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KHATTIPONG USAMRAN : POWDER METALLURGY MICROSTRUCTURE CLASSIFICATION
USING IMAGE PROCESSING AND DEEP LEARNING TECHNIQUES. ADVISOR :
DR.SAPRANGSIT MRUETUSATORN, 139 PP.

Evaluation of the sintering neck is an important method for identifying
powder metallurgy forming quality. The forming quality is evaluated by a
characteristic of pores in microstructure images. Currently, the evaluation method is
estimated based on experience from metallurgy experts because there is no exact
standard for the evaluation.

The problems and opportunities has been realized that Deep learning could
be applied to solve the problems. Based on CNN (Convolution Neural Network), a
total of 5 algorithms, i.e. ResNet-50, ResNet-101, Inception-v3, Xception, and
GooglLeNet were selected to create a model to assess the sintering neck through the
pore characteristics in microstructure image, The evaluated microstructure images
from 3 metallurgy experts were utilized for creating a machine learning model.

The objective of this research is to create a deep learning model to assess
the quality of sintering necks from pores in microstructure images based on learning
from experts as a model. It can be done where models created by 3 metallurgy
experts and built from consensus datasets are the most accurate. It has an accuracy
of 94.0-98.9%, with the model generated by Inception-v3 achieving the highest

accuracy. The model with GoogleNet was unable to classify the pore type.
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and Sinter : P/M) [1] ImamwmzmummmmﬁﬂLLamﬂﬁLﬁu’LugUﬁ 1.1

JUN 1.1 nszurunstugUlavemendlany [1]

wadanstugUlavenddiuunliunisiuldlugnamnssunndu aindeyanis
adfn1sna1naIniuled Grand View Research [2] ldnianisainisiiulavesnisldanulany
walunanegil 11.6% 90T 2020 9 2027 nerwdesmstumsldnuvesgramnssams
oI Auazmsdostutsewe vonaniifeyaaniiuled Research and Markets [3] Sldaey
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duidonnnnedesinsiitarmannsalunisaiussdaiigaiuiisaium
Tumsleseilanasimnegania (Microstructure) v0dlaviegiy UBNAIINNNITNTIAABY
vinvesiiielave (Metal Phase) udagiinansraaeuluFesuossnu Tnedradaaninasgu
Tavizras MPIF 35 [4] IdnanafsanudiniusvesuSinagnautiudsnalisnumnutuoduey
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a. Wag c. MPYNLATIAIIMNYANIALUY Sintering Neck LA
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JUN 1.3 3Un1mves Sintering Neck 71kif 9198991n10na1301560UIBIUTEN Hoganas (7]
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Aauliadu (Fully Convolutional Neural Networks: FCNN) [9] wenanneuuszinvlanz iy

a
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Tngfogregulasaimneganiavesgnuasuandbiiuluzun 1.4 lnegusnguas
9NUszIlUANATe YN UlangIng) lnglinavein1suszilurein1miue19asuanm1g
sanludusgivusvaunsal uazaualinveslisaviaudazay felumaifedsmimeaiea

NN3L58U3LEN (Deep Learing) 1unUszenaliluauide

a.) Not Good b.) Good c.) Very Good

JUN 1.4 MegresanuazsUn1nlasIasNnNgan1ATeeIngy

1.2 IQUszaAAYaUITY

ilafAuenAMAINYB Sintering Neck Usstnniilaifl Usenniia uazussuaniifann
TngdianeinnguingnpulunndrelasadimisganiavesiunuiitusudasTangng Tay
thinailansuszinanateyanin uaznisiseuiveanieadntiglumsinuen ietisan

ANUAANAINYIBAIUARIALATOU LaranlIaNAINNTUTELIUMENLLE

1.3 Uszlenffianndnaslésu

13.1 @ansnasisuuudians (Mode) vdelusunsufiannsotasuyudlumsindile
MRS EitlamMiAeIiU Sintering Neck Tuaulanss TnsUssdiuandnuazgnsulunmene
1AS9E319M 1998010

13.2 annsnuuuiaewielusunsuitldanamAdesnduwnmanmsainanasgu

NeINUMIUTTIIUAMAINYDY Sintering Neck lunseuiunmstugumelansug

1.4 Y2ULYAVBINUITY

1.4.1 myesengnsulunuidsldiulasaiomaniavedlangns

1.4.2 Yoya (Data Se) TildlumAdelssumsaniuayuananuisn Acme Intemational
(Thailand) Ltd.)

1.4.3 Jdpmnailiduiuwuulunsadne Machine Leaming Model fvisyun 3 A



1.5 fgnudwiianiz

1.5.1 n33U75W9 (Powder Metallurgy (P/M)) wunefs ﬂizmumi%ugﬁs?iyumu
Tanz Tneanseduandudnunzdondans

1.5.2 n3guaun1sINiln (Sintering) e ﬂizmumiﬁﬁugﬂsﬁumu MBI
sunsssiivsnnufousonuiutununuURews fius

153 mi%ugﬂiammﬁ'wmié’ﬂ Compact and Sintering (P/M) vangis 1Ju
nszuaunstuglane Tnemsdasdangunvhnisdalduifun winilukunssuiunisen
uilnosnuifutueu

1.5.4 lasea3neameaania (Microstructure) vangds msthdaguvinisalaseasn
rundosgansae lasaziaaUsvasdiiiogaruianaieifintuannnszuaunisude (Defect)
viednunrrouielaveidudu

155 Taseadalavs (Metal Phase) vanudis lassadrsvedlaveiidamason e
#1199 Yodlane LagTsn1snTivaeuIrinlandi1unssuisn13nnnsa (Etching) Walnanwa
las3a31eundesganssa

1.5.6 MInaausIuvaialanens (Sintering Neck) nunets Judnuazgusng
yoswdlanzrunszuIumMaeusemniin lnsdnwasiidvielifiausn dunnldainsuing
Yos3nUIUNMEelATIET1aN19ganIA

1.5.7 w3y (Porosity) vanefla sosisiiAntuludieanudinstugy auudaunss

mon13an (Fatigue Strensth) vianedle iWuAaanTRvesianinusanIsuLs
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WNlUTIRINUTYaNAYRIvaNNABNABINTANKENINTUAYITIIAR Sintering Neck
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9 %9

&

LY %

Toenuseanidu 3 Wdendnaesaluil

1. voufiugulineItesiulanems

o

e

a A a o
2. VIZ]‘HQWU%’WUﬂ’ﬁLWiEJJJﬂ']WLLﬁ%ﬂ’lﬁ‘Uﬁ‘U‘UNﬂWW

s 9

e

a %

ad ) a 1% d'
3. NOYHWUTTULASDANDINUUVBINTIL ng FYLAIBY

9

'
v Y = [y

wenNUmMeEITelavimsfinwnuideilidnwaesedevidenlndifsaiu lide

unisuszendnisldnunisuszaanatoyanin vsensiseuimeinsedlagiidonusilom

il

1. nuidefidneiedeatulaviers Powder Metallurey (P/M)

2. A “aﬁﬁmznlﬁmﬁﬁmﬁ’ﬁ%miﬁummiﬂ'ﬁzmama‘%’agamw (Image Processing)

3. mAdeRfnwIAnAUMsINsEeusEEn (Deep Leaming ultlunisdnuen
U

2.1 wqwﬁﬁﬁm%’aaﬁ'ﬂamm (Powder Metallurgy)

2.1.1 Heuveslanzng (Powder Metallurgy)

N53335We (Powder Metallurgy) Ag fansnAnwInszuIuNsTuUlave lng

(%
a 1

Unslanzanin A aUszlegunInuIFnTTLLAZAILDUS NTEUIUNITHARTUdIUlanzAIY

[ [

aa g v & = ad A ° !
ﬂiﬁﬂJfJﬁN\‘iuu"ﬂgLLaﬂﬂIﬁLﬁu&LUEUVI 2.1 I@EJﬂi%'U'JUfﬂﬁﬂiilnﬁﬁ\l\‘ma'ﬂu‘digﬂEJ‘Uﬁ']ﬂfU‘Viaﬂ 3 @7

o

Lo gianslane nseuunTTuIy wasnuaudRvasndnie IneinuaudRvemansine

v L%

| < 2 wa < < ~
LU AINHLLUILLI (Strength) VDIYUNITU ﬂﬂJﬁNU@ﬂ’J’l@JLLW (Hardness) LWUAYN AANUGUDY

q

Fuautuazduediuiuusaigg ldiaziu laswaiimanievesielanendinsvugy

Y Y

daunaumeaivewdlarenowininistusy anudsaniuniely v 5N LazguuaT

Tluniswdn NMstugUlavendlagaluil 3 Tunoudail

v
Y

1. TuppunITHaNNslany (Mixing)

G

v

2. TURUNNTRANY (Compacting)

=

3. TURBUNITNLIN (Sintering)

Qe
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JUN 2.1 nszviunstugUlavemendlang [1]

2.1.2 ASgUUMSENRTNtanend (Sintering) [11]

lunszuiunistugulavens uanandadelusesvesnisnaundany uwaz

N3UUN5oRNIAY nszurunswndndaludnuilsledendmanenuanifiveatunund

nsvuuNIugy neduneumviaensanvesdinlaviglunsyuiunswniin nsddiandavaduy

a a (Y al 5 = dyl .
AN UNIURDUNSHRELVA VDI Alane Uselaniian Solid  State  lawazanunse

o2 @ o a < o | o &
LL“UQL‘Uumu@]ﬁ]uc‘nllaﬂHQJgW‘qmﬂiﬁﬂJ%aﬂLllﬂiaﬁgaaﬂlfﬂu 3 U AU

1. 929 Initial State aztduraAARNITaRLSINVBIIANAlANE YSaSEN)

Sintering Neck lagiivandlanslutunsuildiegludnuaevsinay liinswdsuudamse

deguunnin dsikanslugui 2.2

Sintering neck

JUN 2.2 gUamanwaiznIsvaesInvedlanerdlugig Initial

Y

o

AINAEBY 3 4R [11]

Stage a.) AMNA1@9e 2 &R b.)



2. 93 Intermediate State az.lutisiiiavesnalanzisuinisdeguuwazin
fnnu Inetumnaul Welave (Grain) A2BUENSHUIND W 89NINNNS A S UNSMNUINNNTZUIUNS

wndln defiuansluguin 2.3

a

JUN 2.3 sUnmanuasgn1svinensIvedlaverdluyis Intermediate State a.) AmdRes 2 16

aa

b.) Awanad 3 4f [11]

3. 93 Final stage \JugaiilelaneBulimaiulafsdndauasdanuuiy

4
= [ [

d’g 1 1 ! d’j d‘ a U a U U dl
UINYU Ima%aq’sfmsmwLuaia‘mwmmwaﬁmiwumwgﬂLiamﬂgmu (Pores) ANYILLERS

Tu'gﬂﬁ 24

Sintering neck

anyng

IJNIU
U9

Porosity

JUT 2.4 sUnmanuaiznvieeusinvadlanensluyie Final State a) nMeaee 2 16 b))

AINAEDY 3 4R [11]

weninilunsdiidinndlanslunissaudusglavediiaiu 01wy dendans
wian (Fe) naufudamslanenoauns (Cu) wilvamwes veunas (Liquid State) iiuduiiosmn
guungdigavasuien (Melting Point) vadlavesia 2 wlislsivintu Tnelaveiifigavaommans
o7t viouns Ve eglidlen eimsazanedluluroriwdosngu lfammRivestuy

fnsiasundandudu



2.2 YERWUFIUNEWRENNMLAZNTUTUUTINW (Preprocessing and Image Enhancement)
& Y a & A v < v &
WunIzguIun1sUTUUTN N ImwfqmﬂszmﬂLwamaamsmuﬁuauuaamﬂisﬂa‘usuaa
Anleadaaudy wazdudutuneunldlunisdnnsasnnuiaunfvaanin (Noise) w39 19lu
nsuweningaula (Object) 2NIMAMNHUNAS (Background) 40w Tneinatiatloiud
ML ANYIINMTeED Preprocessing and Image Enhancement [12] uag Principles of

v [

Digital Image Processing : Advanced Methods [13] Lﬁamﬂ%’w'gamwlumu%%ﬁ il

2.2.1 msUSuszRUErRInWaEAS e Histogram (Contrast Adjustment by Histogram
Stretching) [14]

Junsyuaunsfivuamnuduvesnimiaeld Histogram  Tunisnszaneen
aruduvesdsunm Inndudienudnsszrinsaanaundugean wostosganunsilly
gﬂmwﬁ 2.5 lnefian Pi AeAAnuunasduludalsnnamesrnudurenin g wag ¢ Ao
Fuisued q Tinnuduvedadien pi galevanveenN i Histogram Stretching AanTsvene
Tenanady Pi Wi mlagld Aeds vosianudunssanslunm shegsdnvae
N3 Histogram ABULASUAINIZUIUNT Histogram Stretching %uﬁﬂﬂﬁtﬁﬂugﬂﬁ 2.5 ol
anwzn1sEnveIrNUuN NaLIudnwMLIEUATS INfMBENaNINABULAT UAINTEUIUNT

¥ Histogram Stretching azuansliiiulusui 2.6

AT A
P,
Histogram
stretching
=
qo Gmin Jmax qKk-1 ¢ o i S )

U7 2.5 A Histogram fauulagnaanisvi Stretching [14]
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v

M5 g

JUN 2.6 AnBUABNNAABSTINIUNTSYIY Histogram  Stretching a.) MwauANieun15¥

Histogram Stretching b.) AMW#1&3n15%1 Histogram Stretching [14]

2.2.2 113RUIAILTNYDINTNGIE Histogram (Histogram Equalization) [14]

WunszuaunsUSuAmudivean (Contrast) vesn it uazamitvaa
Tdnaunnd sty lnednuawnmitldazsnends Histogram Stretching 7ildAuaaeruda
gasnnlneTunsznediluudasiuniwesnin cmaginsndsanuduluudasiums
Pixels Trlainszqniegdumislasunmimils lnenmiuSsuiisunounasdsannszuiuns

N15%11 Histogram Equalization %LLamﬂ,ugﬂﬁ 2.7

,-‘i\‘-. | — l L_

2556 g 0 2857y

U7 2.7 2 mAUpauiimesiaunsyin Histogram Equalization a.) AMWALANNEUA1SIN

Histogram Equalization b.) MMW1&IN15%11 Histogram Equalization [14]
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2.2.3 m3vianliaude (Image Sharpening) [14]

Wumedeildlumsusunmliieudn loeil Soguszarndniunsaneailidoa
Y3Ing NP1 alannannmsiaenwing e Ingwdoulin v aieanan ik Ing aui
| o (=1 a Ao W o . I (%
gunm M lilimussasiBuniidinguesnin 1nen1svi Image Sharpening agilunisusu
P v = a &£ aal o o o o g v & ¢
AudvesnlvdaLazdenungsdu ngdansvihawliaudnagiinliivesrusenaures
AMNITRLRUTY wivziinad wAsIRanIMAlanaIINNTEUIUN1TUAZE Noise JNTUNAINTY

N35UIUNTT IAERI0E NN TNABUKAZMEIN1SY Image Sharpening Azuansliiiuluzun 2.8

a.) NMNAILANNBUNITIN Image Sharpening b.) AIWNEIN159 Image Sharpening

JUN 2.8 MmilSeuisunounagndinisiin Image sharpening Malviavesuyue [14]

2.2.4 n15v1IWU13A (Binarization) men13¥in Global Thresholding [13]
39 Thresholding ifunssunumsiiulasan Gray Scale Wiunmanas
(Binary Image) TngansAgansuvawsinumis Pixel 183019 Ao (uv) Fslusiag Pixel 9giin
anuduvesiinlaoiidegi 0-255 sgfmunegluzuvesiinds | Taedlefmundinasily
AM3UUIATM (Threshold Value) Winiu q A1 Pixel fifidnanududimdesnimiewintiu q
avgnueslidunimiunds Background) Tnsgninlifolu Set was CO wag A Pixel fifian
arandudivnnni g asgnuesliiduniwitunih (Foreground) Taegninlifedlu Set vos

C1 feaunsaleuduannisiannuaunisi 2.1

Co if I (u,v) £ g (background) (2.1)
(u,v) €~{
C, if 1 (u,v) > q (foreground)
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Tnadiotrimndilusas Piel 1930 Grayscale 41%11ms Plot A1 Histogram

Aeuiagyhnswlaan1mduninen e (Binary Image) azwanslimiiulugui 2.9

(d)

(e) () (g) (h)

A

gﬂﬁ 2.9 asilElumsiaen Histogram (a-d) war3UNMAT Histogram ¥4 Pixel Milen 0-255
(e-h) [13]

1ana1ninszuIUNTTYI Global Thresholding SsinmswannldatdanesAunaeiu

lngnn Binary Image #laRgildnwazuasnnisaiuieiwanduguami 2.10

(a) Original (¢) Max. entropy (d) Min. error

g‘dﬁ' 2.10 AMWN15Y1 Global Thresholding Mmgdanesunsvtiniu [13]

2.2.5_n13¥11n2% Binarization Aa8n13¥11 Local Adaptive Thresholding [13]
NTLUIUNTAI NN Binarization Image feun591lea1 Thresholding AAsAT

1379935 Global thresholding Huluvnasin niildesAuseneundfyresnnazgnues

unmivumas vinigededaudiftyessianin asgui 2.10 Astuuuiaglden Thresholding
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WesAfieaiunn Pixel Tunmn Fsldfimsuszandfiazldia Thresholding naneAn Qu,v) Tneds
nesrUsEnauAmTIluLAaL i ueUed Pixels I(u,v) Tunmanduai Thresholding @
sl mitlddulignnaudunmilundsaindr Thresholding Liesaiie vinlinwitléma
NS¥UN$Y Binarization WnwiliineaziBenvesingiianlaldinnnin Ineseeanmitldann

N9 Local Thresholding %LLaﬂﬂu'gUﬁ 2.11

junttionis saturictovif [\ ° 2
verbad diem 16, v2. vel)

" .
s obf stione dd venlumpates,unc & pral | Mo L
%, id fequenti calenlosomprobabo. - =
- — Jusiier

(a)

Ul 2.11 nmmdenszuaun1svi Local Adaptive Thresholding A1w Grey Scale (a-d) wag

Y

NNUAINTYI Binarization (g-t) [13]

2.3 Ngefineatasiun1sin1siseuinleaias (Machine Learning)
M3 liinn1sAnwTeazdeanisvin Machine Leaming Usgtamsinge iiveldlu

v = aa P ) a v
nsAnianIsNsNaztuUssgnaldlunuidy

2.3.1 jUuuuvestaya [14]
sUsuuTayanuU il Inevaluudnsuusesnidudnuae 2 dnuvaelng
mefiufedeyanidlasiadia (Structured Data) Fuludeyaniizuuuuidaauuuueu lny

¥V

druunnaggninuluguuuunsne wasdeyafifdlassadsliudueunselidaauiuazgnisond
(Unstructured Data) 17t gUnn 1des w3e davimiidusiu lneguuuuvesdeyaasidu
UadendrAaiienazlilunsanionisnis vive danesiu Naglilumsatiagiuuunisieus;

