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# # 6171006221 : MAJOR SOFTWARE ENGINEERING
KEYWORD: Deep learning / Image Classification / Crystal Formation
Suriya Chayatummagoon : Image classification of sugar crystal with Deep

learning. Advisor: Prof. PRABHAS CHONGSTITVATANA

Nowadays, artificial intelligent control is essential in the situation where
are shortage of experienced workers. The correct classification of sugar crystals
during the production process is the basis for the control of the sugar
crystallization. Correct Classification of sugar crystals is necessary for automatic
control. This research uses the principles of deep learning with a neural network to
identify the crystallization of sugar from the actual production process of sugar
factories in Thailand. Performance of the proposed system was measured and
compared with the Fine-tuning VGG16 model. It was accurate between 80% and
94% in identifying sugar crystals in four classes. The results of this study also show
that this model is more accurate than other models. It can be used with respect to
monitoring the crystallization of sugar production process. This system can be
employed for artificial intelligent control system which is based on transcribing

human expertise.

Field of Study:  Software Engineering Student's Signature ........ccccocoevevinennnne.

Academic Year: 2020 Advisor's Signature .......ccoceeeveeveeeenen.
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Suriya Chayatummagoon, Prabhas Chongstitvatana, “Image classification of
sugar crystal with Deep learning”, 2021 - 13th International Conference on Knowledge

and Smart Technology (KST), Jan 2021
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ﬂamiﬁa'ﬁUﬂm‘ﬁauiL%ﬁﬂ Deep learning (3) 1uuwiAnlunsivineuiiames
Gousidlateyailésy lnedandnenssunsiseuivoyavesnouiamesuinung
Convolutional neural networks tanldiiteannordnvugsuaurinlinguiwadnsvie
sULUUINAME1 N15911971UV89 Convolutional neural networks(4) {unszuIuNshUY
feed-forward #id@uaes hidden layer tfuagdl Convolutional layers wisFunnduduitldly
nsflawesam Taudl kermel function ileltidasadnunzuazifieusnesdusyneusensn

W vougy & Snwairgunsadudu Aeuazthunsy activation function fiteudasailvier
TugUitnalildnadnsidery  swilvdwiliGendinads (pooling) Tnsduasvhmihiiusy
vavesdeyalifouindnas  lneflseanBonvasdoyaiudinuiy  uadludugavinefiay
vHu Fully connected layer flvnosdeusoluudavduddeiu éﬁgﬂﬁ 2

gﬂ‘ﬁl 2 A5¥UIUNIT Convolutional neural networks Tun1sdnuwunnan outputs 4 classes

Input image Convolutional layers Fully connected layer Output class
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e nsvhaaulgdu (Convolution, channel, kerel)
o nsvinanududadu (relu: Activation function rectified linear)
° maﬁmaéq (Max, average pooling)

® nsWeuseiuvaAaziaweIetvaNusal (Fully connected)

2.2.1 aauligdu (Convolution)
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Hu Fdluusazgunaelituaziigaanavsndfisneiuly nedoyatnd 5 x 5 pixels Mdu
sUrmm lnendimuaandy 0 fnwadudendiua 1 Jdufineaddwazinisinue
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wvisngenyandaduuniieldidudinses (Fitter) Tuinuliluavindyaiinndn 51den
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2.2.2 m3dannududady (relu: activation function rectified linear)
waiannlivinnisreuligtusunanuaslailiaasuuniiwgy  1savthunusuusidliiliaes

wnilifidnvaBadusieians relu vmsunuiinaves pixels iAndudauluiiees

LU AUIEEIATDINIYIN relu thudlel# Convolutional neural network L%Buiﬁagaﬁlﬂ

< a v v ! d' o & Y 1 S 2 o s v [J a o
Juladuainguiing1n Wethsuiudrdnszuiumsnduiivesuumdnuwi relu Tngda
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Judsuanwiidu dedemalyi convolutional neural network finn1siseuitayailasuyn
NYuneuNInTIRaeUsUsUReumin nasnaudeyatiuazgniUatnegluguves non-linear
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mMswads Twanifvesiliaefuumausdinainudeyadidnly daniswgds (pooling)
ansaduunduszsianeinsqlfidy wadwhegign (max pooling), Aledey (average
pooling) Wasu 5'5&m'iwauéqﬁﬂﬁmaé’wéﬁlé’mﬁ’uﬁmmmLﬁmLaz%’ﬂmﬂé’dwsﬁu yanIINTEH
Pgandnnurenimesuazmsdmnaiiiududulu network

Tunsdifidiosmanaisdedigean gt muaniheamieiun fegrslufidauudly
wihensiaunn 2 x 2 pixels warninsnsiazshnsndouiifias 2 pixels lUawiavsndues
e fuumiovhnsfudigaaeluyng 2 pixels mugui 5 Fsuanaini mangds (pooling)
WAL (channel)  wessudslunsdisufisayldsunadnyioonuniisan

v & A ¢ a ° v ° a .
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2.2.4 madeusofiuvesisaziaiwodedausal (Full Connected Layer)

N3¥UIUN1T Convolution, relu wagn1s pooling ﬂizmumiﬁ"’qamﬁ Wunsguiunis
fvndldvansafiarluiuaninedinindousotuvesusastustrsauysal Fully connected
layer wadwsInAoUlIgTuLazaAs Tulidnuasdu (High-Level Features) 1aeguiisuit

W1 waztuaaveiodnwasauluinnsAnnseagunsunlreglusuves classes AIgUN 6

] = Output 1
E 1 — Output 2
=1 | = Output 3
| —— ]
2 gL 3
- -
O 1 — Outputn
Flatten LA
Fully Connected Activation
+ function
Classification

