bayes classifier,
stochastic gradient descent classifier, random forest classifier (L9 ¢ multi-layer perceptron (MLP)
. a a [ [ 1 o I @ e @ Aa a
classifier WS ouRoulseanianiu Tasldaanumindundudrziadszaniamves
[ ' = U A g <3

Tuaa Taeldginin 15,750 nn Tagutiailu smaresiansrenvesdiheniluuziGaloa

' o 9 a 9 I 9y A
8,840 MW LAZANDIETITNIINVRIHII81NA 6,910 MW uazuivveyaiy 2 yavoya RO
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U 1 A S ]
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(MLP) classifier (11 Taaandiaanumiudiasnaaiismeududaiou Tastiainnuuiudiogn

Y q U

88.55 %
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Aq ¥ . . . ¥ @ 4 2 A 1T W 1 4
CNN #11% Relu activation function N3 1unou 119 ¥uIa1e03 10 FUNIFONADNA WD TUY Tl
1 o I a A
A21g 11Unun1514 Dropout Taell optimizer 154 Adam optimizer Wf5outioulszd@nsain
9 '

AU uonnug ldmatin GAN Augmentation M3 u1a31n M nagmaiin PCA 119520

9 A A o w Y .. . A 1q 9 a A
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U
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. . ° a ' = v Yo o y v O
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Joshi tazame [17] dnauens 14 1asevieaou Taggunrugnumsldmatansieuiriu
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3. Wanduwa luuuIueY (horizontal flip = True)
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image gen train = ImageDataGenerator(
rescale=1./255,
zoom_range=e.2,
horizontal flip=True,
vertical flip=True)

train_data gen = image gen train.flow from directory(batch size=BATCH SI7E,
directory=PATH + "/train/",
shuffle=True,
target size=(IMG SHAPE,IMG SHAPE),
class mode="categorical')

image gen val = ImageDataGenerator(rescale=1./255)

val data gen = image gen val.flow from directory(batch size=BATCH SIZE,
directory=PATH + "/validation/",
target size=(IMG_SHAPE, IMG_SHAPE),
class_mode='categorical')

image gen test = ImageDataGenerator(rescale=1./255)

test data gen = image gen val.flow from directory(batch size=BATCH SIZE,
directory=PATH + "/test/",
target size=(IMG_SHAPE, IMG_SHAPE),
class_mode='categorical')

FUit 15 Mz andeya (data augmentation) d1visuyadoyai 19 lumsnagey

150

P o l Y Ay Y o
gzl‘n 16 MIvgNYayan 1ar 115 data augmentation
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3.7.1 yuudraeslassngiszanaeulgiunuuduwU¥uIa5¥u3 (InceptionV3)
o o 9 = o = 9 1 a < S v g’/ o
Vl'lﬂ'lﬁu'lléll'lulaﬂi'lﬂ!‘ﬂ‘ﬂﬁ]'mi’)\‘]ﬂ'l3Lﬁﬂugl!‘ﬂ‘ﬂﬂ'lf]ﬂ@ﬂl!ﬂﬂ@ul“]fﬂ%umﬂﬁ%u3 AMNMUUNM
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Lmumammé’fu TagaziNsAIMINITINADS include top Gl‘lrsi}!,ﬂu False 1o 1019 1UINUD
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. = 9 o ) [ ~ 9 o =3 9
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‘E]Wﬂj’ﬂuﬂiﬁ‘L!ﬂ$@]@Q‘VI”If‘ni@]iﬁﬂ”Iﬂ’NLH‘Huﬂiﬂﬂfﬂi@]ﬂﬂﬂﬁlmﬁzlmﬂﬂigﬂﬁiﬂﬂﬂﬁ trainable

v 9

I g -2 4 { 1 ? o 1
114 False vosunou Tngdunsnua onag 1t lulimsilnaoud aagua 18

base model = tf.keras.applications.InceptionV3(input shape=IMG_SHAPE,
include_ top=False,
weights="imagenet"')

7171 17 M35en 14 pre-trianed weights 911N1UT1004 inceptionV3
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for layer in base model.layers:
layer.trainable = False

= < 19 Yo = o
JU1 18 M3ATIANVON pre-trained model 11 1M sHnaous
¥ q9d A ° ' a
911U 5% Fully-connected layer(FCN) thlouunudiass Insevislssemisuuyuney

o A 1 ¥ o & o 9 ¥ o ) g ¥y A 3 v ¥
T’Jg%umwammslwvuﬂﬂhlﬂ Glfwziumayainﬂ%uﬂﬁluwm Tﬂﬂ%i&?jﬂmﬂﬂﬂ%u output Gl“]ﬂﬂ!

