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The process of detecting anomalies on glass bottles is an essential part of
quality control in the glass bottle manufacturing industry. Glass bottles must undergo
quality inspection before being delivered to customers. Currently, machine vision
technology is being applied for automatic analysis and identification of anomalies on
glass bottles. This research proposes two methods for detecting anomalies in glass
bottle quality inspection: 1) A hybrid method that combines CNN-LSTM with instance-
based classification, achieving high accuracy in detecting counterfeit anomalies. 2) An
anomaly detection method using the Autoencoder deep neural network, and a
threshold is called DDAET. DDAET offers the advantage of fast detection using a small-
sized Autoencoder architecture, trained solely on a good bottle image dataset. The
effectiveness of both proposed methods is compared with several other techniques,
including ResNet50, VGG16, MobileNetV3, ADA Edge detection, and Image threshold.
Thes research conducted experiments on three datasets: images of the bottle body
region, neck images, and rotated bottle images. The experimental results show that
the CNNLSTM method presented achieves high accuracy for the rotated bottle image
dataset, with an accuracy rate of 97.66%. DDAET is the most accurate and fastest
method for detecting counterfeit anomalies on the bottle body and neck datasets,
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g'lJ‘ﬁ 2.1 Convolutional Neural Network

(‘171'm . https://www.simplilearn.com/tutorials/deep-learning-

tutorial/convolutional-neural-network)

2.1.3 AlexNet

AlexNet 1ludiovasanitnenssulassneysyamidiey (CNN) Gseonuuulng Alex
Krizhevsky 3210V Ilya Sutskever ag Geoffrey AlexNet \JwmSeane convolutional usn
74 GPU (fiaufinUszansnmnisiniuvesiasstiaUszam (Kizhevsky, 2012)

daninenssuvat AlexNet Usznaudag Fu convolutional §1uat 5 4u Fu max-
pooling 311U 3 Fu Fu Normalization §1ua 2 §u Fu fully connected 971u7u 2 u
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Science and Engineering of Oxford University 1a#( Simonyan and Zisserman, 2014) 1a
Jaferlaealasstsuuumuituiuse Ve Sanmsmilldiunisandluniiuas
Ns3UATUNIN fausl VGG16 3 VGG19 qaussasAnaiumesnisidenss VGG ifeduau
dnvaslasssneasulbgiudeifiovhanudilaiimudnvesiassioneuligduiinasdenii
wiudlunissuunussanuagnisansinmenaligegnels Mefiuduiuaieesiniodny
TWandunaziiiondndsmniwesiniiull Sddinesiuauuindn 3x3 lunniales

Trssasaves VGG16 dfell Input Wunn RGB 244 x 224 x 3 Fwdwielilawwes
Convolutional Fudaluidas q shnisdeesauiu 2 89 3 adwgly 66 1512 Feature Map
uay Filter ffluwn 3x3 warldisn1svdy (Stride) fiae 1 At Fumewu Convolutional aesh
nsafnAudnuEiIY Max Pooling 1u1a Filter 3 x 3 wawliisnnsudy (Stride) flax 2 ada
Faagrlinmiawafidnas dnasdes iuﬂ%y’qqﬂﬁwa%m%at,ﬁm Feature Map antun1w
Fidoursandunuse (Flatter Layer) swau 25,088 wavarasludu Fully Connected

ﬁ’ﬁ’qgﬂﬁ 2.3



224 x224x3 224x224x64

112x 112 x 128

TXT %512
14x14x512

56]x 56 x 256
/ 28 x 28 x 512
1x1x4096 1x1x1000

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

Ul 2.3 VGG16
(ﬁiﬂ: www.kaggle.com/blurredmachine/vggnet-16-architecture-a-complete-

guide)

2.1.5 ResNet50

ResNet 8911990 Deep Residual Network lafin1suatauslassuigdszarinilu
3714798 Deep residual learning for image recognition ﬁfmqﬂszamﬁtumiLm”ﬂzym

[%
a = o

vanishing gradient 484lAs8918UsEE@MULUULAIANT UAULASIYI8TIHAMNENABUTIININ
(He, 2016)

1A5985719989 ResNet50 Ta1uuTuva9u09laseitgUssanaiuiu 152 34 taeldy
WATANISEBNLUYU module NianwuznI9anadhi network 159918 ResNet50 dusenau
% ) A o a ¢ g v o ) ' | Y A
faenu 4 block 1983 1UIUNISITM DN TE NS URNEULASIUN 8 UTE A NTINUAAUTUNLS
1959n%0 Ao ResNet50 AxnuNgDIa1LIL 50 Lateas B9 U18IWININ [3, 4, 6, 3] T (3

+4 4+ 643)x 3= 48 91+ 2 Fu = 50 89 ResNet50 faguil 2.4

STAGE 1 SIAGEZam ™ STAGE3 ) [ STAGE4

1x1 Conv, 64

3x3 Cony, 64
1x1 Conv, 256
1x1 Conv, 128
3x3 Cony, 128
1x1 Convy, 512
1x1 Cony, 256
3x3 Conv, 256
1x1 Conv, 1024
1x1 Conv, 512

7x7 Conv, 64, stride 2
3x3 Conv, 512

3x3 Max Pool, stride 2
1x1 Cony, 2048
Average Pooling

Chest X-Ray
Image Input
(100x100x3)

Fully Connected, 1000

~
-
—
—

(

a4
—

U7l 2.4 ResNet50
(ﬁm: https://open-instruction.com/dl-algorithms/overview-of-residual-

neural-network-resnet)



2.1.6 MobileNet

MobileNet iJulasatnsuszamifisnnuunoulagdusuuuunddsiignitautulae
Andrew G. Howard uagludn.a.2560 lngjunuuves MobileNet gnwaiunliduluing
TnseeUszamdsdniifliunndn fviauldesnesinga Latency s Timsnensveundes
TunsUszananalsisnn gnesnuuusndmiunuiinineinsdria MobileNet anansalday
1(517?@ Classification Detection Embedding 8% Segmentation wileufulunadidudidey
Ju 9 (Sandler et al,, 2018 ; Howard et al,, 2019) @ailnenssuvesadedie MobileNet
wanslugud 2.5

Depthwise Convolution

X X
N @ N |
I: | Pointwise Convolution
R \7 DKX%KCOMX AN 1x1 conv \\\
XeXak>

sU#l 2.5 MobileNet

(ﬁm: https://towardsdatascience.com/review-mobilenetv1-depthwise-

separable-convolution-light-weight-model-a382df364b69)

2.1.7 Long short-term memory (LSTM)

Long short-term memory (LSTM) Julasstreussam Long short-term memory
(LSTM) Julassneusenn Recurrent Neural Network 8anesis LSTM laSunisesnuuu
mmﬁawﬁﬂL?SQﬁﬁgwwnﬁﬁqwﬂuﬁsszaﬁ’s (Hochreiter -~ and ~ Schmidhuber,  1997)
FEazIdAnUIY LSTM LLamqiugUﬁ 2.6

h,

Y
e >
hz—|l ﬁl m_jf hy

Xt

Ce

Ul 2.6 CNNLSTM
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LSTM U52naUn18UU8AIUTINANENUY LUa8 LAaLLEaaNLI18ANUTTdy

29AUTENDU: 1WEU (write) 81U (read) Lazdu (forget) NTURBULIAT t NUIW forget gate 1A5U

nsUsuUgasedl
fe =0y (fot + Urh, + bf), 2.1
ip = o;(Wix, + Uihe + b)), (2.2)
o, = a,(WoX, + Uphy + by), (2.3)
¢t = fiOteq + iy O 0. (WX + be), (2.4)
hy = 0; © ap(ce), (2.5)

Taoil x, Wunnnesteyadums £, 10u forget gate i, WuNRBuNA/SUA o, 1Tu
Uszgnaeen ¢, Junnmesaniuzvosead fnnuiuns o Wuilsidunsdaldnudnues
© #® Hadamard product (element-wise product) waz h, LUuNmasi0iNAYeIMLIY
LSTM

2.1.8 lnseU18UsEamMIUY Autoencoder

IasstneUszamuuy - Autoencoder  IunuudasdlassineyszamiiilingUszacd
vaNluN1siseuINIsnsia (encoding) Wagn1snensia (decoding) fﬁa;ﬁammﬁdsﬁumi
Soufdnunzrielassaiwesdoya Tavdau encoder inmhiudastogatdunuanumed

= 9 =

Jusunudoya (representation) fidiAtssas Fvdsutinzilunisanvuindeyarndilianas
Ingdu decoder aznansitanadnuaiziiiusmunudeyaiielideyanduulndifeaiudeya

An #9819 autoencoder wansbuguil 2.7

Encoder Decoder =

Original input Compressed representation Reconstructed input

gﬂﬁ 2.7 Autoencoder

lunsguiumsiiouives  Autoencoder  lasstigUszamviinisiSeusuaznensia
Joyarmegtlnmianuadeadsiudoyafulinnign  Fasinvulalaenlaseiieinig
Wiguiieugsenindeyaiduazdoyaseniiioduinmauagds  (loss)  wagldisnis

YSuusiamaiimesiulassigUssamieandimnugadsldesnian  lunssuiunsiteuid
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Autoencoder @13nIaREUIFURUUTSRNwEdAyveslayalaednludflaglifanisaaia
mnauvestoyaidmuneg  Autoencoder finmsussendldluvatsau  wulunsaniifdoya
(dimensionality reduction) w3safnanwy (feature extraction) Yoya eldlunuuuy
Fuun (classification) n3edangul (clustering) Toya lag Autoencoder 1A1X@TALUNTS

' v v
] v v = =

NEANAANWAUTUINYU UBNANU Autoencoder

(Y Y LY I

uadnuazdAyuardnsziloudeyaiiluiile

o

FaduugrudrrglunmsadislumaUszamndudounnniu Wy Variational Autoencoder

(VAE) way Generative Adversarial Networks (GAN) %Qﬁmﬁﬂszqﬂm‘iﬂumia%’wﬁagaﬁ

N RIREN

2.1.9 nﬂiﬂﬂﬂaﬁaaﬁla (Data augmentation)

nsvgredoya (Data augmentation) w3e Msadiadeyaninivalidduiufiaugy
Tngnsdaudasnmfuiddneitniseneg Wy Be da myu Wasudinwlidenioains
Fu wieladyaasuniu (Noise) ashulunn wlilagunmuuuse 9 lddain (Shorten

and Khoshgoftaar, 2019) fhegrsnmmsvensdeyaudnslusui 2.8

sUN 2.8 firadrenmnsvenedaya

(ﬁm: https://machinelearningmastery.com/how-to-configure-image-data-

augmentation-when-training-deep-learning-neural-networks)

TnsvengteyaiiafuiiilosnUseaninmanuwivgrvedlunalasaiigussay
Deep Learning Huduiudsuadeyarnaeuduladvdidy nsiinteyalaldilumaiai
d1AuInd1m3u Machine Learning lagtanizaouiiamasivial (Computer Vision) 11591

Augmentation Hunnitaiulndasdeslivioudayanmiduainduaduinniiuly msie
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1Y

lua deep learning tuenvazluSeuiailiddguunimuareraazindsilaidnduly daes

o

yMlnsyinuneNatuilamuLiug Uy

Aav a4 v
2.2 IUWNLNYIVDY
Ma (2002) In15UMEUBTTUUNSITUANTHUTENBUMENaBILUARIYINISUSEUIaNA

UUADUNIADTABUATOY UABYAAIUANNLIYA NADIIALEAARIDLTEIUNITHAARAZTUNIN

Y

VINVULLATBUHTUNTDIUUAIENITWNER UM EgvInazgnadludimauiiunesanunios

s

= [ a = @ a .. [y a
FaazgnuszadanalagdanaInun1suoiuveInauiimes (Computer vision) anaiiiy
mi:uaqLﬁumaaﬂauﬁamas‘%izq%’auﬂwﬁaﬂumwLLasdﬂé’agapmMé’ammmu 1NUU
NIYAIUANITUIVIANATIINUAMTODNIINA LN THER s3uUlRSUNISNAABUNUVIALND
Na18Uszn NN AT UNNTaIUILLANAINY NaUTINGITLUUAINITONTITUTBUNNT 0alel
LHUEINI 90% FTUUSIEINITONTIATUTOUANS DIVUINRANG TINTITBUNNTBIVUIALENT
& v 1 A a e’lj [~ [ Ao o I aa [y
yasliiuniennuan WU‘UV]asmalu‘ummmuL‘Uuﬂﬂiﬂiuﬂqawmmgm”nﬁmimaﬁ)ﬁ]‘u
PTaunnsodluiauinuuiane sruuliduda Fmnganuarlivinliesdsmy ssuudsd
AMLLUEININ SEUUiEAnen MU SUSUUTIRMA TN IR ILAZLNEAAR U UNTHER
Soe v A o o ¥ vy v v | a ° )

seuulldaldineysulaannuasniveariauwiilnnien1snsiaduteounnsase1riilvivin
wAnle

Li (2017) L@UDAT NSNS UAINRUUYIALA2Aele Machine vision A5 wsnay
UTEIaNANINTDIVIALANBVT A Y1t UNIU 91AUUTILTaneTTiL thresholding LiaWUY

[~ 1 v 1 4’1} [ 6’5 a ‘d,‘, A o

awesniuaasdiu taun vInnagiiunas INUuszyUInTInlaen1 AT BRI 3 Tulas
LAZAUNINVINUTLYBNABYRIUINTIN TURBUFATINY NMITTUAVINNITALAUTLY BNk
swldivedniuinUinvindanaudfuvanzauvsolsl uasns193uuntvewiminnsiany
NANINNADIN1IATIITULIALEAS LTINS danunsassyfunimesimilldogauaiugin
Unvandteunniesegusnulng wagasaduimvivesiald Anuwing1adunisniadu
ARAUNRUUYIAWLNL

Fu (2019) L@u®I5n157 14 vision system @19%15UN15ATIATURIAIARTUUUIAUAT

sl Wnstkasiumas n13nseeAdsegIuuesnIn n1sUTUUTE waen15nIRTuTaULTie

¥
a ada d

Jaszidnuazveslawuiidoudevesiuntswosing 33nsiansonsiadud sunnses
#7199 19U S98LAN YBUUIA VINFNUTN AR Lazdue Fildemdenarldiuegis
WNShane

Zhou (2020) LEUBNTOUNSATIITUSMTUURURIEMSUNSATIvERUALYIR SIud

Bnsladalawdy ROl Nuduglaglinsnsiaduinaugilesiingagnsiieulnsy (ERSCD)
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uarnsulsiuiinisnoenifuassaiy ludruusnlasunsieseimedsnisuudiuges
finwauuunszaneuvuueulelelnstnuuunszanearud (FTADSP) luvnsiiduaedlaiunis
Jiaszdrenisnsomatesedunisulananida (WTMP) tileandninavesi uiia
uazUSUUTIMLNUNIL 38013 WIMF ussauadwsimanisdmiunmsnsadudounnied
AuvInegRilusEansaw

Zhou (2020) AlauansouN1syMAUEIMTUNITATINABUAIEAINVDINUVIALAD
gnludilaeldnisnsiaduainuieu (saliency detection) kagn1s3uaLNILNan (template
matching) nsaunsLiiiaueUsznaudsadurounan: 1) nislduvesnin: duneu
wsniAemsldnmyesiuaae Sunminasldndesiiianeegndioasnudnidesnn 2) ms
pnduaiiusy: suneufiaesifonismsiadudusulunin ﬁuﬁ@uﬁaﬁuﬁmaamwﬁﬁa@m
agnmselianudAy nsaseduauyuldiiessyudnavesnmdiuieziideunnses

3) MIFUGNIAN: TUpBuNaNABN ITTUAWNmARTURUATlaaY ndmandunImawn

Y

2

LANTILAASDITIUANTDY mi%’wjmuLwamiﬁﬁlﬁaﬁué’umiﬁag'maa%amwiaﬂuﬁuﬁéﬁzy
F3msdaunsoasivasudeunnsewesturinudldod efiusyansnim nseun1sviiey
fanuwsiuduaziiuszansnn wazaunsaliuiuunan nyaInuialea