JUN 6 nsiieuseriuvesusastuetauysal Full connected layer
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23 wqwﬁms Transfer Learning

111893910 Deep learning axidgnsodldszuzaailunisiln AILARLIUIUNTZUIUNT

a

Furunasfinnududeud Fuus (weisht) Sruauanndslunisiudiflinlina Deep learning
fiudeurunaiifausdu (Weight initialization faee random) Hudesldiiataya dataset
sunlngiuarlinginsussnanaumeasnigeddnaummansty  auenaianumans
Floiniegldlunaiiduszavsnm aadumsld Transfer leaming Sunpaiiaiitasaniian
msiinlaaa Deep learning shensihudiwvesinnaiiinSeuiesudafunuiiindideaiu
wlddudruvilwedliaalvl

ImageNet dataset n11 15,000,000 mwmmam%amqa%aﬁﬁﬁmu 22,000 classes
@1 ILSVRC (The ImageNet large scale visual recognition challenge) nsutsdufidnlae
UM google Iﬂﬂ%‘ﬁb%a subset U84 ImageNet lngazdiuszLnnveInIw 1,000 classes R
luusiag classes azdigunimeguszana 1,000 71w il dataset ¥e9 ILSVRC 5uUszae

1,000,000  awdieluldnisfinluea  Tneluwadiiuldlunuddedfe  Inception-va,
ResNet50-v2 wag VGG16

2.3.1 Inception-v3

Inception-v3 (3) (1 ILSVRC-2015) gnna1ifislusuide (13) Fadulueaiilésunis
Waunlne Google %agﬂﬁiaaammﬂ Inception2,1 (F31191nN15WAILNLN91N - GoogLeNet-
2012) Inensanlassasranigluseniu 5 Step @ Inception Module A §113u 5 Module
(1), Grid Size of Reduction Stepl 91uu 1 Module(2), Inception Module B 911U 4
Module(3), Grid Size of Reduction Step2 37u3U 1 Module(d), Inception Module C
97U 2 Module(5) wag Head (8x8x2048) anunsausn output e 1,000 classes é’agﬂﬁ 7

Grid Size Reduction o .
(with some modifications) Grid Size Reduction

Input: $99x299x3, Output:8x8x2048
1
5x Inception Module A 4x Inception Module B

A

Convolution Input Qutput:
AvgPool 299x299x3 8x8x2048
MaxPool
ncat
g?n;fu. Auxiliary Classifier
Fully connected
Softmax

2x Inception Module C

Final part:8x8x2048 -> 1001

U7 7 1A59a374 Inception-v3
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Wwuly Inception-v3 i parameter anadnifial widsnsdiUseansnngelaenis
U3uU5e convolutions Bufl 5x5 asnde 3x3 pixels Lag maxpooling Budl 3x3 awnde
2x2 pixels eingUszasdvasniseaniuy 1x1 convolution #panslsi shape outputs U1
gandu tensor wWurtuua (N, F, H, W) &1 N Ao batch size, F Al $1u7uw84 convolution

filters @ HW fg spatial vewdif fagu 8

Filter Concat

5x5 in 3x3
GoogleNet 1
(Inception-v1) 3x3 3x3 1x1
I 1
1x1 1x1 Pool 1x1
Inception Module A \/
Base

5U 8 IAsaasng inception module Usgnaume convolution and maxpooling aLees

lngneluves inception module NSt input Yayalinandl 3 @ee RGB Tuditisn
annsaSeuifieuldfunsi feature map fagufiudne  JeauyFdnsdiosnisuadng
feature map Ll 1 ﬁ?ﬁugﬂﬁﬂﬁ%ﬁ convolution wuA 1x1 pixels fifnsveufl 1
stride G‘f@gﬂ‘ﬁ' 9 lnuAn weight ﬁ@mﬁlut,wiaz%guﬂuaa RGB thuazdimiilawihiudanalienilaly

' a [ [ & ad & v
WRATNALYA NAINITN feature map UILUVLTURNWULLANY

\
[l

}

NN
\

gﬂﬁ 9 A5V feature map VO9AIDY18 RGB Inald 1x1 convolution layer
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2.3.3VGG16

Ta9a VGG (5) 6831910 Visual Geometry Group daiilunguiinddsain Oxford
Fnsiaunandnenssuitun weeiildumnuaulannnainnisudedi ILSVR T .. 2014
waztfuiifoueudsiagiu Taedsilugasuwes VGG16 Aensunuil hyperparameter
§wauann wiluinisesnuuy awes convaD 3x3 pixels, 1 stride wazn1sld same
padding uay maxpooling 2x2 pixels, 2 stride WUUREITuRAaATIlAswEds Tnedeves
VGG16 vanedadl 16 duiiiiminedeteiiduedeteiinguasinnimesussana 138
&y flagui 10

M =B =3 = 23 = 6

56| 56 % 256
/ 28 3 28 % 512 THT®512
;[ JLxLIxBIZ | 1514096 1x15x1000
@ convalution+ Rel1J

r’ 1 max pooling
fully connected4+Hel.L

| softmax

gﬂﬁ 10 ANlAS9E519 VGG16

2.3.2 ResNet50-v2

ResNet (7) 11370 Deep residual Network gniiaueluagide Deep residual
learning for image recognition %’!QLLﬁﬂfgmLéaﬂ vanishing gradient %uﬁmﬁuﬁﬂﬂswwﬁﬁ
AuEnABut N TaisautuTes network 89 152 tawed (8 wiweduina VGG16) Tag
THimplian1seenuuy module Midnwarnednasly network salasstnedusenoudeiu 4

block augul 15  legdwundmsiiwesdwiudnnumuefestuiinldizonye 1wy
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ResNet50 99tngEas1uIu 50 1awes 39aveSungvuinii [3, 4, 6, 3] T (G+0+6+3)
X3 =08 Fu + 2 % = 50 @9 ResNet finealdazidu ResNet18, ResNet3d, ResNet50,