I I {
dense VH1A 3 1“]91} activation function 1)1 Softmax Ny 17 19

nesnese_ja{ (e a{ a{n ja{ e js{ jea0

[ Convolution
[ Max Pocling
B Average Pooling
B Concatenation
[ Fully-connected
[ sigmoid

Al
Inception Modules

{ ] o a o 7o
71 19 Tnseaived Insene)szamaou Tgouuuyaumysuioi vus (InceptionV’3)
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NIV 3.3 Glmmnﬂmmmmgﬂﬂ 20
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Model: "sequential”

Layer (type) Output Shape Param #
inception v3 (Functional) (Mone, 6, 6, 2048) 21802784
global average pooling2d (G (MNone, 2048) 2

lobalAveragePooling2D)

dense (Dense) (Mone, 3) 6147

Total params: 21,808,931
Trainable params: 6,147
Mon-trainable params: 21,802,784
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inceptionV3

3.7.2 uyudiaeelnsanelszan@Ianiuy Residual Network (ResNet50)
o [ o 9 =~ o = 9 1 v a K
dwmsumsidn lavsFuousaesnsFouduuunie TeunuuTassielszamdadniun
v
Residual Network 50 5u li/audemsnmsadnunusiasanadsnnimsdsulyalassadald
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mzAudoyanniide 3.3 Truaeunsaiturleunuuuudiasdlnsielssamimon
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77 21 Tnsa5 1904 In59910152 @MBIANUYY Residual Network (ResNet50)



30

o [y} d dq:l
3.7.3 nuudrasdlassnglszamaeulagiunuulaluaiinne 5¥u2 (MobileNetv2)
) o o Y ~ o = Y 1 1
dwmiumsiuinlavsBuvudiaesmsBeuiuvunieTounun Inssiiedszamuny
MobileNetv2 ldJaudamsmsadranuusiassnasnniimsdivilyadaseadeldmuznuld
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muziudoyanniite 3.3 Tvuaoumsauniounuuuusiasslaseiielszarniion
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HNanN133v8

4.1 mselpaauuuudians
Y

HUVI1a0999 3 Tasaad1e In15A 1198 loss 1Y categorical crossentropy 4AZ N3

@ : J . I o w @
U5u1aeua learning rate 111 0.01, 0.001 1a£0.0001 MNa1AY Tumsiagussous lunis
== ° 91 ] o < v W 9 .
ANaouLazAIINdaULUUI1a0992 1¥A1A10aUET (accuracy) 1TuaTa Taols Adaptive

. . . . I . . o . [ U
moment estimation optimizer (Adam) 11l optimizer ué’ammﬁ compile HVVIIADY HANIINNIT
o 0o < o o o . o

compile LUVUT1A0IEUTY 321N fit LVVUT1A0Y 1AUAIMUA batch size =32 LLAZHINT
= o [ d' = 1 91 o
Anaoud11IU 30 epoches Ad31N 23 Tumsinaeuuaazsoulsa step_per_epoch 91AN1511

o 9 [ Y . o . o ] .
Uty nTIUNIHUANITALY batch_size Tagin ModelCheckpoint ¥1N1N1TLNY weight

u

= o AqQ Y 1 o Ao g
Ellﬂxiﬂ"lﬁpjﬂﬁ'ﬂull‘ﬂ‘ﬂﬁnﬁﬂﬂ WiﬁﬂWﬂ'ﬂNLmuﬂ'} (accuracy) nangea Iﬂﬂﬁ\iﬂ? mode = max A
o o = . Ay Yo v = o Y
Vl'lﬂ'li'iJu‘l/]ﬂGl‘L! google drive T]llﬂTHﬂVi mount ul')’ﬁll559u$ﬂlﬂﬂﬂ1§ﬂﬂﬁ@ullﬂﬂﬂ1aﬂﬂﬂﬂ 3

Tael% model.evaluate Tumsaaussauzvesuuiassvuzindon aagili 25

model.compile(optimizer=tf.keras.optimizers.Adam(learning_rate=base learning_rate),
loss=tf.keras.losses.CategoricalCrossentropy(from logits=False),
metrics=["'accuracy'])

%ktime
epochs = 3@
history = model.fit generator(
train_data gen,
callbacks=[model checkpoint callback],
steps_per _epoch=int(np.ceil(210@ / float(BATCH_SIZE))),
epochs=epochs,
validation data=val data gen,
validation_ steps=int(np.ceil(69@ / float(BATCH_SIZE))))

Uil 23 Wassu Tumsdnaeunyusiass
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= history.history['accuracy']

val _acc = history.history['val_accuracy']

loss = history.history[ 'loss"]
val loss = history.history['val_loss']

epochs_range = range(1, epochs+1, 1)

plt.figure(figsize=(20, 4))

plt.subplot(1, 2, 1)

plt.plot(epochs_range, acc, label="Training Accuracy')
plt.plot(epochs_range, val_acc, label='validation Accuracy')
plt.legend(loc="lower right"')

plt.title('Training and validation Accuracy')

plt.subplot(1, 2, 2)

plt.plot(epochs_range, loss, label='Training Loss')
plt.plot(epochs_range, val loss, label='validation Loss')
plt.legend(loc="upper right")

plt.title('Training and validation Loss')

plt.show()
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Training and Validation Accuracy Training and Validation Loss

