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# # 6270020421 : MAJOR COMPUTER SCIENCE
KEYWORD: Image classification, Convolutional neural networks, Transfer
learning, Artificial marbling beef
Grace Panitchakorn : Transfer Learning for Image Classification of Artificial
Marbling Beef with Convolutional Neural Networks. Advisor: Yachai

Limpiyakorn

Nowadays, image processing is widely used as one of the quality control
techniques applied in the food and neutral industrial sectors. Whereas one of the
problem domains that deep learning excels is image classification. From a deep
learning perspective, a variety of image classification problems could be quickly
solved through transfer learning. This research thus presents a method of applying
the technique of transfer learning to training deep convolutional neural networks
models for binary classification if the image is artificial marbling beef. The three
selected pre-trained models include VGG16, ResNet50, and InceptionV3. The
experiments were carried out to construct the four models consisting of the CNN
trained  from  scratch, the  CNN+VGG16, the  CNN+ResNet50, and
theCNN+InceptionV3. Among all, the CNN+InceptionV3 achieved the best
performance, the model was then chosen for fine tuning. The evaluation of the
final CNN+InceptionV3 on test dataset reported the best accuracy of 96.7%. The
proposed approach of image classification is promising. And since the intensely,
beautifully marbled fat results in rich flavor and increased price of the cuts, more
or less, the presented classifier would benefit the buyers for detecting imposter

marbling beef with mark-up price.

Field of Study:  Computer Science Student's Signature .......ccoecevvieennen

Academic Year: 2020 Advisor's Signature ..o
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2.1.3 lasevnguszamuuunauligduuuulag 16 (VGG16)

VGG-16 ¥ugn15ua99uU ImageNet Tul 2014 [8] @elangunin15uviTuAe object

. = v [ [ ) & Y] o o a o 1 &
recognition rasduuningeaniluviaun 1,000 Uukuy Wladdgyminlraatdnenssuil
yurlun1swdadufe T Softmax lutalgesanvingveslaseaine VGG-16 deguan 4 [9] T
anunsoiibinnmesgunin vnweduamnunhesduveseaianis 9 wiladediuawinves

an1tnenssuiifouinlng e 533MB vhlinisiuuudiaesduldneasudisdnin ag19lsia

o @ o < aa o o =2 Y
ﬁll’iiﬁugsﬂ@flLL‘U‘U"i]’1a’eNﬂEJQﬂﬂLUUWUﬂMgﬂUWNWiﬂUﬂW?%WLLUﬂUi%LﬂWﬁ]an{]ﬁ]ﬁ!Uu

224 x224x3 224 x224 x64

112x 112 x 128

56|x 56 x 256 7x7x512

28 x 28 x 512
14x14x512 4,4 44096 1x1x 1000

=7 convolution+ReLU
J max pooling
fully nected+RelLU
softmax

U7 4 lpssasnlastieyssamaeuligiuuuy VGG-16

2.1.4 15918 Useanmaeaanuuy Residual Network (ResNet)

Deep Residual Network 38 ResNet gniiauensiwsnluauifenvadn Deep
Residual Learning for Image Recognition [10] #a1uauguvedlasagignazgninuserine
P9 UUnU189971 ResNet-50 HT1UIULATIAS19ES19V99UA 50 TU wazdl anUnunssuil

o a dAa J . = & A aAa 1Y d' 1 A 1
UNAUBLUIANNLIENIT Residual Network kU nALANLIENINVIUANTYDUAD NITLYDUAD



wuvdagdunistinanuistusasdeudelasnsafudeyadyyiueen fagud 5 e
WAy vanishing eradient Faintuiiedliasfinasunuulnemsusunsinesinue 9
danalinsusumsiine uadda 71U A1 Loss azilasundasiesaunnaulinuusiass
13 Optimize nSo9139zdsltT1uIUToUTUNITHN@DUTIUIUNRANYTOU LazilnagLAn

exploding gradient muufe Exploding eradients Jefidsmals Optimizer himmia‘vmgmﬁ

ANgAvRIRUUIIRBY
X
r
weight layer
.F[x] relu
\ L 4 x
weight layer identity

Flx)+x
3“1/7/7 5 Residual block

2.1.5 1A59918UsEEMUUU InceptionV3

an1dnenssy Inceptionv3 gawaiuilagfinuain Google lnendusui 3 lunszna

Inception %uzﬂﬁuﬂiqsﬁ’uﬁmswaaﬁam ImageNet Tuste ImageNet Large Scale Visual

o J a

Recognition Tud 2015 [11] FIVeAdIMTULUUTIADIUADTIUIUNITAINDSTUDY WAy

[y

lassasievesanlnenssuiies 42 4 693U 6 [12] FUATUIINUWIAIUAANANYBS

£

ao1Unenssuil Ae factorization FIAxaATIUIUVDINIINALNBTAY WAldanUszandanves

LUUAA0Y



Input: 299x299x3, Output:BxB8x2048

""" G G L G L G G G, o 1 44
- -~
I T i T 1 ! 1 } ]
|
Convolution Input: g)uép;gds
299x299x3 x8x
a;gx':‘?}?)ll g * Final part:8x8x2048 -> 1001
mm Concat
s= Dropout

sm  Fully connected
& Softmax

U 6 lassasielpsaereusyamiuy inceptionV/3

MUV UNBUANTIOULVOS pre-trained model 913 VGG-16, ResNet-50 Lag
InceptionV3 lgiuuILunUIzInnvesgunImIINgadoys ImageNet tanansuandly

N
#1919 1

#1509 1 WUSIUTgUaNSSOUe YN UUTIaed VGG-16, ResNet-50 Uag InceptionV3 91013

lFyadeyagunin ImageNet lunsisens [13]

Model Size Parameters Top-5 Accuracy
VGG16 528 MB 138,357,544 0.901
ResNet50 98 MB 25,636,712 0.921
InceptionV3 92 MB 23,851,784 0.937

2.1.6 n1si3euianelau (Transfer Learning)

Hesnnnisaousuudnassiausisududnludeddusuadoyadiuiuuin vielild

° Ao v w . . a v o a Y
wuudnaeeiiifenilu-(Generalization) usnannusuiuvesteya ulladeiseanailuns
Uszananavestoya uazAanududouratiuuingaes mallansiseuianelowdegniunldiie
ianuianwuudnaesilasunisiinasy uaznaaeuneuvti-gevinadnsnisiuenuliug
vuiegnsiseuinindifsaiud miuldludruniivesuuinassfiasnagulnl wieanms
narlunisinaeu wazn1siegudnyMzYasuuIIaesnlusEansainunUseynd iy

wuudnaewavyadeyadeulvil Fse1vvsivuinlng vsevwiadnila [14] eg9lsid n1s




Uszgndld transfer leaming finagaasiarsaladelunisusudamisiines (fine-tuning)

fukuudnaes Wvangauiunudy 9 duvfuanudesnisilesnunisidnsiseusaneleu As

4

0y

WUUTI80IA9AU (Pre-trained model) Ay Tunsiden pre-trained model nungauiu
nuyalnidedesdnisnaasuiUIguiieuluilowy d1eg19 pre-trained model
Usgansamuaziunfeuldiuaudwunussinngunn 1@y VGG-16, ResNet-50 wag