ResNet101 uay ResNet152 @slusiddvillald ResNet50 $n98aa1u3de [2] flagudl 11

cony 2-x
[ Ix1,64 |
v relu
[ 7x7 convl, 64, /2 | [ 3x3.64 ]
v relu
[ 1x1.25 ]
3x3, max pool, /2 f
¢ 3.V relu
| conv2-1 | i
| conv2-2 | t
i, e |
| conv2-3 |  relu
v [ 3x3,128 |
| conv3-1 | y relu
I conv3-2 | I s
| conv3-3 | é I
| conv3-4 | v relu
i cony 4-x
| conv4-1 | v
| conv4-2 | [ Ix +%gg !
| conv4-3 | | 3x3.256 |
| conv4-4 | v relu
| conv4-5 | [ Ix1.1024 |
| conv4-6 | é :

avera%e pool

| 2-dfc, softmax |
v

Lake  Reservoir
U7 11 ResNet50-v2 architecture

v relu
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2.4 wqwﬁmﬁLﬂsﬂ:ﬁmﬁﬂiznanwﬁﬂ (Principal Component Analysis : PCA)

Humsuduunuileviliiesdussneuiduiusfumnegsnetu (10) iileausnaniia
1§ vaneds shlmAvtogaundnas warandesuniuvide noise wudlasfuisduuazdma
Tnrwazd  Wosnnununuiiamnuuaninavesdeyaos  veunulyudauunndisues
foyafiunn shlmmannsadaunuiiianuunnisdeyaditostusenty Taglimilsddld s

X oqw o v 19 Y o a'
antivihlianAnududounasuunatayald Asgun 12

JUN 12 uansanudiunus PCA

INAMUNY x1 WA x2 UayasgnuLuInuestndunadayainizegniluwuives

[ 14 o [ <

X130 x2 Aganmey avanusavilalaenisvguenuan x1 Uyl wag x2 lUdawnu y2 f
' & o o W v P . P

TNUIWLNY y1 uuummmﬂm‘[mma;ﬂa%m variance Tuwiniau lamda 2 > lamda 1

Feanansaazuladn y2 liflanuddganunsadainald (sideamyuunu iielilaritununis

AM3nszdnnszanenn  d@udnunuiinsnszdnnszanetey  laglsagyinnsdannuidnig

N3¥3nNTEA8URETINNITAIUIN coordinate AINNITUYUKAY

LYY d‘

Fansususnuiieyiniesdusenaunduiusiunfeiudy zaunsnandfves
Joyald (Heinuannuilanuwandniuteyatesviliisanunsadaunuiueenlild ns
andfvhlilianenududeusazuunvesleyald  nsdndayanasuniuy wazsdunsidiiy

ANNGNABIYRIlayaNINTUle
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2.5 NuN15UFULAS Fine-tuning
Tutlazgvenannfanslaiied1snis Transfer learning 1agld model Inception-v3

Feaansalvanlaain https:/keras.io/api/applications/inceptionvd/ FwazUsznousy 2

d@1ufe base model waz head model Tauiliadsildlunisinan base model inception v3

hanldeudsil nsdliuaeu head model TiUdeu include top 910 true Wu feguil 13

Input: 209x299x3, Output:8x8x2048

Base model Custom head
3 . -"'QX-X§I€ %%X-5é- ")é } )Hm
Convolution Input: glgp;:ms 1 "
XOX,

— :n‘;?cioo?)ll fasmaame Final part:8x8x2048 -> 1001

== Concat

== Dropout

mm  Fully connected

= Softmax

gﬂﬁ 13 1598379 networks ¥83laLAa Inception-v3 713n15 custom head

o’.Jl = o a ~ o o =% . . . !
PNUUIVINITAN layers MLIABINITUALYIINISHALUY fix weight tag bias Tudu
294 base model WaginsnsivdauaANULNLE1veslnafiiian head layers WU &9
ANaa I o o ° B B = . . & ) '
NSUNLANULLUEIALI1919911A1S Fine-tuning &IN5 Fine-tuning dwanziunulutuay
19 dataset TnsiivelilunaiiUseansnninau lngenawmsuluunsdiuass base model %39

Mavine3 network waefiladsgun 14

Input: 299x299x3, Output:8xBx2048

Base model (Fix weight, bias) | Base model (Training) Custom head
e 9@@@- ,
Convolution Input: 30%05:348 \—} : H /
XEX.