Lu (2021) iauedsnisdmiunsndudeunnsesusnatinunnds 35nmsildisnns
uwsduiuiiessytinuan mmfui%’%;mLwﬂﬁﬁmiﬂﬁzmamamwﬂa M5ITUTaUNNTBY
FBmsinulnewtininuauiiesndudesdiunay fe dauuinvinkazaudusg vedvan
nuTasryUinua B Ui ufi 780 uii qeaa 1 eseyUinaalduds gaveunaia
msUsznaraamazgnihdiilensadudeunnses malianisuszaananindseneusie
N19M19299UVOV (edge detection) mﬂﬁﬂﬁiﬁﬁaizqmaumﬂmm Thresholding wpdadild
Weuvasnmdunwluwng Tnefifinwadudsviev1n Morphology Lmﬂﬁﬂﬁiﬁﬁaizquag
audynnasumuesnannIn Weinsszydeunnsseud Az UNT ounNT DAt
sanu 1 Tu 3 Uszian lun sevd sepdu uazsesdnan 33nsdau1sansiadeu
dounnsasldfemnuuiugigs anmnsonsaiudounnsedldfemnuusiugiia 98% 355l
Fanumusedyanausuniuuasnsasuulasueannuasdndie

He (2020) IfianeTsnslmilunisasafutounnsadlunindusignanunssy 15414
1A 18U TN BNLUUOAND8LTIA N (deep regression neural network) W aviung
mNuuLsvestaunwiasfiudaziinealunin Bmsvinulesuvanmesndumssiineg
nou ntulasstnsuszamfisunuunanesidsdnazgnldii oviutsarmus uisaves
Tounnsedunsiazfinea anusuuswostaunmsosazLansnefiauszning 0 e 1 lae?l 0

niefldidaunnsed uay 1 nu1efetounnsaesIgunse ANTULIIVBIToUNNT B3
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naan1sallisvgniunldiiessusuntinazainuiukssvastaunns aslunn 38015l
aunsanTIvaeutaunnsadlasisaukiugias lunisvaassiaiunisiaetnidy 3505
AINANIAINI3ONTIVTUTBUNNTBILARI8AINRILENAY 98% TTn1sHdmumusadayyin
FUNIULAENTURSULUAITDIEN LA NAEY

Liang (2022) taue3snisteunniadasldlassigyssamiisuddnuuulnddmsu

v Y ! [ < & 1 < P = !

n13nsITudeunnseveringuuialiniunseiloawsindn nspusuiauaisendt ELCNN
Usgnaumeanudiu: lugaainnuanuuy (feature extraction) lugauSuusennanuu sy
@ U (feature enhancement) wagluga 1dunuanyagnatgana (multi-scale feature
fusion) lugaaninAMdnyuzIrainnMEnYNEINAINBUNA LugauTuUTIRMaNvALUURY
wUTulTauanuaeatineanin waglugaihdundnuvugnaganalrTIAMaN YL TUge
Whiuaanwazanluganisainauan vy nsilasunmsussdivvuyadeyavunalvayn
Tmi3enan MT-SOD wagnaiilauansliiuinduszansanuaziinuugug

Koodtalang (2019) tuei5n15lun1ns3aaounuuInLAiiomaaunnies 35n1sil
TYn1INALNAIUTENINNNNTUTENIANANIN (image processing) LaginatlAN1sisuusLdeEn
(deep learning) taTgyTauUNNTBINAUYIA IFN1TVINUlAgTUAMNULIANBY NINIYN
Uszanawnalagldwatian1suszurananIng nainuaissn evd ad Qg 1M unIula gLy

o =~ Y DR ARE = YA = A vy = P
AUANTR NMNUsEInaRaLAIIzgndudglinantseuidsEn Nlesunsineusuiesey
Tounnsadluiuvinuta lwanisseudiddnuansanudulilaftuinideunnses 35013
dy a Y ¥ v aa dy 4 ! v
Jusziluainyadeya 1,000 MN8N UYIALAL I5N1TUAINITATEUTOUNNT 030138
ANNLIUET 98% UazanuTnsEUTaUNNIBIUTENNAN Lol 1y Sesunn TU uasIeeTnvIu

M1597 2.1 a3UsgazdanuITeningWedlunisnsiadudslanuaoy a1s1auans

a | a v ¥ d' av adaa ¢ ¥ a A o
TYavlduAvIwiarUITeUTENeUMY Jonuive Tnaam Jeyadawdandasuinanlyly

NMAaRY LavasunansvaaeIesdanesiunsnsiadudiLlandaey
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A1519% 2.1 asunuIdeiineldes

=)
=1

o & aw o am dewy o Nan1g
gl YoIUIY - . danasiuily YAUaYa
AWUN NAaDY
A glass bottle defect detection AE1BUINAUIN
2002 Image Thresholding 90%
system without touching LagvauUINYIn
The method for glass bottle defects AMOIBUIIUAD
2017 Image Thresholding 99.3%
detecting based on machine vision VIN
msnsesdoyanin (Image
Siltering) NM15uUUTINM .
Medicine Glass Bottle Defect VYIALAIFTINITY
2019 (Image enhancement) 91.6%.
Detection Based on Machine Vision U33981
LagN1IMveUNN (Edge
Detection)
FBsuvsdauges
A Surface Defect Detection NNLBALUUNTEINLUUY
Framework for Glass Bottle Bottom woulelglnsUnuuuy AMENBUT Y
2020 o 93.24%
Using Visual Attention Model and A3818AUA )FTADSP) VI
Wavelet Transform HAZNIINIDINAEIZAY
mMsuUadnnidn WTMF)
N3ATITUAIUAY
Automated Visual Inspection of Glass R
(saliency detection) way NINDIBUILIUNU
Bottle Bottom With Saliency Detection 2019 O 88.83%
NIFIUGNUNER VI
and Template Matching
(template matching)
A defect detection method for glass A573I9UTOU (edge | .
nwangusulin
bottle mouth based on area 2021 detection) kag Image 98%
UIN
segmentation thresholding
yndeyanimaiy
Deep Regression Neural Network for Deep Regression - s
2020 ANUUILIUNURD 98%
Industrial Surface Defect Detection Neural Network
DAGM2007 dataset
Feature enhancement
ELCNN: A Deep Neural Network for e
and loop-shaped fusion ANANYIUUUY
Small Object Defect Detection of 2022 ) Ny A 97.61%
convolutional neural WA UNTELUDILILARN
Magnetic Tile
network (ELCNN)
N1SUTTUIINANN
Glass Bottle Bottom Inspection Based (image processing) Way ANENBUIMNY
2019 AR ¢ 98%
on Image Processing and Deep Learning LIAUANITLIYUSLUIAN VIR
(deep learning)




UNa 3
A/N13ANTUNUITY
Tuunileueisnmsaisadoyanmasutandasuuazinaueisnisdmiuamady
dwlanUaoulaeldlaseyraUszandednusznaunieisnisnsiadud swlanlaoy
fidnavedesdinisie 1) 33nseradududantasunuunaulagld CNNLSTM wasns

FIUNUTLLANAIUABE9 (instance-based) 2) 35n15n5193vdanvanUasulngltlasadne

UszamiBedn Autoencoder waz Threshold error lneiisieazidonssioluil
3.1 ?gﬂ%’ayjamw?imﬂanﬂaau

Tunszuiumswinuinuiiiiies ssmsaaounanInvlIauiiogassssnnudnie
A3 BINTIVABUVIARAILUUAT (straight glass bottle inspection machine) LATLAS8INTIA
#9UVIALNILUUVIANY Y (rotary glass bottle inspection machine) SUTl 3.1 wanasiegng

Y

¥931A3 B3 MTUATIARUAMANTIALT TneLe3 e TradeuvALA L uURT T uTEUY
SoluiiRldinaluladfivivaie wu 35n15n1saoufiamasetl (Computer vision) 4azns
Uszananan1n (Image processing) Lﬁam’m%’mmzizqéaLLﬂaﬂUaaaﬂ,ummLﬁa Tngagiuiin
FUNMNUBIVINDNYUANES) ALIUTOUVIN wardamginmdtiulaeiuindmindionm
@38 iedesnsaaeuigmiunlfifevilmilalugaamauiuazdesiutyvluszninams
NARWAZNITIUES DINYB AR TIRABUTIALAMUURSILARTIugUR 3.1 () TuniziileSes
prvdouILT LU dussuUSluTRfooniuuiamedmunInsaaeuauAI Al
nsnaulagldnalnnsmauein Tasmsmurndunisemaseufuiimuadiolild sz

anuuduggilun1snsndudeianain Weswnviadmsvyuinlinesldnaesienimuuy

v
=) A a

line scan lagingas line scan Tolunstuiinamevesingnsenuialugliuuresdudines

(%
Gl A a

A8 NADIALAULUULAUILLAT DU MM YUIUAUIngUS ol uRIdeIn sTuANA W Tedu
v A A =i ¢ v 1% o = & = a
Y991ng AR auNIEgnaRNUUNYaTUaINaeY NaesssTuina I duunifellagiusag
finwavziudoyasndumiaiaiiunnsneiu Geggelilinmiienuasulmendiuves
Tngrsedwedliegsaziden nwazgniuiinduadviernuiduvesiniealusiazyn us
Y A a A v o 1% I o 1% o =
azduiinaeinaelaazgnihsinlinaeduainidauianienauiivug 1eies

MTIRABUVIALMILUUMULEATUFUT 3.1 (1)
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Lightsource  Area Camera ﬁ

Light source Line Scan Camera

UM 3.1 1399052980 (1) LATDINTIVEBUVIALAUUUATY (D) LATDINTIVEIY

mml,ﬁ'mwumwsgu

wmadanislduadlunisatoninvesnsessmsiaaauvinvzltundnarsesnly light
source dmsunisarsamvanidunilslumeidaidouldlunsasisuasiagiaiianga uiiie
UANTALILLAZANTAALAUUDININVIAIUNTZUIUNITAIIATNATONITATIVEOU LESlwan

% A o Y A& o o § v .«.:4' ! & a

seuRgnasnuuuInevinNludInsasaniliLasiaananurauasduwasiinig
a a 1Y) v 4 v aa °
Weuuazuuafeanu ansldunddnaisesalu light source @unsnasLandANUaLE@LD
Tunisatenimanala MlARNLAIUTALLLEZ AL LANLAUTDINTNVIN M UNITATIVEDULAY
USuUssnn wuandngioe walalldiunieinsiaaeurinnsadossan

a £ ] I A v Y v = ) | aa

duanUasuwesvianndrulngdnwuuiniidiunisn1udsweswin dadudiuni
HunveInuINNaneg Ul iWmingvesyateyailaon1sunnnusnaminiudwes

° a ¢ = v a A a & v & v
YIAUIMINITILATIFIINTIVAD U 8ATIRTUA swdanUasuniinlu yadeyataziiuly
7USIUADYIN 8162990 wazamIanyy Jududiuidrdyndndudewnsiaduds
wlanUasulunszuiun1suan

TUNISLAUTIVTINNINVINVDUATDINTIVADULUUNTIE TN A9 i a 8NN

'
v a a o w

NABIALSNINAANUSIUABLALNADIAINADINAFNUS UEIFIVDIVIN LASNNADILARE AL
yMA1sa8NINL 889 AR UNEINADY 1ASTINABILAALAIILA 1B ATNATIVINGDNTTININ

My IudIneilasuinINTEUUAIUAY
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JUT 3.2 Lananneiieg 190 MagH T Ud19IAUS IUEIRI LAEABYIAAIENG B4

A18NINUTELAN area scan LaUIALA I MUEIUNSHANKNIUNTINADIVBLATBINTIVEDY

JUTN 3.2 nEentenudI9uInUTINEALaTADYIN

AUNMIAUTIVIILANINYDIATBINTITFR UL UMM UL AR MLl UT U DU
10 1 endewinisteamuinudannd seldazgadeludalsunsudmiunsiaduda
wlanuaay mﬂmﬂﬁ?qLLUaﬂUaauaéﬁwﬁfaﬁﬁwﬁNmﬂ TUsUNINATIAIUAT AT U reject
uSssruumunuiiordpmafidsmitoonly - dsuUanUaoufinsianuiaeg gy iiud
liiaansanasuld so8dn souuAN wazsuMese AT U IasYIN JUT 3.3 uananw
mmﬁwuﬁamwiaﬂum%mﬂaﬁLaua gﬂ‘ﬁ' 3.3 (n) wanssegimilvesiiu (v) 59820110 uae

(A) 528N TINDIDINIANNTIAIUYIIV0

sUN 3.3 fedrsdadanyasu (n) iu (v) Anvaa (A) Wasen A

3.2 33n13n5993udsRaunfvuunanlagld CNNLSTM waznssnwunaiy
29819

druiavesursisandnonssuvedasetneussamddniisenin CNNLSTM uaz
a3ueisnsnTadudslantasuwuunay

3.2.1 da1Unenssnvaelaset1guszam CNNLSTM

TusmAdeillasstioUszamidain CNNLSTM gnianlddmiunisatnanidnuasieu

ndeyanin padnwaziiiunsaialag CNNSLTM danldidudeyadiognslmidmiunis
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Anasun1sifoufuuuniufaogns (instance-based) Lt ol a111509 T13UMUUVBIAS
LLUaﬂUaamﬁLﬁm%ﬂu%’agamw

Tassadedures CNNLSTM dmfunisadanadnuazainamldSuussdunial
wnlassgdszamiisadedniiiondn AlexNet dsldvinnsusudsslasainedures
AlexNex Tngnisifinlassuneuszamiisnwuu LSTM 8811970 Long Short-Term Memory
Fuduviinues Recurrent Neural Network (RNN) ilulutuneulagdu fignesnuuusniite
wAlateynn vanishing gradient problem LSTM U5znauUA18Ranggad niigni1udn iy
waarihgANuIdamesrusenau: Weu (write) 91U (read) wazau (forget)

Fupoulagiuilu CNNLSTM Simsveneaindures AlexNet fuioluil Tudunsulagiu
usnuagtuiaedididuay kemel pouligiudu 256 kemel warludunsulagduduiiv
mvualniid I kemel vesasuligtuwingu 512 x 5 kernel 35113 Batch-Normalization
(BN) gnusnlifunadwsvestuneulagiu Tnefinadnguesnsvin BN Wugnvasdiuauiui
ddlugsdudnly luduaoulgiutuaaieldfinada LSTM il LSTM thidrdeyaanns
v BN w7l wedwdues LSTM AU 512 wadwsanndnunumbeiondwauas LSTM $u fully
connected Usgnausag hidden neurons w3 1,000 nug  HeAdunsedu Y9t
convolutional imumiduiuy Rectified Linear Unit (ReLU) Hu output Usznaumae neuron
Srurumiiilvuauasld Sigmoid (Huiladdunsydu Tima CNNLSTM Tunisfnwnilgnilnsy
P1878n13 Stochastic Gradient Descent (SGD) (Zhang, 2004) AMN51v09lATIES19lATIUY

Uszam CNNLSTM LLamﬂugﬂﬁ 3.4

¥y

)

T e

Input Images Convolutional Layers Recurrent Neural Network  Fully Connected

Ul 3.4 CNNLSTM

g
a

3.2.2 Fensiseuiteyaduuanuasy
TJuneuIsnsssuiveyadtiuanUasuiarvainanudnuuzandeyadlanuasuniy
lA59U18UsEan CNNLSTM wanalansgun 3.5
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dana3iiy 1: T sinasuLaraiayaluaa CNNLSTM

Input: S: A training set, K: The number of the subdatasets, 0:a performance threshold, M _1: The pre-trained weights
Output: E': A set of CNNLSTM models, C: Asetof representation datasets

1. Randomly split the training dataset into K sub datasets: S — {Sl, S$5,83, ..., SK}.

2. Fork = 1,2,..,K do:

3. AUC=0

4. while AUC > 0 do:

5 Train CNNLSTM from MM, _1 with Sj to obtain the 1M} model.

6. Extract deep features Fy, from Sj, by my,.

7. Normalize every feature vectors fik in Fj, with an L2-norm technique.
8. Foriiny € {0,1} do:

9. Compute the centroid of a class Cjj from Frepnik.

10. End For

11. Calculate the Euclidean distances from centroid Cjp, to every feature of all Fyinstances.
12. Predicted label hj of S}, by using Cjf and Fp.

13. Compute AUC value from predicted labels hj with true label Y.

14. End While

15. my € E and Cj, € C.