—— Taining Loss
Validation Loss
10

08
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— Taining Accuracy 04 k\_\'v\,
Validation Accuracy

[ 5 10 15 20 pal 30 0 5 10 15 20 p=3 30

FUi 15 Wensunazasmlaaasansnimvesmsanaou Tuaaluso epochs

loss, accuracy = model.evaluate(test_data_gen)
print('Test accuracy :', accuracy)

21/13 [======s=======================] - 1735 Z&3mz/step - lozs: @.2264 - accuracy: ©@.9343

Test accuracy @ @.9347526242446399

A 7 o = o
37_/7’] 16 Wanou ?umm@fmiiﬂu&'ﬂladmiﬁlﬂﬁammmmm

TagrzvhmsnfSeuieumanuuiud manugads nar lumsinaeunuudiases'lal
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Final
Learning Total Trainning Final
Models Accuracy
rate parameters time (s) Loss
(%)

InceptionV3 21,808,931 1424 0.2204 93.47%
MobileNetV2 0.01 2,261,827 4021 0.3115 92.17%
ResNet50 23,593,859 1463 0.3922 88.41%
InceptionV3 21,808,931 1044 0.1687 93.47%
MobileNetV2 0.001 2,261,827 3879 0.2103 91.45%
ResNet50 23,593,859 1417 0.6298 74.78%
InceptionV3 21,808,931 1308 0.2167 93.33%
MobileNetV2 0.0001 2,261,827 4018 0.1944 93.62%
ResNet50 23,593,859 1355 0.9387 66.23%

4.2 HaMINATOUUVUINADY
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9
TagauusouzvouUUTIa09Na 3 Tnsaadie fe InceptionV3, Resnet50 Lia& MobileNetV2

amsngranInadounUUTas 1an a151eh 4

M50 4 Usg@nEnnveIMINAaoULYYTIaeINITiTeU; M58 10NOAULY InceptionV3,

MobileNetV2 1&g Resnet50

Learning Confusion matrix Macro average
Models Accuracy
rate TP FN FP TN | Precision | Recall | F1 score
InceptionV3 226 4 21 439 0.94 0.93 0.93 0.93
MobileNetV2 0.01 227 3 11 449 0.93 0.92 0.92 0.92
ResNet50 222 8 37 423 0.89 0.88 0.88 0.88
InceptionV3 214 16 S 455 0.94 0.93 0.93 0.93
MobileNetV2 0.001 204 26 1 459 0.92 0.92 0.92 0.92
ResNet50 224 6 113 347 0.79 0.75 0.72 0.75
InceptionV3 224 6 10 450 0.93 0.93 0.93 0.93
MobileNetV2 0.0001 213 17 2 458 0.92 0.92 0.92 0.92
ResNet50 225 5 180 | 280 0.76 0.66 0.59 0.66




TP, TN, FP AND FN BY MODELS AND LEARNING RATE

oTP *TN oFP oFN

500

400

TR TN, FP and FN
w
g

o
2
2

100

0.0001
458
450
280
22. 22!
21
80
17
10 ¢ 2 5
InceptionV3 MobileNetv2 ResNet50
Models

0.001
459
347
22
20
13
26
1 6
InceptionV3 MobileNetv2 ResNet50

Models

0.01
449
439
423
22 22 22;
37
21
4 1, 8
InceptionV3 MobileNetv2 ResNet50
Models

2 \ 4 : .
310 31 namunanaasmsnfSeuiioy TP, TN, FP, uag FN lTuuaag leamning rate

PRECISION, RECALL, F1 SCORE AND ACCURACY BY MODELS AND LEARNING RATE
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Confusion matrix Macro average
Unfreeze
Model F1 Accuracy
staring TP FN FP TN Precision Recall
score

120 229 15 1 446 0.86 0.80 0.78 0.80

130 226 10 4 450 0.90 0.87 0.87 0.87

150 221 4 9 455 0.95 0.95 0.95 0.95

Inception 160 228 8 2 452 0.95 0.94 0.94 0.94
V3 200 207 6 23 454 0.87 0.86 0.85 0.86
230 230 23 0 437 0.94 0.93 0.93 0.93

250 228 9 2 451 0.92 0.90 0.90 0.90

280 226 4 4 456 0.93 0.91 0.91 0.91

eTP oTN ®FP #FN

s = 455 452 454
437

229 230

226 - 228
207
200
100
5 2 2
. s 10 9, , 8 . 5 .
3 S - L
130

120 150 160 200 220
Unfreeze staring

TP. TN, FP and FN

451

228

226

~ ] =1 ] sAa Y ay
3'7]71 33 ﬂiﬁ’\ll!ﬂd!!ﬁ'ﬁdﬂ”li!lﬁ'ﬁlﬂ!?’lf]ﬂ TP, TN, FP, liag FN ?mmasmwﬂ5mzrm1umm::m

=
13N




40

PRECISISON, RECALL, F1-SCORE AND ACCURACY BY UNFREEZED STARTING LAYERS
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