- :ﬂ:i;‘:i:l 209209 Final part:8x8x2048 -> 1001

== Concat

== Dropout

mm  Fully connected

mm  Softmax

5UN 14 Tns9a$n9 networks aslaaa Inception-v3 #1313 fine-tuning


https://keras.io/api/applications/inceptionv3/
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2.6 1@NANSHALIUINNLITD

93y Classification of crystallization outcomes using deep convolutional
neural networks (1) léinsfuaiinmeEnan 5 unasdoya Tnglidoyauszananfounis
dugtanihmsduunusziamlegld Convolutional neural network msldfiadosdngan
Boufandwdn  inunugunmamessssdnlnanavineluianausynurisiiuguannuas
uwas Tnsdaneifiunmsieusvenniosdnsiiviuaiolifunamsu uasnuaeuludiusiises

£ dy 1A ! o = 14 I ¥
TAUDHAU WU'J’W&JEUﬂWWﬂ’]iVI@ﬁE]U@J’]ﬂﬂ'N 94% ﬁ’m'ﬁm/ﬂ‘lﬂ?JU?SLﬂVIsUSQNaﬂlﬂ@EJ’NQﬂW@Q

U8 Monitoring sugar crystallization with deep neural networks (13)
msuaigurananissuiaalulssmedy - gadilaldnimndndiuan 1,000 a1
S oy A da ¢ & 0 = 3 I
nniulvafgmivszaunisal 3 auasanuiiulunisuds classes  wanmaldy 5
classes lagldluma Transfer learning visviun 4 luea @laima ResNet50-v2. Ay
wlugasanARaNNNTAYIUNENENNY 5 classes 0g3ENINe 83% 1 99% lagranUssendld
Tunuidefeguuuunuidelesiumiloudu Jafinsiild model  wwsudadulunaaiig
wdliSeuiiieu 1 luea simple DONNs d3u 3 lunaidunisivanunann keras Tidoyann

Wan 1,000 AT LU classes 1oy training set 80% Lay testing set 20%

U8 Techniques for classifying sugar crystallization images based on
spectral and the use of neural networks (6) 3n1siiusegnavesmdnmiana tnegldns
fenuvaUnasy 91nnseIunsRanssiilsalulsamaady Tngldhaaunmnsunnd
Neural network LWUU Learning vector quantization \euenUseLnnnan output 4 classes

(two sizes, deformed crystals, homogeneous and three or more size
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uni 3

Method of Data Collection
3.1 mMITIvsdaya

shmsmafudeyasegavesdniima Tagldsuiinamrdnimansdienwdes
WU sight glass LAZMIULIUYIBVUIR 10 19N fiszunasnansvemiiodeinnudninna
(51&5@93’1Lmﬂqmﬂwmaawawismmﬁﬂu%ﬂ%’izwdmwﬁﬂLLUU digital image processing)
nntuldadeitglunsfsmnadnmimasiuau 5 au wvhnsin label Lieusn
Uszianamanesdniiana Tneflsuiuvesnnednihmailinmun (data set) 1,000 2w
wunluyadoyaiin (training set) 800 N wargadayanaaay (testing set) 200 NMLABNTT
dogunEnntuinmedniy  dauenlaetiafefifissaunsaliioutsdnoonn 4
classes TasuonaulaureaniiymaianandulszansaudusiBeenn (supersaturation
coefficient) @ unsaturated, metastable, intermediate wag labile aﬁ’ﬂmumwdmwﬁﬂﬁ'

WulaluwsazlsutiuaisasiivagiateslauazUsesunn 250 AW fakandlun1snan 1

a 1% = o o o = a o <3
A1 1 Uadla class “UEN‘U?%LﬂVINaﬂVl‘VI’m'ﬁLL‘EJﬂLLa%ﬁ]"l‘Ll'ﬂug‘UNﬁﬂﬂ/l‘l/l']ﬂ'ﬁLﬂUGU@yJﬁ

No. Images

Training Dataset Testing Dataset

Unstaturated Zone 200 50
Metastable Zone 200 50
Intermediate Zone 200 50

Labile Zone 200 50
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3.2 mim'%au%'aga Data Preparation and Image augmentation

dialiiuusgansamluyadeyailn (Training set) 80% lngduneudsgui 15 uUsuliiy
AuAmIUNaNUsEANSAMvesYntayaRnlagly  Tensorflow import keras W1
ey image data generator F9.JuN1591 real-time augmentation lngann1sy Ram ¥89

LATBIIEIINNNIT augmentation FIMUUAAINITAH

® 41n15U%U Rotation range = 45 degree
® nN15USU Width shift range = 20%
® 4nN15U5U Height shift range = 20%

® $1In15USU Brightness range = 20-40%

® 41n15U5U Shear range = 20%
® yi1n15U3u Horizontal flip = True
® yi1n15Uu Vertical flip = True

Simple DCNNs[1]

Data Augmentation Train,
Collection val set

80%/20%

Test set

l 4
Evaluation (2)
Multiclass
Confusion matrix

TfVGG16 Custom Head
Multiclass
Confusion matrix

K-fold Cross Validation
PCA.

Accuracy
Precision

Accuracy
Precision
Recall

Recall

Fine Tuning non Fixed weight

JUT 15 AMTIUTURBUN1S augmentation UagAnilunmaaed
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3.3 tunaunsaisyadoyadmiunmai data set

3.3.1 Yhdayagunmitanun upload 3u google drive Intuviinsadns file dataset @19
foyalneldasralusunsnlunisdauenninadnsiomelaeld IDE colab wagyiin1s  mount
google drive Tnedsliadis directory = sugar dataset kaggle Wa¥ subdirectory = train/

wag test/ AnUWINTashe part Tu train uag test folder uenmw classes M 4 AsFUN 16

# Create_directories

dataset_home = '/content/drive/My Drive/master project/sugar dataset kaggle/'
subdirs = [‘'train/','test/')

for subdir in subdirs:
#create label subdirectories
labeldirs = ['intermediate', 'unsaturated’, 'Metastable', 'labile')

for labldir in labeldirs:

newdir = dataset_home + subdir + labldir
makedirs(newdir,exist_ok=True)