16. End For

Uil 3.5 unsumsiingeuluina CNNLSTM

Tunsiinaeusazasislama CNNLSTM agvinisuusyateyainaawsendugndoya
gog shensidenyntoyaiiegunnteyatugndeyatindgen S Mmeddmsduidenuazi
Toyafiduldinarunadmndeyatosvans 0 w0 lesgedevadesliunuie s
Usenaviennueiteys x warraasiney y lnefidegaimualugndeyainty v deye:
v s = {&oY1r)r - ik Vi) - - Rnier Vi) (Ussiadi 1) Tneawdmsneaesnisinasy
Fomndeyadosmaifomsaismmmarivatsredinng  CNNLSTM  wagadafunuves
ToyavedusarAa1adIney  (class representation) -d@msuldlunisduunussinndeys

funounsiinaeurmualiadeyados s, Juyadoyaiinaoudmiu  CNNLSTM
Tuinail my, (Us9iadl 5) Taeil k Aeardiuiiagtiu luma CNNLSTM ilssumsiinasulusouyn
foyathgtuazihanimdnvesdnaiiumsfinaoulusoutownth  my_,  wildiduen
dwiiniududwiumstinaeulusevditligty Tutumeuilvhmstinaeuluina my, 1 5
epoch  sheyateyades  lusadldannsiinaeuszgninlulilunisadagadnuazan

v

GHGRRIY
TJupBURaNIINIATINERvRINRTAMENYMEWY  F, = {fi, fo ..o, fad 9N
nsananaNvazaIglueg my, (UTTIAN 6) Tenaanvale £, gnatnuANTeua x;, tned

fir =meXji)
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nnnnwesaudnvazly F, gnihunvinisuiuuslidugueuu L2norm (ussvini

7) Igivuali £, = L2(f;) A1 norm 284 fj, AwInlanaunisn 3.1

/ (3.1)
|fjk| = 2?:1|Uzk|2,

el v, Wunudnvagildannnsadaqudnvaslunwduaudneglu £, uas n fe
YUINVDWINLADSVBIAME NBE ) Wi olAITNI5Ntauela111503 313U UUVDIV0Y
dawdanvasuiiintulunnld aladnisviAmuamangudnaiavestoyanaiarinouwny

A8 ¢y TURBULl AAUGINANIVBIAGIEAIRNBY C; ADANLAAETBINMBTVDIAMEN YUY

a

F, L2 Jusundnuesratamaeuiigdud i TBNIAUINVIIAAUINANVDIARAAIRDY
¢y wandldaaunas 3.2

Cik = ﬁijkezvik fik (3.2)
Tneil Nik Wudurssnnmeiandnvasiommesamasnouil i Aduaindnoglugm
fosages s, (U339iAR 9) ¥iMIMANPIINAIIBAGYEINN ABIAAIADUIINAITMANTEN I
INLADS AN YUY £, harIAAUINAINTBIAAIEANBU €5 IBNTIATUIUAIANUAIIYATION
Aunaluussvind 11 insAnamauededuneaudnaweseanafnoulagnis
AUINMIAIAINANEAEITIEN TN 388U Euclidean WagiuigAaIadAIney k; 370

% A

- ° o Y aa = ° o v = 9
nsidenAanarneunisreznitiesiandaduasarneunianuaseadaivteyanane
ledugnnnaauazagyinuigaataAneuiuesnil (Ussian 12) manuadigafuazaand
Mauvitugeanin h; gnieuseaunisi 3.3
h; = arg miin”fjk - cik”z,forj =1: Nk, (3.3)
lne?l Nk udnuvetsaudnnuanluyndoyates s,

JUABUARINVRINSENADUATYINIASUSEIUUSE AvE A mvedlaea  my  laeldinousd
nsinUsEAnSamuwuy. AUC (Area Under the Curve) UszdnSamuesliaaiazgnineig
Bnstlluyn q 5 seuvesmsiinasuluina a1 AUC vedluinaannmsviungaaamney
vosynEnaeuiiitoaniten 6 Nivualagdly s mazdesnduluvinilnasulunalug
= v Y = o A o ¢ °
8n 5 epoch (Founauluiussviaf 5) uazAmanuuy Fy Wag IRAUINANVBIAAIAAINDY Cy
azgnAnnalnliluiieg Tumanduiumndan AUC Tuseumisilinaeutiuuinnite 8 nMstnaeu
Tusevtagluasngnasuazling my, aluanndnluyaluwa E loeiluna m, € E uaz

6 o v dl
AUONANYBIARIAAINDU ¢y € C (UTTVIAT 15)
nszuIuMHnaaun UnausiazievilinisainnusnuuzauIINA A dAaia

mepuIfuiugudnavesnatammautuiauad1eiulnaawazilseueiiasening
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gudnanfilallfidunanadmeuifisrtuiunmanndian vinlannsansadududanUals
2E9YNADY

AiminvaslassneUszan CNNLSTM fisnunsiinaeuluadsilagoudl k azgn
vl dudnduiniEsufuvedasaieyssavlunisiinaeunadald my, — my,, wazyih
mﬂﬂaaué’weqﬂ%’auuasjaaﬁ Sieq anstielinanildlunisiinaeulassneuszavluus
azadsiinaiianasuardfuussauusiuglunsadviudanuasuanmsiinaounssou
wii wozduisnmsfiazmndenslfimindigninanlusadeunthiifiesusuugslusey
gaansilnaeuseu daqll Famsiindeuiieasdunaiithiausianunsamiuldlunadiiu
audnluyaliea £ Juyavedunaifiveuiesmsindulafiuandsiuunidulasaiioes
Tnssneuszamilmiloutu wasyruasgaguinasuesaatadineuiiiuaindniomelu ¢
HuiummessUuuuvestoyadutantasuiiviinisiinaeuluusiazat nwsiumesisiinaou

\e3dnnaEnunirvesdiudantasulauanldlunini 3.6

Input 1. Training a CNNLSTM 2. Extracting deep 3.Compute centroids
with k=3 by 5 epochs feature

-+ J~oeEr0-2
3 3

Sub-Training Dataset

The pre-trained
weight

6. Retraining a model

5. Performance -
measurement

o

T

4. Classify training data using

centroids
my

JUN 3.6 YumauIsNsHnduWeiIAuaNYMLYasTwanUaaY

Arwdudouvasdunounisiinaeulaing CNNLSTM Hufinisiuthgy for ieadisyn
vaslana CNNLSTM §1uau & 5ou fledtuiimududouvestuneuiifie 0(n) lumsiuseu
wiazAssavansIuaunsvelufiazni uiazseuves k sriinsiuduiiednaeulung
CNNLSTM ety flesfumnududounos CNNLSTM #ie O (logker(n)) Inedt ker Ao aunn
94 kernel wag M Sruuvestoya wazinisduind AUC Fao1aiinaseuszansninyes

Tuma F1uiuseuresgy While Fusgiua1 AUC Walimwnninnaet @ fidvua fafdud

1
&

o v & = a ° o 8 A PN .
Anududeuvestunauiiio 0(m) laefl m unudrwiuseun g uINgavesgl While
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o
Y

Aeulusunsuiliaedl fendulinnududeusyluriewes 0(nm X logger(n)) Wuies 813
AULANATIVDIIAINITNNIUYDUTBNTUIULAAEASIT U UV UIAVDI YAVBILULABLAZ AN

Y 9

AUC Minduluwmagsauuainisying’

3.2.3 35n15752393UAUanUaauf835n153UNUS LA NATNAIBEN
F3n13nsrvduasdantasulaeld CNNLSTM aznanidsludiuil Wumedeigielu
nstesiueailunisvihngaanadney InseuiuAnivdnssegndmivynaaiamney

TURBUITNTVeINTTIUNUSEIAnIanslugun 3.7

2andINY 2: TURBUITNNINTIITUALUANUABLAILITNNTIIMUNUSELANAUFIDEN

Input:
E': CNNLSTM models,
C: A set of centroid class data,

X: An unseen data

1
Output: hy = argmax YiYilog (sz)
1. Fork = 1,2, ...,Kdo:

2. Extract features fk = my (X)

3. Normalize the feature vectors fk by L2-norm.

a. Fori = 1:ydo:

5. Calculate the distance dik between centroid Cjj, to features fk-

Compute the distance weight dsik-

2

7. End For
8. End For

sUN 3.7 Yumaudsnisnsradudwdaniasy

91n3U7 3.8 Bunmvesdaneiiulusznaudisynvedduing E Lazigunsoss C diu
o say v ° & a ° 1 & a = a aq
NaaWﬁWl@ﬁ]qﬂﬂqiﬂqﬁquuﬂ@ﬂaqaﬂqm@UUﬁgﬂ@UﬁfJﬂ 0 ARVINALAY 1 ADYINN LAY

wlanUasuAulailanaaunis 3.4

1
hy = argmiaxzizklog (a) (3.4)

hy AoAaaA MUY | Aenvlinanadineu k Aednululinaly E wae dsy Ase

thwiinszazmefidwandasaunsd 3.6 nnaunsiamimdnasesns dsy, fiflengeaglvien
iinlunstmeeaasneuiifiand wazlumendutueiminssezmedidasazdan
fmﬁﬂiumﬂmmmaﬁwauﬁqq

Ul 3.8 wansumeuIsmssuunysziannudiets sluduneuusnriinisadn

ANYEIINTaYan NRBINsATIRTUAMUanUaeY: £ = my (X) naRInNuuANaN YL
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Extracting deep feature
vectors F and
CNNLSTM E normalized vectors

Compute the distance weights Weighted voting

SUN 3.8 A5N15UNUTZANITHUNUTLANATNAIDES

v

=)
(o)

f, azgnviliiluninsgiulegldinada L2-nom: f, = L2(fy) Tnedl f, gnyi iy
unsguluigiinnmesifviiuvesaaaudnans ¢y weldlunismuinmaiszezag
WiloU ay, s¥nINAManuMe i LAzIAAUINANYBINGTE €y A1TEEEAILLMIDUAILIN
Tn8aun1g 3.5

aix = |Ifx — ciellz, for k =1:K, (3.5)
Tnofl ay, AoAszozMIsANAIBYRIRaNa ith nmesaadnvuziiatnldanusazluing
gNUINALINTEEEVINAIUAS I8 VRN NIAANENAVBIRaERnauly C A miind v

ASIIPAANEAINBUIZAIUIUANIELNNT 3.6
(247
Xi Uik

UmidndnsulminaIney ds; ABIEEENIIANUASIEIRATENIIINABSANAN YU LAY

dsip = (3.6)
AudnaravesnaamIney Windeyadifeini13nadud sulandasu x 1ludeyaii as
wanUasy Aadnuazfadaldainamdie CNNLSTM avadieiugngudnatsvesnana
Auvanuasy wagtminszegmaiAunldlaannis 3.6 azdenfigs Tumanduiudn
thwiinszezmansdantion
funousmamsefuiulantaoudeismssuunyssamaudiesieiy Saneifi
Hmnududou faiduiinnududeuds 0(n) Lﬁaﬂﬁ]’mﬁﬂﬁ’ms{quﬂ for 1\Wusdwau k seu
msvhavinfusuugemesiea  Tnefisanesfudasdinisvhandnlugy for na%s nis
s uauesnaamneuale feiu Hedulirududoude 0(1) Funouivhuite
mAsEEIIsEingaguinasresranafneuLaT ARAN YL iaialng CNNLSTM Jslai
wasensivlavediusungy  Aaudnsnmaiulavesilsidunieanududouiuniianves
FEmInsedudauantaeuiedinssuundssanmusiegieiuie 0(n) Tnonswazidu
Funsa3e linear graph mnududouvessaneifiunisnsadudulanuasuazasiinaonina
LﬁaﬁmiLﬂﬁauLLUaamuwmmaaﬁmmaaimLma k é’mmﬂugﬂﬁ 3.9 INNTMUNULBULARIAT

WLTUUDI9NUIULILAE CNNLSTM LagkNUAIkanIAIAINNE190UYD96a"
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12

2 0(n)

10

U 3.9 nauansaududauvasisnisikunlsziandawunlssinnaiy

9819

3.3 A8n15ns29UAmUanUasulngldlaserigussainwuy Autoencoder hag

Threshold vasdataNaIn
BnsnsndudulaniasuuumanuialneldlaseneUssanuuy Autoencoder wa
Threshold vosdeRnnatnlumuisedisania DDAET (Defect detection for glass bottle
using autoencoder and threshold error) wuIAANENYEIITN1ST DDAET d1sUns195UA
wanUaeudsnisine 1) witaymanududaulunisinasulinauazannisldvayann
freg199uannanlunt sl naeuvedlasiingussamidadin 2) @51935n19m9UAs

wlanUaeuildlamzyateyanmalunisinaau 3) n1sanatlun1sniadudwdandasy

3.3.1 da1Unenssuvas Autoencoder

A115UT5n15 DDAET LA 7n 1500k uulAsIas19909lA59U 18U a I NLUU
Autoencoder WﬁmmmLﬁﬂLLaﬂﬁi’i’é’m%'Umilﬁaui’l,awwsqmsi’faagamwm’mﬁm'wﬂ’u A9
20NLUUlATIAS 19T UVDlATIU8UTEA M Autoencoder Nilvusanealnsinasuluinail
@ £ [y} 4' ¥ Y o a" ) 1 a
ANUIIALS AL LI NTNEINTVDILAS D9U Y THI1uIuveIn WA YUl naeulutmaliuin I
FIUIUNSLADSNH 971N 15UTUTUTURDUNSHNAO UL DY MTIVIUTDUNNIBIUUVIABAILA

@ I a [ % a

5357 waziulnsiugldanuasa
1ASIU18USLENNLUU Autoencoder USENaUn18@a9d1UNaNA® encoder hay

decoder 518azL8nUBIE encoder way decoder tulaseasnaluina autoencoder 7lAvin
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nsoenuuulmiosuneswelud 1) duidh (nput layer) Wil 224x224 finwawiniu
sunvesnniildfinaou 2) dau encoder Usznaudaedu convolutional $1uau 5 Fuusas
FUUTENOURILLADTUATIUIY 64 64 32 16 LAy 8 LADTUARINEIRU 3) d2u decoder
Usznaudedu convolutional fanum 5 Sulsznoudieinodiuas o 64 64 32 16 uar 8
WApsiuanudFy TuInepsiuaTamndy convolutional gnasaliivuiamindy 2x2 wa
¥ms stride Wu 1 afaway padding WWuwuu same Sndne

Autoencoder i panuuuildieidu activation wuy Rectified Linear Unit (ReLU)
Tumndu convolutional wagilaridu activation vestuiendmaanietiuldilaidy activation
wuy Sigmoid kagld Adam optimizer Tun15UTUAIMITIHNBT A9 A288RNTINTITEUS
fuualfivinfu 0,001 war Batch size wiafu 5 aw wazlassareUsyanid ds1uauy
WsfnesTige U muns Uity 57,299 wisniwed nadwsiilian autoencoder
Aennsasiegun1ndiaunis encoder uay decoder Inamsuatuiitoudludlasine

Uszam 1a59a319%84 autoencoder Minauauandluguy 3.10

Encoder Decoder

5UN 3.10 Autoencoder

3.3.2  afamuwinundsunfuazal Threshold vasdaiinnain

TnsHnaeulieg autoencoder ¥4 DDAET vinsinaaumeyatayan g liias
wlanUaes (normal images) tieldnsiadudslanUanudunuifnnanaasisnisinluea
autoencoder Miauslunuideil gatoyanmdmiuingeulassieussamldnmyinilyl
faunnsesntdlunisiinaeulunauazldisnisveneteya (Data augmentation) ey

A oAy ' v o 2 X oaqw a a = a X &
amynilifiveunnsediddwuiudwiiissansamvediumaiiinnguluduneunis
Anaeu TunsamafudwdanUasuvesrialulainismdnise mnsidududanlasuves

nzaedldanudeIviguenITuiiessyteunniaasinlulansuinvinusiay

' ¥
aa S|

a d‘da‘ < d‘ ¥ 1 Qd‘ ] %
¥l vnndldaUanvasuduvinidseninvinuninludidswdanlasuagnauin AIBLUAU N3
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AuTununaiiiauniviefadwanUasy (anomaly images) wiethuldfnaeuluna
autoencoder Fadunufivhldendmsunssusrunnvesinfiddulantasulilasiui
wnuayldednvesdutanvasuiinsudiudmiuihuilngeuluma autoencoder

Funeunsassnwiiundnfnazan threshold vasdefianann d1usunisnsIadu
daulanUasuuuviauiilddnauslunuiseiidosuesmelud