InceptionV3
dnsutuneulunisldnsseudneloutu awnsathluldlavdn 9 3 Tuneu fie

1. nsieuiangleu (transfer learing)-11n15Udn pre-trained model kag weight 910
a01UnenITUAe 9 NYNRNABULALNAFDUNILAT IALAINITAEDNIINLUUTIaBIN
ausIouLA viseanunsaisalleteuaalmildnuuelnalAesiudan v doyayaiay

a ] = % a A =2 S o = )
visiludrunilsvesdoyatiungninasuni 91nuyN1In3e (Freeze) NNTUTBS

convolution U84 pre-trained model

2. LLaﬂ@mé’ﬂwmznmma% (extract feature)-az it top model %aLﬁu%’juuufjmaa pre-
trained model wazldduvos pre-trained model IUﬂﬁﬁWmm@mﬁﬂwmz pre-trained
model wagilnausuianig fully-connection lni@onuunudl top model FauFuusa
toslel

3. n15USUazden (Fine-tuning)-v1n19039 (Freeze) Tuun9tuvas pre-trained model 7

a = o =% (% v 6

Inafiudune waryin1slndu convolutional Mwide Feinknaeudunlng futunadns

e fully-connection

2.297U38NN8I T4

Aav o a

PNMIANIAUATINWITEINgITeTUNSARLeNAMAMe FUANUad e luiTasig

9 W seRuateiiugeu wieszauluiuluile wui InsdnauewaiianisSeuiivainvany

aa

WANA9NEEN LY NIlULIYDINISEDNABUUINRBINNY, N1SUSUNITITMDSTNUAUNTEN kAL

[
v v aad o

TanaanTIaULYeMuUTIaes Invadailisn1sunaue transfer learning Wisldnuiuyndeya

[

suamlul Taufienwddenly transfer learning Auyadeyaniianvarlndifvsivyntoys

Y
i 1 il
v =

T 5153 UTUIUIToATIU LeVNN15ARLADN pre-trained model wag pre-trained

weight
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2.2.1 Reningrdesiunisinnenaaniwiliafenin
Kim [15] Wnauanishd CNN witeldussunaArludiuunsn (Intramuscular Fat

a v

Percentage: %IMF) fegUndaniiendvenioiiussuguosssmaniug fagud 7 1
fin5l4 K-means Tun1snsdawen %IMF sendu 10 gUuuy T mdansignsiuiuns
nseugaiiaulaluniw (region of interest-RO) Lleyinnsilnaaunuusians CNNs dAIAw
wsiugveanisUssamanlufuunanluie aduginfu 98.2% uagldan correlation
coefficient \iguszninsausualuiuaswazarussaadinaluduanuuudiaeudu

0.97

FUT 7 mmdansivranvesloTaiugdugvestsumamnmasiuiunsinsevafiaulalunm

Penning wagaue [16] Ynauaislunislinzuuuanningin (carcass quality) lng
SalusiPlagl ity ussiviiuanseiu TasrSeuieunisldnisiinseiaiw uasuuui
@049l9 Rapid Evaporative lonization Mass Spectrometry ‘I/:l"ﬂaaﬂs{’fmﬂﬁﬂﬂ’lif‘j‘suiﬁum
iFeailaiiunnuinagauiugilunmsussdununmen sniuiladuanefuseuluile

(%
Y

Wiguiguisiteuiviavun 8 danesviudmsuliazuuuamnimein luladesng q dsll dane

=

anunlvauuduggegalud1useaununIn@e principal component analysis (PCA)
32UAUNITLY feature selection wag linear discriminant analysis baA210LLUET 82%
ANTUNITTIUNUMATINN support vector machine-linear Tdaruudue 99% dwsunis
ARLeNa8Wug support vector machine 16 85% mwmg'mauﬁé XGBoost laA3LaIuE
geanil 91%

¥
(% N

Fitri wazay [17] diauedana3iiunisduuniafngadmiunisseyamn1mieniy
anefiugeu setuludiuunsnluile nsfinwlidwunAun e laaleiudounuILIATe

arpdusou n1akunUszsianlunisfnerllydanasfu support vector machine, linear
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discriminant analysis Wag Decision Tree Uana1nd ludunsunisnaasuly k-fold

validation titel#lauuudiaasil error estimator fian Yadeyauundutayanisinuas

Y

(%
A

naasudeyalnyly 10-folds cross-validation nadnsvesdanasiunananlusuil A

Decision Tree NANULIUEN 91.42%

Salsabila wagamz [18] SwunUszinnillodniainidoduna (Texture) lngldlasedig
Uszamiisuwuunauligdu (CNN) ieuenuezilanyiazilodiosninaniunisalsiaigs
waziinanuduauiiadendelaglufiinemdunuude dnsldmeadia regularization Sau628
1o Dropout, L2 waz Max-Norm gniluldiulumanaziussuiisuiiielvlanadnsnis
o z-gl} o/ saaa o 14 v v 1 1 ) Y1 1 o
uunUszianiledninangn wazvihungdoyaluilaegraudugi lodrauusiugigean
97.56% Alaarnluina CNN lngldmaiia Dropout laeld 0.7 Aldlaiesnisifmes 1u

Adam's Optimizer, fully connected layer vu1a 128, uagld activation function fie Relu

2.2.2 1AdNUsEEnAld transfer learning Auyadayanin

Ju wazAng [19] Uszenald CNN 3 transfer learning WiaARLENNANNIINLATU
a 1 I~ U & a 1 =
AULEEVY tngwudaandu 5 JULUURINaNEUZHaNTT AD UNG, LU, wan, Luaengn

Yasn LLazLﬂuﬁﬂfﬁmaamm fa5UT 8
U

(a) Healthy (b) Rotted (c) Split (d) peeling (e) Russet

U7 8 #2061 193UNIMNNTININAN WULHANNT)

lnsyadeyaiivruiutios 1udnvasdyniuuu fine-grained image classification
(FGIC) ilosanyadeyausazyssianiinnuuansiafisadnies Juihnsiesdainudain
pre-trained model Uag pre-trained weight 3M1nN15HNARUULYTEYA ImageNet TauAUNT
afanuudianinszna ResNet Llefsnudnuuznanmiilsuanudens lnewIeuiiioy
AIAIULLUET IINWANITNARDINUTILUUTIADY SE-ResNet50-CL Trindnuusugngans