U7 16 wAnISuReUMIIEN path data set Iumumauﬂ’mmamama

# define ratio of picture to use for validation
val ratio = 0.2

# copy training dataset images into subdirectories
src_directory = '/content/drive/My Drive/master project/labeling data2/'

for file in listdir(src_directory):
src = src_directory + '/' + file
dst_dir = 'train/'

if random() < val_ratio:
dst_dir ='test/'

if file.startswith('Intermediate’'):
dst = dataset_home + dst_dir + 'Intermediate/' + file
copyfile(src,dst)

elif file.startswith('Unstaturated'):
dst = dataset_home + dst_dir + 'Unstaturated/' + file
copyfile(src,dst)

elif file.startswith( 'Metastable’):
dst = dataset_home + dst_dir + 'Metastable/' + file
copyfile(src,dst)

elif file.startswith('Labile’):
dst = dataset_home + dst_dir + 'Labile/' + file
copyfile(src,dst)

Uﬁ 17 u,amiﬂiLmsumﬁLLuwauaiﬂamiamLwaasw data set @nSUBlNwaTNaEDU
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Fapinislufedeyaunan  path  labeling data2  @whnsewlud  jpg
[name classes] . 1-250.jpg unas1aidu data set lnsrimun seed LitoUasiunmgriulunis
duyadeya uavviin1swUs train set 80% uar test set 20% magUNl 17 Weuusyadeua

Seudesudagladayaianinaiuany Fulusiegiwes train set Aaguil 18

= oy e 03

o o e e v T

e ---.--- " .-----
.

5U7 18 uanadieya train set meluris 4 classes NI TUNTUANWUINIKEN
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3.3.2 msihdeyaitn Kaggle Competition

1aeyi1n13 zip wag upload YuuU Cloud 989 Kaggle Private Wiod319 Project uag

IDE.  U®931n

Kaggle fimsiiutayanianulilunisemugunsisdeyagninuludnvue

cloud storage ladietiloaynINeian1sy notebook UarN13MINTBLLENANTTINDNTOITUNIS

auluiiude taglu project AUl 19 wazidlewdd@ Project @wnsa deploy

environment ®1uA15 download 919 Docker image Tsaansalaann link ¥89 Project ve9

wlaviuTietnlUTguseld

= kaggle
® Home
@ Compete
f@ Data

<> Notebooks

Discuss
1 Courses
Vv More

Recently Viewed

Tutorial: How to use Bi...

sugar_crystal_v2

Hag@Ee

MasterProject_Fine_Tu

5]

2
@ View Active Events

Intel Image Classificati...

sugar_crystal_dataset_..

Q_ Search @

® Private Dataset

dataset_of_sugar_crystal_thailand
master_project_chula_eng_Student.ID_6171006221

Q’E‘_' Suriya Chayatummagoon « updated 15 hours ago (Version 1)

Data Notebooks Discussion Activity Metadata Settings Download (745 MB) New Notebook H
« Your image was uploaded successfully.

© New: With link sharing, you can share links to private datasets. Learn more Go to Settings

v Make your dataset easy to use = Usability 2.5  Make Public

L License Data files © Original Authors % Tags Add tags.. #

Add a description... #

Data Explorer

745.44 MB < sugar_dataset_kaggle_v2 (2 directories)

~ O sugar_dataset_kaggle_v2
» O test About this directory 4
» O train

This file does not have a description yet.

Summary
» 03 1000 files D D
test train
+ New Version 4 directories 4 directories

U7 19 uansteyanisadns Project Uy Kaggle 183370 upload data set
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unn 4

Create Model Simple DCNNs and Transfer Learning

4.1 Simple DCNNs.

1191 python 3.8 , tensorflow 2.3, keras 2.4.3 uu Cloud Kaggle Iagld TPU v3-
8 (tensor core processor unit 16 GB HBM twin MXUs) n1seanuuuluiaa simple DCNNs
@) i1 Input layer = 150x150x3 antudnszuanms convolution Tnseonuuuly 4 step
Fald convad i filter vwn 3x3 Ineudfuiias strids=1 $auau layer 16 ,32, 64,128mu815U

N step 3LYIINTANVUIALAKIY MaxPooling2D 7iflvun filter=2x2

input: | [(2, 150, 150, 3)]
output: | [(2, 150, 150, 3)]

conv2d_input: InputLayer

l = Step 1
input: (2, 150, 150, 3)
conv2d: Conv2D >
output: | (2. 148, 148, 16) Conv2D : 16 channel, filter 3x3 stride 1, relu
l N MaxPoolinge2D 2x2 stride 2

input: | (2. 148, 148, 16)
output: | (2, 74,74, 16)

l Wb

max_pooling2d: MaxPooling2D

input: | (7. 74,74, 16) Step 2
conv2d_1: Conv2D
output: | (7,72, 72, 32)
l Conv2D : 32 channel, filter 3x3 stride 1, relu
input: | (2,72, 72, 32) MaxPoolinge2D 2x2 stride 2

max_pooling2d_1: MaxPooling2D

output: | (7, 36, 36, 32)

input: [ (7, 36, 36, 32)

conv2d_2: Conv2D
- output: | (7, 34, 34, 64) step 3

l L Conv2D : 64 channel, filter 3x3 stride 1, relu

: 7,34, 34, 64 . .
max_pooling2d_2: MaxPooling2D put: | ¢ ) MaxPoolinge2D 2x2 stride 2
output: | (2, 17, 17, 64)

| \

24 3: ConvaD input: | (2,17, 17, 64) —
convad_s: Lonve
output: | (7, 15, 15, 128) Step 4
l Conv2D : 128 channel, filter 3x3 stride 1, relu
‘ . ) input: | (2, 15, 15, 128) " . )
max_pooling2d_3: MaxPooling2D o | 7718 MaxPoolinge2D 2x2 stride 2