Y991A309 (Machine Learning)
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2.3.1.1 Yeuafiilassadnedniay (Structured Data)

kY

Joyaniilassasnendaaudngniiulugluuuremisns (Table) 39

1%
=

Usznaumeunl (Row) waz aedut (Column) lnefiuassweiienazgnivdsuliauegiv

gilawosnsldanu ey doyaiduuamentzdveSunii dets (Example) v3e Buaunud

(3

(Instance) wazdayalukwireaul 919REdYRISENIN Lesvis U (Attrbute) viseiaes (Feature)

Wy

2.3.1.2 Youaitlaiilaseadradman (Unstructured Data)

v =i

Joyanlildegluzuuuuveinisn anfiviutdeyaiidugunin @es vise

PR v ' A A A A o v v A P v O
INNAU I@Um@iﬂaL'Via']u%gllﬂill']mll‘w']ﬂqaLQJ'E]LWﬂUﬂUT@ﬂJﬂangLﬂ‘VW]llIﬂi\‘]aif]\cl WQUUIUﬂ']i

& o

deyanlailassairauninsigs dnazgnuvasnlegluguwuuteyanilaseaiianou 1y

Toyazunn sxgninanulandudeyaduaulunin efitiu Arnuduvesd suntsved Pixel

Y
[ £

waannuuisiveyamalinlilunsieseideyaluddudnaly

2.3.2 wAdANISSeUS

2.3.2.1 wiafiamsiseusuuuiiEaaiy (Supervised Learning)

q

watlAn1siseusuuUliEaeu 30 Supervised Learning tuagiun1g
= 1% o Ao o A o % ° = o = fa A a &
Beuzndeyanileglusfinieunnasuwuudiaes Nldlumsinugvisemanisaldnaziinty
Tuawan lidneeldisnsadsaunisnuadinmans weldlunsiuedeya vsen1siiteya
1InUsEAN WA 1eIURUUNSIBUIWeNIING Supervised Learning Huanunsaunentosas
Wlidn Ais msdwunUsuinndeya (Classification) kagn1suszanaideya (Regression) lnens

'
Y | [y

2 Usennil 28 LanNwaleYaaNaans ANy

v

2322 mc—nﬁmm’%‘au@mﬂmmaau (Unsupervised Learning)

4

a = o Y 2 . . = a
LV]ﬂu@ﬂ'ﬁLiEJugLLUUIMiJNﬁ@u NI Unsupewlsed Learning Wumaua

Y

Y} v q'

fagldnsinnsandnvazvasdoyadundn lnednvaurdeyanfiasandnazdsuuuunidaiou

Y

Tngwaldanannldiunmsseuiuuubiilaeu fe wallan1smnganuduius (Assodiation Rule)

wagn1sutanguiaya (Clustering)
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2.3.3 Ipssasredszamilsuwuunaulagdu (Convolutional Neural Network: CNN) [15]

Convolutional Neural Network (CNN) 1dugUnuunsiieusidedn (Deep

v

Learning)  Uszwnvmilsndunidealudagtu lnedniunldfiutoyalssiangunim e

Y

o

aNuLLANYRIRITNAN N TBINIMTBLTEUITULUUAMGN BN AYYRININ 8111 13U

Tunihaw aning vie arnndwesnmdusiu lnelassasnwes CNN anunsoutseandu 2

dunan A Feature Learning kag Classification Gl’mgll‘ﬁ 2.12

N

[] — sicveiE

H’APUI CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING Y FLATIEN canmcrm SOFTMAX

- N

FEATURE LEARNING CLASSIFICATION

JUN 2.12 Fumeun1suszudanateyan1niUasdiunig CNN [15]

2.3.3.1 Feature Learning L ayers

szanunsauU Ut ugesldsn 3 $u e Convolution Layer, Rectified
Linear Unit Layer W&z Pooling Layer [15] [16] [17]

1. Convolution Layer asifufufidndumsifeatumsii YAtayanIm
TUszaanaiugaves Convolutional Filters LYUANNAINIUDININ YISO ANUALVDIVBUAN
eaglddnunsitddyndninunszuaumsi

2. ReLU: Rectified Linear Unit Layer azdutuiivhlsinisiSeudan
yndaya Aldtuiuszavsamunniu Tngld38ms Mapping deyafidueiau () Whduaug
(0) dudioyaiduduin (+) Waslidutl Tssnsesdruddnesdnuvastoganmanlilily
nsussivluddududaly

3. Pooling Layers LHuduiidniunsmusudeya ieanaududon
vawynteyaas IngliismsdusosweyauuuliiBady, msandnuwsiives Wislilassie

b

ISeusteuammednindfy wasdndeyaiiliifertosiunmesnluainnssuiunsitens

Y

Y

lnsnaansgavineaslainudnuue (Feature) Nd1Agvasnmaanuiveldlunszuiunisan

wen (Classification) Tuansugnaly
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2.3.3.2 Classification Layers [16] [17]

v [

NN lARMaNwaEtayan MIdAaINN15YI1 Feature  Leaming
D v v ° o 1 N o i v &

W Toyannilaunavgniuvinisuusssnnvsedanguvestoyanin lng Layer il
Layer gavineildlunisvimungdayavednind awiiiunussinanalazasangun1sseusi
Dunmngulvu Tnsudseandu 3 Tuneufiddey lawn

1. Flattening vaeanylaranmuanyne (Feature Map) 31nTumeu
15911 Pooling Layer wa Yayavzgninandaseslvalludnuasidaduiiogiaugy Jayaves
ada & I

anniuegluguuuuves Matrix 18391NN32UIUNTS Flattening azgnuuasan Matrix Tidu

Column Asniwansliiiulugun 2.13

1 1 0 Flattening
a 2 1 ‘
0 2 1

mlNn|jo|lr|INn]le|lof~]|-

Anwauztayanau Flattening . Y . _
ANYUBUBYANAN Flattening

U7l 2.13 AnwaizioulazndsnszuIumsi Flattening
2. Fully Connected Layer tfunssuiunsfidmadnivesnszuay
1990 Flattening  11vinsairaedetnedoulonfiovhnsinngumanandandfyves
sAUsznaUvesnm ellunssyyussiamuesnwlunszuaunsdaly
3. Softmax Function [udumeundan Fully Connected Layer fiaz
MnsAIaAINUIazduYesnm 910 Fully Connected Layer dwqmauﬁ’ammﬁﬁmm
Wezlu ngunndsznnlaainyadoya
uonnimeiseldidonvhmenunmulesiaismesaninenssuainadous
W@adnUszam Convolutional Neural Network tiletsnidentéifusidenlunuidelaeiisnenis
ﬁwumuéﬁ’qﬁ AlexNet, GooglLeNet, VGGNet, ResNet101, ResNet-50, Inception-v3 Uag Xception
Alexnet [18] Willpswas1awes CNN wuuSauiegnAndlag Alex wag Geoffrey
TnefiBaguuuuniain ONN wuudadn fldnmidinunn Piels fitosndundusanses (Filter) Tu

Funmitlugnilaednisiialugeavenisvin ReLu Function ieduundayasenidu 0 Au
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1 lngilgnUszasAriiansastoyaiilidrfgoanainnin lnalasiasneves Alexnet aguanslit

wilugui 2.14

3 S\
W S e

11} - dense
. o 138 204 2048
K : 5 27

J _ 13
24 | P R £ \,l B S

.,\.\7 . \]: o [\_ 13 dense dense|

IBUY|

Ll R \ 1000

2 128 Max
248\{lltrig Max 128 Max pooling  #%* zose

of 4 pooling pooling
3 48

SUN 2.14 nmilaseasanisiseusnmeinIadves Alexnet [18]

VGGNet [19] [20] L‘ﬁuami’]maﬂismmiﬁauiﬁgﬂl,auaima Simonyan Way

Zisserman Ul 2014 &aditunauns Training U0ILUUINAD4ULDUAY Alexnet W9zl

USnautuveanisvia Convolutional #111nA31 Alexnet augu# 2.15

[opa]- o

AlexNet : Convolutional la
- : | com yor
5‘ b §' =i | B § Pool : Max-pooling layer
g S B (FE | B 0 Ef
| R FC : Fully-connected layer
§ 8 5§ E E § &
.§ - £ 3 3 = Softmax  : Softmax layer
BN 3 2 & 4 S
VGGNet
=lle o 2t lieliz ls 7 lg |8l i@l =iz =B
Rzintz'zsgasaleagla‘“"g
5 [ 5 g E § 5
3 3 S 3 kS 3 3
— ~ w o w (=] -~

U 2.15 nmiUSsuiisunsiiousves Alexnet wag VGGNet [20]

GoogleNet (Inception-v1) [17] [21] \uanimenssufiannlae C. Szegedy
et al. 9n7iuwes Goosle Research Tinznsuasdulumumssuunamees ILSVRC 2014 Tagi
GooglLeNet 9zlailgild Fully-Connected Layer iusiusuanaaauifivesnIn wisznaunu
fredutugeniiideni inception Layer dsiuandugudl 2.16 villdvswennslunisuszanana

nteend lngesrusznoun1msaulaseasiaves GoogleNet Azuandlugui 2.17
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Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions [) 4 §
1x1 convolutions 1x1 convolutions 3x3 max pooling
Previous layer

SUT 2.16 MwwesduTugos Inception Layer [17]

E‘U‘ﬁl 2.17 A3 Architecture 98¢ GoogleNet [17]

Inception-v3 [22] [23] Huaadnenssuinauinesenu191n GoogleNet
39 Inception-v1 1wt 2015 lpediseazideaiidAy g mlaun n1svilassEsns Convolution
Layer sl $enszuIUNIT Factorization (N1suensilsenav) lasdinisiasundas 3 Layer

ANAIUN 2.18 apesdusznaunmsiulasaasnaves Inception-v3 agwandlugun 2.19
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Module A Module B Module C

For p
high dimensional [ Filter Concat ]
i — !

5x5in 33
GoogleNet

1x7 and 7x1
(Inception-v1)

\ Two 1x7 and 7x1
replacing two 7x7 replacing 7=7

n=7in
[
[] IEEI B

Inception Module A =

Inception Module C

gﬂﬁ 2.18 nmsmswasden Convolution Layer TiUdenuutuasin GoogleNet T Inception-
v3 [23]

Grid Size Reduction ¥ i ‘
(with some modifications) Grid Size Reduction

Input: 299x3, Output-BxBx2048
1

2x Inception Module C
........... 4x Inception ModuleB ..} ... oy

Convolution

299x299x3 8x8x2048
:c:i::u Final part:8x8x2048 -> 1001
Concal sax o
Dropout - Auxiliary Classifier
Fully connected |
Softmax

gﬂﬁ 2.19 AMNTIU Architecture 84 Inception-v3 [23]

Xception [24] Wuaninenssufiamulag Google wWinieaiuiu GoogleNet
wae Inception-v3 IngladinsiennsmAdelul 2017 Tnglausuusaiudslugnues Depthwise
Convolution tag Pointwise Convolution Wlululassues CNN TngesAusznaunmwsadlaseasg

Y84 Inception-v3 %LLaﬂﬂugﬂﬁ 2.20
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Entry flow Middle flow Exit flow
299x299x3 images 19x19x728 feature maps 19x19x728 feature maps
1
[Conv 32, 3x3. stride=2x2 |
[ReLu : ol ReLU [ReLu |
[Conv &2, 53 ] Separabletory 778, 33 [Eeparbteton 728 357 ]
[ReLu ] [ReLu Conv 1x1 | [gely ]
| SeparableConv 728, 3x3 | | | |stride2x2| [Senarabieconv 1024, 3x3
15““"’““”‘1‘ 128, 3:3 | [MaxPooling 3x3, stride-2x2
r—pry [Retu ] SeparableConv 728, 3x3
stride=2x2| [SeparableConv 128, 5x8 | ®
I [SeparableConv 1536, 3x3 |
MaxPooling 3x3, stridem2x2 [ ReCu ]
19x19x728 feature maps T
[SeparableConv 2048, 3x3 |
[ReLu ] [ReLU ]
[SeparableConv 256, 3x3 | Repeated 8 times GiobatAveragePooling
Conv 1x1 | [RelU ] |
stride=2x2| [SeparableConv 256, 3x3 |
I 2048-dimensional vectors

MaxPooling 3x3, stride=2x2 |
Optional fully-connected

[ReLU | Layer(s)
[SeparableConv 728, 3x3 | |
1

|

]

Logistic regression

[ReLT
stride=2x2| [eerarableCony 728, 3x8

T
HaxPooling 3x3, stride=2x2

19x19x728 feature maps

g‘dﬁ 2.20 AMW5IU Architecture 989 Xception [25]

ResNet [26] Wuannimenssungmitmnitesuilaludenedinuazerusnay
nédAnuesinglunmlumeluserinnssuiunsiseus vilinsseuslug i uneumaaniniy

LiifnnisAunuaanvaglnl Wesnnesdusenauiiddguugndneenly lavinsidiaue

a Y U 6

° aa a 1% a [ o A ~ ~
LLUUQ’]@@QWNﬂWiLiUUELWUUﬂUNaaWﬁﬂqiLiﬂuzLﬂ'ﬂ,unﬂ 2 Layer ﬂ\T‘WLLaﬁQGLUEUV] 2.21 B

o a N o

Lilvideyansdusenaunidifaainnisiieuslu Layer 11 dumeld lnsasilidnuvazadiends

iU GoogleNet

weight layer
F(x) Jrelu

weight layer

o'
identity

gﬂ‘ﬁ 2.21 7N Residual ¥84 Layer 7411 ResNet [17]

Tnga1N9A8ued Alfredo  1avinn1ssUSsuLfisuaAINuLUg1v999an o3

Usziamengg Tinnusud 2.22
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80 1

751

70 1

65 1

Top-1 accuracy [%]

60 1

55 1

] " |
50
Woet et A% A0 A9 2k o0 (o) ok D 3B
e;#x v\\k "(F\ B‘&Y\ 66 GG ‘:\e &6 \ke" \3;3‘ “029“\0(\
CE\ee

\3
P%\\\

Ul 2.22 nymiiUSuiisuanuusiug1vesdanediin CNN wes Alfredo [27]

Wetnuudaesluwnazan1Unenssy wavinnisidSeuliieutu (Layer) wag

o w

feulNaRuNluuIeluLsazdanasiy azuandlun1san 2.1

d' v ~ a & ) a e .
H1519N 2.1 GUEJi{lJaLiJifJUL‘WEJUGUU Layer VBNBANDINUUDN Deep Learnlng

o a = Mda v LayerS

AanNanNy UNAnAY
No. Fully

(Algorithm) (Year) Convolutional | Pooling Total
Connected

1 AlexNet 2012 5 3 3 25
2 VGGNet16 2014 13 5 3 41
3 GoogleNet 2014 57 14 1 144
4 Inception-v3 2015 94 14 1 316
5 Xception 2017 74 5 1 171
6 ResNet-50 2015 104 2 1 177
7 ResNet-101 2015 104 2 1 347

weNINUN1Ielavinsfnuadfeilavinisiseuiiisu niwensald
lunsafranvuiasindanesiiuluwsasUssinniiodiunussenaldluanuide lnen1edide
laden GoogleNet Mlansnenslunisadrauuuinasstsguaiinnuudiugiian wslglunis

NaaeulAnvDILUUIIaDY wazlalaean ResNet-50, ResNet-101, Inception-v3 Wag Xception



22

MnAruwiugguaslininensiunisasswuudtaediiganndninldlunsseuiey

LALASIILUUIADILIUITY

(%
v Aov

2.3.4 §a3Ian1sUseLiuNG [28]

nagdglaidenfnyinisussiliulseanSuaveuuuinaes lneldiaTeils
Confusion Matrix Fuluniaslendeuldlunisuszfiunadnsvesnsvinnsieusaeniad
lnginannisinteyanaansvasuuiaesiseultanals iisuiuteyadsiaeiilasadi

wazlleueIHILYS MUAITNA 2.2

A151991 2.2 1AS985719989 Confusion Matrix

Prediction/Actual Yes No
Yes TP FP
No FN TN

Ingdifienuendayaldadlulunsg desialuil

v '
=< a a a

True Positive(TP) A8 KadWSLUUI1a0IMAATUS LLasz’J’a;gaﬁdeJua MAATUDI

[ !
= a

True Negative(TN) Al HaanswuUTaeiinduas uavdoyaasadudenilinauuass

Re

'
a a

False Positive(FP) AD NaaWSwUUINa0 a7 uase LLagsﬁagaﬁaﬁ‘]ua MAATUIT

e

£
a =

False Negative(FN) fia nadwswuudtaesnliiniuass uaedoyatsadudilinintu

[ '
[ % =

TnaAndayaauisatunasiiviidinteya wieldlunisuszliuuagdinsgsinala
Aastalil
Accuracy %38 fArugneed WuaduilinvaveniiennugnieswetuuTnaesngn

a329%u IngAanugnesenUseianvesdaya (Class) anunsaAuialaanaunis 2.2

(TPs + TNs)
(TPs + TNs + FPs + FNs)

Accuracy = (2.2)

Precision 38 AnAukiiug [Wurusuendernuiissnsiluisiazyssiavvengy

veyaianly tulenuwivgwemaansvesuuTaadlagneed Welsuiunaudeyaussamauy

a ¢ a v oA o 1% d'
‘1/]@ﬂ‘lﬂNaa‘WﬁL‘WQJL%’]M’ﬂuﬂizLﬂVl‘U@ﬂﬂq%JVlﬁuIﬁ] mmsammmlmmﬂammsm 2.3
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TPs

Precision = ——— 2.3
. (TPs + FPs) 23)

Recall/Sensitivity 38 frmauta Wusrfivsvanisanulilunisasisdudeyaly
wiazUszianveanguteya Ingudeyaniaulatianuaiunsalunisnsaiudeyalagnies wie
= o v = o A o =t Y A ° % =
WiguiuteyavesUseinnidediu Agniuneluilungudeyadu aunsarwinldaainaunisy

24

Sensitivit L= (2.4)

ensiavity = —/—  —— .
Y= (TPs + FNs)

Specificity %38 Anudg WuAmvauentisnnudwizvengudeya ingudeya

O o ° A | o & v P o % A
uuam’smf\]’]LWWSVH]SVLNQﬂVI']U’]EJlULUuﬂqm“Uayjaau mmmmwamlﬂ‘ﬂ’mmmﬁw 2.5

TNs
Specificity = m (2.5)

I 1 A aa o 1 .. 1 a o A
F1-Score tUUANRAYNNAAINUIAT Precision wazgA1 Recall URagNULNDLERNS

ANURNABastayaluuiasngy ansarwInlaNaun1sn 2.6

Precision * Recall
F1-Score = 2 * — (2.6)
(Precision + Recall)

2.4 MUIBNAYITY
NUITBITOI NMIANLENIATIATIINAN AL NENHUNTTUITHIAINATANIS

'
a v aa v

Uszananatoyann muadelainnisinumanide nildnvuraaussasiviselsnisilnaifesiy

P & o a a v a o W = P £ o &
wWatdukuimslunsafiunuidolasdannuilamnne 1ot

[y

24.1 Mitefidnuwieadeatiulansns Powder Metallurgy (P/M)

Ao A

2.4.2 AeNANwINeiUITMIveINIsUsTaIanatayan1 (Image Processing)

a o

2.4.3 nuidnAnvufgiunsiin1sseusidedn (Deep Learning) inldlunsan

wenUszndeyagunn

[

2.4.6 MMAFeNTLWIAANIsUTEYNAIBNMININALALuiudnYEUUSTLANBY
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a v A

2.4.1 snAsefiRnwisteaiulansas Powder Metallurey (P/M)