94.15% lun1sARKENINT
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Ozgenel wavaue [20] vinnsAnwILazIUS8ugUUIEENTAINUBY Pre-trained
model Uz pre-trained weight fignilnasuuuyadoya ImageNet Lilons193usosi1nly
91A15103UN N é’fqgﬂﬁ 9 YIN19IATIERUTEANT AN DS AlexNet, VGG16, VGG19,
GoogleNet, ResNet50, ResNet101 way ResNet152 TngiSoutiisunasiuiuduves

WUUd1ae9 IWINTeniwesignindeu suludsuieuiisumevuinuasntayanni

o
v [y v

’Lé’j‘i’]ﬂaammwayjamwmaauLLUUﬁwaaaﬁGm U Aaws 350, 700, 1750, 3500, 7000, 14000,

[y

21000 Taudis 28000 21w UnauamuaAiudILIU epoch Tun1sinasukuUIIaeY 1MNKEA

LY

N1snAaaenuIn AlexNet, VGG16, VGG19 uag GoogleNet Tinnuusiugigeiuyadayanin

9 Y

- a a 6w o v A

5985179119 350 A Tuvuensena ResNet TidszanSamemduauinayadeyanidniaile
Anasuluseuiusn uannuuudtassliauwdugininnidt 90% lun1sinaeusounaes
9813137 Pre-trained model nnuuulduseansnmvesuudnasiainii 90% weyadeya

Hnaoutlvuia 14000 nwduduly

U 9 daeehsyndeyailingeu uazynteyanaaevlusiunsiasusesinlueinisaingniw

[

Hosny wazaaug [21] laviinisduunwaduasaiuaaingdnimainnisnsiaiiiade
lngAnfulilansian1ane153nen (Histopathological) lngldy transfer leaming lunszna

AlexNet, GoogleNet, uaz ResNet IneldyndoyaiioidouziSelndffivuin 260 gUnw

¥
o

wintiy wiasenilu 240 gunmdmsugadeyaiinaou waz 20 sUnwdmiuyatoyanadeu

o
Y Y

Fadldregeavianun 4 LUy fagufl 10 Ae A Waliound (Normal tissue), B AuAaUnfnly
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Wuwidude Benign abnormality), C uzidsluwnasnnila (n-situ carcinoma), D 1gi5
s¥urgnay (Invasive carcinoma) lagusag pre-trained model %Qﬂﬂguﬂqﬁy’u fully
connected 210 1000 Uszinniiiasannld pre-trained model 371ANITUYITUNITTILUN
Usztangunim ImageNet widsifies 4 Uszian 3nuanaaadladn ResNet lasuainuwsiug

g90le 85%

UM 10 sheenyntaganimiaident 4 wuuilelunisdmuuniaasyzisuiuuangunm

2I1NN159 TNV AEFTATULHONTIDN NN 15 INE)

Demir wazAmy [22] diausnisiltuniwadusisionda 2 Uszsian de Urudilyl
duns18 (benign) way uxiSaivls (malignant) Iaeld pretrained model wuu Resnet-101
wag Inception-v3 fignilnasufugndeya ImageNet unld Fimquszasdiiionsiady
waduzSeldfudsrozFudi neldyadoyasuniwiaun 3297 sunn Tnsudaduyadoya
Anaau 2437 7 YavoyaNAdaU 660 NN ULazYATDLANTIVADY 200 AW WU Resnet-

101 I¥Aaiusiug 84.09% luvaigil Inception-v3 lémnuusiughgada 87.42%

Liu wazanse [23] dnauenisldnisseuiaglouniuiulasergussamiisuwuunou
Tiatu Wen1sduunueinseimzenmslussezusnieyadeyaguninainmeluladdes

N&BIRUY M-NBI (Magnifying Narrow Band Imaging) fiagu#l 11 a1nuuudnaeensiseusang

I
v o o

19U 3 WUV AB VGG16, InceptionV3 Wag InceptionResNetV2 BnvIREIUAUONANIZNUUDY
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[
o 1

nsUSvasidealassneludueing 9 3 sUwuusieiu lokn asfian1snsaiamun asienisns

ATl way Livinisagianisnse lnednauussaugainuuudiasanisiseuiaieloudln

v v 14 (% I

AUsTAUENANAAIN 3 ArTaneiu Ae accuracy, sensitivity wag specificity Wudn

LUUTa09N 1T 5euaelaul UL InceptionV3 TiaussousNfnanloasNin1n3amnvmuann

[ (%
o [ a

U NI US9RINN1TUSUaLLBenluTunaua7IaN1SR3 1A accuracy, sensitivity Way

specificity 101 0.985, 0.981 wag 0.989 MUEIHU Fauandlunisen 2

JUTT 11 #208199890158AF09T5: AALULLINOULAZULINTDINA TN M-NBI

#1572 RAANSYEN InceptionV/3 NUSULSNOENALLDEATUTUS 199

Fine-tuning Accuracy Sensitivity Specificity
Unfrozen 0.985 0.981 0.989
Half frozen 0.962 0.953 0.969
Total frozen | 0.930 0.910 0.947
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uni 3

LUIAALLAZITNISIVY

nuieiliinauenisaiiawuuinaesnglasaiiglssamasuligdusiuiumaiianig
= 7 dl' o dy U a 1 I & -:‘l’
Seuianelou Wien1sdwunussinnamilledateiugeusenidu 2 Usean fie 1) nwile
% a 1 a QII v = C% dy % a 1 d‘ 1 Ya CY o U
FangFussuisunleainnisantuiu wag 2) nMnleansiuseululeanluiiy a1nues
AMTenUady 4 Junaundn aanansluguin 12 Usenauie 1) n1snseudayazuning
dnldluanuidde 2) msteuiguwuuitasimsiseuiinglowielddmsuyadeyanasa
Fulval 3) NFUSULAIENITOULKUUTIADY hag 4) N15UTLEIUANTIOULVDILUUTIADINS

FUNUTTNNA ML T8 UD DY

Input

Data preparation Performance comparison of

Pre-trained models
* Data cleaning

» *  Data augmentation » *  Simple CNN
. VGG16

* ResNet50
* InceptionV3
from online butcher’s shop
Output Evaluations Build and Fine tuning
the model
Beef with injected fat ®  Confusion matrix
‘ *  Accuracy « *  Best pre-trained model
* Fl-score
Beef with non-injected fat

U 12 Tunendsisen)siseuznteleuamiun 5o munUssnnnimieargiueouies

= v
3.1Msmseugndaya

HUTIUTIA ML Ia18useu wiseaniuilatininisdaletiu wazluleanlushy
9N51UA19UlaLNUIB0D IAYAALEBNAINALNISANUALAAINLIYDNUD kazTin1SANTUn