l i

input: | (2, 7,7, 128)
output: (2. 6272)

flatten: Flatten

input: | (2, 6272) Fully Connected

output: | (2, 128) =

l " Flatten()

dense: Dense

- B -
gt |, 128) Dense[1] = 128, activation relu

output: | (2, 4) u Output = 4 , avtivation softmax

dense_1: Dense

U7 20 nmsammeslassainslanna Simple DCNNs
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Tuguves Fully connected agvilagiunis flatten() Faazivdsuniadoyalmniu
vector T array A 1 4% wavdadn network lngeenuuu layer wsnidu dense 128
el activation = relu Way output layer U1 dense 4 Tngld activation softmax ludau
294015 compile model Tagld optimizer = adam wag batch size = 64 waziin15An loss
WUU sparse catageorical crossentropy L‘W‘aslﬁﬁ’l output Wu onehot encoding o[3
Uszangamseninansiln usavseulaeld metrics = accuracy was learning rate 71 0.001
wazns fit lnewuadayaukuy validation set = 20% way batch size = 64 MWUANITHN 50
epochs LLazﬁmuﬂé’uqmmiﬂﬂImﬂ% early stopping lnganA1 loss Tu validation set i

anaslu 3 soUgAvingvaINIsN (patience = 3)

4.2 Pre-trained 3 models

nsnaaesngedldnisateneanisiseus(e] nsEnlAaNTsSEuIBEnIdutou
(transfer learning) AuASHAY (MIFuAUMETmnmeedy) dedldviadeayanisineusy
walnguaznadlunisiuangs dniunsldnisseuduuuaienenisdumaianlasuaiy
Houllosnazdizanailunsin Tuwasunalve ik unsinudusdiuduanunaaieiu
) ] = 1 LY S Av v . Y oA wa |1
udunilsvadlumalval nadnsvedlunanlasunis pre-trained azgnldivessnnaudiniy
AuUslniwuueunniawes (fully dense) 3ggnis latent feature (a¥dlaglanaa transfer

leaning #1uN15 load weight 970 imagenet) AuauUAWaUlHIuBUNmdmSUluwa

machine learning Tusiu fully connected éﬁgﬂ‘ﬁ 21

Convolution Pooling Convolution Pooling Fully Fully Output
Connected ~ Connected perdictions

_______ dog (0.01)
T 7T Cat(o.01)
L Boat (0.94)

= 'u%'j':'j']ﬂird(u.%)

- _
\I
Features {, &/
extraction

Pre-trained model

Machine Deep
Learning Learning
Algorithms NN

)

[:_‘ Image Classification task ]

gﬂﬁ 21 NMTIATIZN latent feature 970 pre-trained model
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4.3 Principal Component Analysis: PCA

Hlofsnnuauiiusls latent feature ponuUisuilefuteyafiswiinis label v 4
classes WazNLAY decomposition : n_components wWUU 2 IR  PCA ﬁﬂgﬂﬁﬂﬂwlﬁa
wandes  (andifegnaosamemnuiiufundy)  mntusmihnmsdanauasdeniumaiiin
Fasmsnumsiteudsyansnmuesnisrineesia 3 Wesld transfer learning Tuansing

AUAULUU AB inception-v3 VGG16 uag ResNet50-v2

4.3.1 Inception-v3 pre-trained model and PCA.

1At ImageNet w&una1 pretrained model @A feature vector 21
99n983 model inception-v3 lagAnan width, height, channel faA1 x, y wag z
AuEiUININANAY 3x3x2048 = 18,432 1WINTIATIEN PCA fauthannislaeg pre-

trained 11911115 custom head ﬁﬂg‘dﬁ 22

Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/inception
_v3/inception_v3_weights_tf_dim_ordering_tf_kernels_notop.hS

87916544/87910968 | ===] - 1s Qus/step
shape of train, test_image input : (8686, 150, 150, 3) (2@, 158, 158, 3)
shape of train, test_feature output : (860, 3, 3, 2048) (200, 3, 3, 2048)

PCA Projection InceptionV3 Before Transfer_Learning
80

unsaturated
metastable
ntermediate
60 labile
40
20
Ao
-
A Ly
0
-20 3.
=
-40
-60
-80
-50 -25 0 25 50 75 100 125 150

'3‘017{ 22 PCA Projection of pretrained model inception-v3
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4.3.2 VGG16 pre-trained model and PCA.
L©IANUINRLNAIN ImageNet WAL pretrained model @A feature vector 21
99n983 model inception 1nuAnaIA width, height, channel ABAT x, y Wkag z AINEIAU

hingaIiy axax8192 = 8,192 3yMFATIEI PCA Aot Custom head fagudl 23

Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/vgg16/vgag

16_weights_tf_dim_ordering_tf_kernels_notop.h5

58892288/58889256 [== = = =] - Bs Bus/step

shape of train, test_image input : (868, 150, 158, 3) (2@, 158, 158, 3)
shape of train, test_feature output : (868, 4, 4, 512) (200, 4, 4, 512)
overview of feature for custom model VGG16: 8192

X = train_features.reshape((n_train, x*y*z))
peca.fit(X)

C = pca.transform(X)

¢l =cC[:,8]

c2 = c[:,1]

plt.subplots(figsize=(18,18))