[

Tuhidetmaideliinsfnwifeiunuidenmsimlangine filddnw
Aenfurannsznuvesgngululansng tenandlsifiudsamddyuarUselovianmsinses
swiululavzns osmnnszuiumstugilangastiu snaudunadwsfiAnnnnszuiuniswae
fvaniaedlald usanssamuaulsindadsineg enfiviu suinveseynanslansrousinnTg
wwiln gaumgiililunsinniin vie szaznanilélunsindnidusu

M. K. Dunstan et al. [29] lgvihnns@nenisoiiontu anuudaunsasonisén
(Fatigue Strength) Tulawng Titanium Alloy %y’u@mmw (Grade) Ti-6Al-4V lagansauntlade
fiflanseEnu NVLNAgITY JUSIWRIINTY Fusesgngy vunvedassadandn uarain
vpaiilowdn laefitumuastuguienssisus Tnenadwsonmadelfuandiiduilulasaig
YN99aNIATBILEBLYEN LULMEIU (Coarse Microstructure) tu JUSTeMATILIRTBITNIUAL
wansynusonmudnssontsdeslany iunndgnguiteglulassadrsganmaiiloiman
wuuaziden (Fine Microstructure) TudndnuTunngnadludemdniivinty iesingnsu
Tulassadrauuuneuiuasfuifaiugessosunn (Crack) LAFARALETINAILAY (Stress
Concentration) IdAnilassasnsuuuasden uazdadusiivilisesunnitiatumansouns
Y8l 193In57

J. Park et al. [6] lé¥hmsfinyindnndrmsueumiitugulaonssuine lay
fiAnuamantinanafildanmstusuieuiueinveaieman uastimamesnsuinama

foA1AUAUNIUNIEIFLIU (Yield Strength) vedlanewialil Inennuidelaasulidn sugu

(%
&Y

UUANARDANUNU MU UV UNUNTUIUA LN wazdsansznuluderinungs (Hardness)

EJ‘EJNSJ‘L!EJE‘I’WﬂﬁUI@EJ’J?{ st HAUAUILUULNA Uimmiwwmuasmﬂwmmmmumqmnaa

[
Q.ldld

gﬂmamamuummmaq

9 Y

a o dﬂ

24.2 Q’]‘u’]?\]EJ‘V]ﬂﬂ‘i‘fﬂLﬂEJ’JﬂU’Jﬁﬂ’]iGU’ENﬂ’ﬁ‘UiuiJ’JaNaSUEJllaﬂ’]‘W (Image Processing)

Tulagdumelulad Image Processing lodimsunuszendldludigpanmnssu

[y

Tany 9199 ﬂ’]iﬁ]i’)’ﬂﬂ@UﬁﬂN@‘Uﬂm (Defect) LQW%uﬂ‘UNaWﬂm%ﬁ@ﬂﬂ’lﬂ‘ﬁﬂ?i@i’ﬁ]?m‘\ﬂﬂ

N89129950n N1IATIEaNToUY (Inclusion) Tuiilewan Lazmsiuusandailoanaan

Ay avau

Amnanafiifntuannnsufiinuiemuaduiu nemadeididelifnvluidetaniondes

Y

fAunsUszendld Image Processing ileliiiunmsmanAdeilflugnamnssy
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Y. Liu et al. [30] levinmstiunansiausiviowan (Stainless Steel Pipe) lngld
mATiAved Image Processing 1sntelunisdnusnannanfasivaneananiiundadie
nsvUIUNS Thresholding ualddanedfiu lumsifuiiuiinsnaulunmidielseysuunnsos
win lurdselauseiiumuuiugeuusaediad sty osudanuwiug (Accuracy)
Tnefinadnsainnisuszidiuegi 93.7%

S.J. Lee et al. [31] Iﬁﬂizﬁmmﬂﬁjjl,‘vmﬁﬂ Deep Convolutional Neural Network
(DCNN) Tunmsszyvsneiaviidioustuunanfasiman Taglsihnsioudisuivauideves
7143305 Median Filter Based Anisotropic Diffusion (WMFAD) 91nnnsvnaaeusidnys
Favun 2,876 FasnwadaeIsn1s DONN fnuRanainegil 63 dsnusAnlunuusiudioy
7l 97.81% BauNnnI13B Median filter AflAmusiLBYT 95.41%

Z. Xinman et al. [32) IflaussmAdoifeaiunstumaniassdniiviannsis
aglunszuIunisnan tngldmalulagvisinunisussaianadeyanin adudiuaumaniy
sUuuvdeifvies] TngarnaAdelsvinsulasdodaviad iWugunmuagldiBnisves canny
Tumsuenidundnipssdndieiazyinistusieisnisues Housh Line Detection lneianaau
wiud1vesmstuanadduszyliogi 100%

L. Xiaohu and O. Jineng [33] Wawesdsedild sanesiiuildmaiaves
Otsu Binarization arildlunisusndaminidesmsaedunenseninamitunds uaslidanasiiu
yesnIaFIaduseus (Contour) 1aelumsmaaaudnatsvesfumaniiaziuaingy 9
ATsmuIiugwesTMsUszndlfiduseuislunstumdnegi 98% lesldnatlunis
Uszdanatiosndt 2 Ui

X. Yan and X. Chen [34] Wtiiauadane3iiu Avaelunisiiiyszavsam

[

mstumandulpgauideiiyagdadulunsuideymliausawenivanidusenainiu dulies

1NN UTeIranduluAaiy lnendsenn1svil Image Sesmentation faewmATinves

Otsu Threshold 3NvEaNMsHIUaIdanasiy Newldslavdtaustuazidunsaswduuseans

a L% a

(K) 1981 L8NS 1EILYBINUNIINANNLNINTUINISHU (Si) [8UNUANRAEYBINUTNINNAY

e v S A oW a £ v o I o I & Ada
Tae59u (Si) Wneaunisnis K = S—l TneNANduUsEaND K 98l Usuanne s unnasan
@ W : czvoo & v oA @& v odAa oa o ada g 2 v
aghuisumu (Noise) JUmanEuT il visewanuniinsiaiu Tunstiindumanidu
Ni

yl

v

afuazldniseuusal Tunisuaendsusunameurdnifafuiaiiuauiuglunisiy

Tngananuddedlunsiumdndunuiuna 510 W fanuuiugiegi 99.80%
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'
a v A

2.4.3 AdeNAnwideiunsdinsiseuiiidn (Deep Leaming) sllunsfnuen

sUAIN

Tulagdulaiimsuunedia Deep Learning 1WanUssynaldlunmsAnuengunim
Tugpawnssuiivannvanesnndtuliiasdumslilunsdauenuazasaivrendslunszuiu
NIINAR %39 ﬂ'1im:m%’Uslwﬁ’maaqﬂﬁﬂu%ﬁuazmﬂ%aLfluéiu Tnednwae it
Supervised Learning waz Unsupervised Learning %uaﬁﬁmmﬂwmﬁsuawuﬁ?uq Falu
Uaquuleifinasld Software @n5a3U wse Open Source #l4lun1591 Deep Learning 8874
usviane dailuidotmeideldtati Arvnuideiifinnindane3fiutes Deep Learning
wlglunsinisAauengunmvisenis3aniuy (Pattem Recognition)

V. Agearwal and G. Kaur [35] leififianianidde vhmsvumuientu wuide
i1 Convolution Neural Network (CNN) snuszendldlunisvinnsfauenguam snidels
FnsiSeudisuauuiiug fAne1ni5n15ves Deep Leaning #isnaiu wazaddelsi
m'ﬁﬁ/mmuﬂ’l?di%&gﬂﬁ De-Noising Convolutional Network (DnCNN) Aagiatia Batch Normalization

ey Residual &awaannIsnumungidelalndedaunsdn ludagtuddiliwealyunanags

q

=

InefTuegfuguuuuresadoya lnesAdeignihuwseuiisusansiniulunsed 2.3

Y

Paper name Dataset DI Network Learning technique Accuracy
Zhang K (2017)  BSD68 DnCNN' Batch Normalization 82%
Kolsch A (2017) TOBACCO-3482 ELM? Transfer Learning 83.25%
He K (2016) CIFAR-10 DnCNN Residual 85%

Liu P (2015) CIFAR-10 CNN’ Supervised 88%
Jaswal D (2014) UCML CNN Unsupervised 93.18%

'Denoising Convolutional Neural Network (DnCNN)
*Extreme Learning Machine (ELM)
*Convolution Neural Network (CNN)

JUN 2.23 AmaansmsiUSeuiiuauuiug1vas CNN 91n91378v84 Vishali [35]

[y

D. Bhamare and P. Suryawanshi [36] lavinmsnumusiideiineanu Pattem

'
Va v

Recognition 719LUU Supervised Learning lLag Unsupervised Learning TneRiIglavinng

Y

L% -‘-:lld‘a

WA NARLWILYIT 2014-2017 1w3U 33 20U 1WINITNUNIY kazSeuLigunannIS
nulusiazatu Tngnaannnismumunieideldauin sUuuunisii Invariant Pattern
Recognition 1Uufifiesns ikt msvmnguuuuesiisnes vie Tunth Tnguunliiunisuiy
ANAIIUENYBINIIEYFIAY UazMSATIREe al5ULULYes Machine Learming Fivannvians

[

1Ty nenuidengnmihundieuiisursuans Widulugun 2.24



Reference
D'Addona DM et al. [8]

GaoGet al.[9)

IwanaBK et al. (10]

MageLet al.[11)
NazSet al.[12]

Uhlmann E et al.[13]

Peralta Det al.[14]

Chatterjee A et al.[15]

Peralta Det al.[16)

Zeng Yet al[17]

Technique

Artificial neural network (ANN) and
DNA-based computing

Robust and discriminative low-rank
representation (RDLRR) with a
simple linear multi-classifier

dynamic time warping (DTW)
based Dissimilarity space
embedding (DSE)

Hierarchical clustering;
classification tree
(NN and MDLSTM

SLM machine. Nearest Neighbour,
Bayes Classifier, Neural Network,
and Support Vector Machine
(SVM), k-mean algorithms

CNN, DNN

bio speckle analysis, visuo-numeric
algorithm, 3D sensor, MSF*
and non-normalized histogram
technigues
AFIS with hierarchical
classification

DP-KELM, kemnel-based

Muhammad Jamal Afridi et al.[18)

OlfaBen Ahmed et al. [19]

ZeyadHailatet al. [20]

RanaAamir Raza Ashfag et al.[21]

extreme learning machine
(KELM) classifier with deep
perceptual features

Deep Learning Technique
in Convolutional Neural
Networks

Multiple Kernel Learning
Technique

machine
learning with McM mFL
method

Fuzziness Based Semi-
Supervised Machine
Learning Technique

System requirement
MATLAB

Yale B data base, Multi-PIE database

UNIPEN on-line handwriting data
set

197 DSC curves

Intel Core i7-3820 processor
(3.60 GHz) and 24GB RAM. The
(CNNs were run on a single Nvidia
GeForce GTX TITAN GPU (2688
cores, 6144 MB GDDRS RAM).
Data base: SFinGe, NIST-DB4
MATLAB

SFinGe, NIST-504, NIST-5D14

8 Intel(R) Xeon(R) E5-2643
CPUs (3.30 GHz), 12 GB DDR4

Standard MNIST, Places-MIT
Databases

ADNI Datasets

Benchmark Facial Datasets
includes AR, Yale, PubFig83
Datasets

NSL-KDD Dataset

Results

The error is a bit more than 1%
for the SGB image set

Occlusion level is 40%. ROLRR
always achieves stable
performance when « varies
from0.1to1

average of 96.67 + 4.38%

85% of critical compounds

27

Conclusion

ANN and DBC, can be used to
reduce unnecessary time and
volume of information while
solving complex computation
problems

RDLRR was robust to corruptions:
illumination changes, real
disquise and block occlusion,
and yielded better performances

DTW-based distance measure
can be classified with a high
accuracy and low prototype
count

predictive modelling was improved

were correctly identified by the graphical clustering
recognition rate is 98.12% The combination of CNN and
MDLSTM proved to be an
effective feature extraction
method
The Bayes Classifier, due to the The result showed that an
achieved accuracy of 63% automatic classification for the
SLM machine is possible
the proposed network obtains The robustness experiments also
99.60% accuracy showed that the deep learning
strategy was able to obtain a
very high test accuracy
- Overall the proposed technique is
very simple, fast, low cost and
full field

Classification accuracy The results obtained over

For Segmented 0.9376 several databases highlight

For Not segmented 0.9189 the very good classification

accuracy obtained by the
proposal, while eliminating
the rejection rate

Recognition rate is 99.54% The proposed method

uses a relatively simple
architecture that reduces
the computation cost

Performance percentage is The Efficiency of ranking
60.1% with 5% of selected source CNNs was improved
training data by proposed Information

Theoretic Framework

Classification ies for AD Sub | enh of
versus NC-90.2%, MCl versus accuracy could be achieved
NC-79.42% and AD versus for recognition of AD by MKL
MCI-76.63%

Recognition percentage for The discriminative features in
AR-95.04%, Yale-98.97%, object recognition problems
PubFig83-95.85% were determined and the

recognition rates could
be improved by McMmFL
method

Testing accuracies for KDD The performance of the
test+ = 84.12%, KDD test classifier for Intrusion
21- = 68.82% Detection system could be

improved by FSSLA

JUN 2.24 TayanaansmsiUTeuiiguadmuiugl CNN 910911338984 Deyani [36]



Reference

Philippe Burlina et al.[22]

James H Cole et al. [23]

Xieping-Gao et al. [24]

JananiKalyanam et al. [25]

Technique

Transfer Learning in associate
with Deep Learning
technique

Predictive Modelling Approach
Based on Deep Learning

Hidden Markov Tree Model of
Dual-tree Complex Wavelet
Transform with Genetic
Algorithm

Unsupervised Machine
Learning Technique

System requirement

NIH-AREDS Dataset

Large, multi-site BAHC dataset

Nijmegen, MIAS, DDSM
Datasets

TwitterSpherePublic API

Results

Accuracy

(i) for Machine

Class4-79.4%,class3-81.5%,

class2-93.4%

(ii) for physician grading

Class 4-75.8%, class 3-85%,

class 2-93.4%

RMS Error for Gray Matter
(GM) - 5.31, White Matter
(WM)-6.54, GM + WM-5.67,
Raw-6.46

AUC for Nijmegen-0.9856,
MIAS-0.9941, DDSM-0.9168

Totally 84.2% of tweets are
observed and tested

28

Conclusion

The accuracy of the Classifica-
tion problem of ARIA and
AMD analysis were improved
using the application of
transfer learning technique

The accuracy of CNN brain-
predicted age with reduced
computation time could be
achieved using PMA

The accuracy and stability
could be improved by
DTCWT-HMT using Genetic
Algorithm for Micro-
calcification Diagnosis
problem

The process of carrying out
the unwanted tweets from
the TwitterSphere Public

APl could be achieved by
proposed method

The estimation of length and
depth of metal-loss defects

Pattern Adapted Wavelets for MATLAB Length Prediction Accuracy-
the detection and sizing of 90%
metal-loss defects. Depth Prediction Accuracy-
90%

Mohamed Layounit et al. [26)

could be achieved with high
accuracy using PAW

David M Schnyeret al. [27] Support Vector Machine Right Hemisphere Whole Brain Total Accuracy-74.0% with The dlassification of adults
Learning Technique FA map with eight datasets 80% Specificity and 68% with MDD and HC could be
Sensitivity achieved by SVML with high
accuracy

JUN 2.24 Foyanaansn1siuseuLigunuusiugt CNN 9191398989 Deyani (9) [36]

2.4.4 31A33ePTkIAAN15UsEyNAIBNNSNnAREdAuAuNUUTEANDY

'
a v aa

Twideimeidelainsinnaddeninsussgndliunanufanlndifies

[y

fiu Ineddudatunsfinwauddeluniaiu ssaleans (Geology Science) Nin1sth@Anw

a

i G’.JI a = 5 a 1 2/ av aa (3 a [ o
gwqumag‘lwumu NIDYUNU IﬂEJlNLUUQ’]U'JGUEJVIMﬂ’ﬁihSQﬂG]LVIﬂIuIﬂEJLﬂEJ’]ﬂUﬂWiTJ’] Image

Processing Wag Deep Leaming t1lUtelumsiaszit evinn1sfneisn1saiidunuie

[
v A

nazitTamldlunsuseiiy

R. Amay et al [37] lfinsAnuidelaedigauszasdifiefiazyin nsdauen
Uspuamvaadnunzsnsuviodesinsluduiiu Tngld Convolutional Neural Network (CNN)
nasnaseuiusrdanenUssinnvosderidlusuiiu Tasnisthamdiensganiadifigngu
ogdnsluiifivnnn 600X400 fis 4416X3312 Pixels  uvihnsutsesnifunweosdifivuin
224X224 Pixels (iloassmaiFend Inedslunuddelsihmsidieuiisusuuuumsyi Training
Data 13 2 158 3%ﬁwﬁq1&i’fmwﬂaaﬁmmmmw@mmﬁmﬁ’u Tun15v Training wag Testing
Data waz3siiaedl7ildlun1siih Training uax Testing Data MiunannwaLazyafiu Ingain
ATNUITIEInis fenuwiugilunisiuiemnnnin Tnefanuusiugegin 98% §1isT
aosagldmnuusiugiitiosnit daflauusiugregil 88%

M. Abedini et al. [38] #asnsiagyinmsiuieuifisuntsld Neural Network
9311591 Deep Learning fildanesfindidnafuunltlunisdauengnguvesiu lassnwidels

denin 238 Ao Back Propagation Network (BPN) wa Stack Auto Encoder (SAE) Taeils
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msuusUszanveagngy oandu 6 Uszmwmﬂ@mauﬂ’aﬁy’wm 13 dnwaz Ineyadoyad
Tdlun1sasienisiseuduuseenidu Training Data 413 682 5U way Testing Data 41143u
278 5U siAdeidenlfiniosile Confusion Matrix snl¥lunsusziiunsfnuenaiinvess
WUt 6 Ussham wudiBn1sSeudiun SAE anansaaiauuusiaesiidaruusiuglunisdn
wengnyuldAndIuuy BPN Feanuusiugues SAE agil 96.4% du BPN ogf 94.6%

F. Bordignon et al. [39] fasnisfivgiinanenisti Deep Leaming Tuszendldy

Y

Tumsinvuniiafu wazn1snszatefvessnsuluiadu lneldn wiiass 3 TR nluswnsy

Y q

uimsainsnszuannsBeus Wedlazthunldlunsiavune uaznisnszanediveagnuves
Ameanglaseasamiegania lneauddelaiion NN wnldlunisadanssuiunisseus lne
Fupouusnldvhmsatuamaiaogisu Afwuneeiusuau 20000 sulnedvunvessUam
aEi7i 64X64X64 Pixels u1vdu Training Data wal¥nmanstuiu S1ud 5,000 AN lagsdl
mumgﬂmwa@jﬁ' 512X512X512 Pixels 117w Testing data wagld Histogram u1%aelu
M3UsziliuNg IngNaawsINNNTIn Histogram  38N15a3 90 MANR09euElR Yo IILINAANS
TndiAssfusuatuaniddoiigninungnids