L U 1 v dgj U L dl
i%ﬂ‘Ul“Ullu@EJ’]ﬂ‘UﬂL‘UUG]’]ZJM’]GWEWUQGJQ’]WLL!’E]’J'J ﬂﬁLLﬁﬂﬁIUE‘U‘W 13
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froshTAP

U7 13 dreengtiilodadnluivainiumesulainindeds

n13wssNYATayaUIEIIaNaneu (data preprocessing) Useneulusie 2 dqu
paEfy Ao

v ¥
a 1 S

1) vhauaze1nteya (data cleaning) finfiudiuvaininiiloniden Andendiu
Yasilafiwansanelvunlifnesrusenaudu wu Unede fonwslunin wselusugiuuen

YoTULle FeFREegUN 14

TrishTApP

U7 14 meimuareImtayazunimie

2) MfiuiuIugataya (data augmentation) Winduuyatayadmiuyatoya
Anaeuwuudiass ludrwnisveniivaswiudeyanaaouavgnuiseeniu 2 du fie wuuld

uywe wazhuuldlaussonluds
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dindwuygadeyawuulduywd agvhimsiiudiiuainainamileduiieniu win

Fullelivwnlgjazynmsuusguiledalauinndt 1 sUuam Asgun 15

Winduuyateyauuulflaus3snlusia az3in1s flip, zoom T2ufls re-scale
sunmlldundeyatindrdmsudu input wisulidwsulasaadha Pre-trained model i
3 LUV A® VGG-16, ResNet-50 Waz Inceptionv3

Tunsinaeunaznagouwuudiass agyinswustoyasenidu deyadeu doya
ATIREeY Uarteyanadey Aansed 3

M15797] 3 a7UIIuTeyadeu TayanTIaaey JeyanaaouvedloriaasusHam

Uszangunn Joyasou dayansivdau | dayanesou | Iuau
(image class) | (training data) | (validation data) | (test data) Narun
ilednlusiy 175 40 50 265
lelalladalutu 175 40 50 265

37 350 80 100 530
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3.2msadnuuTasaiianisiUsuiiisuuuusiassnisizeuidielou
1A158374 baseline model fglasstnguszamiiisunuunauligdu (CNN) Aden1s
Anaeuuuudassmaudiiudulnslduvugadeyatinaou wavyadeyaninvaoy wazvinis
yaaoukUUIaeIMaTeudieloui 3 uuu Ae VGG-16, ResNet-50 wag Inceptionv3 Tng
1% pre-trained weight 911 ImageNet wazTnaz T uNIAETY classifier e top model

NUUATITU convolution NINRUAUBY pre-trained model sauAunSIUABUTUY classifier T

a

winzauiunsIsunwuuluens lassaiauudassnuiunsseuiaielou wanadegy

16

Input Layer Convolutional Base Classifier Base Output Layer

A — e
(7} o o o
Input P P > S
(] —_ (1] 3 © — o
= [0} i | [0} =y [0 =3 Class 0
- % — % = % =
© (1] ©
c = c - e = o
- O = o = O =» o = O =» o —_ =} —_
) c S & S c ©
. = = = = = = Qs__i
Pre-trained g 8 g 8 (>) 8 B Class 1
Weight g o 8 (%5 8 a ﬁ
(ImageNet) ©) O v ()
| ] | |
Freeze Convolutional base of Pre-trained model Customize for our problem

U7 16 Ipssas1auuudiaavsunumaseuinisaielou

NUUYINNNTUUNNANTTOULVDILUUTIADING 4 kUU AB CNN, VGG-16, ResNet-50 wag

InceptionV3
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3.3N19INEUIIOULVDILUUTIADY
nsfnaussouzvesuuiaaslunuifel sldmanuuiugivesyateyatin o
foyansraaeu Ingldranuusiudirnanvuziinasuiuuiiass Uszneudu epoch fild
Amuktugiifian dmsunisinaussausuuuassuudeyanaaouiiu aeldfinund
sz uitall fe confusion matrix 9 ntuhlumuamAnNLILeT AauTienss A
ANUATUIIU UagAevy
confusion matrix Usgnausneiringiu 4 i famsed 4 Usenoude
1) True Positive (TP) fie nadwsTuuUaesiwsnmiilodnluiiuldegisgnies
2) True Negative (TN) fio wadwsiiuuuaeshweiiolidaluiulfegnegniios
3) False Positive (FP) fio nadwsiuuusasshueidodnluiiududia

4) False Negative (FN) fe nadnsnuuudiassviuneileludalufuduia

#7139 4 confusion matrix #193UNTITIMUALTEAEFUSD U

NaNIuNY
\adnlviuy eludalugiu
TREREITREN \ednlviiu True Positive (TP) False Negative (FN)
Welddaludu False Positive (FP) True Negative (TN)

v v

AP TAANTIOUL VO UUTI8IAUNTaA LA 91nA19199 11 confusion matrix
Usznaumg

1) AmuLLugn (Accuracy) @u1saAuIulaanaunisi 1

A _ TP + TN o
ceuracy = b I TN + FP + FN

2) AANUTAEIRS (Precision) @u1samulnlaannaunisi 2

TP
Precision TP+ FP

3) ANPNNATUSIU (Recall) @unsamuiadlaannaunisi 3
TP
- (3)
Recall TP T FN
4) AenIu (Fl-score) @aNu150AUUlAANNALNST 4
Precision x Recall

F1 — =2 4)
score X Precision + Recall
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3.4nN15U5UAZIDENEUSIAUSVDILUUDNIADY
3.4.1  USUAZRYNINUIUIUVRILUUINADY

n1sadwuudnaeslasetislszamaeuligdu s3udy Pre-trained model #1ld

[y o a 1 |

aussaughananiuyateyaiieitaneiusey sruiunisusvasideauuuinass Ae N3

U5U%U convolution base kazyinN15aZAINITHIIIUUNTUY 18aLyinn1smse (Freeze) Tuung

Y

U919 pre-trained model NlnduTuUTDNALLT LaZVINNISRATY convolutional MLA@D &4

Y

o ' 1
Yo o v s

AnAnasutunlnanutunaans way fully-connection waavinnistufinuainnisagieiulad

N

v = LY 14 ! ) Y k4 <=2 v MY o d'
fapspennanwrvesyatayazunmi ihanldiugadeyainasudilvils dsgun 17