1) vhsiinaeulasstnedszam autoencoder Wielilaunadinnmvesuiniilidas
wlanUasy luiea autoencoder a@1xnsaaudeyasunIueanaNAINle Aniiadsdiuan
autoencoder ndsndivinsdhstanazaensiannamidugnivuslagaunsi 3.7

y = ¢(x), (3.7)

fvuali @ Aolaiaa autoencoder x AanmeaunAliiduwanUasuiliudunnveslung

Wz y Aennignasnaduannnisiinsiauagnonsianauannaman JUi 3.11 (n) uananin

Ngnasavlusnuaa1iIvewIn wag (1) wansnmignasneluivesdiunavinn

SESIRIAE

decoder
———-

decoder decoder decoder decoder

51217 ¥

decoder decoder decoder decoder decoder
. = —_—

{ dl g 1 1 o o/ 1
UM 3.11 awnasasauln (n) awdudda (v) nwduee

2) asnnmiuraaunalagnismanadevesnmngniinsviavesyateyan1nyinung

Panuaftavinnsilinaauluna ininiuvaaundunueiy B f9ladendlagaunis 3.8

1
B, = NZ yr, (3.8)

; n=1
a = o 4 al v . Q) o . G
IG]EJ‘V] N ﬂE]’i]’WuU‘LIS’)iJ‘UE]Q.ﬂWW‘U’mLLﬂ’]UﬂGﬂWQWUE]LIUaﬂﬂﬁ@u lL‘Uuﬁﬂu’J‘ULLﬂTZJENﬂ']W Ji Wy

FUIUABAUUVDININ ANFDLNINUNAIUNAVDIAIHIVIABNILALUSLIUADUDIUIALN AR

Faguii 3.12

UM 3.12 mwiumasund
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3) AnnaLusngussAnasinsanaulaliununiy T annusinisanaulaAiuiamn
INANRAEUeIA threshold vastelianainsiufuandesuuiidnnamaiauianaiayn
mnnmaundfidudeyanisiinaounaznwitadrstuainlinng autoencoder foasnis
3.9

Tij = ejj + s4j, (3.9)
Tned T;; fiaf threshold vederanann e;; AoAaduauiinnain (MSE) VBIAUAN YUY
spianmdeyaindn x waznmeadndnindrsda y Tuuandeatudl @ wazaedudiAeady
fi j ua s;; AedrudsauumasguvesAiANuianan AladsANLAaNaIn e;; AL

FIUFUNTT 3.10

N
1 2
e n n
=755 =y’ 510
) n=1
AT 8 LUULINTZIUYDIAIAUAANATIA S IINYAVBYARNADUVDIVIARYN

AuIlaeaunTg 3.11

N
1 all (
Sij = NZ(QU—QU)Z_ (3.11)
n=1

WWIYANNINGVaIAnanIsinaula T fdawiauiiusuinvesnndune (224
w224 - eedind)  avnduiwlandasuvuvanuialesldannasianuiinnaiadediou
sywianmidesnsnsadudaaniasufiunmitunduna

Tunszurumsadunmitundsnduazal  Threshold — vesdelianainuesdinis
DDAET ﬁ’jwmf:ﬁ%gumaumiv’mmLLGiaz%umauhjﬁﬂWiﬁﬂsgﬂuqﬂé’mfu%mmaaﬂszmmm
fleftupudude Az tuneulddl suneulndeulas®iuyszam autoencoder fien

Henduaududouvestunouiifie 0(n) lnefl n Wudtwu epoch vesnsinaouluna

=

AumAANNgIdauTsInTTUIUNSNnas duA igianvestuneudildauniand

q

lunsdliie 0(n) TeensasdudunsaviSe linear graph FwmneAuILilevwIAv09

=

epoch iixAuegradudunse (fy n) anududeuresdanesiivasiinfuianewandlusy

3.13 9INNTINLNUUOULAAIAILNLTUYDITIUIU epoch T8INTHNADULLAD  LASLAUA

WARSANAIUT LD UYBILIAT
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600 .

. @ Big0o(n)
400
300
200

100
1 100 200 300 400 500

UM 3.13 psmuanepududouvanszuIunsasnIwiNurasUnfnay

A1 Threshold Ya9UsRaWaA

333 n1snsr9sudsudandasugrenniunasuniuazan Threshold vas
JaRANan

Tuduii 98U1838n13n5293ua sutantasuves DDAET fasn nilundsunduay
Threshold westeinwann nsasudsdantaeuiitintuuuanldsensmeainnuianais
Mnnmaafignidstanlasadisdsyain autoencoder aiflauiunmitundsund wn
AIAINUTANAIATUINATUNUI ATANURANAINAINYATBYARNADUYINUNA Funounis

nyRdudwlanyasuuuriauiilaeTiukanslugun 3.14

Image X Autoencoder Decoded image

I

-

| 1. Compute the error ) \ 3.Find contours
e between B and X. 4. Shape analysis
= =N &
» \23 | > and detect defect
Back d . )
ackgroun: y 2. Detect Anomalie l : with  threshold
. B E —
fmase by the threshold T
Threshold )
error T

Defect
Threshold

parameters

UM 3.14 TansasduddanUasuiiemwiiundadasan Threshold vasdaranain
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INFUN 3.14 ATununITvina fail
1) AMuwAIANRaNaIAveuAasinwaseniten niundnd B @aduaade
VOINNTINBATIAVBIYAVBLANINYIAUNFMUTAMUALUENATTA 3.8) UATANVIATINIUNT
WNseELad x = @(x) @udunmidesnisasiadudwdantasy) fuualiaiauianain

vosinalu py; vhnsiuamaAnuRanaIanINaNnIsi 3.12
Pij = /(Bij —X;5)%. (3.12)

2) Mansvdudsanyasudasnaeinisdnaula T ifiewdasninuinuiafideanis
75799508 swlanUaed xTiduaind IR nwasvuluuis 910015 N
ANANNRANAN Py iswdﬂﬂﬁm%aﬁuﬁﬂL%aﬁuaﬂﬂﬂWﬁﬁ%ﬁﬂﬂﬂ@%ﬂﬁﬂ%@gaﬂﬂﬂ@umﬂ‘dﬂﬁ
91A1ANUEANGA p;; uANNTIANNNINANAANAN Ty pyj > Ty Avualiiiniea
i x;; AWy 0 aAeURanaIn p;; deendiAunusiauianan T p; < Tj;
Avualdfinies xg; f610W170 1 anduriinisulasafineavesnin x a1yl
gaeaus 0 fe 255 Tag x = x X 255 35n1sudasiineadaunsaf azvhldiiufiniea
Aduvsnadiwesdudandasuszdufineads MaetulunmanmeauRanainfiiu

\neual Glagun 3.15

sUN 3.15 Fansasidudwdandasu

571 3.15 uansnsld autoencoder dmsumsidnsauazaanssianin vinlvianansa
whudounnsedunmitnonsia vilviuenuerauuansnaniundsld waztielvingaaduld
fetudadsutiunmiuatuiidsliliusyaans

3) Aum3UIe (contour) ABsuiafinisadcusnglunmillsvinnnsuuaseae

JUNDUNED

'
a

4) DDAET 9zd1uunUseland sutanUasumudnuaizyed contours JUNTIV094
wandasuanansassunglamesusuasiduldsvesdaudantasy contours luiAdosiledi
Usglevddmiunsimmengunsadununisnsiaduuazanidiing (object detection) dmsu
n1sduunUszinndeunnsesdddady 4 egrslaun vuin (size) A11umuN (thickness) AL
nea$n (compactness) wagn13nsen (filling) 1 ouaF19ngN 15T LUNUTELANES

wlanUasuanudenaselUi:
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1. if size >= 15 and compactness <= 2 then:
the defect is stone;

2. if compactness > 2 and thickness >= 10 then:
the defect is a tear;

3. if compactness <= 2 and filling < 45 then:
the defect is a blister.

1) A1 size Aovwnvesingiannalmiumaiuin pixel Aululdnaaunis 3.13

Size = width X height (3.13)

Ine?l width Aerunitavesing wae heisht iWupugesing

q

1 A ' v o Y [ 1 A o o
2) A1 compactness ABAIMINUNETIATAVEIIRgLTUAI TR lTluTIUNUSEIAN

[

eidigunsadiumegnivsatiugunsinas Awaldanaunis 3.14

Thickness
Compactness = ———— (3.14)
Length

Inefl Thickness RoAuvuNvasing wag Length 1uauevesing
I . it < LAl R & A = £ | <)

3) A1 Filling Lﬂummwamnmquummmmmwauau%wmmﬂ,m Wun19m
Wosifusisznig pixel 917 waz pixel aludng @1 filling drulilunisnsraduneseinia
AMuIalARsENnIg 3.15

size x 100

Filling = (3.15)
Hang Thickness X length

TunszurunsInwundseiandawlaniasuil sﬂ%’muL‘fJu@’ﬁmuﬂﬂ'ﬂﬁﬁuwwmﬁLmas’ﬁaﬁ
PSRBT AU FI9L LT IUNITAINUALNUNAINTUNITINLUNUTLNNVDIA kUanUasu
aa ] dyu . .. d‘ ¥ ! 19 a
FBnsdwunUssnniliinlgly machine vision Litessydaunnsesoswinkiiluaiunisnan
JUNDUNITNTIVIVALLUANUADUAIIATNNUNGIUNALAZ AT Threshold U9
¥ a aa = o 1 a 1 a 1 dy 2
YORANAIAVDIITNNS DDAET TN15AIUIUAIAILRANAINYDILARLANYATEWNINIATNANUNS
Unil B Uagn1muIniiniunsiinsiid@nie autoencoder dunauiiinisiuguiiulnainy
Ranwainvousazfinea aolu fenduanududeuvestiunsuiie O(N) Taefl N 1Wudwau
ANALUNNAUNAIUNG N15MTIVEUANUaBUMIENUNNISAREULD T 31NISAIUIUMN

AANNEANAR  p;;  YeINAiNwaTEIIRinatuinigavesn mituvasnRInYnveya
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fnaouniaund duneuifinmuguiilesmunaeufianaiavemniings fedu sy
mududeuvesunauiiie 0(NV) Tnenswazdudunsite linear graph FavneAudn
doiudunufinealunmiimdnfesradudunss (i N) anududouresdaneifivay
Lﬁm%umj'uﬁ'mamauamiugﬂﬁ 316 MNNTHLALLLLARITITuTe s auRnITaTes
ailuvEUng  uasunudiuanssauEdeutena  Trsawnuduazunuueulsllald

[ 1 a [y = 1 & $%
Fnarumeaiunsndslaidudunss
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NAN1338UaLN15AUTIENANITIY
Tuunilsihauenanitonareiunenansifeiilianmmaaosesdanaifiuns
pndudlanuasuuuminuia AldfauutuiiaeisieT CNNLSTM way DDAET
4.1 yadeyanmaswuanUasuildlunisingeunaznngauluina
nannaeslunuisedldgadosaninmiaudsiomun 3 1a léun gateyaninuan
UShaa (body dataset) ¥ntoyaninuinusiinae (neck dataset) wae YAToLANINYIA
U (rotating dataset) yadoyauariiuszneudesinvesdmi 3 wliandn Tdun dvidu
(stone) sinilseaunn (tear) tay fimilgniu (blister)

¥

YATOUANINVIAUITIUEIAIUTENDUAILAWYIAYINUA 571 A0 TIUTENBUAIEY
368 ANATAMLLAE 203 MWALUTE1YTE YATDNaNINVINUSIUABUSENBUAILAINYIN

9 U

U 570 21 Feusenoume 250 amnddwiluag 320 awdnlddemi yateyaninuin
YUUSENBUMENIMIINTINIL 120 NN BaUsenoumes 70 Amnddniluas 50 nnilad

Al P9M5197 4.1

M19197 4.1 I miniglunisnaaessuenyseiandiiusazUszinnlugntoyausnnds

B HAasUINNHU

Al a1 D) VIANYY
AU 207 151 30
119817 58 37 17
Noga1ne 102 62 23
IR 203 320 50
334 571 570 120

4.2 m'iﬁ%whmimnam

nsnaaesiivhnstaussansamlaenisvia 5-fold cross validation (Jumafiadild
IUﬂ’ﬁ‘UizLﬁuﬂ%%ﬁ%%ﬂ’w\m@ﬂm@a%@ﬁﬂﬁiﬁ“&mim%m (machine learning models) Tngag
vhnsuvsteyasenidu 5 nguwing fuvsediisendn fold lnsusay fold azgnldiduya
Aoy (testing set) lundenilswasnisnmassuasld fold Mndeiduteyafinaoulung
(training set) Fupaun1svh 5-fold cross validation fistl

1. wusleyavianuseanidu 5 dwdeslaafivwinwiig fu
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den fold wsniugadeyanaaeu wax fold Mwderduyadeyaiinaeu
Anlumavuyadeysiinaeularnaaeulinauuyntayanaaeuy
JuiinAUsyansninvesduiag

MAUROUTN 2-4 §19SU fold Bue Niude

o bR LD

AMunnrndvessransnmitldannnismaasswemn fold LileUssiiuuszansnm
Ya9liLaa

514411 5-fold cross validation Huavahelslddulsyfuinnisussdiuussansaw
vodlumatiuiienugniesnasiinnuiiisanss iesnniBnsilddoyadammelunsmaasy
wazn1sHnasulueg ilinsUsslliuyseansnandanuiisuvitwaswasanuaninnis b
U

W RUSELIUUTLANSATNYDIIT NS CNNLSTM wae DDAET Aladdusdinsunis

[
a aa

asasusiuuInNs lunisvaaest 33n1s CNNLSTM shild transfer learning sane37iy
e ldlunisvaaesdSoudisudsyansam Tnedl WWumededidalunisldaulasae
Uszamidsdn Transfer learning Li‘;lumzmumiﬁﬁﬂﬂwdwﬂsz:mmL%qﬁﬂﬁlﬁgﬂ?]ﬂaauﬁw
Yoyaumena MFenin pre-trained model snldlusnudisideyariosvsolunuiindoadstu
1agld pre-trained model ﬁﬁﬂﬁ’]ﬂﬁ’]ﬂ’]iﬂiﬂﬂ’lﬁf’]LLUﬂﬂ’WW‘ﬁ.Qﬂﬂﬂﬁ@ﬂiﬁ?ﬁl%@%ﬁﬂ%?ﬁ’m
Tuwaansatunldaulunudug lnevhnsusvedmsedanisdndosdielimungauiv
nuiigeins lawaniderhunlddeswins fine-tuning WunszuiumsiarUSunsanie
USUA1wes pre-trained model ﬁgﬂﬁmﬂ%ﬂwﬂm Lﬁ@lﬁﬁﬂsg%m%mmasmmLLajuﬁﬂqa

msuSuaamasavilelaenswisuwlamsousualutuuugavesaseiy Fududunsu

CaNle

(%
o

SNUNLENTUINUT A DIN15 19U N13USULATAIT8 99 Y fully-connected layer %30
classifier IngaglHinatin backpropagation Lﬁaﬂ%’whLL@zU%’UU@@ﬁ’mﬁmm%’jwm6]

A3nsasaedudsdantasuuuusaruildmeianisUssnananminiunldlunns
VAol BuLT BUNANISNAE0 1989351371 1dUeA 837 image thresholding uay edge
detection waz3snsniaduimandasuiililassinedszamuuuiniivuldlunismaaes
1A un 15 Anomaly Detection with Autoencoder (ADA) ResNet50 AlexNet VGG16 uag
MobileNetV3

33015 image thresholding tHumadiaiildiusgrsunsnatslunisuszanananiniag
14 Opencv dafumsivuadrineaidu 0 wdergignauanueifidvun (Rafae and
Richard, 2007) n15M5733ULdUYOU (edge detection) Juwediansuszanananmiavad
THlunsssyuazatadurevlunim dvinsadaduveulasnmsasadumadisuula

[y

AUTLS BES TN agAnny (Singh and Kaur) lawma ResNet50 1Uulaseasnaves

Y
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RetneUszamidadniifinninauslud 2016 e ResNet-50 Usgnoudedunthitiionnu
an 50 Junarldufeniivdony Tesznaudeduiiinsdunieuuuansuuaznisdeude
madn nad ldfuniseensvagnansendunssdininluamuiigg Tuea AlexNet 1y
TnssadumonadoteUssamidsiniivsznoude 8 tu delszneude 5 Tuneuligiuuay 3
Fu fully connected AlexNet 14 ReLU iuitsiifunseduuazmsuugamsdszaruiulag
514 dropout regularization luna VGG16 WWulunaiifivszansamiisendenlusmuni
computer vision WUU#194 lataa MobileNetV3 LfluimLmaﬁﬁmmamaﬁwdﬂwmmaa
Tuwauazausiug silmngdmiunsldauegieiiuszansamuugUnsaifiiinineins