PneAsefina LUy mmsaaqﬂmﬂu‘[aﬁﬁﬁmiﬁﬂ Image Processing Lay
Deep leaming 3nUszgndldmumunaad 2.5 lngaziiildiianuusiug luudazanAided
ANt 90% datuaindeya maideTeisamAgiuiimsyi Image Processing wag Deep
Learning  annsatiunldlunisfnuen uazussidusuuuugngulunulavens fneidoay

ALTAUNITER
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[y

giUszendlinisuszaianatoyanmiugugngulununisiussaline,

Image Deep
Publish . Development
No. Topic REEELNG processing learning Number of Data set Accuracy
Year Tool
technique technique
YINTAALENUTELANTDY Training data:
Soil micromorphological . « il z Confusion
Anuarsngurseverindludy 1500 U (224X224 pixels) LabelMe tool
image classification using R . Y - Data martrix
1 Jan-21 7u gl CNN anldlunnsadng CNN Testing data: Tensorflow
deep learning: The porosity . - augmentation o g9en 98%
NILUUUATAALENTUITZLAN 081 114-1500 U Keras s
parameter o ¥ . 2 . AR 88%
voeeainglutuiy (224X224) YupgnuUszLANgNIU
Porosity classification from 1auenisly Neural network
k. Training data: .
thin sections using image ”LumiLLﬂﬂﬁm:rmmmgWﬁ;u”Lu AULANUELN
- . il . - Median filter 682 35U Image Pro Plus
analysis and neural fulaevinisUseuiieusening BPN . . (Accuracy)
2 Jan-18 - Dilate Testing data: #1113V Feature
networks including shallow BPN (Back-propagation SAE BPN : 94.60%
- Erode 278 3U extraction
and deep learning in network) wag SAE (Stacked SAE : 96.04%
Jahrum formation autoencoder)
dauanisvin Deep learning Training data:
Deep learning for grain size lﬂﬂixqﬂﬁbﬂumﬁnm%mm a1t 3D Mlunsih 14 Histogram
and porosity distributions maqlﬁaﬁu ﬂﬁﬂismﬂﬁ"mmﬁ - Thresholding Training data (@ nlUsKATW): Keras Tunsuseidiu
3 Aug-18 . AR y CNN I
estimation on micro-CT NI Tngldnwanaesnin 3 97 Toeld Histogram 20000 3U (64X64X64 pixels) Tensorflow LLmhﬂ,ﬂssq
images NUTUNTULESLUUT A4 Testing data: AU

ASYIUIY AINAIYAUT

5000 §U (512X512X512 pixels)
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ASanduuIY

Tunszurumanisudunuiievinssieninlassadimisganievedlavgniy
yaffufoRnsluriosidedeshmatitunusiunszuiunisinneiu (Grinding) fenszny
vt udh vimntduiehnstanden (Polishing) fent@aiiun (Alumina Powder) e
yhlssesdnuuminunulavedisesfiinanmsdeliiosiian fifuanduzud 3.1 dafudle
andmiinansyuiunisdn enfivu seudnfivasmdeannsruiunswientuny sosth

Va o

MANINNISTR wag ANULITAYRIN MBULTBIINN15TAR lane R lulATEUIU AItURAI8R

e

1ATiN1INsEUIUNSY Image Pre Processing Lilevinn1sananulanaInannnsyuIunsies el

FUUNBUNAEIFUAMIATIETINRaNIALUYINTEUIUNTTEUS VB LRSS

S
o
=il
~

ASLUIUNITHA ATTUIUNTT ASTUIUNITUR 782N

Mounting

JUN 3.1 TumsunswienTunulagiiorinsdesgainsiundesganssal

Tadlomeandeatunsunmsdiiunidedowusiiuandu Flow Chart fegui
32 Tnonsgvrunslunifoasutseeniduduneundn 4 dumeuléiun

3.1 Suneunawundeya warUszananatoyanin

3.2 SupeunaiinisszyUssinvdoyaninlnouywd (Labeling Process)

3.3 %um’e]uﬂ’]iﬁ%lﬁﬂLLUUﬁ’laa\‘}miﬁﬁJui (Deep Learning Model)

3.4 JunpunNIsUsEEUNg (Evaluation)



3.1 Sumeumsisuadaya uaz
Uszuranadayanin

aUszaNd : leviinsda Noise vido
asdUsznavdeyaiiliddu

Input : RGB 3656X2740 pixels
Method : Binarization lng Adaptive
thresholding

Output : Binary image 3566X2740 pixels
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3.2 funsunisinsszylssamdayanm
Ineuywed (Labeling process)

aUszaed : Lilorsuenyszann el ly
Deep Learning

Input : MFWIUIILI 2100 AN

Method : fiTemgy 3 Aulunisuseidiu
Output : Usgiamuasnm titevh Supervised

learning

3.3 FunounsEdUUUTIARINTTITELY
(Deep learning model)

AUTZEA \ioad1auuusans Deep
learning

Input : MWALUUMSUsETLINGTemey
Method : ResNet-50, ResNet-101,
Xception, Inception-v3, GooglLeNet

Output : LLUUA18049 Deep learning model

3.4 FumaumsUsuidfiuna (Evaluation)
yavszasd : ilomamuuiudveILUUTIans
Input : Yadayanaaey

Method : Confusion matrix

Output : Accuracy, Precision, Sensitivity,

Specificity, F1-Score

Rotate 180

Rotate 270°

Not good

Expert 3 Fxoert 2 Expert 1

Normal
- 4] Rotate 90°
| Rotate 180
- p Rotate 270"

Good

Normal

otate 90°
Rotate 180°

Rotate 270°

Very good

x 282

images

ResNet-50

ResNet-101

Inception-v3

»

GoogleNet

35U 3.2 Flow Chart nnsiddunaun1svnauide

EAEA

Very good

L]

Very

Good

»

»

RGB Binary
- = F2 b ~ 5 L2 l
Gl — K]
< ] 0] ’
& g - g
BT v IN i . N
- P - 2,
n = . £ $
2 SEN s A M
3656 pixel 3656 pixel
- A B, & -~ x
T [oR
T e el & x12
= B @
o : ® 896 px
\O
N
Image labeling

Good  Not good

Not eood

Good

Not good

ResNet-50

ResNet-101

Xception

GoogleNet

%Accuracy evaluation
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3.1 Yumumsinlsuyadoya uaruszutanadoyanin

3.1.1 yavayanin (Image Dataset)

YAUUANNLATIATINNNTANANIEITLLATUANUBYATIENAINNUTEN

Acme International (Thailand) Ltd. Ingvayausznaulusmininediglasiasnmieqaninves

' [
a1 =

Fusnlavy Ussomminndaivaus (Low Carbon Steel) rnunszuiunstuglaenssis
Tavigns S1uutnun 175 50 Taegunmasdounaiidsmensegi 100 wih (100%) fanuasden
Amane (Resolution) BEjfl 3656x2740 Pixel wagdld1 DPI (Dots per inch) a8l 96 DPI T
afUsznouvasnlassadameqania axdsznouludegngu @) Weimdn @Evn) was
Adfiaun@ (Noise) TAnTuANNS¥NTP LIS BN LY BTty as1uth seetavasnszenumse

uazmmazviavanuatlnmeluiasmvitnsatenn Insdmeaunflusnmnd il udoseinu nssuInms

' v
ad a =

Uizmamaﬁi’faagammﬁaﬁﬁmaqﬁﬂizﬂauﬁlﬁﬁ?ﬂLﬂumaqmwaaﬂ A19819URIANAUNRNLAAT U

lupszuiumMseseNfuAzLandluUN 3.3

L e 4 e, 7
. . . O OWES R T
L.} 5, g ey
" 't e W
S P - o . Yo
1 ”',Q st e y !
- R v TR 4
;-‘- .-\ =N, & § " .l'. -Jl. o ‘: *
" ” _Il \‘ i g . ’ -
\ ¥, \\ l' "™ v _‘._‘_ < -' Pk L
S % 0 5 -., ot * \
.G: % o, LE oa 30 ‘a3 el
B b P 5 e i A‘, g WA
i % azl. y e »
€ = s Ten . g L | W]
a.) ANYAETREIAINNTT b.) ASIVUIINATLUIUNITUR c.) anulidnuesrauniiodann
LS UYL Anulaszunu

a o ' a A a a Y
EU‘V] 3.3 51'3@EJWQEUﬂWWﬂ?W@JN@WﬁW@VlLﬂ@‘UqﬂﬂigUUUﬂqiLmﬁﬂﬂJsﬂu(ﬂu

3.1.2 mMsUszananatayanin (Image Processing)

lunszuIunsuszaanatayanIn NMNITgNYIINISAnaIAUIENaUNRAUNG

Tunnw 91 seedn ATIUENIINTELILUNITR Aeinanliluiite 3.1.1 lavesiusenauing

[

ndAgvesnmildlunisusediu auninees Sintering Neck fie iamandwiiludviily

o

sUN sz gnguduniianuadalugunw Asiuandluguin 3.4 dsdunsguiums Binarization

U
Fannihanldieldlunisdinesrdsenavrasnninlisdndu lngazvinnisasuningelasaasis

Y

199801 9NN (RGB) lunmamsi(Binary Image) saenssiis Adaptive Thresholding
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HulUsuNSH Matlab 7R Sensitivity() = 0.5 TaenidRaunAlnealu agtiaanudsd (ntensity)

'
o 1

ANNTIFNTU INBAMUEI91NN19Yn Binarization  #wiaund azgnusuluduludiuveatamdn

Y 9
o a a = v [ < a da a a a £ Ao 1 & =3 M v
mmmmﬂugﬂm 35 FITINUNANANUUUITINAINAUNA LN ATUN A LAUIVDIUBLAAN 11]1@

RTUAI U IIHTY

& < o
T Lawman (@)

g dwlanUasy (msiduilewan)

= = L3 = o o
UM 3.4 S19av198nInUTENOUTNEIARIBINTN
y ... T L o ol e : -
i - . 9 t. - -
", .,
- ;'. ‘ -
r. = :' o sl - 0.. ‘ -
e~ e z -
- % '\_.. . R R RS
- -;. '4 ."‘-.-- r}.'r — - . ‘.‘. .,. x -
oo . by BT ¥ - . 8, é
- * a2,y - < 5 % ] . - ¢ 8 . = ) e .
5’_-:__ . \ "ﬁ . ; . .’f-, 3 .\.. _." » ' \: :
AINAWAUNDUVN Binarization AINRAINTSYIN Binarization

gﬂﬁ 3.5 F9gNNINNOULAYNEINISYI Binarization
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3.2 tunsunsvinsszyUssandoyanminsuyud (Labeling Process)
Tuduneuiinminsadoneama fifiauenden 3656x2740 Pixel awgnanuun
AuvED 3580x2688 Pixel Md191NLY awgnutsanamgos sanidusionn 12 amw Bldsy
ﬁi’wLLuzﬁnmﬂ@lf?imsmtyjjwmmﬂqmﬂn'\wwmaaﬂmLi‘;Jumwsiaa 12 o agiilvananse
UszifluRnunmyes Sintering Neck anndnuaizesgnguldiiszavaam lnsfivuinvosnm
alidnawinuly suvililsianansaUsziliunaunineea Sintering Neck ldlagnmvdsaind
yhmsulsazilmuaziBenogil 896x896 Pixel Tnanmazgniluusziliunanmaes Sintering
Neck Taefioavameiulanginet ieananulihndes (Bias) vostoyaniaidelely
vy 3 AU Aduszaunsalinauluaesaumssulangineannni 3 U Judusyiiu

a1 1neAAIMYes Sintering Neck TusnAdelauusszauamnim seniu 3 Uszian ldun

=

9

UszLangngudinilsiian Sintering Neck fivasusaalalsifl Tnglusuideagionudn “snqu
laif (Not Good)” UsztamgwguiifivihlshiAn Sintering Neck Mmasusaailad Tngluauisoas
gt “gnsuidl (Good)” wazUszinngnguifiviilsiAn Sintering Neck Anasusasilafann
TaglunuAsuagieonndn “snguiliunn (Very Good)” iteliresioruiiila Tneldietng
ANMSUsEEIULUUIRYIRUL Guideline lSEUALLLNINMIAEEM Hogands AB JUT 3.6

el duyndeyalunmsaiwuudasimsseuiluddudaly

Not Good Good

S

Good Very Good Very Good

JU7 3.6 3Unmdaees Guideline dmsulglumsusuiiiy
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wannimefideladyateyanimyaiagiiululindnauluiesdfusinng 7l
91y svihumMuagnulaveIng lesnd 2 U 31uiu 2 au uvinisuseiiuiiaiy tiely
TunsfnwiszaunisalvesyUssiluiuiinasandnuusiugl (Accuracy) UasUUIIRBIIQNAS1Y

Junsall

3.3 YUABUNNTETINUUUTIABINSIIEU] (Deep Learning Model)

wasAnAigadeyannlagninn1sussiuaIngiie1vyduiu 3 AL Lasndna

¥
v A

weaUuRnisduau 2 au leignunasnswuudnass (Model) lneuuseanidu 2 nsdined
NIAN 1 wuuTaeINgNasaNELYeIRLY

aa ° N o v o a wa
AFEUN 2 LLUUQW@@\TVIQﬂﬁﬁWQQWﬂQL?jEJ'JGU'WQJ} ey WUﬂﬂ']u‘Ug‘Umﬂ'ﬁ

3.3.]1 MSAILUUIIABINISISEUIANNELTEIUIGY

v ¢ a ° . v ) PN Ay a
WA NSRSV Labeling 9nienysyiewns1en 3.1 Ineamitelaeuiey
Tianuiumiiouiuis 3 au lunuidelasdowninamiud “enduni” laenimazgnyi
13 Augmentation 1900 180° uay 270° lABAITNMAIHIUNTLUIUATS Augmentation 9wl

LN 2,864 AN

15197 3.1 Srnuguamildlunisyi Training Model Tunsdl 3.3.1

Class Expert 1 Expert 2 Expert 3 Same Vote "
Augmented
1. Not Good 478 1,758 1,274 463 1,852
2. Good 1,538 258 685 169 676
3. Very Good 84 84 141 84 336
Total 2,100 2,100 2,100 716 2,864

‘mé’amﬂ‘lfumwﬁﬁmmLﬁumaﬂﬁgﬁa’;mmﬁmﬁauﬁuﬁq 3 AUNAIIINNITYN
Augmentation axgmiiniinszuIuNs3euiiTedn Deep Learning sisuun 5 Sane3iy Taun
Resnet-50, Resnet-101, Xception, Inception-V3 ﬁﬁﬁhmmLLajusTﬁﬁqaLLaﬂ%w%’wmﬂﬂu
msUszanaraliunlaesdaainguidees S. Bianco et al. [40] way GoosLeNet fildftaaluy
nsUszanaNakaz NN NsTidos ielisuiu Deep Leamning JUuUUAY wsnzdmiuiy

NIMAABUIINTEUIUNT Coding Huin TeRnnatavield Tnen1sainauuudnass Training
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Model 489 Deep Learning W 5 JUBUUY Aggnasanulusungi Matlab Tnedn Learning
Rate D¢ffl 0.01 uaze Mini Batch Size ogfl 32 Insyatoyaazuiamaiious eeniuiamun
4 % Training 3 %A uay Validation 1 4 Iagldnsdnidenuuudy (Random) Liletlaaiunns
Bias Y0aLA U&3MN3 Training Model Wusuauionun 4 sou dsiuandlugud 3.7 T

Deep Learning Architecture Wag Activation Function ﬁiﬁff%uaﬂﬂug‘dﬁ 3.8

Fold 1 Fold 2 Fold 3 Fold 4

Training Validate 2 | Training Training

Training Training Validate 3 Training

L (- L Average

Training Training Training i Balidate a4 | Accuracy
Validate 1 Training ‘ Training Training
CES | |
: Validate ‘ ‘ Training K-Fold

sUTl 3.7 sUuUUMSY K-Fold Cross Validation

S S c
=] on =] on O
35 = 3 c an
= 1 = - = | = 5 =} o
°1&| 8 °ele&| s Sl | =
c €5 o = == QO_ > o O
fe) fe) 5 o
O O &
g
] « | —» Not good
©
S > ©
- i = - =
[0} 35 g £ |—» Good
o L ) o)
= %]
< ——» Very good
[}

U 3.8 3UlAs9aI9 Architecture uaw Activation Function 7ildlunsasniawuudnaes

wenanuuLdaesignadislaenflemnamsnlans el unanuaatiu

N

MIEITLEWoINSANYINLAN *uanmilenninguszasavan TuanyRgiunednuussaunmsal

e>°

yosmiduiuluumMsasauUIaes Deep Learning WuiiNaneUssdvis Mnueikuuinaed

=)

el Asliudslavinsasisuudiassmensiiukan1sussdumnninauufuanisiuau
2 Auniongnsvinnutesndt 2 U waunwedseiunniveldlunisasauuudiass lnvagy

wdUssdiuwuuinaesasdvivian 5 au wuseendudilieaiey 3 eu winewufiinig 2 au
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3.3.2 M3a$19LUUI1809N1358UTANFTLINY Wagntinauesufjiinis

HARWSNNAINILNISMN Labeling s nniinaulufnisdiuiu 2 au
WAUEIEIYEN 3 AU egnuanslunsei 6 nsluduneull nmigniiluldlunisashs
° = Ao ! # A A a = Y "y
LUUTIaR9RLaaNNMTNAUUIAZITY 80% NadRpiiALAnTIuMipUiURENItRY 4 AL
310 5 AU Lewntunsalufilonduinvileuiu 5 auliulidwiunmidesunn Inedunaunis

o ° S o = o N o v e v A v o °
AIWLLUUANDIUUEILRUBUNU ﬂiﬂﬂuu’)s{l@ 3.3.1 V]OLGULWENE\JILGUEJTU']QJ/%']H'JU 3 AU

AN9197t 3.2 ﬁﬁmugﬂmwmﬁﬁumiﬁﬁ Training Model lunsal 3.3.2

Operator Operator Same Vote Data
Class Expert 1 Expert 2 Expert 3
1 2 (>= 4/5) Augmented
1. Not Good 478 1,758 1,274 1,927 1,945 1,248 4,992
2. Good 1,538 258 685 89 96 142 568
3. Very Good 84 84 141 84 59 84 336
Total 2,100 2,100 2,100 2,100 2,100 1,474 5,896

3.4 funaunsUssdiuna (Evaluation)

ImEJmi"é’mmammmiﬁaui@ﬁﬂﬁu 22NUszIluAIEAT %Accuracy, %Precision,
9%Sensitivity, Specificity wag F1-Score Lﬁa‘[ffﬂumﬁmezﬁLwa\i’ﬂaaqm&‘%auiL%ﬁﬂ WU
\A30sile Confusion Matrix wagaildlunisadnsFeusluusagnalnues Deep Learning

Ingldyndoyanagdou (Testing Set) wusdnvuzdeyaoandu 2 ga el

3.4.1 yateyaveaeuilinaaeuuuuiiaesiiaiiasedidegy 3 au
ImeLUa Testing Data Set aanudu 2 @ lauA
3.4.1.1 Testing Data Set fiflenunonduyi namife Wuyedeyanmd fidermay
elanadusiioutu sion 3 au Taeddavmesuou 262 U wadusenidu sunmwas
swguilifidiuon 169 U gnguiid 65 5U waggnguiAsIndIuIL 48 5U defiuandlyiuly