Input Layer Convolutional Base Classifier Base Output Layer
% o o 5
Input > > > b
ﬁ 5 S 5 ﬁ 5 o Class 0
= > = > = > =
© © ©
(= = = — = = k)
-> O =»> o = O = o = O = o —_— ) !
=] = = c =) = ©
Pre-trained = ° = ° =2 ° =
re-traine o o o — Class 1
Weight Z & = g 2 & a
= c = K
(ImageNet) 8 8 8 (63}

|

Freeze some layer and train a few layer
Customize for our problem

Convolutional base of Pre-trained model

U 17 lassasauvudiaessaununinseunisaglousiunsusvaziden

3.4.2 Stratified K-Fold Cross Validation (K=10)

Snvilamaiiafannsayiulgsansiausvosuvuiiass ieyndoyaiidiuudifn e
1514 10-Fold Cross Validation LileU§uUssaussouzuuusians uazan bias v0auuuUiaes
Tngfiazvinisutsdoyanen 1Wu 10 dau lnsluudazdiuvesdoyarzgnuissenidu 2
diugoy flo YatayarnaeY LAy Yntayanaaey 1AgYINITIUNARBUIUATU 10 FOU U7
thunasUnaaussauzuuuitasdlagiade udiiesninnisutadeyauuy K-Fold Cross
Validation silueraiiatlymilyadeyadgnuiaiiotuiinaoutusmzseutu q fan
bias Tunanalananails fsgufl 18 annsld Stratified K-Fold Cross Validation 3gnyjianld
WeuAtymaanan esandeyalunsazaaiaszgnudsmudadiuudazaanalu 1 souves

nswuadeya fagun 19



CV iteration

CV iteration

KFold
[ Testing set
0 mmm Training set
1
2
3
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U1 18 msuatayauvy K-Fold Cross Validation
StratifiedKFold
[ Testing set
0 mEm Training set
1
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3
class
group Bl B I
0 20 40 60 80 100

Sample index

g‘dﬁi 19 nsuve¥ayauvy Stratified K-Fold Cross Validation
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uni 4

N1INAADILLASHANTINAGA D

nuIeihinausuuiniiniswunteyanimaiglaseinedssamiiounsuligdu
Swfunsieusaeleuniandn 3 WUy Ae VGG16, ResNet50 Wag InceptionV3 wWieguiiigy
Aun1sldlasetngyszamiisunsuligfuunfinaenaaunausiisudy Tunaun1Imaaes

asuneluitenaluil

4.1 ANTWBINAIUN Y LUN1SNAADY

19 Google Colab Fatduusn15uuy Software as a Service (Saas) Inaiilaad
TUsunsudu Jupyter Notebook ¥1191uuu Cloud WuusnsfisnuieanuagnInnIsRRILN

gondwIsilung19un esngRmuIEINITaRmMSNensUL Google Cloud snldlunis

Y

Uszananald Inelduinisuuuiianldd1e (Google Colab Pro) sa1u3ald (Graphic
Processing Unit) Saduniasusvananaientunsifinlaeante uazaunsaldmizoainud
wsuaum 25 Angludlulnum High-RAM

T¥n1w1 Python TunisWaiuniuusiaes fauisalduu Goosle Colab $a3ufunTs

Tglaussann keras, ski-learn Lag matlab

4.2manssnyadayanlilunisnaass

=2 ¥ ¥

n1sdulnanyadeyaiinasu Yadeyansiddeu wasyad

Y q U q

ayanaday Negargla

Waines Thesis_Beef § Google Drive #a.duu3nisiiudeyauuy cloud amnsawdniagg

Joyalaanyni lneillassairalames fagui 20
L—Thesis_Beef
I—test
| —TInjected
| L—NonInjected

—train

| —TInjected

| L—NonInjected

L—validation
—Injected

L—NonInjected

U1 20 lassasraliawnesyntoyaiildlunisduuntssnnnimilealeiusouiies
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0 Y] v & a a I saad 1 . A o ~ v
aqwiU‘qﬂﬂJﬂiﬂaLu@aqﬁﬂUBBULVlEJNBQIUIwaLﬂ@iV]ﬂJGUE]'J'] InJected Luamqﬂqiﬂ\ﬂlaﬂﬂa

wielflumsilinasuazeglulaisnne’ ~/My Drive/Thesis_Beef/train/Injected fisguit 21

Aop Le
L Drive Q  Ssearch in Drive

MyDrive > Thesis_ Beef > train > Injected ~ 2

F New

U 21 daegnmdayaiinaoulunalssinnileargiueauieulu google drive

3

dwugateyailonlilyaeiivdeuiieneglulnanasniodn Noninjected ey

nsisdeyaiielflunisilnasusglulaisnned ~/My Drive/Thesis Beef/train/Nonlnjected

ﬁqgﬂﬁ 22

& orive Q  SearchinDrive = @ 0 & # W

MyDrive > Thesis_Beef > train > Noninjected ~ BB O

b New

» @ myome
» G Computers

&, Shared withme

@ Fecent

U 22 daeennmdeyarlingeulunavszinmileniulvaleiueeuiisulu soogle drive



24

Tudupeunissenldzunimain Google drive 91Jusioelins Mount drive Liefstaya

1lwlu google colab T4#nds drive.mount(*/content/drive’) aelélauss google.colab

1
[ 1 [

wagvhnswdeulasnnesludaunndyadeya memda %cd ~dir Asgun 23
° from google.colab import drive
drive.mount('/content/drive')

#Thesis Path : /content/drive/My Drive/Thesis Beef
$cd /content/drive/My Drive

[» Mounted at /content/drive
/content/drive/My Drive

U 23 ynmadalunisitiousiayndeyaly google drive AU google colab

dmsunsindrdeyaiieglulasnveives google drive Nignuundugadoyaiinasy
YAUOLANTIADU havyntayannaautL Ivaglu train, validation uaz test MUY A9
wanalugun 24 Wesandeenismnualigadeyanisdnuuniioatgiugauisuiienis

WIguLguansIauLreluUINaeIiugIu (baseline model) fuluuinaesagleunsiseu;

(%
Y

a < v & a [
9 3 Fun [WuveyalarguninleyaneIny

[ ] base_dir = os.getcwd() + '/Thesis_Beef'
train_dir = os.path.join(base _dir, 'train')
validation_dir = os.path.join(base_dir, 'validation')
test_dir = os.path.join(base_dir, 'test')

# Directory with our training injected fat pictures
train_inj_dir = os.path.join(train_dir, 'Injected')

# Directory with our training non-injected fat pictures
train_ninj_dir = os.path.join(train_dir, 'NonInjected')

# Directory with our validation injected fat pictures
validation_inj dir = os.path.join(validation_dir, 'Injected’)

# Directory with our validation non-injected fat pictures
validation ninj_dir = os.path.join(validation_dir, 'NonInjected')

# Directory with our validation injected fat pictures
test_inj_dir = os.path.join(test_dir, 'Injected')

# Directory with our validation non-injected fat pictures
test_ninj_dir = os.path.join(test_dir, 'NonInjected')

U7 24 nrsimunlaisnnesiiedniiteyalngey Jeyansiaaevuazteyanndou
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£ IS

Wesnnyadeyaiivwindn Jadddmatianisiinduiudeya (data augmentation)

o P v PN

AagUN 25 dmSuyateyanldlunisiinasuluuidnass (training dataset) A8N1T rescale,

Y Y

e

z00m uas flip Inedimsimuaalimsfinesd el

- ¥1N13 Normalized Yoyausaziinwavasgunmlviegyis 0 fs 1 men1siines

(Rescale = 1./255)