PCA Projection VGG16 Before Transfer_Learning

unsaturated
metastable
intermediate
labile
10
5
0 " &
b 2,
_5 O‘ =
on® ¢
© ¥ A
» "
L]
-10
-10 -5 0 5 10 15

gﬂﬁ 23 PCA Projection of pretrained model VGG16
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4.3.3 ResNet50-v2 pre-trained model and PCA.
L©IANUINRLNAIN ImageNet WAL pretrained model @A feature vector 21
99n983 model inception 1nuAnaIA width, height, channel ABAT x, y Wag z AINEIAU

thingafu 5x5x2048 = 51,200 11¥N153ATEA PCA fieuid Custom head faguil 24

Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/resnet/re
snet50v2_weights_tf_dim_ordering_tf_kernels_notop.h5
94674944 /94668760 [=== == =] - 2s Bus/step

shape of train, test_image input (8e@, 150, 158, 3) (200, 150, 158, 3)
shape of train, test_feature output : (868, 5, 5, 2048) (200, 5, 5, 2048)
overview of feature for custom model ResNetS56V2: 51200

X = train_features.reshape((n_train, x*y*z))

peca.fit(X)
= pca.transform(X)

=c[:,8]
c2 = ¢c[:,1]

plt.subplots(figsize=(18,18))

PCA Projection ResNet50V2 Before Transfer_Learning

unsaturated
150 ; metastable
intermediate
* A labile
5 .A
100 e’ P | S
°
50
o
- v -
" 2 o :
» t
0 ’ - 8
“ {~‘ 1.‘ -.
: o ¢ '
-50
-100
-100 -50 0 50 100 150

g’dﬁ 24 PCA Projection of pretrained model ResNet50-v2



27

4.4 Custom head

n13U"laLAE inception-v3, ResNet50-v2 tag VGG16 ’i]’msadumau pre-trained Tagld
weight 911 ImageNet 11911115 custom head Hagyvinn1s flatten Tneufiudu Dense 128
Iagld activation = relu LLazﬁmum%’juqmﬁ’laLﬂu dense 4 ilervun output Tngld
activation softmax v1n1% validation split = 20% Wag compile model lngld optimizer
= adam Way batch size = 64 waziin19ly loss WUU sparse catageorical crossentropy
Jiolien output 18U onehot encoding YaUszANZamsENsEn uhazseulagld
metrics = accuracy wae learning rate 71 0.001 waz ¥hn"sEln 50 epochs LLazﬁmuwguqm
nsinlagld earlyStopping Inegainan loss Tu validation set lianadlu 3 sovanviheves

N15EN (patience = 3) é’ﬁgﬂﬁl 25

|75

input: | [(?, 3, 3, 2048)]
output: | [(?7, 3, 3, 2048)]

flatten_1_input: InputLayer

l

input: | (2, 3, 3, 2048)

flatten_1: Flatten

output: (2, 18432)
input: | (7, 18432)

dense_2: Dense
output: (7, 128)

l

input: | (2, 128)

dense_3: Dense

output: (7, 4)

gﬂﬁ 25 uandlaseans custom head fully connected 489 Inception-v3
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uni 5

WaN133tAI2YtaYa Simple DCNNs wag Transfer Leaning

Weviin1sEnauATUNS 4 Simple DCNNSs, inception-v3, VGG16 Way ResNet50-v2
1A accuracy wag loss s¥MINNSHNUILanIANENRUSTULAaE Step U049 epoch 91V

NSANTENINee accuracy wazAn loss Tuya train uag validation ¢aguil 26

o

5.1 d51983514 function 7l4lun1s plot accuracy uaz loss A9l

def plot_accuracy_loss(history):

Plot the accuracy and the loss during the training of the nn.

wen

fig = plt.figure(figsize=(24,16))

# Plot accuracy

plt.subplot(221)

plt.plot(history.history[ 'accuracy'], 'bo--', label = "acc")
plt.plot(history.history['val_accuracy'], 'ro--', label = "val_ac

plt.title("train_acc vs val_acc")
plt.ylabel("accuracy")
plt.xlabel("epochs")

plt.legend()

# Plot loss function

plt.subplot(222)

plt.plot(history.history['loss'], 'bo--', label = "loss")
plt.plot(history.history['val_loss'], 'ro--', label = "val_loss")
plt.title("train_loss vs val_loss")

plt.ylabel("loss")

plt.xlabel("epochs")

plt.legend()
plt.show()

JUN 26 wans function Tun1s plot N3 MluansAUENTUS accuracy uag loss



5.2 Apnerianudunusaindayandwinnisin

5.2.1 Simple DCNNs fiaguil 27

accuracy
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train_loss vs val_loss
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JUT 27 nsmlanannuduiussening accuracy, loss iU epochs 98¢ Simple DCNNs

Simple DCNNs 1@

Accuracy validation (A1uLsug) = 0.7875 )

Loss_ validation (A1AuEANaIN = 0.4544 )

5.2.2 inception-v3-tf custom head

Accuracy val (PuMsIUEN = 0.9125 ), Loss val (A1Auianain = 0.4276) ﬁﬂgﬂﬁ 28
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5.2.3 n5 VGG16-tf custom head

Accuracy val(@nuskiiugn = 0.9312), Loss_ val (Aanuiawain = 0.1860) ﬁqgﬂﬁ 29

train_acc vs val_acc train_loss vs val_loss
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JUN 29 nanuanInudIRUsIENIN accuracy, loss iU epochs 481 VGG16

5.2.4 A5 ResNet50-v2-tf custom head

Accuracy val (AUWIUEN = 0.9250 ), Loss  val (AIAuRanaIn = 0.4215 ) ﬁ’qg‘d'ﬁ 30

train_acc vs val_acc train_loss vs val_loss
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JUN 30 nenuansAUdTUEIENINg accuracy, loss fiu epochs ¥84 ResNet50-v2