AN 3.3
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M31971 3.3 Srugunmililunismaaey Testing Model Tunsdl 3.4.1.1

Type (Probability) Not Good Good Very Good
ANULAIULENAUY (1) 169 65 48
Total 169 65 48

3.4.1.2 Testing Data Set Ayaniuguann nandeidugndeya MfiTerney
wilouitusgnation 2 au 91 3 au Tnediamasiuau 804 3U utadusendu summwuesgngy
flaifduau 476 3U gIuiA 279 U waygnuARIINSIUIL 49 5U Fsfiuansliiiiulunaed
3.4

M397 3.4 Srugunmililunsmaaeu Testing Model Tunsel 3.4.1.2

Type (Probability) Not Good Good Very Good
ANMLTAULENAUIA (1) 169 65 48
ANNLTALEIUNNN (0.66) 307 214 1

Total a76 279 49

3.4.2 yalayanagaulinaaouwuuInaasiaiewaeslliedwsy 3 A uasufiing

2 AU

Tngnuningninnldlunsmageunvuitaenslugadeyavaaey yadeaiu

Aldluiate 3.4.1.1 ethdeyamanuliudunUseufiguiuseninuuudnaesasalay

ey

WY IRYNEIDE AT URTE IV wasniinaussauUURNIs

Y
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NAANSNISIFY AATITH wazaAUs18gNan1sNAaDy

luhdeilazuumaandusawuustass Deep learning eonidu 2 du leun

4.1 HANTNARBIANLULTIABINSISEUTHE IV Y 3 AU

1A ENEPUNANIINARBIAINLUUTIA8Y Deep learning fdll ResNet-50, ResNet-

101, Inception-v3, Xception U GoogLeNet vidsntudwiWeysnasUludwamsiseuiiey

4.1 NANTIINARBIIINUUVTINBINITEUIHLTIYEY 3 AY

HanIsvaaegaiazily 2 yadeyavaaeula
4.1.1 gadeyanaaeuiJuenduridwuyadoyatuinde 3.4.1.1

4.1.2 gadeyaneaeuruiivdiundwnuyadeyaluiide 3.4.1.2

4.1.1 wan1suaaesyatayaiiuendun

Haa WS vaAIA NI ug NI eg sl asUssvIveLUUT 168 ResNet-50

zuanalviiulunsned 4.1 Inedien Accuracy oef1 98.6% waznsm Individual Plot lauanedas

wazAnafsresnunaziluivuuiaesinelaluniasyssianngudeya lnefiAiade

AUzl 0.88-0.98 dsiuansliiiulugui 4.1

M1579% 4.1 wadns Confusion Matrix 789 ResNet-50

Confusion Matrix: Resnet-50

Output Class

167 2 0 98.8%
Not Good
59.2% 0.7% 0.0% 1.2%
2 63 0 96.9%
Good
0.7% 22.3% 0.0% 3.1%
0 0 48 100%
Very Good
0.0% 0.0% 17.0% 0.0%
98.8% 96.9% 100% 98.6%
1.2% 3.1% 0.0% 1.4%
Not Good Good Very Good

Target Class
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Individual Value Plot of Probability ResNet-50

0 Different [ 0.96
0.88 il
Class

Same

Class

0.04
0.02 0.01
oo B P ——— e g [
Actual label Good Notgood Verygood Good  Notgood Verygeod Good  Notgood Verygood
Predict label Not Good Good Very Good

gﬂﬁ 4.1 n3 Individual Plot A1ut19zues ResNet-50

HaenSUesRIRILUug Mg lusaRUse BUUA188d ResNet-101
zuandliiulunsed 4.2 el %Accuracy 871 95.4% wagnsl Individual Plot Waneyag
wazALadsveInunazilufivuuiiasvhwelaluwsazUssumngudoya tnedia1ade

anuazduegi 0.73-0.99 dsuansliniuluzud 4.2

M15197 4.2 NadWS Confusion Matrix 989 ResNet-101

Confusion Matrix: Resnet-101
168 12 0 93.3%
Not Good
59.6% 4.3% 0.0% 6.7%
1 53 0 98.1%
» Good
S 0.4% 18.8% 0.0% 1.9%
(@]
= 0 0 48 100%
a Very Good
8 0.0% 0.0% 17.0% 0.0%
99.4% 81.5% 100% 95.4%
0.6% 18.5% 0.0% 4.6%
Not Good Good Very Good
Target Class
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HAGNEYRIA1ALLINEIN VI I TUl Uz UsELANTBUUTIADY DS
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M157991 4.3 Waaws Confusion Matrix 984 Inception-v3

Confusion Matrix: Inception-v3
169 3 0 98.3%
Not Good
59.9% 1.1% 0.0% 1.7%
0 62 0 100%
0 Good
S 0.0% 22.0% 0.0% 0.0%
O
5 0 0 48 100%
a Very Good
8 0.0% 0.0% 17.0% 0.0%
100% 95.4% 100% 98.9%
0.0% 4.6% 0.0% 1.1%
Not Good Good Very Good
Target Class
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Individual Value Plot of Probability Inception-V.3
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M1579% 4.4 waans Confusion Matrix U8 Xception

Confusion Matrix: Xception
169 15 0 91.8%
Not Good
59.9% 5.3% 0.0% 8.2%
0 50 2 96.2%
n Good
E 0.0% 17.7% 0.7% 3.8%
O
= 0 0 a6 100%
o Very Good
8 0.0% 0.0% 16.3% 0.0%
100% 76.9% 95.8% 94.0%
0.0% 23.1% 4.2% 6.0%
Not Good Good Very Good
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Individual Value Plot of Probability Xception
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AN57971 4.5 nadws Confusion Matrix ¥4 GooglLeNet

Output Class

Confusion Matrix: GooglLeNet

169 65 48 59.9%

Not Good
59.9% 23.0% 17.0% 40.1%
0 0 0 NaN9%

Good

0.0% 0.0% 0.0% NaN9%
0 0 0 NaN9%

Very Good
0.0% 0.0% 0.0% NaN9%
100% 0% 0.0% 59.9%
0.0% 100% 100% 40.1%

Not Good Good Very Good
Target Class
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Individual Value Plot of Probability GooglLeNet
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NNANITNARBILUUTIABIUE Deep Learning lumsdnuengngu laeldyn
Joyanaaauilduenduridensmluguil 4.6 81 %auuiug (Accuracy) gl 94.0% 4
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1691n»1579 Confusion Matrix U89 GoogleNet Auansliliulunisnei 4.5 uenanil e
ruasduluisaygUunmitngiw individual Plot agwuinanuunasliuvesnmussnngngu

aM o a ' A:ll 1 & A o o 14 a [y a
VliﬂJﬂ LLa%‘UizLﬂVIE‘WEUWWNWﬂ ANRRYANNUNLUUNILUUD WaaﬂﬂWUUOAi@ﬂi%LﬂVILW YINUANTINAIN
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nandulssnniegnsinanseninsUssinavangun lif wagfuniiu Anadevesrinuuie

WunuaglrdesninUssiangngudn 2 lnegldanamd 4.1 4.2 4.3 uaz 4.4 wenaniiile
UUAAZLUUIIABINIAIUIUIIAT Precision (AULTABINTY) Sensitivity (ANa1mnsalunns
»5199U) Specificity (ANAM1T0IUNTTIAN1Z9) wazAT F1-Score (ANLRAYIENINT Precision

uay Sensitivity) ATilandlunNsl 4.6 4.7 4.8 uaz 4.9 AzWundn Ussvgnguiianuinazdu

SNFUTTA1 F1-Score waw Specificity igaiiosandugnsuihuudaeseansafauenialnede
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YDIINFUTRNIA AeTAnannnIssangnguifuin deiuansluguil 4.1 4.2 4.3 uay 4.4

P3N 4.6 NAANWSAN %Precision YBIWUUTIRDLENTW FIgYntoyanaaauLBNauN

Precision (%)

Model Not Good Good Very Good
ResNet-50 98.8% 96.9% 100.0%
ResNet-101 93.3% 98.1% 100.0%
Inception-v3 98.3% 100.0% 100.0%
Xception 91.8% 96.2% 100.0%
GoogleNet 59.9% - -
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M13NN 4.7 HAGNSAN %Sensitivity YBUUTIRDLNAUN MeYATayaNAdaULNIUN

Sensitivity (%)

Model Not Good Good Very Good
ResNet-50 98.8% 96.9% 100.0%
ResNet-101 99.4% 81.5% 100.0%
Inception-v3 100.0% 95.4% 100.0%
Xception 100.0% 76.9% 95.8%
GoogleNet 100.0% - -

157991 4.8 HAANSAN %Specificity YeawUUINRDUBNEW fIgynlayanaaeuLandu

Specificity (%)

Model Not Good Good Very Good
ResNet-50 98.2% 99.1% 100.0%
ResNet-101 89.4% 99.5% 100.0%
Inception-v3 97.3% 100.0% 100.0%
Xception 86.5% 99.1% 100.0%
GoogleNet 0.0% 100.0% 100.0%

P59 4.9 HAANWSAN %F1-Score YBIUUTIABUBNIUN MIEYATBLAVIAABULDNTUN

F1-Score (%)

Model Not Good Good Very Good
ResNet-50 98.8% 96.9% 100.0%
ResNet-101 96.3% 89.1% 100.0%
Inception-v3 99.1% 97.6% 100.0%
Xception 95.8% 85.5% 97.9%
GoogleNet 74.9% - -

4.1.2 NANSVIARBIYATEYANAREUALAUAILLN
HARNGUDIANANII LNV gLl AsUSHnNUBMUUT 18BY Resnet-50
zuandlyiivtailumssd 4.10 laefien %Accuracy gl 80.6% Wazns Ml Individual Plot uaRas
wazAadsyosra s fuiuuiaswhueldlundazussanngudoya Tnefiaade
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M15197 4.10 HadWE Confusion Matrix U84 Resnet-50

Confusion Matrix: ResNet-50
354 26 0 93.2%
Not Good
44.0% 3.2% 0.0% 6.8%
122 245 0 66.8%
0 Good
S 15.2% 30.5% 0.0% 33.2%
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Y 0 8 a9 86.0%
a Very Good
8 0.0% 1.0% 6.1% 14.0%
74.4% 87.8% 100% 80.6%
25.6% 12.2% 0.0% 19.4%
Not Good Good Very Good
Target Class
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M19197 4.11 6adns Confusion Matrix U89 ResNet-101

Confusion Matrix: ResNet-101
398 77 0 83.8%
Not Good
49.5% 9.6% 0.0% 16.2%
78 196 0 71.5%
0 Good
S 9.7% 24.4% 0.0% 33.2%
O
Y 0 6 49 89.1%
a Very Good
8 0.0% 0.7% 6.1% 14.0%
83.6% 87.8% 100% 80.0%
16.4% 12.2% 0.0% 20.0%
Not Good Good Very Good
Target Class

Individual Value Plot of Probability ResNet-101
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Confusion Matrix: Inception-v3
366 37 0 90.8%
Not Good
45.5% 4.6% 0.0% 9.2%
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S 13.7% 30.1% 0.0% 31.3%
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23.1% 13.3% 0.0% 18.3%
Not Good Good Very Good
Target Class

0.6

0.4

02

0.0

Actual label
Predict label

Individual Value Plot of Probability Inception-V.3
1.0- BBliEEg
Class

0.17
P
Ry

Good

Notgood Verygood
Not Good

4

0.01

Good  MNotgood Verygood
Good

—— 9

Good  Notgood Verygood

Very Good

gﬂﬁ 4.9 n57 Individual Plot Au19ziluLes Inception-v3

HASNSYRIAIA LI UIINTTIE Ul A USRI U 1B Xception

azuendbiiulumsnei 4.13 Tnedien %Accuracy 0871 82.2% wagns1n Individual Plot wameyas

' d' | @ A ° ° ' 2 o N
LAZALRAEVDIAIINUALLUUN LLUU%W@BQV}WuWSImuLmaxﬂizLﬂﬂﬂqmwayja Iﬂﬂllﬂ']laﬁaﬂ

ansniaziduegil 0.67-0.91¢iuansliimilusuil 4.10



M5991 4.13 Wadns Confusion Matrix 989 Xception

51

Confusion Matrix: Xception

403 67 0 85.7%
Not Good
50.1% 8.3% 0.0% 14.3%
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A5 4.14 wadns Confusion Matrix 84 GoogleNet

Confusion Matrix: GoogleNet
476 279 49 59.2%
Not Good
59.2% 34.7% 6.1% 40.8%
0 0 0 NaN%
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O
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Overall Accuracy(%)
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Interval Plot of Probability of Very Good
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F1-Score AgtiauninynvayannaaueNAUesIINANUTHANINTUNT 2 wuu Azildeya

Y

Adenyalviruiumiioutiu 2 auann 3 au Tudsaasnnvinli %Precision uaw %Sensitivity I

AeENINYATBANAFRULDNEUN

F15797 4.15 HAAWSAT %Precision YBIMUUTIABABNAUY AIenToyavndoUAUILEILLN

Precision (%)

Model Not Good Good Very Good
ResNet-50 93.2% 66.8% 86.0%
ResNet-101 83.8% 71.5% 89.1%
Inception-v3 90.8% 68.8% 100.0%
Xception 85.7% 73.8% 97.9%
GoogleNet 59.2% = =

A13197 4.16 HAAWSAN %Sensitivity ToILUUTReueNIUN feyndeyavnaeURIWILEILLNN

Sensitivity (%)

Model Not Good Good Very Good
ResNet-50 74.4% 87.8% 100.0%
ResNet-101 83.6% 70.3% 100.0%
Inception-v3 76.9% 86.7% 100.0%
Xception 84.7% 75.6% 95.9%
GooglLeNet 100.0% - -

AN3197 4.17 HAAWSAN %Specificity YowuUTRaNoNEW feYnteyanaaeUAYILILEILLN

Specificity (%)

Model Not Good Good Very Good
ResNet-50 91.9% 76.8% 98.7%
ResNet-101 76.1% 85.1% 99.0%
Inception-v3 88.7% 79.0% 100.0%
Xception 79.4% 85.7% 99.8%
GoogleNet 0.0% 100.0% 100.0%
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FN5197 4.18 HAGWSAN %F1-Score YaIMUUTIERLONIUN Feyadoyavndeur LN

F1-Score (%)

Model Not Good Good Very Good
ResNet-50 82.7% 75.9% 92.5%
ResNet-101 83.7% 70.9% 94.2%
Inception-v3 83.3% 76.7% 100.0%
Xception 85.2% 74.7% 96.9%
GooglLeNet 74.4% = -

wananideyanaildlunisasnuuuitaeweduusazdanasiivozuandiiuly

A15799 4.19 Taednuasduuii

M99 4.19 szezafitdlunisadawuuiiass Deep Learning Tnedinuloifuuni

Sensitivity (%)

Model Not Good Good Very Good
ResNet-50 74.4% 87.8% 100.0%
ResNet-101 83.6% 70.3% 100.0%
Inception-v3 76.9% 86.7% 100.0%
Xception 84.7% 75.6% 95.9%
GoogleNet 100.0% . -
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M15197 4.20 BadNE Confusion Matrix U84 ResNet-50

Confusion Matrix: ResNet-50
169 36 0 82.4%
Not Good
59.9% 12.8% 0.0% 17.6%
0 29 1 96.7%
0 Good
S 0.0% 10.3% 0.4% 3.3%
O
g 0 0 a7 100%
a Very Good
8 0.0% 0.0% 16.7% 0.0%
100% 44.6% 97.9% 86.9%
0.0% 55.4% 2.1% 13.1%
Not Good Good Very Good
Target Class
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M9197 4.21 6adns Confusion Matrix U89 ResNet-101

Confusion Matrix: ResNet-101
169 57 0 74.8%
Not Good
59.9% 20.2% 0.0% 25.2%
0 8 0 100%
" Good
E 0.0% 2.8% 0.0% 0.0%
(@]
5 0 0 48 100%
a Very Good
8 0.0% 0.0% 17.0% 0.0%
100% 12.3% 100% 79.8%
0.0% 87.7% 0.0% 20.2%
Not Good Good Very Good
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gﬂ'ﬁ 4.17 a3 Individual Plot A3tz 0uas ResNet-101
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A5 4.22 Wadws Confusion Matrix 984 Inception-v3

Confusion Matrix: Inception-v3
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gﬂﬁ 4.18 A5 Individual Plot mauunazlues Inception-v3
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A9 4.23 Wadns Confusion Matrix 989 Xception

Confusion Matrix: Xception
169 58 0 74.4%
Not Good
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0 7 0 100%
0 Good
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gﬂﬁ 4.19 n5 Individual Plot Aautazidures Xception
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Athaziduetil 0.06-0.85 dsfiuansloiiiulugui 4.20
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A5 .24 wadns Confusion Matrix 84 GoogleNet

Confusion Matrix: GoogleNet
169 65 48 59.9%
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Individual Value Plot of Probability GooglLeNet

0.9

0.85 0.85 0.85 .
Different
08
07 ame
ass
0.6
0.5
04
0.3
0_2 -
0.09 0.09 X
01 009 006 006 006
, 1 ]
Good

0.
Actual label Good  MNotgood Verygood MNotgood Verygood Good  Notgood Verygood
Predict label Not Good Good Very Good

gﬂﬁ 4.20 n319 Individual Plot Au1azLduves GoogleNet
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Comparison Accuracy(%)
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1591 4.25 NAAWSA1 %Precision VMU RBEITE W EMarninUUR UANS yndeyaondun

Precision (%)

Model Not Good Good Very Good
ResNet-50 82.4% 96.7% 100.0%
ResNet-101 74.8% 100.0% 100.0%
Inception-v3 78.2% 94.7% 100.0%
Xception 74.4% 100.0% 100.0%
GoogleNet 59.9% - -

157991 4.26 NaAWSAN %Sensitivity YeaLUUTNRRElIEInIYLaENTInUf URNS Yadeya

LONAUY
Sensitivity (%)

Model Not Good Good Very Good
ResNet-50 100.0% 44.6% 97.9%
ResNet-101 100.0% 12.3% 100.0%
Inception-v3 100.0% 27.7% 97.9%
Xception 100.0% 10.8% 100.0%
GoogleNet 100.0% - -

P399 4.27 NAAWSAN %Specificity YaawuuTnaalieInyuagninauliininig yadeya

LoNAUN
Specificity (%)

Model Not Good Good Very Good
ResNet-50 67.9% 99.5% 100.0%
ResNet-101 49.6% 100.0% 100.0%
Inception-v3 58.0% 99.5% 100.0%
Xception 48.7% 100.0% 100.0%
GoogleNet 0.0% 100.0% 100.0%
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M5 4.28 WAdNSeY %F1-Score 10 e IvuarninauUfURNT Yedoya

LOnNEUN
Model Good Very Good
ResNet-50 61.1% 98.9%
ResNet-101 100.0%
Inception-v3 98.9%
Xception 100.0%
GooglLeNe -
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Model ResNet-50

%% MC learning section

%Reference code
%https://blogs.mathworks.com/deep-learning/2020/03/18/deep-learning-for-
medical-imaging-covid-19-detection/?fbclid=IwAR1Cbzv7EPKZHIpKk-
mhX1bH863i K6odWnlumthT1FVRdIAt-DQcXDrp0Q

% Clear workspace

clear; close all; clg;

% Images Datapath

datapath='D:\1.Work\2.Master_degree MIT\0.Thesis\1.Porosity classification
project\0.Dataset\0.Experiment result\3 Class Data

set\MALL TRAINING 3 INCAUG\1.Training';

% Image Datastore
imds=imageDatastore(datapath, ...
'IncludeSubfolders' true, ...