- YUBUNA (zoom_range = 0.2)

- wandunalukwiweu (horizontal flip = True)

- wﬁﬂauwmiuumé"fa (vertical_flip = True)

dmiuynteyansiadeu (validation dataset) uagynteyanaaey (test dataset)

%1113 Normalized doyausiasfiniavasguniwlifogdas 0 fs 1 Fronimiiwes widy
n¥saniuvinistmue flow YBIUARLYALABHINITAIMUA path YosYATaYaR1e 9 NvIUA
yunueagunmdy 150x150 uagrimun batch size iy 5 FsRedmaudeyadiluldly

ANSHNEDULAAYTDU

# Adding rescale, zoom range, vertical flip, and horizontal flip
train_datagen = ImageDataGenerator(

rescale=1./255,

zoom_range=0.2,

horizontal flip=True,

vertical flip=True)

# validation data not augmented
val datagen = ImageDataGenerator(rescale=1./255)

test_datagen = ImageDataGenerator(rescale=1./255)

# Flow training images in batches of 5 using train_datagen generator
train_generator = train_datagen.flow_from directory(

train_dir,

target_size=(IMG_SIZE, IMG_SIZE),

batch_size=BATCH,

class_mode='binary')

# Flow validation images in batches of 5 using val_datagen generator
validation_generator = val datagen.flow_from directory(
validation_dir,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH,
class_mode='binary')

# Flow test images in batches of 5 using val_datagen generator
test_generator = test_datagen.flow from directory(

test_dir,

target_size=(IMG_SIZE, IMG_SIZE),

batch_size=BATCH,

class_mode='binary',

shuffle = False)

U 25 maiiugIudeya (data augmentation) 8msuyaveyanlylunisnaasd
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4.3n15ANIUNTTAZT UGS

yhmsdnlavsiiduiusomsaiiuudians 910 keras faguf 26 satlazinanlély
nsadrsuuuiastuuuiasdlasidielssamasuligiu dgniinaeulvaldudiFusu ua
v llda%19du Fully-connected (FCN) @wmfusuunussinmiioarsfiuseuiiouliiu

Wuudnaeaseuiinelouy

from tensorflow.keras import Model, layers
from tensorflow.keras.optimizers import Adam

3U7 26 laug3ianiugenisasruuudiaed

4.3.1 wuuaiaeslasedrsyszamuuunauligdu (Convolutional Neural
Network-CNN)

wuudasdlasetigUsramuuuaeuligdu Sudeyatud1vuin 150x150x3 AuAIY

) & o & o v & . ~
AT ANILEY WAEIINTUAWUU RGB ¥893UAM A1ndutd it convolution kuy convad §
fiansa (filter) YuUA 3x3 WoNADAUTU pooling UL max_pooling2D UUIR 2x2 T1UIU
NINA 3 Fu Laslsagtules convolution 8 16, 32 Lay 64 layer MUaIAU MAUA strides
lumsideusinseadu euiiag 1 wagldyiinisiiiy padding 9antiu 14 activation function
Wu RelU Aflvauwwnaaws 0 89 x Inewdu 0wl x fAteeninvsomnnu x wasidu x Wed

ANNNNNTN X FIANNISA 5

R(x) = max(0,x) (5)

dm3utu Fully-connected (FCN) agSudayaainduneumi uags1un1svi flatten

L‘U%ausﬁagamﬂ%’udawﬁﬂﬁﬂunﬂL@@%ﬁumm 1 98 wardad19uy dense vunn 1024 14
. . . I3 o [} gj v & g.; a o

activation function tUu RelLU Lagd@ MIutuganIgaavu output tiweankundsstnangunin

Weaeiiuseuiion azlddu dense aunm 1 14 activation function 1y Sigmoid M1aglie

Turn9 0 89 1 Wity Aeaunsy 6

(6)

o(X) =
0 1+e7*
NMsasuvItasawuureulatulutueudeiiuaiifie iy azldlasass

wuuiaes sananslugun 27
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Model: "model”

Layer (type) Output Shape Param #
input_1 (Inputiayer) [(Nome, 150, 150, 3)] 0
conv2d (Conv2D) (None, 148, 148, 16) 448

max pooling2d (MaxPooling2D) (None, 74, 74, 16) 0
conv2d 1 (Conv2D) (None, 72, 72, 32) 4640

max pooling2d 1 (MaxPooling2 (None, 36, 36, 32) 0
conv2d_2 (Conv2D) (None, 34, 34, 64) 18496
max_pooling2d_2 (MaxPooling2 (None, 17, 17, 64) 0
flatten (Flatten) (None, 18496) 0

dense (Dense) (None, 1024) 18940928
dense_1 (Dense) (None, 1) 1025

Total params: 18,965,537
Trainable params: 18,965,537
Non-trainable params: 0

U 27 InsvasvesuuuiaedlnsegUssammouligiu

4.3.2 wuudnaadlasedneuszamasulagiuluuiing 16 (VGG16)

nsudlaussuuudiasinisiseusuuaieleunuuiag 16 Rnduviin1siudeya

UL d1vU1A 150x150x3 M13AI1UNTIN AFINE LAazIINTUARUY RGB ¥893Un M wag

(%
U =

Wesnnyadeyanseinisdiuniidnwaensiuunsniulasaiauuinaeman dady 39
laddi@en159u Fully-connected (FCN) wuud1aasn1siieuiatelouunld deevianisas
' a 5 . v ° . . a = Yo
AM13130 0% include_top Tkl False uazin weight 21 imagenet Migninasuwldiu

wuudnaes fegun 28

from tensorflow.keras.applications.vgglé import VGG1l6

# 1) instantiate a base model with pre-trained weights.
pretrained model = VGG16 (
input_shape=(IMG SIZE, IMG_SIZE, DIM SIZE),
include_top = False,
weights='imagenet')

U1 28 n5i5enly pre-trained weight Sauiumsiseusuvvatglouuvuiig 16
INUWIAALAENTIIETITE 3.3 Tunsasisiuudnaeimsiseuionelou eAeinng

m39A1 weight U999U convolution Nanun lnan1sasaliuaay layer #39A (Freeze) Tildd

nsfnaoudn Iy trainable 1Wu False Aaguil 29
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# 2) freeze the base model.
for layer in pretrained model.layers:
layer.trainable = False