[y

A15ANUINANNA Wanrtlaanlumannanfarenudelevinnisnaasudseuieuiuisang

v

<

A5793UAIwUanUaeud tElASI18USE @MUY autoencoder ML58n31 ADA 3501580 Ju
aaqa d‘ a 174 d' 1 o 1
35015790015 encode wag decode AN warlyn 1wy W 1UN1S decode UNATUIUAN
threshold error TuAsEUIUNITM5I93 VA IwUantaay ADA 98tUS g ULREUNTNT W 1UNS
decode AUA1 threshold error %1NTAT error LAUAT threshold error WaneI AN ULD U
AMnndFakUanUasy

=

dnsun1sinasudsnsiuauatazlunanldinaiin deep learning 1UIUTBUNNT
Anaau (epochs) gnimuailu 500 d1m5uluaa VGG16, RestNet50, MobileNetV3 ADA
uwag DDAET Alnainduiana1n 6 vesteyatiidl (input error threshold) @1msu3snis
CNNLSTM #aa 30w 0.2 wazdruiuluma k 189 CNNLSTM Tsslanwindu 3 anwnisanues
1A59918US2 @ autoencoder ¥a4 DDAET T A1nuIaf bun1sHN@auw 10 AN wagyil
a |3 = o = o [ [ oq.Jl )
augment tfiudn 10 amsdu 20 nwievinsindeudmsugatayani@uyn 91U
nnvnundntunlvlunisasenmfiurdsunftuladidudaddninlunisadsranninunds
= A a % A o v & 4 '
{esa1n aamvaadunini fanmuandeuiliddudou amuinunfiianunazgnaisly
¥ = U 1 a v 5 a gj v S = o = ¥
annwndeuiedfiuydlunsaedeInudniavin anvdallsunsamilouiuynuindneig
ANSNAADINTIVIUAILUANUABUUUVIAWAIAINTUIT NS CNNLSTM DDAET whay
aal A o ~ ~ — b v o a & 1
38nshunlvlunsnaaswUssuieuls LAV ANIUA LAYinN1SNAaBIUUABLRIADS AU
Aaaa

yARafiiidfigsu AMD Ryzen 7 5000 uazn1$mae NVIDIA GTX 1650 Liielnsfuinuay

s ieseasnsiduldegnsiiuseansaom

4.3 n15USSLUUNANISNAADY
Tun15Use i uuseans A nee9i 511595293V 9UanUasuuuuInLAINUILEUD
Uszilulaglduninenes 1aun Accuracy Recall Precision wagmn Fl-score lng#i Accuracy

Recall Precision wagA1 Fl-score Aulansaunsy 4.1- 4.4 gud1eu
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A __ TPHTN 100 (@.1)
Y = TP Y TN+ FP + FN '
TP
— % (4.2)
Recall TP+ FN 100
TP

Precision = ——x 1 (4.3)
recision TP T FP 00
Precision X Recall

F; — score = 2 X — x 100 (4.4)
Precision + Recall

Accuracy Wuarfildlunisiauszd@nsnmvesdane3iunisiwunszinndoya

Vanae A1 Accuracy A1UINIARINBRTIAINTENINAIWINTRIRIREINgNIUIEYNABY (M5

[y

fupatamneu) Audruauvesiiegevisiualuyadeyailinegeunionaaes Wunisin
Usgansnmmvsennugnsssvedlumalunisiuensediuuntseinnvesdaya  Recall 1w

AN IAUSEANS A NB95ANDINUNITINHUNUSLANTIUNITATIATUNTNIALLR NS FIDE1IN N

a o

AA o Fi ° ° Ao a = o ]
vaadiflsind (Positive Class) Inan1sAuiadvaunmisanesiudwunlssiangnieddn

Wun1naeAfignd (TP) ¥13028 31U UNUNATDIFIBYINAINVIANTF1 TS amUs (TP +
FN) Sanansdamnganuisavesszuvlunissvdwlaniasuagiaiuse@nsnin @1 Precision
= [} I ) ) ) £ P Aa o a
AensinAuudugrvesnisiwglumsduwunyseianteyaluraramiduvinfilddn

v |

(Positive Class) Tnepnautiiewn sz inniedndiuvosdauiunimeniigndesindunin
A o a v o l o v ) ] a
VAW (TP) M3AI8KaTINVRITIIUNMTIANLaTMUNUsEInnlagnfeaI L duwInd
§1911 (TP) wagdnuIun wilimavnungndunmIadsind (Positive Class) welumanudy
a % [~4 4:1' 1a o a 1 ::l' [~ LY} alyu v = 1 )
3auanTun v NluTavd (FP) ANAILNE9 5998 T UAITIA NI IUDIAINULIUEN D
é’ana?ﬁﬂumimaﬁwazﬁwLL.miJiszlsé’J’ayjasLuﬂmaﬁLﬁuﬂwwmaﬂﬁﬁwwﬁ’iwﬁﬂaﬂmLLajus]"l
Wieale Fl-score ANMLAAIUSZANSAINNITIILUNUTLLANYDIDAND3NY 1AgNI1SUIAIAINY
WIE9959 WaEAN Recall U1AIUIMKIANREY VI8L58A71 Harmonic Mean @9 Model 713ian
Fl-score gavghionlumatuiiuszaninmlunisasiaduidsdantasulad @1 Fl-score Tu
N1595793 VAl anUasuvatwiazdisnisarunsaldlusd Ta oS o Ui uuseans nw
£PI1995015 ardn1SNANTUIAIAINNSEANKAZ AN Precision SAUNULNDLY bANINTIUYD

Usaninmnsviauvedisnmsnmualuyadeyatiug
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(¥) wamsnsadudslanUaaunavan () WudinddwdanUasuusinuaidn (1)
NaN15A599URWUaNUaRNUSIINEINIVRIYIN () NunnliFsulanUasuulInnyu

(2) Han1IRTIRIVFWUanUaauvInvsy

37



38

4.4 NaN1INNaDe

mu‘i%’aﬁmamimaaa%gﬂLLﬂqaaﬂLi‘;Juaaqmusiaaﬁa Nan1sUsEIUUTEANSAINNT
asvduAUanUasuuuwInuiigieiinis CNNLSTM uaz DDAET lnawSeuifieududsnns
3uq finaluiide 4.2 uasSsudisunandldlunsiinaeuluna

SUN 4.1 WAAIHIBENNANITATIVTUFIwUanUasuv0didn s DDAET @1usue

Y 9

FoyanmuesuIuaWIeIIn ABYIA UazAMYIAMYY JUT 4.1 (1) (A) wax(a) Aniwads
wansfiuiiiil s mdinsanuresdii Ao wasvianyuauddy finwaddindiiiuans
fedofinnarniidanAudunaeifissyly fuddddrdasgniilusuunyssaninduren
visoli tlllsvevazgndmundssinyindudmiluedasigg mudmninesaglddmus

sUN 4.1 () (9) waz(a) Yauss a8 19U IHaa NS NSATITUF UL E NS UNINYDIAIUAIA

Y

D WASYIAVHUMNEINY HAagNEWaIgnIUNaunsdinefinaeinldd miun1snsiadu
Jounnsas

zﬂﬁ 4.2 LLﬁﬂ\‘IﬂWiLU’iU‘ULVIEJUﬂ’Wﬂ'J']JJﬂﬂG]EN‘U@Q’)ﬁ CNNLSTM Eﬂﬁ/iillﬂ'ﬁ@]i’lf\]"imﬂﬂ

o

LLUaﬂUaam;m UAAIRNIVIA AD LAYUINY U 38 CNNLSTM fi5insisuedn K wihiu 3 3

Y

ﬂ’J’]ﬂJQﬂGl@ﬂIUﬂﬁiﬁi’Jﬁ]’ﬂUﬁ\‘iLL‘Uaﬂﬂa@N ANNTUAIUENAIVIN AD LA VIV U 11NN

CNNLSTM #iinasitvuand K +Ju 5 uag 10 nngadeoya a1ngunansdiiuiniznis

CNNLSTM #ifamusilansien K iudn laivinliisntsaauseansnimn1ssnuiunyseannnane

v
-1 a v A=

?NLL‘LJaﬂUaaﬂJLWNN’msU‘UW]JJ‘l‘UW)EJ Tusuwidefdenmueal K @115u38n13 CNNLSTM &

Ay 3 Wieldlunisneass
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5UT1 4.3 uans Leaming Curve mnaiUAsuulasesuszavsamnisisoudveslunna
CNNLSTM 7ifiA1 K = 3 mudiuiuseunisiinaeu (epochs) luwdazsouinasuy lag
UszansnmninSoudazinlagen Accuracy Ml¥1nn1sasiamndsulantasuaestoya
yagoutiauyndeys JUikannUAsuLawessEAvEamnsdoudveddunaioviins
naoulutisszeznansiinaou dudisuduwinnsiinaeuluauisedivssansnmniatoul

ADUTNNAIN NI B LA ULUaININTU

100 CNNLSTM K=3 Accuracy
a ==\ N N, —
80 / ) p \ | L ’ - P ’ /
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Accuracy

VIANYY

ispuZey 3 4% 5 VoM 8 N8 HMOsglbleel? 13 14 =15
epoch

sUfl 4.3 Learning Curve UszAnSnmnisi3euiuas CNNLSTM

M15797 4.2 B9 4.6 LLamwamsmaaqm?wLﬁsmmsmn%?ﬁwaﬂﬁaamamﬂ
TRYAUSIIUEAIU0IVIN YATDUAADYIN UAZYATBUAVIANLUALEINY  ANTIUANIAT
Accuracy Recall Precision uaz Fl-score vosdana3fiusnegildlunisnaassil dunanil
wansliudsussansnmuesusazsanesfialunisnsiasviudantasuuuniauty uaaz

ARFUUINIAMWIMAEITERUULNATTIURARI T A NEa) + wazAWIUNMIA t-Test 3]

[ a =

A1AIULT BLULITAU 95% (alpha = 0.05) laefidydnual * wanii1danaINu DDAET i

4 o [ v [

AnugnaedlunsnTsdudwdanuasugeninisnisaugegreildeddny dydnual # wang

< o
[ I Aa

ana3iy CNNLSTM dadugneeslun1insiadudswdanyasuganinisn1sdusegadl

Ly

WednAgy wazdydanual + LanaisnisiilAianugnaeddunisnmsdudwdaniasuuinign

ISP o w

WuilA189n39135n015 CNNLSTM waw DDAET egnaildednfiy



40

a = = v a o o Y ]
M19190 4.2 Naﬂ']i‘V]ﬂa@ﬂL‘UﬁEJ‘UW]?J‘UGU@Qﬁﬂ‘U@ﬂ;}ﬁ‘UiL'Jma']@]'lsﬂaﬂsﬂ'lﬂﬂ']EJ?’]'] Accuracy Recall

Precision Way Fl-score

w/NS Accuracy Recall Precision F1-score
DDAET 80.57+0.90 | 71.94+0.45" | 74.78+1.08" 73.49+1.1°
CNNLSTM 74.61+2.14*" | 82.06+1.73 | 74.08+2.22" 74.55+2.2%
ResNet50 79.84+1.39 | 71.91+1.48" | 88.83+2.39 74.26+1.0
AlexNet 75.28+3.23* | 73.95+3.27" | 76.29+2.495 71.88+2.7
VGG16 81.48+2.04 | 84.81+3.65 78.92+2.75 78.32+1.8
MobileNetV3 71.29+1.86*% | 58.19+2.03*" | 58.31+2.94*" | 5835+2 2%
ADA 75.20£3.11% | 52.54+2.88% | 57.18+2.59* | 5524+2.8*"
Image Threshold | 63.52+2.41%" | 51.87+2.27*" | 54.44+2.37*" | 51.00+0.0%"
Edge detection 71.14+4.80* | 78.87+4.82 72.74+4.76 71.80+10.1

A1579 4.2 LARIHaN1INAaLUTBULBUN1375993 VAN UanUauUSIEf 194
dy 1 e L% a e 1 A ¥ oo
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danesiiufiia Recall igaflowfisuiuisnisdue witdesndn VGG16 wanteailiowSauiiiay
Auudaliladesninegeiidodifey Edge detection Wudanesviuussutananiniiian
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Precision wag Fl-score

w5 Accuracy Recall Precision F1-score
DDAET 92.43+1.58 | 94.04+2.45 | 91.86+2.45" | 92.26+1.96
CNNLSTM 89.82+0.96* | 85.86+0.86* | 93.74+1.12 | 82.41+2.04%
ResNet50 80.00+1.87*" | 73.28+4.78*" | 88.88+1.92*" | 74.10+1.10*"
AlexNet 92.32+1.40 | 89.59+0.95* | 95.00+1.82 91.76+1.66
VGG16 84.84+2.26%" | 79.72+0.88*" | 90.34+0.66" | 81.96+1.08*
MobileNetV3 72.44+0.94%" | 63.05+1.22%" | 80.88+1.45%" | 64.13+1.37**
ADA 76.42+1.28% | 71.53+1.59*" | 75.06+2.30*" | 72.65+1.32%%
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A1399 4.4 HaNIIAARIUSEUMEUUTEANSAINUBIYATYaNNUIAVLUMIEAT Accuracy

Recall Precision tay Fl-score

/M5 Accuracy Recall Precision F1l-score
DDAET 95.43+1.12" 93.84+2.19% | 94.22+1.00" | 92.62+1.33"
CNNLSTM 97.66+1.21 97.52+0.45 97.17+0.60 | 96.60+0.64
ResNet50 60.42+0.80*% | 55.44+0.95% | 59.10+0.46** | 52.82+1.09*
AlexNet 60.44+1.07*% | 52.61+0.41*" | 79.47+0.39%% | 42.83+0.39*"
VGG16 95.63+0.53" 95.57+1.41*F | 94.74+1.00" | 95.60+0.85
MobileNetV3 70.82+1.52%% | 62.206+1.67* | 79.32+1.11* | 52.85+1.75*"
ADA 61.19+0.92*% | 58.836+0.79** | 55.30+1.17** | 56.30+0.20*"
Image Threshold | = 65.70+2.09%" | 77.612+1.44*" | 69.68+0.62*" | 63.44+0.61*
Edge detection | 63.222+2.05%% | 75.622+1.59%% | 68.31+1.02*% | 60.84+1.07*"

HANNINAABUTIUNBUUTEANTAINNITATIITIVUE L UanUasun8AT Accuracy

Recall Precision @ F1-score 1048anasiua1slagldyntayaninvinvyuianilunisg
7 4.4 nan13vnaUlguliieuUseans AIneA18A1 Accuracy 984n15A5333UdsuUanyany

mawm%’amamwmwmuLLamﬂﬁLﬁuﬁqmmmmmiumamaﬁuﬁqL.uJaﬂ‘UaammLLsfax

N

ANB3TN NNANTNKRANITNAABLYTHULTBUAT Accuracy WU31 CNNLSTM @1 Accuracy

e ®©

ﬂi/l?jﬂ LLamslVimummmgﬂmaﬂumsma%umLL‘Uaﬂﬂaaﬂusqmaagamwmwgu uaz el

[

EU9N

@9

A1 Accuracy ¥1nAI18ane3NE U lglunsiTeuisunanisiaasegneiliyd

dane3iu VGG16 tag DDAET fA1 Accuracy ﬁauﬁmﬁwﬁué’aﬂ@%ﬁuﬁuﬁ]asj’m i1Agy

DEGR
wi1e8n71 CNNLSTM 7idusaneasyiudisian Accuracy mmnaﬂammuam AaYL un

=

D.