'LabelSource','foldernames');

%

% Determine the split up
total_split=countEachLabel(imds);

% Number of Images
num_images=length(imds.Labels);

num_folds=4;
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% Loop for each fold
for fold_idx=1:num_folds

fprintf('Processing %d among %d folds \n',fold idx,num_folds);

% Test Indices for current fold

test_idx=fold_idx:num_folds:num_images;

% Test cases for current fold

imdsTest = subset(imds,test idx);

% Train indices for current fold

train_idx=setdiff(1:length(imds.Files),test idx);

% Train cases for current fold

imdsTrain = subset(imds,train_idx);

% ResNet-50 Architecture
net=resnet50;
lgraph = layerGraph(net);

clear net;

% Number of categories

numClasses = numel(categories(imdsTrain.Labels));

% New Learnable Layer

newlearnablelayer = fullyConnectedlLayer(numClasses, ...
‘Name','new_fc', ...
'WeightlLearnRateFactor',10, ...
'BiasLearnRateFactor',10);

% Replacing the last layers with new layers
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leraph = replacelayer(lgraph,'fc1000',newl earnableLayer);
newsoftmaxLayer = softmaxLayer('Name',new_softmax’);

lgraph = replacelayer(lgraph,fc1000 softmax’,newsoftmaxLayer);
newClassLayer = classificationLayer('Name',new_classoutput’);

leraph = replacelayer(lgraph, ClassificationLayer fc1000',newClassLayer),

augmenter = imageDataAugmenter('RandXReflection',1,...
'RandYReflection',1,...
'RandXTranslation', [0 0]);

% Resizing all training images to [224 224] for ResNet architecture

auimds = augmentedimageDatastore([224

224],imdsTrain,'DataAugmentation’,augmenter);

% Resizing all testing images to [224 224] for ResNet architecture
augtestimds = augmentedimageDatastore([224 224],imdsTest);

% Training Options, we choose a small mini-batch size due to limited images

options = trainingOptions('adam’,...
'‘MaxEpochs',8,' MiniBatchSize',32,...
'Shuffle','once’, ...
'InitialLearnRate’,0.01, ...,
‘ValidationData',augtestimds,...
‘ExecutionEnvironment','spu’,...
'Verbose' false, ...
'Plots', training-progress’);
%%'learnRateSchedule’, 'piecewise’,...

% Training

netTransfer = trainNetwork(auimds,\graph,options);

% Testing and their corresponding Labels and Posterior for each Case




7

[predicted labels(test idx),posterior(test idx,:)] =

classify(netTransfer,augtestimds);

% Save the Independent ResNet Architectures obtained for each Fold

save(sprintf('ResNet50 3CLASS %d among %d folds',fold idx,num_folds),'netTrans

fer''test_idx,train_idx);

% Clearing unnecessary variables
clearvars -except fold idx num_folds num images predicted labels posterior

imds netTransfer;
end
save('ResNet50 WS));

%% Confusion matrix

%% Confusion matrix

% Actual Labels

actual_labels=imds.Labels;

% Confusion Matrix
figure;
plotconfusion(actual labels,predicted labels’)

title('Confusion Matrix: ResNet-50");

%% Predict data

% Images Datapath

datapath='D:\1.Work\2.Master_degree MIT\0.Thesis\1.Porosity classification
project\0.Dataset\0.Experiment result\3 Class Data
set\ALL_TRAINING 3 INCAUG\2.Testing’;

Predictimds=imageDatastore(datapath, ...
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'IncludeSubfolders' true, ...
'LabelSource','foldernames');
augtestPredict = augmentedin 24 224] Predictimds);

[YPred,scores] = classify(ne

t);

Actual_Testing = Predict

A

alulag
o‘ﬁﬂ ]
Y,

% Co 3
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Model ResNet-101
clear; close all; clc;

net = resnetl101;

lgraph = layerGraph(net);

net.Layers%% MC learning section
%Reference code
%https://blogs.mathworks.com/deep-learning/2020/03/18/deep-learning-for-
medical-imaging-covid-19-detection/?fbclid=IwAR1Cbzv7EPKZHIpKk-
mhX1bH863i K6odWnlumthT1FVRdAIAt-DQcXDrp0Q

% Clear workspace

clear; close all; clg;

% Images Datapath - Please modify your path accordingly
datapath="'D:\1.Work\2.Master_degree MIT\0.Thesis\1.Porosity classification
project\0.Dataset\0.Experiment result\3 Class Data
setMALL_TRAINING 3 INCAUG\1.Training’;

% Image Datastore
imds=imageDatastore(datapath, ...
'IncludeSubfolders' true, ...

'LabelSource','foldernames");

%

% Determine the split up
total_split=countEachLabel(imds);

% Number of Images
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num_images=length(imds.Labels);

num_folds=4;

% Loop for each fold

for fold_idx=1:num_folds
gpuDevice(1)

forintf('Processing %d among %d folds \n',fold_idx,num_folds);

% Test Indices for current fold

test idx=fold_idx:num_folds:num_images;

% Test cases for current fold

imdsTest = subset(imds,test _idx);

% Train indices for current fold

train_idx=setdiff(1:length(imds.Files),test_idx);

% Train cases for current fold

imdsTrain = subset(imds,train_idx);

% ResNet-101 Architecture
net=resnet101;
lgraph = layerGraph(net);

clear net;

% Number of categories

numClasses = numel(categories(imdsTrain.Labels));

% New Learnable Layer
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newlearnablelLayer = fullyConnectedLayer(numClasses, ...
‘Name','new_fc', ...
'WeightLearnRateFactor',10, ...

'BiasLearnRateFactor',10);

% Replacing the last layers with new layers

lgraph = replacelayer(lgraph,'fc1000',newlLearnablelayer);
newsoftmaxLayer = softmaxLayer('Name',new_softmax’);
leraph = replaceLayer(lgraph,'prob’,newsoftmaxLayer);
newClassLayer = classificationLayer('Name','new_prop,

lgraph = replacelayer(lgraph,'ClassificationLayer predictions',newClassLayer);

augmenter = imageDataAugmenter('RandXReflection',1,...
'RandYReflection',1,...
'RandXTranslation', [0 0]);

% Resizing all training images to [224 224] for ResNet architecture
auimds = augmentedimageDatastore([224

224],imdsTrain,'DataAugmentation’,augmenter);

% Resizing all testing images to [224 224] for ResNet architecture
augtestimds = augmentedimageDatastore([224 224]imdsTest);

% Training Options, we choose a small mini-batch size due to limited images
options = trainingOptions(adam’,...
‘MaxEpochs',8,'MiniBatchSize',32,...
'Shuffle','once’, ...
'InitialLearnRate’,0.01, ...,
'ValidationData',augtestimds,...

'ExecutionEnvironment','spu’,...
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'Verbose' false, ...

'Plots', 'training-progress’);

% Training

netTransfer = trainNetwork(auimds,\graph,options);

% Testing and their corresponding Labels and Posterior for each Case

[predicted labels(test_idx),posterior(test_idx,:)] =

classify(netTransfer,augtestimds);

% Save the Independent ResNet Architectures obtained for each Fold

save(sprintf(ResNet101 %d among %d folds'fold idx,num_folds),'netTransfer','tes

t_idx','train_idx);

% Clearing unnecessary variables

clearvars -except fold_idx num_folds num_images predicted labels posterior

imds netTransfer;

end

save('ResNet101 WS,

%% Confusion matrix Vaslidation set

total_split=countEachLabel(imds);

%% Confusion matrix

% Actual Labels

actual_labels=imds.Labels;

% Confusion Matrix

figure;
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plotconfusion(actual labels,predicted labels')

title('Confusion Matrix: ResNet");

%% Predict data
% Images Datapath — Please modify your path accordingly

datapath="D:\1.Work\2.Master_degree MIT\0.Thesis\1.Porosity classification

project\0.Dataset\0.Experiment result\3 Class Data

set\ALL TRAINING 3 INCAUG\2.Testing';

Predictimds=imageDatastore(datapath, ...
'IncludeSubfolders’,true, ...
'LabelSource','foldernames");

augtestPredict = augmentedimageDatastore([224 224],Predictimds)
[YPred,scores] = classify(netTransfer,augtestPredict);

Actual Testing = Predictimds.Labels;

% Confusion Matrix

figure;

plotconfusion(Actual Testing,YPred)

title('Confusion Matrix; ResNet-101")

% END

)
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Model Inception-v3
clear; close all; clc;

net = inceptionv3;

lgraph = layerGraph(net);

gpuDevice(1)

net.Layers%% MC learning section
%Reference code
%https://blogs.mathworks.com/deep-learning/2020/03/18/deep-learning-for-
medical-imaging-covid-19-detection/?fbclid=wAR1Cbzv7EPKZHIpKk-
mhX1bH863i K6o4WnlumthT1FVRdIAt-DQcXDrp0Q

% Clear workspace

clear; close all; clc;

% Images Datapath — Please modify your path accordingly
datapath='D:\1.Work\2.Master _degree MIT\0.Thesis\1.Porosity classification
project\0.Dataset\0.Experiment result\3 Class Data
set\MALL_TRAINING 3 INCAUG\1.Training’;

imds=imageDatastore(datapath, ...
'IncludeSubfolders' true, ...

'LabelSource', foldernames");

%

% Determine the split up
total_split=countEachLabel(imds);




% Number of Images

num_images=length(imds.Labels);

num_folds=4;

% Loop for each fold
for fold_idx=1:num_folds

gpuDevice(1)

fprintf('Processing %d among %d folds \n',fold_idx,num_folds);

% Test Indices for current fold

test_idx=fold_idx:num_folds:num_images;

% Test cases for current fold

imdsTest = subset(imds,test_idx);

% Train indices for current fold

train_idx=setdiff(1:length(imds.Files),test_idx);

% Train cases for current fold

imdsTrain = subset(imds,train_idx);

% Inception-v3 Architecture
net=inceptionv3;
leraph = layerGraph(net);

clear net;

% Number of categories

numClasses = numel(categories(imdsTrain.Labels));
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% New Learnable Layer

newlearnablelLayer = fullyConnectedLayer(numClasses, ...
‘Name','new_fc/, ...
'WeightLearnRateFactor',10, ...

'BiasLearnRateFactor',10);

% Replacing the last layers with new layers

lgraph = replacelayer(lgraph, predictions’,newlLearnableLayer);
newsoftmaxLayer = softmaxLayer(Name',new_softmax’);

lgraph = replacelayer(lgraph, predictions softmax’,newsoftmaxLayer);
newClassLayer = classificationLayer('Name','new_classoutput’);

lgraph = replacelayer(lgraph, ClassificationLayer predictions',newClassLayer);

% Data Augmentation

augmenter = imageDataAugmenter('RandXReflection', 1,...
'RandYReflection',1,...
'RandXTranslation’, [0 O]);

% Resizing all training images to [299 299] for Inception-v3 architecture
auimds = augmentedimageDatastore([299

299],imdsTrain,'DataAugmentation’,augmenter);

% Resizing all testing images to [299 299] for Inception-v3 architecture

augtestimds = augmentedimageDatastore([299 299],imdsTest);

% Training Options, we choose a small mini-batch size due to limited images
options = trainingOptions('adam’,...

'‘MaxEpochs',8,'MiniBatchSize',32,...

'Shuffle','once’, ...

'InitialLearnRate',0.01, ...,

'ValidationData',augtestimds,...




87

'ExecutionEnvironment','spu,...
'Verbose' false, ...

'Plots', 'training-progress);

% Training

netTransfer = trainNetwork(auimds,\graph,options);

% Testing and their corresponding Labels and Posterior for each Case

[predicted labels(test _idx),posterior(test_idx,:)] =
classify(netTransfer,augtestimds);

% Save the Independent ResNet Architectures obtained for each Fold

save(sprintf('InceptionV3_3CLASS%d among %d folds',fold_idx,num_folds), netTra

nsfer','test idx','train_idx’);
% Clearing unnecessary variables
clearvars -except fold idx num_folds num_images predicted labels posterior
imds netTransfer;
end
save('Inception V3WS));
%% Confusion matrix

total_split=countEachLabel(imds);

%% Confusion matrix

% Actual Labels

actual_labels=imds.Labels;

% Confusion Matrix
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fisure;
plotconfusion(actual labels,predicted labels’)

title('Confusion Matrix: Inception v3');

%% Predict data

% Images Datapath — Please modify your path accordingly

datapath="D:\1.Work\2.Master_degree MIT\O.Thesis\1.Porosity classification

project\0.Dataset\0.Experiment result\3 Class Data

set\ALL_TRAINING 3 INCAUG\2.Testing;

Predictimds=imageDatastore(datapath, ...
'IncludeSubfolders' true, ...
'LabelSource','foldernames");

augtestPredict = augmentedimageDatastore([299 299],Predictimds)
[YPred,scores] = classify(netTransfer,augtestPredict);

Actual Testing = Predictimds.Labels;

% Confusion Matrix

fisure;

plotconfusion(Actual_Testing,YPred)

title('Confusion Matrix: Inception v3)

% END

)
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Model Xception
clear; close all; clc;

net = xception;

lgraph = layerGraph(net);

gpuDevice(1)

net.Layers%% MC learning section
%Reference code
%https://blogs.mathworks.com/deep-learning/2020/4/18/deep-learning-for-
medical-imaging-covid-19-detection/?fbclid=IwAR1Cbzv7EPKZHIpKk-
mhX1bH863i K6o4WnlumthT1FVRdIAt-DQcXDrp0Q

% Clear workspace

clear; close all; clc;

% Images Datapath — Please modify your path accordingly
datapath='D:\1.Work\2.Master_degree MIT\0.Thesis\1.Porosity classification
project\0.Dataset\0.Experiment result\3 Class Data
set\MALL_TRAINING 3 INCAUG\1.Training;

% Image Datastore
imds=imageDatastore(datapath, ...
'IncludeSubfolders' true, ...

'LabelSource', foldernames");

%

% Determine the split up
total_split=countEachLabel(imds);




% Number of Images

num_images=length(imds.Labels);

num_folds=4;

% Loop for each fold
for fold_idx=1:num_folds

gpuDevice(1)

fprintf('Processing %d among %d folds \n',fold_idx,num_folds);

% Test Indices for current fold

test_idx=fold_idx:num_folds:num_images;

% Test cases for current fold

imdsTest = subset(imds,test_idx);

% Train indices for current fold

train_idx=setdiff(1:length(imds.Files),test_idx);

% Train cases for current fold

imdsTrain = subset(imds,train_idx);

% Xception Architecture
net=xception;
leraph = layerGraph(net);

clear net;

% Number of categories

numClasses = numel(categories(imdsTrain.Labels));
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% New Learnable Layer

newlearnablelLayer = fullyConnectedLayer(numClasses, ...
‘Name','new_fc/, ...
'WeightLearnRateFactor',10, ...

'BiasLearnRateFactor',10);

% Replacing the last layers with new layers

lgraph = replacelayer(lgraph, predictions’,newlLearnableLayer);
newsoftmaxLayer = softmaxLayer(Name',new_softmax’);

lgraph = replacelayer(lgraph, predictions softmax’,newsoftmaxLayer);
newClassLayer = classificationLayer('Name','new_classoutput’);

lgraph = replacelayer(lgraph, ClassificationLayer predictions',newClassLayer);

% Data Augmentation

augmenter = imageDataAugmenter('RandXReflection', 1,...
'RandYReflection',1,...
'RandXTranslation’, [0 O]);

% Resizing all training images to [299 299] for xception architecture
auimds = augmentedimageDatastore([299

299],imdsTrain,'DataAugmentation’,augmenter);

% Resizing all testing images to [299 299] for Nxception architecture

augtestimds = augmentedimageDatastore([299 299],imdsTest);

% Training Options, we choose a small mini-batch size due to limited images
options = trainingOptions('adam’,...

‘MaxEpochs',8,'MiniBatchSize',32,...

'Shuffle','once), ...

'InitialLearnRate’,0.01, ...,

'ValidationData',augtestimds,...
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'ExecutionEnvironment','spu,...
'Verbose' false, ...

'Plots', 'training-progress);

% Training

netTransfer = trainNetwork(auimds,\graph,options);

% Testing and their corresponding Labels and Posterior for each Case

[predicted labels(test _idx),posterior(test_idx,:)] =
classify(netTransfer,augtestimds);

% Save the Independent ResNet Architectures obtained for each Fold

save(sprintf(’Xception3Class %d among %d folds'fold_idx,num_folds),'netTransfer

test idx, 'train_idx);
% Clearing unnecessary variables
clearvars -except fold idx num_folds num_images predicted labels posterior
imds netTransfer;
end
save('XceptionV3Ws");
%% Confusion matrix

total_split=countEachLabel(imds);

%% Confusion matrix

% Actual Labels

actual_labels=imds.Labels;

% Confusion Matrix
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fisure;

plotconfusion(actual labels,predicted labels’)

title('Confusion Matrix: Xception);

%% Predict data

Training)

datapath='D:\1.Work\2.Master_degree MIT\0.Thesis\1.Porosity classification

project\0.Dataset\0.Experiment result\3 Class Data

set\ALL_TRAINING 3 INCAUG\2.Testing’;
Predictimds=imageDatastore(datapath, ...
'IncludeSubfolders' true, ...