# 3) Create a new model on top.
last output = pretrained model.output

3‘1/7/7 29 11393977 (Freeze) kuvi1aey uagly pre-trained weisht 979 imagenet

PNUWIANKAENTIETTe 3.5 TunsuTulisaussauziuuiasmsiseuianelou
aunsafnazlinann weight U1ty convolution InanisisAnliuras layer Ty

trainable U True

ntUlgTu Fully-connected (FCN) illaunuudnasslasstiiedssanniiuuiuunau
Tatunweusiolutudaly deagiuteyaanndunount wazs1un19¥ flatten Wasudoya

nTunsunt lndunnwesauin 1 98 wardididu dense u1n 1024 14 activation

[ [ [
U 4 A U

function tJu ReLU wagdmsutugainefedu output T49u dense aunn 1 14 activation

9

function 1¥u Sigmoid ﬁﬂgﬂﬁ 30

Convl

Conv?2

Conv3

Convd

Convh

fc

Convolution + RelLU

Max Pooling
Fully Connected + RelLU

Sigmoid

U7 30 lassasauuudiaevlnsetiguseamuuuiad 16 iedmunioargiveaiuiie

[ [

ANSUVUINVDILATIAS19UBILUUTIABILATIUNEUTLAMLUUIATR 16 NEIINYIINNS

YFulsalassaialimngiunudiuniieansfiugeumieuanimde 3.3 Tunuidel wanans

a

IUN 31
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Layer (type) Output Shape Param #
::;ut_l (InputLayer) [ (None, 150, 150, 3)] 0
blockl_convl (Conv2D) (None, 150, 150, 64) 1792
blockl conv2 (Conv2D) (None, 150, 150, 64) 36928
blockl pool (MaxPooling2D) (None, 75, 75, 64) 0
block2 convl (Conv2D) (None, 75, 75, 128) 73856
block2_conv2 (Conv2D) (None, 75, 75, 128) 147584
block2 pool (MaxPooling2D) (None, 37, 37, 128) 0
block3 convl (Conv2D) (None, 37, 37, 256) 295168
block3 conv2 (Conv2D) (None, 37, 37, 256) 590080
block3_conv3 (Conv2D) (None, 37, 37, 256) 590080
block3 pool (MaxPooling2D) (None, 18, 18, 256) 0
blockd convl (Conv2D) (None, 18, 18, 512) 1180160
blockd4 conv2 (Conv2D) (None, 18, 18, 512) 2359808
block4_conv3 (Conv2D) (None, 18, 18, 512) 2359808
blockd4 pool (MaxPooling2D) (None, 9, 9, 512) 0
block5 convl (Conv2D) (None, 9, 9, 512) 2359808
block5 conv2 (Conv2D) (None, 9, 9, 512) 2359808
block5 conv3 (Conv2D) (None, 9, 9, 512) 2359808
block5 pool (MaxPooling2D) (None, 4, 4, 512) 0
flatten (Flatten) (None, 8192) 0

dense (Dense) (None, 1024) 8389632
dense_1 (Dense) (None, 1) 1025

Total params: 23,105,345
Trainable params: 8,390,657
Non-trainable params: 14,714,688

U7 31 lpssasuvudiaevlpsitigusyampeuligiuuuuiig 16

4.3.3 WUUINA9lATIYI8UsTEMTIANLUU Residual Network (ResNet50)

dwsunisdidilaussuuuinasamateuiiuuitlounuulaseeussamidednuuy

Residual Network 50 4u Tdaufisnisnisasiawuudiaeenasainiiinisusuusalaseasiali
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! al

WA UINUTILUNLLA18RUBUMIEUINNIITD 3.3 TTUNDUNITAS 1N DUNUKUUTIABY

aAaa o U

lasstngUszamiiiennuudil 16 dmsurwnnvedassaiwasuudtaonduluds sui 32

=
0
>
5
o
o
~
x
~

1 x 1 Conv, 64
3 x 3 Conv, 64
1x 1 Conv, 256
1x 1 Conv, 128
3 x 3 Conv, 128
1x 1 Conv, 256
3 x 3 Conv, 256
1 x 1 Conv, 512

Fully-connected

3x dx 6x

U7 32 laseasiuuudtaedlaseeeUssamideaaniuy Residual Network 50 9

BT MU TpaI8 T U DU TIgY

4.3.4 wuUINaalATIUNEUTEENUUY InceptionV3

dmfunmsdudilavssuuudiassnisissuiuvuaieleunuulaseineUssamiuuy
InceptionV3 luaufisn1snsaitsuuudiaemdininyinisuivsslassadslimunsduau
Fuunioasfiugoudisuainiate 3.3 fduneunisadaniloutuuvuiiasdaswie

Uszamiienuuudii 16 dwsvruiavedasainweanuuiiaonduluds Jui 33
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[ Convolution
[ Max Pooling
[ Average Pooling
B Concatenation
[ Fully-connected
@ sigmoid

N

N J

Y

Inception Modules

U7 33 IAs9as1auuue1aevlnsetigusyaImiuy InceptionV/3

oMU eaNgTua DU TIgY

4.4 NSANEDULUUIIADY

wuusianeii 4 Taseadng gNATMUANITAA loss WU binary crossentropy Wazinig
USuiUAsunn learning rate tdu 0.01, 0.001 waz 0.0001 A1ua1sy TarauLLuEn
(accuracy) Tun1sinaussauglunmsinaaulaznsivdeunuuans 19 optimizer Wuu Adam

WA2vN1S compile LUUIEDY

il compile wuudnaoaadadu vin1s fit wuudiaes Avua batch size = 5 ¥1A13
Hnaouduiu 30 epoches lun1sinasuudazsoulyen step per epoch 21nN15UITUIU
ToyAHNABUNINUA 13038 batch_size lawiniu 70 uagladadu 20 fmsudeya
ATIVEDU INTIAU weight 20IN15HNEDULUUTIARIRI8AT5LE ModelCheckpoint LAY

o A a ° o = . av v oo
ALLIUEN (accuracy) NANgA mode = max wagvinn1sUudinly google drive Nlaviinis

mount 13

AUIIOULVDINSHNEDULUUT A 4 19 model.evaluation wag model.summary Tu

n3inaussousvauuIIaesvMgingay fegun 34 vinisweuiiguaiadnunsiug An
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Anugade Latlunsilngeuwuuiaesriuliaufdnunnilwesvesudazuuudiaes

Y =i
MM 5

def beef evaluate (model, validation_generator, steps_per epoch):
# Model evaluation
final loss, final accuracy = model.evaluate( validation generator,
steps = steps_per epoch)

print (" \n================ Training Performance )
print("Final accuracy: {:.2f}%".format(final_accuracy*100))
print("Final loss: {:.4f}".format(final loss))

U7 34 flandulunmsinaussousveinIsinaeuLuuIaey

W?S’Nﬁ5 FUTTOULYDINITRNAOULUUT 1A CNN, VGG16, RestNet50 Uag InceptionV3

Models Learning Total Training Final Final
rate params time accuracy Loss
(s) (%)