MobileNetV3 ll?"1Wﬁ’ﬂl@ﬂﬁ]9\‘1@%1‘1433@‘1.11]'1‘1«1?1@%1 LLagllﬂﬁf"’]’J’]iJQﬂG]@\'maﬁJﬂﬁ?@aﬂ@%ﬁll

auesesiliud Ay isaesdanesiiu Image Threshold wag Edge detection Wudana3yiu

18w a 1

NFUTEINARANIMAITAT Accuracy AlagilA1ANLUTUTINYRINANTNARDIES Uandaila

Accuracy M1@n11 ADA AlexNet waz ResNet50 fidugane3viuildlassuieuszamidedn

o v a v

wazdINNINISNsNUNEuegTldudAdnmY

>

ADAUUN ANUWANIAT Recall UIWAazISNIT HANISNAABILEAS CNNLSTM AN

Recall ge#ign Lilalngufiuganainuduquas CNNLSTM i@ Accuracy 111An31 agadl

1%
=1

Heddgynndanesiinlunismaaesil VGG16 waz DDAET \Uudane3fiumeanile Recall fig

dealsuiudanesfiudus 35 Image threshold way Edge detection 1Ju3Sn1591iiAn Recall



45

UIUNANLAZUINAITANDSNUN LY LAV UTLAMBWUVANUIITAS wrdeilaAn Recall Nuae

o w

n1danesNuniauseg19lusd1Ay MobileNetV3 ADA ResNet50 8ano3iulnaiiliial

Recall Hoaiflowiuiusana3iudus lnedl AlexNet 1ludanesiiufiia Recall Uosfignlu

YnUeyail

[N
v a 1

AORUUNALAAIAT Precision Y04Ndanaifun1snsIadudawdanyasu CNNLSTM

ane37iunile Precision deianvinlyn CNNLSTM 1l udanea3fiufifiAn Precision 11nn37

'
A o w (Y

ane3iuduY sgnslidsdfynndanesiulunismeansil VGG16 wag DDAET e Precision

@ g

-

NITaneInNdU AlexNet waz MobileNetV3 dien Precision agllusgauiiunans uaziles

e ®©

n1135n15vdauesy 19l ded1Agy 1aed Image Threshold tag Edge detection 3#1

Precision 71611 ResNet50 wag ADA Hifin Precision 1un1595333udswdandasusanluya

1
Y =

VDHAY

Y

o e v

ADAUUTNTILEAINTIUTBULTIBUAN Fl-score 21ARANTITNAGDI CNNLSTM gamadu

1 = I~

v ax ada A ¥ dy a1 % a = ! IS
2ANDINUNUAT F1 Vlmmqmsl,usqmamdau LagdA1 Fl-score 1NNNIDANDINUDUS B8N

WedAyndana3ia VGG16 uay DDAET da1 F1 Asudisguileifisuiudanasnudug

Image Threshold Wa¥ Edge detection #iA1 F1 agluszauliunais wazdesnindanesiud

Ynanesdafitiadida ADA MobileNetV3 uag ResNet50 A1 F1 o1 tned AlexNet 1y

ac Aa o

danasiunilen F1 svianluyntoyadl

INANTBAAIHANITNARDILAAILIAIAUINIAE CNNLSTM L Hudanasiuiiiuseansaw
aa ° Y] o a v a
uazmuzaudmsumnTadudsvanUasuludoyaninvianyu 1A1 Accuracy Recall
Precision wag F1-score Migafigalugndayail VGG16 uaz DDAET \Judane3fiufimuizay
wazdUszdniaingslunisnsiadudaudanyaou luvuei Image Threshold, Edge
detection, ADA, MobileNetV3, waz ResNet50 HUseansa1nan @1 AlexNet dUse@nsnw

maadmIunsnsIITuawUanUasudmiunmyiamy



46

M3 4.5 vatlunsingeuuaziatlunisnmadudsdantasuvesntoyaninuiiu

a197 YAUBLAADYIN LATYATBUANINYIANIU

. 3 YATOYANINYIN
YAVBLAUTL I YAUDYANDYIN
Ny
Methods AT | 1389015 | 1aInTs | a1ns | Lans | ainig
Hnaou | #9299U | Wndeu | w5999V | Wnaou | asiadu
Qui) | Guid) | Guan) | Guin) | Guan) | Guin)
DDAET 61.8 0.004 61.8 0.004 61.8 0.004
CNNLSTM 103.59 0.12 59.22 0.065 59.22 0.065
ResNet50 1,500 0.5 1,500 0.5 1,500 0.5
AlexNet 690 0.3 690 0.3 690 0.3
VGG16 1,800 0.5 1,800 0.5 1,800 0.5
MoboleNetV3 780 0.3 780 0.3 780 0.3
ADA 180 0.2 180 0.2 180 0.2
Image Threshold 0 0.002 0 0.002 0 0.002
Edge detection 0 0.001 0 0.001 0 0.001
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ABSTRACT. Face recognition 15 an importand task in smart home security for detecting
a face or moniloring a peyson in o five video and verifying the identily of an authentic
user. However, there have been spoofing face methods that can irick a face recognition
algorithim into wrongly verifying the identity of the person. In this papey, we propose
a new hybrid framework for spoofing face delection based on Convolutional Newral Net-
work and Long Short-Term Memnory (CNNLSTM) and instance-based learning algorithm,
In addition, a pew dateset ealled FSA-CCT'V ts proposcd, which contains face tminges
Jrom CCTV video chips with many types of spoofing atiacks. The performaence of our
method was compared Lo scveral other anli-spoofing methods: CNN and RI-LBP, SLIINN,
HSV+ YCOCr, ResNetsl, YChCr+SVM and YCBOr+ KNN. The experimental results
show that our method yielded 93.2% of Accuracy, 96.8% of Reeall, 94% of Precision,
94.8% of Fi-score and 0.97 of AUC o the FSA-CCTV dataset. From the erpesrtmental
resudts we con eonclude that the propoesed algovithm outperforms other approaches and
yielded the most stable classtfication accurncy on the proposed dataset,

Keywords: Convolutional neural network, Face spoofing attack detection, Feature ex
traction, Smart security

1. Introduction. Smart home technology provides hame automation systems for home-
owners and facilities that provide security, comfort, convenience, and energy efficiency
[1]. In terms of security, vesidential smart security eameras can monitor, in real time, the
happenings aronnd the house. Face recognition Is a feature of smart seeurity [2]. Tt is a
neecessary method for identifying and verifying faces as well as anthenticating nsers. Face
recognition algorithms can automatically detect a face from a real-time video stream and
seareh a face database to find a mateh [3]. A face recognition system must be able to de-
tect spoofs. A facial liveness detection algorithm, which can deeide whether a recognized
face is real or spoofed, is an important subroutine in a face reeognition system. Its main
goals are to stop frand and ensure an authentie face before the recognized face is matehed
to a face in the database for identification.

Types of face spoofing attacks are such as printed photo, mask, 3D mask, smartphone,
tablet, and 1D card. The widespread of Internet and smartphones makes it casy o find
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images for spoofing faces. A high-performance anti-spoofing method ean stop an attack
outright and inform the user of the deteeted anomaly.

Spooling detection methods have been proposed o solve [aee spooling problems by
identifying [ace liveness. The feature extraction method is the main type of data prepro-
cessing for [ace spooling deteetion methods. Texture-based methods are used o analyze
color-texture information in face images by extracting low-level feature deseriptions from
different color spaces. Examples of these methods are Loeal Binary Patterns (LBP) [4-6],
loeal similar patterns (LSP) [7], and YCbCr color [8]. These methods are traditional face
spoofing deteetion approaches. Recently, Deep Learning (DL) is one of widely used meth-
ods for extracting features in an image. Convolutional Neural Network (CNN), a type
of DL, is especially good at extracting features in images. Several studies have applied
CNNs to detecting face spoofing. Similarly, many researchers have used CNNs to extract
features that suit facial liveness detection. The review of these methods will show in
Related Works section.

This paper presents a method for eliminating face spoofing problem. The main contri-
butions from our paper are as follows.

o We create a new dataset ealled FSA-CCTV. This dataset is presented of diverse
attacks type for developing the home security system. The FSA-CCTV is a collected
image from video frames in long-distanee shooting video clips of CCTV eameras. Tt
consists of several different lighting conditions.

o We propose a new hybrid algorithm for elassifving spoofed faces. A new structure
of the CNN and LSTM 1s proposed and called CNNLSTM. The proposed method
creates a set of CNNLSTM models and uses the models to extract features from
images. Finally, instanee-based algorithm is used to classify spoofed faces.

The rest of this paper is organized as follows: Section 2 reviews anti-spoofing face detee-
tion artieles in the literature; Seetion 3 sugpgests the proposed dataset; Section 4 describes
the proposed method; Section 5 explains the evaluation methods, the experimental setup,
and the experimental outeomes; and finally, Section 6 suggests directions for future works
and coneludes the paper.

2. Related Works. In this section, we review existing face spoofing deteetion approach-
os mainly foeused on features extraction with the texture-based and CNN methods. The
related methods are divided into five groups as follows.

2.1. Texture based methods. In [9], Yang et al. proposed a person-specific face anti-
spoofing method based on HOG and MsLBP feature extraction methods. Li et al. [10]
proposed a method that converted images into YCHCr color space and then extracted fea-
tures by LBP method. In the same vein, Fourati et al. [11] used Image Quality Assessment
(1QA) and motion eues of face image w identily face spoofing.

2.2. CNN based methods. CNN is a specialization method for detected patterns in
image. Chen et al. [12] proposed a Two-Stream Convolutional Neural Network (TSC-
NN). The TSCNN uses a Multi-Seale Retinex (MSR) space to solve illumination prob-
lem. Muhammad and Melo [13] propesed an SLRNN for spoofed face classification. The
SLRNN method combined CNN and adding Long Short-Term Memory (LSTM) togeth-
er. Rehman et al. [14} presented a face liveness deteetion method that incorporated a
disparity layer in the CNN to learn dynamie disparity maps. Wirianto and Mauritsius
[15] presented an Tndonesia Labelled Face in the Wild (TLFW) dataset. The researchers
suggested a DONN network architecture called ResNet 100 for face recognition.
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2.3. Texture-based and CNN based methods. The texture-based feature and CNN
based features were proposed by Chen et al. [16]. The research introdueed Face Anti-
spoofing Region-based Convolutional Neural Network (FARCNN), an instanee of FAR-
CNN that is based on improved faster Region-based Convolutional Neural Network (R-
CNN) framework for face extraction and extraction features. They extended the [aster
R-CNN method and Retinex-based LBIP to cover [ace anti-spooling tasks with diverse
illumination conditions. It elassifies spoofing faces by using an SVM elassifier,

2.4. CNN based and machine learning methods. Shao et al. [17] proposed a feature
learning model for 3D-mask face anti-spoofing. A VGG was used to extract features and
deep dynamic textures. Li et al. [18] presented a technique for extracting features by
CNN, and detected spoofed faces by SVM. George and Marcel [19] presented a Multi-
Channel Convolutional Neural Network (MCCNN). The new loss funetion was presented
in that study.

2.5. Texture based and CNN based and machine learning methods. Khammari
[20] presented a new method that extracted features by nsing LBP and WLD. The output
features were encoded by CNN. The outpnt from CNN was inputted to SVM to identify
live or spoofed face. Chen et al. {21] extended the face algorithm from Li et al. [10]. That
extension was based on RIELBP and CNN and used SVM to identify face spoofing.
Texture-based methods extraet features from low-level feature deseriptions from dif-
ferent color spaees, and these lose some features, which makes the accuracy disappear.
CNN-based methods ean extraet deep challenging features and extract from multi-view of
an image by eonvolution layers, providing high performance [or spoofing [ace detection.

3. The FSA-CCTV Dataset. The new dataset called FSA-CCTV is proposed. We
fetched video streams from the TP cameras, following the Real Time Streaming Protocol
(RTSP). Faces are detected by wsing a Haar Cascades technique [22]. Haar Cascades
method is fast to detect and is an effective detection method. Then, we resized images
to 224 x 224, and used data augmentation to inerease the number of images. The types
of face spoofing attacks of this dataset are fake images and images of a person wearing a
mask from smartphone, iPad, offiee card, and 1D eard under multiple lighting conditions.
Sample images from our proposed dataset are shown in Figure 1. The first row in the
figure shows spoofed faces. The first two images in the second row are images of spoofed
faces taken in IR mode, and the last two pietures are genuine faces. The datasct consists
of 2,045 spoofed face images and 1,015 genuine face images. This dataset uses the data
augmentation technigue for inereasing number of data, reduees overfitting and decreases
variance of model. The spoofed faces are expanding to 3.724 images and the genunine faces
inerease W 2,396 images.

FICURE 1. Sample images from the FSA-CCTV dataset
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4. Face Spoofing Detection Method. This section explains the proposed anti-spoofing
approach.

4.1. Network architecture of CNNLSTM. CNNLSTM is used for feature extraction
in this study. The outputs of CNNSLTM are the new instances for instance-based learning
to recognize spoofing faces. The architecture of CNNLSTM for extracting features from
images is inspired by AlexNet [23]. We improve the neural network model of AlexNet
by adding I.STM algorithm to its convolutional layer. The LSTM is designed to avoid a
long-term dependency problem [13]. Tt consists of several memory cells. Fach memory
cell has three elements: write, read, and forget (delete). The convolutional layers in the
CNNLSTM are extended from those of AlexNet as explained as follows. In the first and
second convolutional layers, we set the number of convolutional kernels to 256 kernels,
and in the fifth convolutional laver was set to 512 x 5 kernels. In the final representation
layer, LSTM, a Recurrent Neural Network (RNN) was used to receive inputs from prior
convolutional layers. A Batch-Normalization (BN) method was applied to the outputs
of convolutional layers before they were inputted into the LSTM. The output of BN is
tuple of integer led into the LSTM layer. A set ol 512 outputs from LSTM output units
was fed into the next layver. “The [ully connected layers eontain 1,000 hidden neurons.
The aetivation funetion of all the convolutional layers is a Reetified Linear Unit (ReLU).
The output layer contains one output neuron with a sigmoid activation funetion. The
CNNLSTM maodel in this study was trained with a Stochastic Gradient Deseent (SGD)
method.

1.2. The propoesed feature learning network. The overall process of creating feature
learning networks of the proposed algorithm is illustrated in Algorithm 1.

Algorithm 1: Pseudo code of the feature learning network method.

Tnput: S: A training set, K. The number of the subdatasets, 0. A performance
threshold, mg_¢: The pre-trained weights

Output: 17: A set of CNNLSTM maodels, C: A set of representation datasets

I: Randomly split the training dataset into K snb datasets: S — {s;,89.85,..., Sk}
2 Fork —1,2,....K do:

3 AUC =0

4: While AUC < 0 do:

5: Train CNNLSTM from my, ; with s, to obtain the my model.

6: Extract deep features Fy from s by my,.

7 Normalize every feature veetors fix in Fy, with an L2-norm technique.

8 Foriin y ¢ {0,1} do:

9: Compute the eentroid of a elass ¢y from Feo v

10: End For

11: Caleulate the Euelidean distances from centroid ¢g. to every feature of all
Fy instances,

12 Predicted label A4 of sg by using ce and Fp.

13: Compute AUC value from predicted labels hg with true label .

14: End While

15: mp € P and eq € C.

16: End For

To eonstruet CNNLSTM models, our method randomly seleets instances of data in
the S and put them into several subdatasets. The subdataset s, consists of N input
data veetors x and label y: sp — {(Xpe, Uig). - - .. Xk Upk)s- s (xnk. Uni) } (Linel). These
subdatasets aim o ereate diversity CNNLSTM models and representation of elass data.
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The subdataset s, is the training set for a CNNLSTM, my, (Line5). The current model
gets the weights from previous model my, .

A set of extraected feature veetors Fy — {fig, ok, . .. Iy} s extracted from model my
(Line6). The features £ are extracted from a data xge: £ — me(Xge).

All feature veetors in Fi are normalized by using an L2-norm technique (Line7), and
let £y — L2(f5). The norm of £, is caleulated as follows.

£ = ,l > lowl?, (1)
i1

where vy is an extracted value in g, n* is size of fie. For the proposed method to be able
to recognize patterns of genuine and spoofing faces, a centroid of a class, ¢ Is computed
in this step. The centroid cg Is an average of every feature vector in Fi from instances
of class ith. The centroids cg is the representation of training data. The centroid cg. is

caleulated as follows: |
A\ e/ ¥ £, (@)
w2,
where Nik is the number of all data of eloss ¢ in s, (Line9). The similarity distances of
every class between [y and ¢y were computed in Linell. The distance is a Euclidean
distance. The prediction elass fiy is selected by the minimum distance of a class (Linel2).
Compute the similarity value and predicted label Ay is defined as

hy = argwin It — cafly , for 3 =17 Nk, (3)

where Nk is the size of sg. The performance of mg measures in every five training epochs,
in terms of the Area Under the Cnrve (AUC). Tf AUC value is less than a threshold 0,
the my must he retrained for another 5 epochs (go to Line5), F and cg are recomputed,
otherwise the training would be stopped and the model my is & member of I; my € E;
and ¢y, € C (Linel5). Our training process minimizes the distance between the extracted
features and a eentroid of a elass which have the same elass label and maximizes the
distance between the eentroid of genuine and the centroid of spool [aces.

For the next subdatasel sg, ¢, we use pre-trained weights [rom the previous iteration k
to learn the current data mg,y —» my. Lo reduee training time and improve classification
accuraey, it was convenient to use a pre-trained weight [rom a previous model. The models
in £ are different from a decision boundary model of the same architecture. The centroids

Input 1. Traiminga CNNTSTM | 2 Extracting decp feature 3. Compute centraids
~ + with 3 cpachs vectors and neemalized vecters

e eeghe-8

6. Relrmning s medel

]

FIGURE 2. Overall process of feature learning networks for face spoofing detection

4, Classily training data wsing centreids
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in ' are the representation of the patterns of spoofing attack. The overview of feature
learning method is illustrated in Figure 2.