'LabelSource','foldernames’);

augtestPredict = augmentedimageDatastore([299 299],Predictimds);

[YPred,scores] = classify(netTransfer,augtestPredict);

Actual_Testing = Predictimds.Labels;

% Confusion Matrix
figure;
plotconfusion(Actual Testing,YPred)

title(‘Confusion Matrix: Xception')

%% Change color

classl = 1;
Endloops = length(Predictimds.Labels);
for | = 1:Endloops

img = readimage(Predictimds,classl);

imshow(img);
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temptb = table(YPred);

posa = temptbi{classl,:};

if posa == "1Notgood"
img2 = rgb2gray(img);
T = graythresh(img2);
bw = im2bw(imeg2,T);

graylmage = uint8(255 * bw);

background = graylmage == 0; % Find black pixels.

redChannel = graylmage;

redChannel(background) = 255; % Set black pixels to max value.
% Create true color image.

rgblmage = cat(3, redChannel, graylmage, graylmage);
imshow(rgblmage); % Display it.
imwrite(rgblmage,strcat(num2str(classl),'jpg), jpg);

%  subfolderindex = "D:\1.Work\2.Master_degree_MIT\0.Thesis\1.Porosity
classification project\0.Dataset\Machine Learning seperate”;

% folderindex = num2str(classl);

% fullfolder = fullfile(subfolderindex,folderindex);

%  mkdir (fullfolder)

%  imwrite(rgbimage,strcat(/' folderindex,"Image",num2str(classl),".jpg), jpg);

elseif posa == "2Good"

img2 = rgh2gray(img);
T = graythresh(img2);
bw = im2bw(img2,T);

graylmage = uint8(255 * bw);
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background = graylmage == 0; % Find black pixels.

blueChannel = graylmage;

blueChannel(background) = 255; % Set black pixels to max value.
% Create true color image.

rgblmage = cat(3, graylmage, graylmage, blueChannel),
imshow(rgblmage); % Display it.
imwrite(rgblmage,strcat(num2str(classl), . jpg), jpg);

else
img2 = rgh2gray(img);
T = graythresh(img2);
bw = im2bw(imeg2,T);

graylmage = uint8(255 * bw);

background = graylmage == 0; % Find black pixels.

greenChannel = graylmage;

greenChannel(background) = 255; % Set black pixels to max value.
% Create true color image.

rgblmage = cat(3, graylmage, greenChannel, graylmage);
imshow(rgblmage); % Display it.
imwrite(rgblmage,strcat(num2str(classl), jpg),jpg);

end
classl = classl+1;

end

%% Predict data ALL

Training)
datapath='D:\1.Work\2.Master degree MIT\O.Thesis\1.Porosity classification
project\0.Dataset\0.Experiment result\3 Class Data
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set\ALL TRAINING 3 INCAUG\3 Testing All;

Predictimds_all =imageDatastore(datapath, ...
'IncludeSubfolders' true, ...
'LabelSource','foldernames');

augtestPredict all = augmentedimageDatastore([299 299],Predictimds_all)
[YPred All,scores All] = classify(netTransfer,augtestPredict all);
Actual_Testing all = Predictimds_all.Labels;

% Confusion Matrix

fisure;

plotconfusion(Actual_Testing all,YPred All)

title(‘Confusion Matrix: Xception')

% END

)
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clear; close all; clc;

net = googlenet;

lgraph = layerGraph(net);

net.Layers%% MC learning section
%Reference code
%https://blogs.mathworks.com/deep-learning/2020/03/18/deep-learning-for-
medical-imaging-covid-19-detection/?fbclid=IwAR1Cbzv7EPKZHIpKk-
mhX1bH863i K6o4WnlumthT1FVRdIAt-DQcXDrp0Q

% Clear workspace

clear; close all; clg;

Training)

datapath='D:\1.Work\2.Master_degree MIT\0.Thesis\1.Porosity classification
project\0.Dataset\0.Experiment result\3 Class Data
set\MALL_TRAINING 3 INCAUG\1.Training’;

imds=imageDatastore(datapath, ...
'IncludeSubfolders' true, ...

'LabelSource', foldernames");

%

% Determine the split up
total_split=countEachLabel(imds);




% Number of Images

num_images=length(imds.Labels);

num_folds=4;

% Loop for each fold
for fold_idx=1:num_folds

gpuDevice(1)

fprintf('Processing %d among %d folds \n',fold_idx,num_folds);

% Test Indices for current fold

test_idx=fold_idx:num_folds:num_images;

% Test cases for current fold

imdsTest = subset(imds,test_idx);

% Train indices for current fold

train_idx=setdiff(1:length(imds.Files),test_idx);

% Train cases for current fold

imdsTrain = subset(imds,train_idx);

% GoogleNet Architecture
net=googlenet;
leraph = layerGraph(net);

clear net;

% Number of categories

numClasses = numel(categories(imdsTrain.Labels));
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% New Learnable Layer

newlearnablelLayer = fullyConnectedLayer(numClasses, ...
‘Name','new_fc/, ...
'WeightLearnRateFactor',10, ...

'BiasLearnRateFactor',10);

% Replacing the last layers with new layers

lgraph = replaceLayer(lgraph,'loss3-classifier,newlLearnableLayer);
newsoftmaxLayer = softmaxLayer(Name',new_softmax’);

lgraph = replacelayer(lgraph, prob',newsoftmaxLayer);
newClassLayer = classificationLayer('Name',new_classoutput’);

lgraph = replacelayer(lgraph,'output’,newClassLayer);

augmenter = imageDataAugmenter('RandXReflection', 1,...
'RandYReflection',1,...
'RandXTranslation’, [0 0]);

% Resizing all training images to [224 224] for GoogleNet architecture
auimds = augmentedimageDatastore([224

224],imdsTrain,'DataAugmentation’,augmenter);

% Resizing all testing images to [224 224] for GoogleNet architecture
augtestimds = augmentedimageDatastore([224 224]imdsTest);

% Training Options, we choose a small mini-batch size due to limited images
options = trainingOptions('adam’,...

‘MaxEpochs',8,'MiniBatchSize',32,...

'Shuffle','once), ...

'InitialLearnRate’,0.01, ...,

'ValidationData',augtestimds,...
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'ExecutionEnvironment','spu,...
'Verbose' false, ...

'Plots', training-progress");

% Training

netTransfer = trainNetwork(auimds,\graph,options);

% Testing and their corresponding Labels and Posterior for each Case

[predicted labels(test_idx),posterior(test_idx,:)] =
classify(netTransfer,augtestimds);

% Save the Independent ResNet Architectures obtained for each Fold

save(sprintf(GoogleNet %d among %d folds',fold idx,num_folds), netTransfer','tes

t_idx', train_idx);
% Clearing unnecessary variables
clearvars -except fold idx num_folds num_images predicted labels posterior
imds netTransfer;
end
save('Googlenet WS");
%% Confusion matrix

total_split=countEachLabel(imds);

%% Condusion matrix

% Actual Labels

actual_labels=imds.Labels;

% Confusion Matrix
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fisure;

plotconfusion(actual labels,predicted labels’)
title('Confusion Matrix: GoogleNet);

%% Confusion matrix

total_split=countEachLabel(imds);

%% Confusion matrix

% Actual Labels

actual_labels=imds.Labels;

% Confusion Matrix
figure;
plotconfusion(actual labels,predicted labels’)

title('Confusion Matrix: GoogleNet"),

%% Predict data

Training)
datapath='D:\1.Work\2.Master_degree MIT\0.Thesis\1.Porosity classification
project\0.Dataset\0.Experiment result\3 Class Data
set\ALL TRAINING 3 INCAUG\2.Testing;
Predictimds=imageDatastore(datapath, ...

'IncludeSubfolders’ true, ...

'LabelSource','foldernames');

augtestPredict = augmentedimageDatastore([224 224],Predictimds);

[YPred,scores] = classify(netTransfer,augtestPredict);

Actual Testing = Predictimds.Labels;
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% Confusion Matrix
figure;

plotconfusion(Actual_Testing,

title('Confusion Matrix: Goog

A
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Image processing code

cle;
A= 221;
B =242;

while A<=B

Impimage = imread(A+"JPG");
Greyimage = rgb2gray(Impimage);
Adpvalue = adaptthresh(Greyimage, 1),

BWImage = imbinarize(Greyimage,Adpvalue);

subfolderindex = "D:\1.Work\2.Master_degree_MIT\0.Thesis\1.Porosity

classification project\0.Dataset\Sub _Image Folder\RES896";
folderindex = num2str(A);

fullfolder = fullfile(subfolderindex,folderindex);

mkdir (fullfolder)

imwrite(Greyimage,strcat(folderindex, /' folderindex,'Grey.jpg),'jpg);
imwrite(BWImage,strcat(folderindex, /', folderindex,' Adp.jpg), jpg);
histfigure = figure;
imhist(Greyimage);

saveas(histfigure,strcat(folderindex, /' folderindex, Hist.jpg), jpg);

%---------— Change BW to gray scale for 3 layer in ML

BWImage3layer = uint8(255 * BWImage);
| = BWImage3layer;
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Image = cat(3,l,1,);

%lmage = exposure500BW;
[Image Height,Image Width,Number Of Colour Channels] = size(lmage);

%0-----m-- Difine sub image size for ML

Block Size = 896;
Number Of Blocks Vertically = floor(Image Height/Block_Size);
Number_ Of Blocks Horizontally = floor(Image Width/Block Size);

Image Blocks = struct('Blocks',[]);

Index = 1;
for Row = 1: +Block Size: Number Of Blocks Vertically*Block Size

for Column = 1: +Block_Size: Number Of Blocks Horizontally*Block Size

Row_End = Row + Block Size - 1;

Column_End = Column + Block_Size - 1;

if Row _End > Image Height
Row End = Image_Height;

end

if Column_End > Image_Width
Column_End = Image_Width;

end

Temporary Tile = Image(Row:Row_End,Column:Column_End,:);

%Storing blocks/tiles in structure for later use%

Image Blocks(Index).Blocks = Temporary Tile;




subplot(Number Of Block
%imshow(Temporary Tile

Index = Index + 1;

end
end
Index =

for Blo

imwrite(

e

s s I a
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Number_Of Blocks Horizontally,Index);

ndex,"Image",n

&“‘,O

é‘h
\ O\

(o
c






107

Iod3ranaAnusiaddeluauuseyaivinis IEECON 2022

jl({phetemes

The 2022 International
Electrical Engineering Congress

IEECON

022

W

s+ ®

Sy "
_| = 9-11 March 2022 43

““Khon Kaen, Thailand

Kumwell [EHRGTRE ===

e




108

Computer and Information Technology

Paper ID: PO1653

Powder Metallurgy Microstructure
Classification Using
Image Processing and Deep Learning
Techniques

Khattipong Usamran' Saprangsit Mruetusatorn®
Thai-Nichi Institute of Technology
E-mail: 'us.khattipong_st@tni.ac.th *saprangsit@tni.ac.th

Abstract
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E-mail: 'us khattipong_st@tni.ac.th “saprangsit@tni.ac.th

Abstract

Evaluation of the fusion characteristic of the sintering
neck is important to indicate the quality of metal
workpieces formmg with powder metallurgy. The
quality is analyzed by microstructure images after
forming. Currently, quality evaluation is primanly
performed by experts without a clear standard; as a
result, the goal of this study aims to present the
application of image processing and deep learning based
on the CNN (Convolution neural network) to develop a
model to evaluate sintering neck using the characteristics
of pores in microstructure images. Images evaluated by
three metallurgical experts were utilized in a prototype
for creating the deep learning model. The research
measured the results of accuracy and time used in
creating the model using five different algorithms. As the
result, the accuracy range of 94-98% was obtained.
except for the model generated by GoogLeNet which
was unable to classify image types of pores, and ResNet-
50 spent the shortest time constructing the deep leamning
model among all four models.

Keywords: Powder metallurgy, Image processing,
Convolutional Neural Network

1. Introduction

Powder metallurgy 1s a type of workpiece forming
method used in the metal industry. The process begins
with taking metal powder into compacting process using
a die, followed by the sintering of the workpiece to
obtain the desired workpiece. The overall process is
called compacted sintering of powder metallurgy. Metal
forming quality inspection is conducted using
mechanical property testing. Image analysis of the
microstructure of the workpiece that passes the forming
process using powder metallurgy is evaluated in several
features such as metal phase after forming and fusing
charactenistic of sintering neck is analyzed from the
shape of pores in the microstructure images. The
characteristic of microstructure can indicate density,
production process, the quality of the workpiece
including the strength of the workpiece passed forming
process. [1]

Currently, there is no certain standard for the quality
evaluation procedure for the quality of the sintering neck.
The quality evaluation procedure relies on metal experts
who use microstructure photographs to determine if the
quality of the sintering neck received after forming is
good or bad. Currently, image processing techniques are
used in the research to analyze microstructures, such as
research that compared amount measurement of pores
using the Image] program to find the metal density, then
compared the value to a traditional measurement by

978-1-6654-0206-4/22/$31.00 ©2022 IEEE

weighting [2] or research that created a model to analyze
the type of metal texture from images by combining
mmage processing with FCNN (Fully Convolutional
Neural Network) [3]. In addition to metal researches,
there was geoscience research that used image
processing techniques to analyze pores such as research
that used CNN to create a machine leaming model by
image dataset to classify types of soil horizons.

Because of the aforementioned factors, a deep
learning model is aimed and created, which can analyze
the sintering neck using an expert evaluation as a
reference.

2. Relevant Researches

In this part, some related researches were studied and
divided into two topics: researches related to the
application of image processing techniques and deep
learming in metal works as well as geological research
with similar image datasets. Currently, image processing
and deep learning techniques have been used in metal
works for convenience purposes, such as counting
product quantity using image processing [4][5], metal
texture analysis using CNN (Convolution neural
network) to create a machine learning model [3], and
analysis of pore quantity in metal texture using
microstructure to process because the quantity and shape
of pores directly affect the strength [6] or fatigue
resistance of metal powder [7]. According to the
aforementioned researches, the use of 1mage processing
and deep learning techniques in the metal industry 15 on
the rise.

In addition to metallurgical researches, there were
geological researches that anmalyzed images of soil
horizons for pore evaluation. Deep leamning was used to
evaluate what types of soil were present in the images.
The shape and size of the pores in images were used to
analyze the soil types. Rafael [8] applied CNN to create
a machine leaming model. The model was created by
using microstructure images of various types of soil
horizons to classify soil horizons. Fernando's research
[9] employed computer-generated simulation images of
pores in soil horizons to create a learning dataset in the
model, then used actual geological images as a testing set
to evaluate the model's correctness. In addition, some
researches compared mechanisms using deep learning in
terms of accuracy performance and resources used to
create the machine learning model [10].

In this paper, five architectures of deep learning were
chosen with the criteria of low computational cost,
which includes ResNet-50. ResNet-101, Inception-v3,
Xception and GoogLeNet. In addition, the first four gave
relatively high accuracy. However, the last one used the
least resource.
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Figure 1 Diagram of the Methodology.

From the review, some geological works analyzed
the microstructure of soil horizon using the deep leaming
model of CNN. The structure of the soil horizon can be
considered similar to the pores in powder metallurgy.
Therefore this research presents the method using CNN
to evaluate the quality of sintering neck based on the
charactenistic of pores in microstructure images of which
quality was evaluated and classified by metallurgy
experts.

3. Dataset and Methodology

The image processing techniques were applied and
the deep learning model was created by taking a
microstructure image dataset to process image data to
remove the images unneeded composition. After that,
submitted mto the deep learning process, as seen in
Figure 1.

3.1 Image Dataset

Acme International (Thailand) Ltd donated the image
dataset consisting of 175 microstructure images of a
metal workpiece low carbon steel type formed by
powder metallurgy in the forming procedure. The photos
were magnified 100 times (100X), with a resolution of
3656x2740 pixels and a DPI value (Dots per inch) of 96
DPL. The composition of microstructure images
consisted of pores (black), metal texture (white), and
noise occumring from the workpiece preparation process
such as water stain, grinding mark of sandpaper, and
reflection from the lights in the room that took images,
as shown in Figure 2. If there is an anomaly in the
images, image processing must be used to remove the
images’ unneeded composition.

3.2 Tmage Processing

In the image processing. abnormal composition
images were eliminated by converting the images to
binary images with the adaptive thresholding process.

978-1-6654-0206-4/22/531.00 ©2022 IEEE

The intensity value of general abnormalities is lower
than pores. Therefore, when the microstructure images
with abnormal composition were taken into the adaptive
thresholding process, those abnormalities were evaluated
as a metal texture, which corresponded to the fact that
abnormalities would emerge on a metal phase, not on
pores.

Example: Water stain arose from the workpiece

The microstructure image
before conducting the

Bimarnization.

s 4
The microstructure image
after conducting the
Binanzation.
Figure 2 Before-After Inages of Binarization.

.

3.3 Dataset Preparation

In this process, microstructure images with the
resolution of 3650x2740 pixels were cropped to
3584x2688 pixels and then segregated the images from
sub-images into 12 images with the resolution of
896x896 pixels and allowed three experts to conduct
labeling that which classes those images were in. The
classes were divided into 3 classes: pore types that were
Not Good, Good, and Very Good. Microstructure images
in this research were classified according to example
guidelines from Honganes company shown in Figure 3
to be used as a dataset to create a deep leaming model in
the following step.

preparation process for taking microstructure images.
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Very Good
Figure 3 Example Images (Guideline) used to evaluate pores.

3.4 Creation Process of Deep Learning Model

The image results that were conducted the labeling
by experts are in Table 1, The images that three experts
gave the same opinion would be used to create a deep
leamning model. These images will be conducted in
augmentation at 90°, 180°, and 270°. The total number
of images after the augmentation procedure was 2864.
These images would be used to create a deep learning
model.

Table 1 Number of Images used mm Trainmg Model.

Clase Expert | Expert | Expert | Same Data

1 2 3 vote | Augmented
1.Not Good 478 1758 1274 463 1852
2.Good 1538 258 685 169 676
3 Very Good 34 34 141 84 336
Total 2100 2100 2100 | 716* 2864

Note : 716 Images are augmented to 2864 images

After that, the images from which three experts had the
same opinion after Augmentation would be submitted
into the deep leaming process. According to the
[10]"Benchmark Amnalysis of Representative Deep
Neural Network Architectures” , ResNet-50, ResNet-
101, Inception-v3, Xception show high accuracy and not
too much memory for creating training models.
GoogLeNet is chosen from utilizing low memory for
checking in the coding process but GoogLeNet accuracy
result is lower and layers are fewer than other models.
The leamning rate was set to 0,01, and the mini-batch size
value was set to 32. The dataset divided learning into 4
sets 3 sets for Training and 1 set for random validation
and then the training model was conducted four times
using K-Fold cross validation[11] to reduce the possible
bias of the training set, as shown in Figure 4. ReLu
(rectified linear unit) activation function is utilized 1n all
model as shown in Figure 5.

Fold 1 Fold 2 Fold3 Fold 4

!\—. Vet T

Tesmmg Trasning Average
f— Trnising Accuracy
Vatatme 1 Ty

B |

Figure 4 Number of Procedures for Creating Training Model.
978-1-6654-0206-4/22/531.00 ©2022 IEEE
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Figure 5 Deep leaming model architecture
3.5 Evaluation Process

Evaluation of deep learning results was conducted by
accuracy values, Confusion Matrix[12], and time spent
creating the learning in each mechamism of the deep
learning model. The accuracy values were obtained by
using the testing set, which included 282 pore images
that were evaluated by three experts, all of whom gave
the same opinion. There were 169 images of Not Good
pores, 65 images of Good pores. and 48 images of Very
Good pores among the pore images.

4. Results

The outcomes of the accuracy values acquired from
testing the dataset are shown in the graph in Figure 6.
The average accuracy of presuming the characteristic of
each type of pores (Recall) is shown in the graphs in
Figures 7 and 8.The time spent creating the deep learning
model (minute) is shown in Table 2. The durations were
arranged from the most spent time to the least spent time.

Overall Accuracy Values (%)  ®Tastim
. 2 = Validation vat
L 95.5% s TN " 97.4% - §7.5%

80%

MT%

E
LY
'
0%
0%
Incepmicaerd RauNee-30 ReeNar-100 Xeoproz GoogLeXet

Figure 6 The Overall Accuracy Values in Each Deep Leaming Model.

Accuracy Values Classified by Classes (%) W1 Not Good
m2.Good
3. Very good

9709100 g7ug agnl00% g7, g0, 100% g, o, B9% 100%

A
8o
40"
.
W
o o
L 3.3 3 3
Nez=3! 5 ReNer-101 Incepticmerd Net

Figure 7 Accuracy Values Classified by Classes m Each Validation Set.
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Figure 8 Accuracy Vakues Classified by Classes in Each Testing Set

Table 2 The Time Spent Creating the Deep Leamning Mode! (Mmute).