M15199 2 1WIsusuUsEansn1mnis Simple DCNNs wag Transfer learning 3 models

Models ‘ Accuracy Precision Epochs
Simples DCNNs 60.5 6.0 24
Inception-v3-tf 78.5 78.8 14
VGGl6-tf 85.0 87.4 24
ResNet50-v2-tf 83.0 84.7 9
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unil 6
Improvement Fine-tuning model

ANSENNUSEANS A NTULRalAaN1SUS UL

6.1 k-fold cross validation

Tnenilana Transfer Learning VGG 16 anntunsudasdutusnldmadaiideslunns
asuazvagauluna Machine learning lagldnns Resampling é?fa%ﬁwmitﬂu%gmﬂu
$nu k Wi Aufieiinisadezneaeuliea (train waz validate) FwinuAnade
accuracy (11) neuthluvihunglugeadeya test set wunisuusdayasenilu k = 10 90
Mnturng wUstayayern max samples = 80% uag validation_set = 20% Fan1sfnw
'3%ms§l,ﬁa%@d1mmmLﬁumisn'wam bias  vewadinlunanasndtanlaminisiin

overfitting WigufiuN15I50URITUN 31 ke 32

n_estimators = 10

max_samples = 9.8

max_samples *= n_train

max_samples = int(max_samples)

models = list()

for i in range(n_estimators):

model = tf.keras.Sequential([ tf.keras.layers.Flatten(input_shape = (x, y, z)),
0 l th rand y
tf.keras.layers.Dense(128,activation=tf.nn.relu),
tf.keras.layers.Dense(nb_classes, activation=tf.nn.softmax)

1)

model.compile(optimizer = ‘adam', loss = 'sparse_categorical_crossentropy', metrics=['accur

acy'])
models.append(model)

U 31 uand Estimator 10 fold M3as1aliinauazn1sAse
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histories = []
for i in range(n_estimators):

print ("interate”,i+1)

train_idx = np.random.choice(len(train_features), size = max_samples)

histories.append(models[i].fit(train_features[train_idx], train_labels[train_idx], batch_si
ze=BatchSize, epochs=508, validation_split = 8.2 , callbacks=[callback]))

'
[

gﬂﬁ 32 AN loop V83 estimator 10 fold model

6.2 Fine-tuning custom model latest 5 layers

Hosnluing VGG16 fnnuaweiinmn 19 lawesieiniuiu 5 lawedaaiie
vadunalaents Usuudnawesiazulas 5 iawedauiuves VGG16 Wuruin Convad =
3x3 pixels wazil 256 channel (layer 1), maxpooling2d wu1n 2x2 pixels (layer 2), flatten
(layer 3), dense = 128 wag activation = relu (layer 4) waz outputs dense = 4 way
activation = softmax 1ngld optimizer = adam Wazdl learning rate 7 0.001 way batch
size UM 64 N1SHA 50 epochs LLazﬁmum??uqmmiﬁﬂImW early stopping @slunis

NAABIIINTIUY fixed-weight wazhuulyl fixed-weight iegUszansnmuasluag

HAANSNITRN ﬁ'ﬂgﬂﬁ 33 Accuracy. val(@uusiugn = 0.9187 ), Loss_ val (A1A1u

NANa1m = 0.2145)

train_acc vs val_acc train_loss vs val_loss
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6.3 lu Fixed-weight in base model 14 layers

33

wilou 6.2 ustlal fixed weight sewinansiln Ingldi@1ds model.trainable = True

lnenadnsn1sHNAsIUN Accuracy val (ANaUaiug = 0.9438), Loss_ val (A1AUHANAIA

a

= 0.2204) fagun 34

train_acc vs val_acc
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JUN 34 namuananuduiussEning accuracy, loss fiu epochs VGG16 14l fixed weight

laganunsaasunmsinvesnsiiulseansnnvedduing VGG16 3ndunauusniiiy

wlunafifiusednsnmananves 4 Wwaildrdinigan 3

A1397 3 LWIBUNBUUSEAVSAMANS Fine tuning

Fine-tuning VGG16 models Accuracy Precision
a) Custom head 85.0 87.4 24
b) Estimator 10 folds 84.0 86.8 a1
c) Custom last 5 fixed weight 86.5 89.0 14
d) Custom last 5 fixed non-weight 86.0 86.5 22
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unn 7

unagy
nsneaesrNNkiuglumM s wewiugganinaa 4 fie 94% wazeana 1 An 88%

v =

duPana 2 way 3 Winhu 82% war 80% MNUANNU LTUadunmAe unsaturated (class 1)

TuY295nU8INTNAFBUNITALINANUIAIALUILTVUIANANTILANAIIINTG9A  metastable

a

(class 2) dwalvilinsviuengauilowlsy intermediate (class 2) InefiAnaaauaiugnty

nsviege WenguuuunaniiniaaylndiAesiu metastable (class 3) faguan 35 @

nsiAgInatienananvvedlelinliniiiosaineg seninnsdentrsmdeloumvan

Confusion matrix
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gﬂ‘ﬁ 35 wk@ny confusion matrix multiclass U89 VGG16 fixed weight (c)

Turmiafedldmaiouiiddniennvasunmsanadnvesiniag deyatsusuanggnsiu
Sout 2562/2563 weslasuthmalulszmAlne wudiaesthinnndoyanimysansanedn
gesmannnsEUINMIKanass dnsldmudemnguesinsascsvaunisel 5 audle
AyRABUANNgNFeBsYAtoya Thunsineinudnvas pameslunszuiunsFeud
mssnelouliaaifienuusiuuazusiugigaanio VGG16 fvun 5 duaarelngldiun
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