4.3. Classification of face spoofing. The proposed instance-based elassilication meth-
od is diseussed in this section. This method is a technique for preventing bias in elass
predietion. The distance weights are computed [or every elass. The pseudo eode of the
classifieation steps is shown in Algorithm 2.

Algorithm 2: Psendo code of spoof face classification.

Input: F- CNNESTM models, CF A set of centroid class data, x: An unseen data
Output: fg, — argmax, ) ), log (Zlﬂ)

1: For k=1,2,..., K do:

2: Extract features fi — my(x).

3: Normalize the feature vectors fi, by L2-norm.

4 Fori —|:ydo:

5: Caleulate the distance dye between centroid ¢y to features f.
6: Compute the distance weight dsg.

T End For

8: End For

The sets of models 7 and centroids ' are the inputs of Algorithm 2. The final output
is ealenlated as follows:

hﬁ,..,-:argm:\XZZkg(ai—*). (4)
4 13

where hgny is the predicted class, 7 s class index, k is the number of models and dsg.
is the distanee weights calculated by Equation (6). Aceording to this equation, a high
distanec weight dsy, would produce a low voting value, and viee versa. The predieted
elass hg,y s selected with a maximum voting value of the individual elass. The proposed
classification method is illustrated in Figure 3.

Extracting deep feature

|h:w":ﬁh:;d’v::on Compute the distance weighis Weighied voting

CNNLST™ E

FIGURE 3. The overall process of face spooling elassification

The first step extracts feature from unseen data: fi — mg(x) (Line2). The similarity
distance oy, between fi and ¢y is calculated by Equation (5). Before ay, is computed,
the fi is normalized by [L2-norm technique: f, — £2(fi) (Line3). The f; is normalized
into the same vector space of ¢y,. The distances values are expressed as follows:

g = |6 cullz, for k=1:K, (5)
where g is a distance value of the ith elass (Lined). Each feature veetor is computed
distance of every centroid of a elass data in ', The voting welghts are computed as follows:

e (6)
> e
T'he weights are the average distanee between the feature veetors and eentroids of spooled
and authentie faces (Line6). The main coneept of distanee mensure is inspired by a [ace

ds,,, =
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identifieation method [24], applied to spoofing deteetion. If an unseen data x is an authen-
tie face, then the features extracted from CNNLSTM would be similar to the eentroids
ol an authentie face, and the distanee weight computed by Equation (6) would be high.
Otherwise, the distance weight would be low.

5. Experiment and Results. This section describes and discusses the experiment and
experimental results on our proposed face-spoofing dataset. The results of each method
on our dataset were shown of the performance of spoofed face detection for smart home
security.

5.1. Experimental setup. The FSA-CCTV dataset has 6,120 images, including 3,724
positive class images, and 2,396 negative class images. Let the genuine faces be negative
class and spoofed faces be positive class. The experiment was done with five-fold cross-
validation technique. The results were averaged over five testing folds. The input training
threshold, 0, was set to 0.92 and K, was set to 3. 5. and 10. To evaluate our method,
the results were eompared to those achieved by several widely known face anti-spoofing
algorithms.

5.2. Experimental results. This research conducted the experiment only on the FSA-
CCTV dataset. because of limitations in the personal data. The performanees of the pro-
posed method and several state-of-the-art methods were evaluated. Performance values
are reported as an average of five replicates from five runs.

Table | shows the elassification accuracy on each testing fold, the average accuracy of
five folds, and the Standard Deviation (SD) value on the FSA-CCTV dataset. The result
shows that the average elassifieation aceuracies of the proposed methods with all K sizes
are better than those of the other compared methods in identifying spoofed faces. The
accuracy results of our methods are still high, with a low variance in several testing folds
(shown by SD value behind L in the average eolumn). For the aceuracy of the first and
third testing folds, the aecuracies of the proposed methods are higher than those of the
other compared methods. "The (ifth testing [old of our methods with K — 5 and K — 10
is equal to CNN and RI-LBP, and HSV 4 YCbCr with 93% of aceuracy. Considering the
accuracy of the second and the fourth folds, SLRNN method has the highest accuracy
in this testing fold, YCbCr+SVM method has the lowest elassifieation performance in
spoofed faces detection than those of other methods, On the other hand, the accuracy
of CNN and RI-LEP, SLRNN, HSV +YChCr, and ResNet50 are dropped on some testing
folds. These methods have high variance of acenracy, especially SLRNN is very sensitive
o a spoofing artack in this dataset. We used a 2 test. with alpha equal to 0.01 to evaluate
the differences hetween the accuracy of the proposed methods and other methods in this

TaBLE 1. The performanee on the FSA-CCTV dataset in terms of Accuracy

Methods o OB T Average (%)
CNN and RI-LBP 931928918993 91.2 1 2% ox
SLRNN 0196|8495 84 90 L5 T+ ox
HSV 4+ YChCr 01 [ 88 | 88 | 890 | 93 | 80.8 £ 2.1+ o#
ResNetso 03| 91 | 87191 | 84 | 80.2 1 3.6+ o
YCLCr+SVM 85 [ 87 | 88 | 88 | 88 | 87.2 4 1.3+ ox
CNNLSTM 89|93 [ 89191191 90.6+ 1.6+ ox
YChCr+KNN 0219219119192 91.6+0.5+ ox
The proposed method K =3 [ 9393 [95] 93| 91 93+ 1.4
The proposed method K =5 [ 93 (93 (94 |93 |93| 93.2+4+ 04
The proposed method K — 109492949393 93.2+ 08
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experiment (%, o, x, indieate the proposed method with K = 3, K =5, K = 10 is
significantly better than the corresponding algorithm, respeetively). The results show
that our method with every K size is signiflicantly better than the other methods by
comparing with the average aceuraey.

Table 2 shows the average values of Recall, Precision, and Fi-score of the proposed
method and the other compared methods on the FSA-CCTV dataset. The proposed
method of all K sizes has higher average Recall value than other methods, The proposed
method with K = 3 has the highest value of Recall. While YCbCr+SVM provides the
lowest Recall with 88%. In addition, our method of all K sizes is significantly better than
the other algorithms, The third column contains Precision values of spoofed faces. The
obtained Prectsion values indicate an acceptable elassification aceuracy for the model. Tt
can be seen in the column that the proposed method is inferior to SLRNN, and CNN and
IR-LBP. HSV+YChCr is the worst of Preciston value. The F-score of all methods is
shown in the fourth column. Our models with K — 3 and K — 5 are significantly better
than all other methods exeept CNN and RI-LBP in terms of /9-score. While the proposed
method with K = 10 is significantly better than YChCr+SVM and equal to CNN and
RI-LBP method. YChCr4-SVM provides the lowest value of I-seore.

Figure 4 shows the ROC eurves of all compared algorithms on the FSA-CCTV dataset.
The highest point of the three ROC eurves of the proposed method with different K is at

TABLE 2. The performance on the FSA-CCTV dataset in term of Recall,
Precision, and [y-score

~Methods Recall (%) | Precision (%) | Fy-score (%)
b Al - 93.8% ox 95.2 9.6
SLRNN 90.4% ox 96 92.8%0
HSV4 YChCr 02.6% ox 91.60 92.240
ResNetsn 91.2 ox 93.6 92 2+0
YCbCr+SVM 88# ox 93 90.4% 0%
CNNLSTM 92+ 0% 920 92z0
YChCr+KNN 01.6% o4 04 9320
Proposed method K = 3 96.8 92 94.8
Proposed method K = 5 96 LY 94.8
Proposed method K = 10 95.8 0 94.6
10
0.8
2 |
& W I3 oses CNN and RI-LBP (AUC = 0.85)
L 0.6 <= SLANN [AUC = 0.87}
= HSV+YCHCr {AUC = 0.88)
g =~ ResNetsd {AUC = 0.85)
¥ 04 d: & YCBCr+SVM {AUC = 0.84)
g oES YChCr+KNN (AUC = 0,91)
- CNNLSTM (AUC = 0.91)
02 e The proposed method K=3 (AUC = 0.93)
e —— The proposed method K =5 (AUC = 0.92)
~ = The proposed method K = 10 (ARC = 0,93)
08 02 04 06 08 10

False Positive Rate

FIGURE 4. ROC curve on the FSA-CCTV dataset
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the upper left corner. The proposed method of all K sizes outperforms all other methods

providing the higher value of AUC at 0.93, 0.92, and 0.93, respectively. YCbCr4SVM
has the lowest AUC than other methods. The elassifieation results from the proposed
method are indieated that our method is eflicient in spooled [ace deteetion and provides
high accuracy in identifying authentic faces. While the other eomparison methods are
high variance and have low ROC value meaning that those approaches are unbalanced in
terms of elassification performance.

The experimental results indieate that the CNN-based methods have higher precision
than the eolor texture-based methods, The merging of the features extracted from CNN
with the instance based elassification method of our algorithm can enhance the perfor-
mance of the detection. However, when classifying with high lighting cases, the proposed
method and those of other methods misclassified these images because these images have
few gradients and depth shapes. Conversely, these have high performance on TR images.

6. Conclusions. This paper proposes the FSA-CCTV dataset and a new hybrid ap-
proach for face spoofing attack problem based on deep neural network and instanee-based
algorithms. The classifieation results of the proposed method on the FSA-CCTV dataset
are eompared with ether widely known anti-spoofing methods. In the proposed method,
a new architeeture of deep neural network, ealled CNNLSTM, is used to extract [eatures
from facial images. CNNLSTM is trained on the proposed [ace-spoofing dataset. A new
distance weight voting proecdure is used o prediet the final elass. The performance of
the proposed method is evaluated with 5-fold eross-validation technique. Experimental
results show that the proposed method outperforms in elassifieation performance than
the other anti-spoofing classification methaods, The proposed method is suitable for smart
security on CCTV.

For future work, we plan to apply the proposed algorithm to different types of anti-
spoofing tasks. The number of models generated by CNNLSTM can be varied, and the
structure of CNNLSTM can be designed suitable for a partieular dataset. The number
of extracted features ean be reduced, and other normalization methods ean be applied to
relieving span resources. This method ean also be extended to an incremental learning
that learns incremental data.
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Abstrace—The problem of defects in glass bottles is a
significant issue in glass bottle manufacturing. There are various
types of defects that can occur, including cracks, scratches, and

tenl)etechngthesedeﬁdsxscmmlfornslmgﬁeqnhb
of glass bottle production. The inspection system must be able to
accurately detect and automatically determine that the defects in
a bottle affect its appearance and functionality. Dnﬁectﬁebotdﬁ
must be identified and removed from the production line
mainfain product quality. Thnplperpmposedgmbotﬂedm
classification using Convolutional Neural Network with Long
Short-Term Memory (CNNLSTM]) and instant base classification.
CNNLSTM is wsed for feature extraction fo create a
representation of fhe class data. Thmhmbucdnmﬁnm
predicts anomalies based on the =i of representations of
class data. The convolutional hver of the CNNLSTM method
incorporates a fransfer learning algorithm, using pre-trained
models such as ResNet30, AlexNet, MobileNetV3, and VGG16. In
this expe: the nﬂhs were compared with ResNetS0,
Ak:l\et,lhbﬂd\eﬂ"s VGGI6, ADA, Image threshold, ndrdge
detection methods. The experimental results demonsirate the
effectiveness of the proposed method, achieving high classification
accuracies of 77% on the body dataszet, 9504 on the neck dataset,
and an impressive 98% on the rotating dataset

Keywords—Convolution neural k; Glass borde; Defect
detecdon; Long shot-tevm memory; Inspection machine
L INTROCUCTION

Defact detection plays a vital role in glass bottle production,
safezuardmz  product quality, consumer safety, brand
reputation, and value. By mvesting in robust flaw detection
systems and processes, manufacturers can mamtain mpaccabla
standards, zafe, and visually appealing glass bottles to their
customers [1.2]. Common types of defects that can occur m
glass bottles mmclude: 1) Stones are foreign stone graims
embeddad in the glass, degrading the quality of the bottle. 2)
Tear: are deformad brezks or fractures on the surface of the
bottle. 3) Blisters are raizad or swollen areas caused by uneven

cooling during manufacturing, affectng both strensth and

appearance. 4) Cracks are breaks in the surface that compromise
the structural integrity of bottle.

'I'hempechonmachmemesxmustedmoloexestodetect
defects, 1 lasers, and semsors. The mspaction
mz:hmeuuscammswczptwelmazaof&epmdmts,andﬂ:e
software analyzes thesa images to detect defacts. When defects
are detected, the software sends a signal to the control system to
remove the faulty product from the production line.

As for the problem with traditional mspaction machmes,
they cannot inspect defects m complex araas and raquire the use
of imaging techniques to visualize the defacts. Because these
machines utlize mmage processing technique: and require
various parameter sattimgs to ba adjusted by users for defect
detection. It results in the mability to completely remove
defective bottles from the production lne, undermimng
confidence in the mamufacturing process. The detaction method
on mspection machme for detecting the defects must be
accurate, precise, capable of recoznizing defect well, and fastn
the leammg process of defect pattams.

This research proposes a new method for detectng
defects M glass bottles using a2 deep newral network for
extracting deep features and mstance-based classification. The
method uses CNN combmed with LSTM to recognize
distinctive features of defacts and extract those faatures. The
training process 1s desiznead to create a set of CNNLSTM models
with fawer training iterations, helping to reduce the trammg
time. The mnstance-basad classification i= used to classify the
defect in the mages. It reduces parameter settinzs by users for
defect detection, resulting m a raduction in user workload.

The rest of this paper is orzamzed as follows: Section II
resents 2 backzround study of glass bottle defact detection
tachniques. Section III explaing the glass bottle defact dataset
and describes the proposed glass bottle defact classification
method. Section IV explams the evaluation methods, the
experimental setup, and the experimental outcomes; and finally.
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Section V suggests directions for future works and concludes the
paper.

I RELATED WORKS

The existing defact detection techni mainly fc don
tbedefectmg,lassbo(ﬂu The related methods are as follows.
Latina et al. [3] presented defect detection method for detecting
defects in glass bottles for the purpose of reusmg them and
highlights the limitations of the manual mspection m micro,
small, and medium enterprisas (MSMEs). The research
mtroduced a cost-effactive deep leaming-based method using

(Abbreviation) Jownal Name
Vol. 200X, No. XXX, 2013

detection (ERSCD) was mtroduced. It combined least-squares
circle detection, entropy rate superpixel (ERS), and an
improved randomized circle detection to accurately identify the
region of mterest (ROI) on the bottle bottom. The ROI was then
drvided mto two measurement regions: the central panel region
and the annular texture region. For defact detection m the
central panel region, a method named frequency-tuned
znuoh'oplcdxﬁmonsuper pmelsegnentzhon (FTADSP) was

detection

the SSD MobilaNetV2 model to detect various defects in slass
bottles. The method used transfer leammgz and data
augmentation techniques to achieve high accuracy, with up to
98.07% overall system accuracy. Gong et al. [4] presentad a
machine vision system designed for the zutomatic online
mspection of defects in transparent labels on curved glass
bottles. The system used an area-array camera and a custom-
made blue dome illumination device to capture hizh-quality
still images by minimizing reflection. To address the challenze
of distorted curved geometry, a deformable template matching
method was employed for pracise defect location. The methed
alsomcludedz\ad:phxeﬂxresholdselecbonwateg) that
effectively detectad small scratches by using global and local
threshold values along with 2 Gaussian fittnz algonthm.
Additionally, techmiques such as skeleton extraction and
distance transformation ware applied to datect the complete
edze contour of Chinese characters with a special font
considering the golden edse prnting emor. Field tests
demonstrated an e detecti v of 99.5% at 2
speedofGOboﬂlespammte.cmamgm&OOObo«!es
Vitis et al [5] proposes an algorithm that achieves hizh
detection accuracy whils antly reducmz processmg
time. By using adaptive thrasholdi lummous
intensity variations, thez!gcnthmeﬁ‘ectwel) detects blob and
mhnedefecbwhﬂemxhgahngﬁ:empactofhﬁecmme,
rotation, and vibration. Comparative evaluations demonstrate
an 86% reduction in processing time a 268% increase m
throughput, and improved detection accuracy compared to
existing methods. The algorithm also meorporates Region of
Interest raduction techmiques and a2 tunmg procedure for
paramater adjustment dunns production batch changes. The
performance of the algorithm was assessed in 2 real
environment, and it successfully identified misclassified tubes,
sugzestmgxtspra:bczlapphcabnlm Zhang et al {6} mggelted
leammgz-basad defect

(LeammgADD) system to replace mzmzl mspemou The
qﬁemusedznuquedl'ﬁlba’tl‘hungmﬁ)m(mm
extract fi from gnals and a Shuffled Fmg
LeﬂpmzAlg:mthm(SFlﬂ.)toselgctfexmes Five deployment
strategies were compared and optimized to improve real-time
performance. The LeamingADD system was validatad using
data from a real-lifs beveraze factory. Tbel"measweoftbe
system reached 98.48%. The proposad deployment strate;

were venfied using experiments on private cloud platﬁxms
The Distributed Heavy Edge deployment sfratezy
outpexfomedoﬂ:ersuzteg;es,mthadefect detection time of
less than 2.061 saconds for 99% of bottles. Zhou et al [7]
proposed 2 surface defect detection framework which
consisted of three main components Firstly, a nowvel

ntation to  ac taly 4
boundaries. For defect detection in the
stratezy called wavelet transform mnlnscale filtarmg (\VI'\IF)
was proposed. It employed wavelet transform and 2 multiscale
filtering algorithm to reduce texture influence and enhance
robustness to errors. Zhou et al. [8] presented 2 new
apparatus for real-time bottle bottom inspection. The apparatus
used 2 combination of Hough circle detection and size prior to
locating the bottom of the bottle. The ragion of imterast was then
divided mto three measurement regions: central panel region,
annular panel region, and annular texture region. A sahiency
detection method was used to find defective areas in the central
panel region A multiscale filtering method 15 used to search for
defects m the amular panel region. Template matchms was
combined with multiscale filtermg to detect defects in the
annular texture rezion.