Model Fold 1 Fold 2 Fold 3 Fold 4 Total
Xception 56 56 56 57 225
ResNet-101 38 39 39 40 156
Inception-v3 18 19 19 19 75
ResNet-50 11 12 11 11 45
GoogLeNet 5 5 5 5 20

Confusion Matrix : GoogLeNet (Validation set)
. 1852 676 336
NotGoed | " comme | 2368 | 117w
0 0 L]
1| 0.0% 0.0% 0.0%

3]

]

2 |w [} 0 0

2 [VerrGood | 50, 0.0% 0.0%

100.0% 100.0% 3
Not Good Good Very Good | Accuracy
Target Class

Figure 9 Confusion Matrix of GoogLeNet of Validation Set.

Confusion Matrix: GoogLeNet (Testing set)

— 169 & 48
ot 590.9% 8.0 17.0% 4010
0 0 0
H e 0.0% 0.0% 0%
)
E 0 0 0
& | VervCed | pom 00% 00%
0.0% 100.0% 100.0% 40.1%
Not Good Good Very Good | Afcuracy
Target Class

Figure 10 Confusion Matnx of GoogLeNet of Testing Set.
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5. Discussion and Conclusion

The testing result of the deep learning model in terms
of classification of pores is shown in Figure 6. The
results had accuracy values in the validation process at
96.6% to 97.9% except for GoogLeNet, which had the
accuracy value in the validation process at 64.7%.
Because the model could not classify the types of pores
as shown on the Confusion matrix, so all images were
seen as Not Good pores, as shown in the graph in Figure
7. The ResNet-50 model provided a maximum accuracy
value of 97.9%.

As shown in Figure 6, the accuracy values obtained
from the testing set are at 94.0% to 98.9%. The GoogLe
Net model was unable to classify the different types of
pores as the same as an image dataset used in the
validation process as shown in Figures 9 and 10. The
model with maximum accuracy value that used testing
data was Inception-v3. It provided the accuracy value of
the model at 98.9%, as shown in Figure 6.

From the accuracy-test data of both validation and
testing datasets, it could be concluded that ResNet-50
and Inception-v3 models provided similar accuracy
values between 96% to 98%; nevertheless. they were not
significantly different from other models. Their
durations spent creating the deep learning model were 45
and 75 minutes as shown in Table 2, respectively. The
GoogLeNet model was a model that could not classify
berween different types of pores.

6. Future Improvement

Table 1 shows that the opinions of the three experts
in terms of pore evaluation were different. The different
opinions between Not Good pores and Good pores were
very close; thus, in accuracy classification became more
difficult. This was due to the different work experiences
of the experts, which resulted in different evaluations of
pores. Future research should have more experts to
increase the weight and the obviousness of the
probability of pore images. Furthermore, this research
considered creating a deep learning model from an image
dataset that experts ided the same opinion and
created a basic deep learning model. It should, however,
take into account the dataset that experts provided
different opinions in the future.
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Total 2100 2100 2100 2100 2100 1474* 5896*
Objective :
» \iloldiilu Training set Data wialdlumsadiuwuudian
Slide no. 26
' Deep learning model
Accuracy :

3 .8

Top-1 accuracy %)
2

A Lage

B Rntet

]
Sgqueareiat i

“ "0 R o % %

Top-1 accuracy density [%/M-params)]
Ref. Benchmark Analysis of Representative Deep Neural Network Architectures

Objective :
¥ dieldiiu Architecture Tunisadauuvsiass

TABLE 3.
on the Tian Xp for different batch sizes.

®  ResNet-50, ResNet-101,Inception-v3
Xception

Low computational cost :
®  GoogleNet

Fold 1 Fold 2 Fold 3 Fold 4
Training |
Training
== -
Tralring Training
Validate 1 Training

K Fold Cross-validation method
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Slide no. 27

Confusion matrix (Yes) : ®  Accuracy
®  Precision Objective:
Prediction/Actual Yes No
Yes p— fr ®  Recall " Yszdiulszdvdnimueas Model
No - ™ B Specificity = ieldlumsieae
8  F1-Score
yadeyanadauiondu (Main Scope) : yadayanadouAmiudIuLN (Optional Scope) :
Type (Probability) | Not Good | Goed | Very Good Type (Probability) | Not Good | Good Very Good
AL NEW (1) 169 65 48 Sl 169 & i
Aaiuaan (0.66) 307 214 1
Total 169 65 48 Total a7s 279 a9
Objective :
> dlelilunsvssdiuussdvinmuoauuuinass war 1lunsdinsnifeua
Slide no. 28
r Summary
Scope Model Testing set Objective

Main scope

w oo
HLETBIUEY 3 AU

@ﬁuwarg; g 2 Al 3

i

yadpyaenEun

AinwsEansnimvesuuTaed
wag ARHANNALENTAALENATNG

niu

pdeneng 3 Ay

godoyaa ity

Anwdvianaves Mnauenly

258

G8erg 1 gy 2GSy 3 winew |

Wil 2

Optional 1 = , malsdiu Mdwadouuuiaes
- dnann )
,:A'_gﬂ-‘v-ql :\1.%:53“.32 Gy 3 wsalu
, = a, a - o) '3
fiiavgy 3 Au wagminey 2 Au Anwavisnaves Ussaumsoiiued
Optional 2 gadoyaondni | Aundusiuuuy dndeadauuuitaes

L P
izl
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Chapter 4
Result and Analysis

Slide no. 30
' Main objective result
Details : Lmuiﬂamsjﬁmmcy 3 AU VIAARU AIY YANAFDULBNAUN

Comparison Accuracy(%)

_— sosx ] i 95.0% 94.0%

2% howal @S2 g

o%

Inception V.3 Resnet-50 Resnet-101 Keaption GoogleNet

Objective :
» Inception V.3 Wiaansuwiuganniignain Model #ildvhnisidanin
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' Main objective result

wa Individual plot A1 Probability fluuusiassiuneld

B
=

M
o

.-

Indeidual Value Plot of Probisbany Restet. 50

=

o B e

inivicusd ¥akse Pt of Probabiity Rethiet: 101

| I
I--.‘ o

—

i

e

—_— =

v

Result :

¥ lisisdmm Class Muszminagwiuil

i uag gwunFnn

> annmnnaaduiviineldgnedes

Tasdnsnniiaannnan 0.7 lu

Indrvidiaal Vahue Piot of Probubility Inception-.3 Inclivickaal Vahue Piot of Probability Xoeption ° i
Bl - 03 o~ WUU91a93 Inception v.3 waz
-8 B =] Xception
. - » Ussanamngniuiia (Good) 1
Al il LY
“ u Class MHNNINTEINUAIVOIAIN
will, BMes _ | _ - 5
et eS| oy iy iwzihsnniign
Slide no. 32
. . .
' Main objective result
ﬂa =t ' .. g e H .
A1519Lds8uBuAn Precision, Sensitivity, Specificity, F1-Score
Precision (%) Recall/Sensitivity (%) Specificity (%)

Madel Not Good Good Very Good Madel Mot Good Good Very Good Model Not Good Geod Very Good
Reslet-50 988% | 969% | 1000% Reshlet-S0 B8% | 969% | 1000% Reshlet-50 982% | 99.1% | 1000%
ResNet-101 93.3% 98.1% 100.0% ResNet-101 99.4% 81.5% 100.0% ResNet-101 89.4% 99.5% 100.0%
Inception-v3 98.3% 100.0% 100.0% Inception-v3 100.0% 95.4% 100.0% Inception-v3 97.3% 100.0% 100.0%
Xception 91.8% 96.2% 100.0% Kception 100.0% 76.9% 95.8% Kception 86.5% 99.1% 100.0%
GoogleNet 59.9% GoogLeMet 100.0% GoogleNet 0.0% 100.0% 100.0%

g
wjuniug (Not good) :
- | s P - -
F1-Score » il Precision finiisannuuuitaenzusweignsulssaviaududuiwenszangnuiiutdon

Model Not Good | Good | Very Good s
ResNet-50 9BE% | 969% | 100.0% Fwuna (Good) :

5 ot . ] - - - ] -
faset101 | 963% | &91% | 100% | % fign Sensitivity indnofeuuuiiassnzillemaiivsussdiusnsuiimidusnsulszanmdu
Inception-v3 99.1% | 97.6% 100.0% * —
ception 958% | 85.5% 97.9% gwquﬁﬁmn (Very good) :

GoogleNet 74.9%

v

¥ ugnsuitiian F1-Score Waz Specificity figuilosaniusnsuiuuuirassannsodnuonldlngd
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' Additional result 1
Details : nuvdaasiisrviey 3 AU NAEEU A28 YANAFOUAUTILEILLIN
Overall Accuracy(%)
100%
8L.7% 80.6%
80%
59.2%
60%
- 54
AI -
o g 1 qﬂiuw;q 2z fiflermy 3
0%
Xception Inception V.3 Resnet-50 Resnet-101 GoogleNet
Objective :
» Xception Wrnauwivgunniianain Model #ilfimadenin
L Slide no. 34
1 Additional result 1
Wa Individual plot A1 Probability finuudiassinuiela
mmmumm Individual Vakse Plot of Probabiity Rehet-101
"B = Result :
- B » lifinstn Class fusswiragnqui
g - Li waz swsuiiin
I-l- - = l . -,
mﬂmm«mmvl ) Indvidusi Value Plot of Probability Xception
=

e

- e o s e o

. .

-- | . I
LT

i ——1
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Slide no. 35
Interval Plot of Probability of Good Interval Plot of Probability of Not Good
ki w Fom Ein 5 W
o o s ol as
ar
I P
& L LR an
os
ar

il e Ly

G ebber s WoH - o0
ol - ®osn il

Ackual a8t 0e Actual 080 L0
Result :

@ ase

-
a8 B .*0ow &

- W " : -
k » lifinnsdnu Class fugzwinagnsuinlis
. e
WAz SNITUNG

a8 u -
as
o

Clerp Lowrmng.
- e

o ot
o g3
= ail 3 b
< K . —»- Raapion
Actual 87 100
Slide no. 36
Additional It 1
f = ] ) TR . .
A9 USBULNBUAN Precision, Sensitivity, Specificity, F1-Score
Precision (%) Recall/Sensitivity (%) Specificity (%)

Model Mot Good Good Very Good Model Mot Good Good Very Good Model Not Good Good Very Good
Reshet-50 93.2% 66.8% 86.0% ResMet-50 T4.4% 87.8% 100.0% ResNet-50 91.9% 76.8% 98.7%
ResNet-101 83.8% T1.5% 89.1% ResNet-101 2.6% 70.3% 100.0% ResNet-101 T6.1% 85.1% 99.0%
Inception-v3 90.8% 68.8% 100.0% Inception-v3 76.9% 86.7% 100.0% Inception-v3 88.7% 79.0% 100.0%
Keeption 85.7% 73.8% 97.9% Keeption 84.7% 75.6% 95.9% Xeeption 76.4% 85.7% 99.8%
GoogLeNet 59.2% - - GoosleNet 100.0% - - GoogLeNet 0.0% 100.0% 100.0%

EW'gu'ﬁLLEJ' (Not good) :

F1-Score » i Recall ﬂﬁuﬁaamn‘g\ﬁugnuﬁ:Lﬁu'lULfJugwquﬁﬁei'Jumﬁa
Model | MotGood | Good | Very Good .
ResNet-50 827% | 759% | 925% FwqunA (Good) :
fasHatIGT EELRy | T0.5% b »  ilA1 Precision wax Sensity feiosnonvinnald Class duworlasawizsnsuiiug
Inception-v3 833% | 76.7% 100.0% ) L] =
Kception 85.2% | 79.7% 96.9% Ewiuﬁﬁmn (Very good) :
GoogleNet 74.4% - E

> ugnsuiiiiin F1-Score waz Specificity Miasilosnmiusniuiuuudassannsodnuenlalagiie
wiloufuyadouaendud
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- =
No. Topic yadoyanadau tandui yadoyanadau anuiudiuun
1 YAccuracy 94.0%-98.9% 80.0-82.2%
2 | Most Accuracy Architecture | Inception —v.3 (98.9%) Xception (82.2%)
3 | GoogleNet laigmnsofauenswsuld liaunsodauangnuld
i i Precision #n31A181(90%) i ndints {iF1 Sensitivity fiiniilaaaingrgugnuszdiily
4. | awuithid (Not Good) : o < r— T
e imnnounsdnluiluswuiia Wugnguiiidaumil
s i Sensitivity fdnanAouuudassezilona | fid1 Precision waz Sensitivity fdniilasaingn
5. | swund (Good) g e 3 4 . 4 g i
L vzUsaiiugwsuiadusnsuuszansu el Class Buweslaoiawzgwsuiiud
e | - ) o | ° v 1 e
6. | gwiuiisiun (Very Good) F1 Score diAnvigsvimnelauang F1 Score fiAmgainunslawiud
» \ & w . 2 @ ¢ d w
gadeyammuiuEnn tieglie %Accuracy fininaa gadeyaeniidliosn dads
- a A ow =l u v '
Summary vpanrnibiiuey vide aruennlunisyszdiuianmaniAuades laogldvinda F1 Score
" ez
a3 grsuitn uaz Liftiuenas

I Additional result 2

Slide no. 38

Details : uuuinaoeilisariey 3 AU UaTWiineIU 2 AU MAdEY A7y YanAsaULaNGUI

100.0%

80.0%

60.0%

40.0%

20.0%

0.0%

Comparison Accuracy(%)

ResNet-50

Inception-v3

Objective :
» ResNet-50 1ih Architecture #iilA %Accuracy daiign

79.8% 79.4%

59.9%

Reshet-101 Kception GoogleNet

&8

it il 2 fifemg 3
g g o
iine 1 wilnaw 2
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Slide no. 39
' Additional result 2
. . e ﬂ. o o v
wa Individual plot A1 Probability finuudtassituiela
wvmmdmmsﬂ Incivichaal Value Piot of Probabdity ResNet-301 R l-t
= E il " n - ESUlt
3 - - > bisinsdu Class fuszwinagnguii
“ . 1 uaz gwguiiaan
- - e l_._i"- iy > gmumzmwﬁﬁﬁﬁwﬂuﬁwz
- T TR R e I 4
Wuegdai 0.4-0.6 lnuillanatiny
< o v
wWhuswsuiludlalndiiu
Inufovidusl Valus Bt of Probability Incepticn 4 Incdvichaal Yahse Piot o4 Probability Xerpeon
., E . 4 = . s F '
- 5 - » Tu Zone # eamninaziu 0.5
- w83 UsELMgHTLTIR ResNet-50
» o 1 Architecture (fenfiannsn
L = a v w
. = I_._.‘Z =, i | I A simneldgniia

Pt == = Loy -

Slide no. 40
S
1 Additional result 2
ir = ' . . w e . . -
M1519LUSBUWIBUAN Precision, Sensitivity, Specificity, F1-Score
Precision (%) Recall/Sensitivity (%) Specificity (%)

Model | Not Good | Good | Very Good Model | Not Good | Good | Very Good Model | NotGood | Good | Very Good
ResNet-50 B24% | 967% | 1000% ResNet-50 1000% | %45% | 979% ResNet-50 619% | 99.5% | 1000%
Reset-101 |  74.8% | 100.0% | 100.0% ResNet-101 1000% | 123% | 1000% Reset-101 a9.6% | 1000% |  100.0%
Inception-v3 78.2% 94.7% 100.0% Inception-v3 100.0% 21.7% 97.9% Inception-v3 58.0% 99.5% 100.0%
Keeption 74.4% 100.0% 100.0% Feeption 100.0% 10.8% 100.0% Keeption 48.7% 100.0% 100.0%
GoosleNet 59.9% - 3 GoosLeNet 1000% = = GoosLellet 00% | 1000% | 100.0%

£
ngunng (Not good) :
" - - - - - -
F1-Score » dif Precision Mmnidlasanuuuinassazissmagnsulssumininuduiieaszamsnsuiiugag

Medel MNet Good | Good Very Good A
ResNet-50 o04% | 611% | 989% WA (Good) :

5 - - - - 4
RERIERTURNN| NSy | 2L900) 10008 » il Specificity figa use Sensitivity iiniiosnnuansagavinuneluifiu Class Buldde
Inception-v3 87.8% 42.9% 98.9% L =

= =
Kception B5A4% | 194% |  100.0% “miu“;u']n (Very good) :
GoogleNer | 59.99% . E

» \{Dugnquitiia F1-Score uaz Specificity figadasmniliugrsuivuuiassannsofauanldlagdy
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1 Additional result 2

= ldyndeyanaaeuiendu
No. Topic uuuﬁﬂam@'l.fmqmsg uuui"ma-!ﬂﬁ"s’wdmﬁﬁéu'm;y uAEWLnI

1 %%Accuracy 94.0%-98.9% 79.4%-86.9%

2 | Most Accuracy Architecture | Inception —v.3 (98.9%) ResNet-50 (86.9%)

3 | GoogleNet Ligunsodnusngwsuld Liannsodausngwsuld

#1 Precision WN3ANBL(90%) laamniins i Precision fiéh Lﬁaqmmmuﬁwaawwaaj

4. | swsuilid (Not Goad) . e e sy -
¥ nnsunsdiluiusrsuiia winlszanimnduduiiane

_ fif Sensitivity VidinamAsuuuitastasiilonia | fid1 Specificity fige uas Sensitivity 11
5. | awjuna (Good) N

*ﬁ‘il::ﬂi:u‘.luzﬂi_uﬁ'ﬁtﬂuzws_uﬂi::mﬂf;u Lﬁaamﬂ:m:rﬁngnﬂ?malwﬂu Class Sulddng
e | ° v i e o od ° v e
6. | gnsuidiuin (very Good) F1 Score flFnfigaviunslsiwiug F1 Score fifnfigavinuneliusiug

o i w v = ' o a <l v o ol et
wuuThaasaiulaogie ey issednaedie %Accuracy igndtuuuiiagaiiil
w o e : o . v e e '
Summary wiipanufianasan fan Tneasmusnsnaivlede Aeussammgnguiid(Good) m
are = a o
Probability aziaudealiniegnsuiug enumsussdivvesminauuiianng

Slide no. 42

Chapter 5

Conclusion
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1 Conclusion

nqusrasAvaInITineu
Objective :
WieAausnuilaveagwguiviiliiin Sintering
seiaIes(Deep learning) asion s

L . 4 - v
'53117aﬂﬁ'l|‘aqﬂn"lﬂ (lmage processmg) Uaz NILaeug

Benefit :
aes o
»  gTUsunsy wide saneFiudiaun o
& qu
RAtaIT

" Man:
= igodldaui
annbi

nAand Testing Se

» Uszaumsoivesfiuiad)
Uszaumiaiios e19asm
shas gldnnuuudiaesiias
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' Appendix

Conference Certificated IEECON 2022

o FEECON2022 oo
e e e -

Slide no. 46

Thanks

Do you have any questions?

Khattipong Usamran
Tel : 085-100-6162
Email : us.Khattipong_st@tni.ac.th

CREDITS: This presentation template was created by Slidesgo,
including icons by Flaticon. infographics & images by Freepik

Please keep this slide for attribution
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