CNN 0.01 18,965,537 326 50.00 0.6932
VGG16 23,105,345 121 55.00 3.1192
ResNet50 76,018,561 125 50.00 0.6932
InceptionV3 40,679,201 126 83.75 0.7112
CNN 0.001 18,965,537 231 63.75 0.7996
VGG16 23,105,345 192 80.00 0.7363
ResNet50 76,018,561 94 56.25 1.0695
InceptionV3 40,679,201 95 82.50 0.4734
CNN 0.0001 18,965,537 263 52.50 0.6990
VGG16 23,105,345 120 85.00 0.5325
ResNet50 76,018,561 127 52.50 0.8496
InceptionV3 40,679,201 125 81.25 0.5759
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4.5HaN19NN8BY

nnsadauuuTaesia 4 lasaadns uazshmsvaaeuwuudaesneyatoyanadey
14 prediction Aviwewiiy 0 maneds vunednduilodnalesiy (njected class) wleen
pred fosninyindu 0.5 uazingldan 1 mneds vhuneinduielldnlesu (Noninjected
class) loen pred 1nnin 0.5 Tneduiinaanisnaaeuiduguiuy excel Usznauludne de
llagunn, drarnuinasiluvesguain wasnaviiuieguain mﬂﬁ?w"wmiaqﬂwau“]u
confusion matrix LagkanINan1IIUIBLAas class A28 classification report AZLaAIAT

.. ) a
average macro U84 precision, recall, f1 score Wag accuracy AU 35

def beef predict (model, test generator, filename):

# Initialize filename of result

save_file = base_dir+ "/" + filename +".xlsx"

# Get prediction value

pred = model.predict(test_generator,
steps=len(test_generator),
verbose=1,
workers=0)

# Get classes by probability > 0.5

y_pred = np.where(pred > 0.5, 1, 0)

# Get filenames of test set

img name = test _generator.filenames

# Create data frame of prediction result

results = pd.DataFrame({"Filename":img name,

"Probability":pred[:,0],
"Predictions":y pred[:,0]})

# write result to excel file

results.to_excel(save_file)

print("\nResult was saved! ================== ===")

print (save_file)

print("\n== Confusion Matrix ===")
cm = confusion matrix(test generator.classes, y pred)

print(cm)

print("\n=============== (Classification Report ================ )

report = classification report(test generator.classes, y pred,
target_names=[ 'Injected', 'NonInjected'])
print(report)

return results

U1 35 lantulunsinaussous vesuuudIaednIeyndoyanadey wieuninIsuuinga

FUluulnd excel

Weovn1ssunisneaesvlanadnsilulid excel AagUa 36 antuazasung

confusion matrix ae classification report ﬁqgﬂﬁ 37
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===m=—=m========= laggification Regort ================

precision recall fl-score support
Injected 0.81 0.76 0.78 50
NonInjected 0.77 0.82 0.80 50
accuracy 0.79 100
macro avg 0.79 0.79 0.79 100
weighted avg 0.79 0.79 0.79 100

U 37 F206N9HaaNENISNAFOULUUTIABIFULUY confusion matrix UasUaRAINANIT

vinneusag class gag classification report

ANSUNANITNAADINILUUINADINY 4 TASIE319 AB CNN, VGG16, RestNet50 way

InceptionV3 aunsagaussauiaualaan M5 6
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d' oA o ! . Y ° 1 o
AINANTNNA 5 WuINUDUIUAN learning rate tm1nvu 0.01 LLUU%’]@@QI@JE‘?’MW?O‘MLLUﬂ

IS U (2

sUnmnsaeslsznladn azlineunasnsidulssianlaussanilalusuudiass CNN,

VGG16 wag ResNet50 8ntiu InceptionV3 flslddnuwausnaulsvinvlauseinnnils agnalsh

a LY s

A wadnsnlaanuuudiansiinisusuaziden learing rate Wiy 0.001 duliAIdITang 4

a ° aa ) a . @ LA a = °
ANIULUUINADINUNTUSUALLDEA leamlng rate (AU 0.0001 LHILUBDWINTUIOILLUUINRDY

= e dl o 2 14

<@ Y1 1 1% A
ResNet50 %mulmﬂmmmm@mmaﬂwmwmﬂmmﬂﬂjmayjaw@aa‘ulmmﬂLm‘vlmi

q v 9

A o '

wuuaeaansliaanuuiudifisiniuusiasnuisuiisufiugiuegns CNN LHesan
SnuurnsmaaeuLuuRsaudn vz sUnmihnsniewndures Convolutional base way
FenndnuusdutesuUaasiannsatiuduing wagluussananalududaly eravils
lianunsausnaudnuvazvesdeyayslvalsatiniflelddmiunaas vaussausiuudandy

=< LY 1
mmmmanwngﬂmwmlw
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# ===============Stratified K-Fold
skf = StratifiedKFold(n_splits=10, shuffle=True)
skf.get_n_splits(X, Y)

foldNum=0

scores = []
for train_index, val_index in skf.split(X, Y):

# Merged data from validation to train (if any exists)
transferAllClassBetweenFolders( 'validation', 'train', 1.0)

foldNum+=1
print(" )
print("Results for fold ", foldNum)
X_train, X_val = X[train_index], X[val_index]
Y_train, Y _val = Y[train_index], Y[val_index]
# Move validation data of this fold from train folder to the validation folder
for eachIndex in range(len(X_val)):

classLabel=""

for i in range(len(classLabels)):

if(Y_val[eachIndex]==i):
classLabel=classLabels[i]
#Copy the validation to the validation folder
shutil.move(datasetFolderName+'/train/'+classLabel+'/'+X_val[eachIndex],
datasetFolderName+'/validation/'+classLabel+'/'+X_val[eachIndex])

train_datagen = ImageDataGenerator(

rescale=1./255,

zoom_range=0.20,

horizontal flip=True,

vertical flip=True)
validation_datagen = ImageDataGenerator(rescale=1./255)
test_datagen = ImageDataGenerator(rescale=1./255)

train_generator = train_datagen.flow_from directory(
train_path,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH,
class_mode='binary',
subset='training')

validation_generator = validation_datagen.flow_from directory(
validation_path,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH,
class_mode=None, # label only
shuffle=False)

# fit model

history=model.fit(train_generator,
epochs=10,
verbose=2)

# evaluate validation performance

predictions = model.predict_generator(validation_generator, verbose=1)
yPredictions = np.where(predictions>0.5, 1, 0)

true_classes = validation_generator.classes

print("***Performance on Validation data***")
valAcc, valPrec, valRec, valFScore, = my metrics(true_classes, yPredictions)
scores.append([valAcc, valPrec, valRec, valFScore])

g‘l/ﬁi 43 77517 Stratified 10-Fold Cross Validation UsuUazidegmuuud1ae¥ Inception v3
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Results for fold 1
Found 481 images belonging to 2 classes.
Found 49 images belonging to 2 classes.
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