The problem with traditional methods of detectng
anomalies on glass bottles usng image processmz 15 the
difficulty in detecting anomalies, especially when there are color
and shape vanations on the bottles. Inconsistent hightmg
conditions also pose challenges m detecting anomalies. The
disadvantage of using desp mewal metworks for detectng
counterfait on glass bottles 15 the complexity mwolved
hnldmgmdhammgtbenemotkDeepnanlns“wkbased

alarge t of data and longer fraining time.
Add:mmlly fine-tuning and selecting appropriate parameters
for deep networks can be challengins.

m METHODOLOGY
A Glass Bottle Dataset

There are two main categories of glass bottle inspection
machines: straight glass bottle mspection machmes and rotary
glass bottle mspection machines. Fig. 1 shows an example of
mmspecbmmaehmeﬁotglmboﬁ]es.mmmzhzhssboﬂle
inspection machine is an automated system that utilizes
advanced technologies, such as computer vision and image
processing, to detect and identify defects m glass bottles. It
captures images of the bottles from different angles and
analyzes them m real-time to ensure product quality and
prevent issues during production and rtation. The
straight glass bottle inspection machine 1= depicted in Fig. 1(3).
Onﬂno(bahmiﬂ:emtztmgghssbotﬂemspechonmachme
is 3 specialized automated system desizmed specifically for
inspecting glass bottles using a rotating mechanism. By rotating
the bottles, it enables a ‘e examinztion of the entire
wﬁce,ensnmgahghle\'elofmzq in defect detection.
}'belzg;aﬁng glass bottle inspection machine is shown m

iz.1(b).
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Tbebotﬂemspechmmachhetmlma\umcmzabased
inspection method for fully automatad visual inspection of glass
bottles. The process is as follows. Set the bottles in the
desiznated area on the conveyor belt of the bottle inspection
machine. The bottles are properly alizned and spaced to ensure
accurate and consistent mmaging. Provide proper lighting
eondmonsforc:ptumg clear and well-alluminated bottle
images. Set up the camera parameters such as focus, exposure,
and white balance to optinnze imaze quality and clanty. Initiate
the imase capture process using the bottle mspection machine
to trigger the camera to capture mmages of the bottles 2s they
pass through the inspection area. The machine utilizes two
cameras to capture images of the bottle: one camera is focused
on the neck, while the other iz focused on the body of the bottle.
Fig. 2 illustrates the composition of the sida wall of glass
bottles. (2) displays images from the neck dataset, (b) provides

(©
Fiz 2 Glass bostle damaset (2) Neckdataset (b) Body datazet (c)
Rotating bottls datazet

(Abbreviation) Jownal Name
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an example of the body dataset, and (c) showcases zample
glass bottles comprizes 571 images, with 368 mmages showing
defects and 203 images without defacts. Smilarly, the neck
dataset consists of 570 images including 250 images with
defects and 320 imases without defects. As for the rotating
dataset, 1t comprises 120 images, with 70 images displaying
defects and 50 images representine undamased bottles. Each
image i the body and nack datasets 15 standardized to a size of
900x800 prxels (width x height), ensuring consistency across
the dataset. On the other hand, the images m the rotating dataset
are resized to a dimension of 1024x800 pixels (width x height).
The captured images are transmitted to the detection system for
analyzis. If any defacts, such as stones, tears, or blisters, are
identified on the side wall of a bottle, the detection system
generates a signal to reject the faulty bottle. This process
ensures that only bottles without defects contmue downstream
in the production lme. Fig. 3 (a) is shown tear defact, (b) is a
blister, and (c) 13 stone defect on slid wall of bottle. These
defects can appear throughout the bottle.

@ ® O
Fiz 3. Defact images (2) Tear, (b) Blister; (c) Stonz.

B. The proposed method

Thiz section describes the proposed defact detection
approach, which is divided mto three parts: 1) The network
architecture of CNNLSTM for extractng deep features in
imagzes, 2) the traming process for creating a set of CNNLSTM
models and computing the representation of class data, 3) the
classification approach that suggests using the extracted deep
faatures from unsesn bottle image and applying the distance
waight method to classify defect or normal glass bottle imazes.

1) Nerwork architecture of CNNLSTM

CNNLSTM iz a3 convolutional neural metwork (CNN)
combined [9] with LSTM (Long Short-Term Memory) [10] to
extract deep features m images. CNN: are effactive at extracting
spa:zlfeahlesﬁmnges,whﬂeLSMzec:pableof

ies in sequential data The fusion
ofﬂ:esemommulesMST\Ibmadeep
features from imases. The convolutional layers choose pre-
hmddeq)-lemngmodelszuﬂzblemtbe!(u:slﬂxm
including VGG16, ResNet30, MobileNatV3, and AlexNet.
Usmg a pre-trained model can reduce the amowunt of time and
resources naeded to train a model. It already laamed to recognize
a vaniety of features and mprove the accuracy of the model.
Added LSTM to its convolutional layer. The datail of LSTM
unit is shown in Fig. 4.
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Xy

ﬁg4LST\I
LSTM comprises multiple memory each consisting of
three sszential elements umMmdﬁzga(ddete)Dmmg
each time step (t), the forget zate unit 1s updated according to
the following process,

fo = o, (Wix, + Ush, + b;), 0

i, = g, (Wix, + U:h, + b)), 2)

o, = o, (W,x, + U,h, +5,), (3)

¢ = fi®ce—; +i. O, 0.(Wx, +b.), 4
h, =0, ©a,(c.), (5)

where x, 1z the mput data f, is the forget gzate, i, is the
input'update gate, o, iz the output gate, ¢, 1s the cell state
vector,o'ud:es:zmmdachmhonﬂmchon,@lstheﬂadmd
product (element-wise product), and h, is the output of the
LSTM unit. In the final representation layer, an LSTM, wiuch
uaR.ecmremNemleetmrk(RNN)mtableforsequmbal
data, recerves mputs from previous convolutional layers. The
LSTM produces a sat of 512 outputs, which ara then passed to
the next layer. The outputs of the convolutional layers are
subjected to Batch-Normalization (BN) before they are fad into
the LSTM layer. The fully commected layers contan 1,000
hidden neurons. The activation function of all the convolutional
lzyers(\\'ithamzxpoolingsizeonZ)isaRxﬁﬁedLine:r
Unit (ReLU) [11]. Deep features are extractad from these
lzyers. The output layer contains one output neuron with a
sigmoidal activation function. The size of the mput images 13
set as 224 « 224 « 3 pixels. The CNNLSTM is tramed using a
Stochastic Gradient Dascent (SGD) method [12]. The leamms
rate is st to 0.01, and the batch size iz § fmages. The
CNI‘JI.S’Mnmralnetvmtkarchxtectweusho\\anxg ¥

iiation) Jownal Name
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Output:
E: A set of CNNLSTM models
C: A sat of representation of class data

1: Randomly split the fraining d
{51,525 0 S b
2:Fork=1,2,..,K do:

MSE =0and m;, = my—,
4: While MSE < & do:

5: Train model m;, model with s,
6:

-

¢ nto K sub datasets: § —

Extract features F, in images by m,.
Normg.lizeal.lﬁuﬂnsinl‘,, with an L2-norm

tachnique.
8: Foriiny € {0,1} do:
9: Compute the representation of each class data
c; from F,
10: End For
11:  Evaluate the distances from centroid ¢, to every feature
of all F, mstances.

12:  Predicted a bottle is normal or abnormal (k) is based on
the minimum distance between c;, and F,

kﬁﬂlk'
13:  Compute means squared error MSE from h with trus
labeal y.
14: End While
15: m €Eandc, €C.
16: End For

Algorithml: Pseudo code of the feature learning network
method.

Input:
§: A training bottle dataset: {(x,,); ), ...,
K- The number of the sub datasats
§: A performance threshold value
My, : The pre-tramed modal

(%5003

2) The proposed learning process

Our traming process aims to mmimize the similanty distance
between the extractad deep feature vectors and the centroid of
theconespondmgdzsswtbthenmehbel Simultanecusly, it

maximizes the similanty distance between the centroid of zood
bottles and the centroid of defactive bottles.

The overall leaming process of creating a sat of CNNLSTM
and representing class data 1= proposed in this section. The
process of creating a set of CNNLSTM models and generating
representations of class data is illustrated in Algonthm 1. The
inputs of the leaming process include a2 traming dataset S, a
specxﬁednmberofmb-nmmgsmk,aﬁnsholdwluee,
and the ple-tnmad weight m,_, . The parameter X is 2

ter uzad to d the ber of sub-traming sets
:ndfbenmbaofCNNLS'I'Mmodels which needs to be
appropriately adjusted. The valae.oEK affects the nmber of
samples in each sub-traming sat used for traning CNNLSTM
and the diversity of CNNLSTM models. £ 15 a parameter usad
to define the initial performance of CNNLSTM in each training
iferation. The pre-traned weight m,_, helpstoreducetmnmg
time and resource requirements, IMpProv
anable the model to perform well mhmned data condmous

To construct a set of CNNLSTM meodels, our method
involves randomly selecting imases in the S trainng datasst
and organizins them into several partitions or subzats, ie., S =
{s1,5200001 5000, S} The purpose of creating these sub-
datasets i to foster diversity im CNNLSTM models and
generate representation wvectors for both normal bottles and
bottles with defacts.
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The cumrent 5, is the tramms bottle images for a
CNNLSTM model, m,. Let the set models is enzemble E. The
convolutional layer of the current model uses pre-train weight
of pravious round. The output of training with five epochs 15
my, (Step 5).

In Step 6, deep features vectors F, are extracted from the
images in 5. This process involves removing the output layer
from the CNNLSTM and obtaining the output features throush
the fully connected layers. Let the deep feature vector f;, bean
instance extracted from an image inF, :fj, = m§( k) The
faature vector consists of 1,000 components, which
cor P A to .&E ' N f ThidA
{vy, vaoeens v 1 £ € B

Each feature vector 15z nommalized using an L2-norm
technique (Step 7). This normalization technique iz commonly
usad to scale standardize vectors in machme leamme and
data analysis. The L2-norm. also known as the Euclidean norm
or the L2-nom, iz 2 mathematical measure of the lensth or
magnitude of a vector. In the context of feature normalization,
the L2-norm tachnique calculates the square root of the sum of
the squares of each component in the vector, resulting m a
normalized vector with 2 magnmitude of 1. Here, we provide an
explanation of the concept of L2-norm_ Consider a daep featura

vector as

: fy =

Fo = [fi fip fip i 1] (6

where
lf,kl = ,JZ‘:JV:J:I‘ ()
where v, represents an extracted f; within £, . and n*
denotes the total ber of extractad features v in f, . L2

serves as the final output layar of CNNLSTM, producing the
extracted fazturas as the output.
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The reprasentation of the class data ¢, iz computed as the
average of all feature vectors in F, which have bean extracted
from instances of the i-th class sample data (Step 9). In this
stap, we compute the centroids for the two classes: the centroid
of the good bottles (class 0) and the centroid of the bottles with
defects (class 1): 3 = {0, 1}. These class centroids enable the
recognition of pattems on the side walls of the bottles. The
centroid vector c,,, 15 calculated as follows:

G = %Z«,ﬁm £ (&)

ix
where ¢, constram the average values a:cy, =
{a;,@z..., 0, } and Nik is the number of all data instances of

class i n 5. The centroids are representation of class data.

Predicted a bottle 15 normal class or abnormal class (k) 1z
based on the similarity distance between ¢, and F, __ .« (Step
12) The similarity distances between each class are compared
using the Euclidean distance to predict the category of the
bottle. Predict normal or abnormal bottles by mmmmmzing the
similarity distance value defined a5

h = argm‘_in"fj,‘—c‘,‘”:,forj = 1: Nk, 9)
where Nk is the number of mstances in s,

To assess the extraction and classification performance of a
trained CNNLSTM model m, , the Mean Squared Ermor
(dencted as MSE) is measured. If the model error (MSE)
axceeds an error threshold value (8), the deep neural model will
underso an additional framing process of 5 epochs (proceed to
Step 3). If the condition 15 met, the desp featura vectors F;, and
the centroid c; are recomputed. Otherwise, the tramms
process is stopped, and the model is obtained. The trainmg
iteration k 1s completed based on the performanca condition.
The threshold value 8 is used to measure the performance and
reduce the number of traming iterations in each model
generation It serves as a criterion for selecting a set of models
that require fewer training iterations compared to the trainimg

1. Training a CNNLSTM
Input with S epochs

2. Extracting decp feature
vectors and pormalized vectars

3, Compute centrolds

. Refraiming 2 mode!

Yes

Neo

/\ | s é
(hz | 90 qm el
\ ° rof0 O Mg
7778\ R 9.
; ,

?erlb;.man« 4, Classify training data using centrolds

""’" o measurement
L ’@
Output
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process of 2 normal desp neural network. At this pomt, the
model my, iz added to the ensemble E (my €E), and the
centroid ¢, 15 included mthe set ¢, € C(Step 15). For  the
next iteration. we used pre-tramed CNNLSTM weights from
the previous iteration k to leam the current datam, ,, — m,.
ﬂumzthodelmmaﬂstbeneedtoresetﬁ:e“mghtsexhhme
and only requires fine-tuning on the new sat of bottle images.
Themmmofﬁealweleznmzmethoduxﬂushﬂedmﬁgﬁ

Algorithm2: Pseudocode for classifymg bottle defects.

Input:
E: A set of CNNLSTM models
C: A set of centroids of class data
x: A bottle mages

Output:
h; = argm‘_jnZst‘-k

1:Fork=1,2,..,K do:

2: Extract deep features f, =m, (x)

3: Normalize the deep feature vectors f, by L2 -norm

4: Fori=1:ydo:

5 Calculate the distance d;, between cenfroid ¢ to
features f,

6 End For

7 Compute the distance weight sd;

3: End For

3) The classifving process

This section presents a detailed discussion of the proposed
smuilarity voting method. This classification method focuses on
utilizing distinctive faatures of defacts for bottle defect
detection. The simularity distance 1= calculated between the
representation features of normal bottles and abnormal bottles.
The classification steps of our method are outlined in Alzorithm
2.

The mput for Alzorithm 2 consists of a sat of CNNLSTM
models E, the centroid of class data C, and the bottle mage
x.The models m set E differ from the decision boundary models
of the sama architacture. Extract features m bottle imase using
each model in E and combine them to predict the final output.
Deep feature vectors are extracted from the bottle imaze: f, =
;. (x) (Line 2). Then, the deep faature vactor f,, 1s normalizad
using the L2-norm technique: f, = L2(f;) (Step 3). The deep
feature vector is normalized to ansure 1t s in the same
vector space as c;; , enablmg the caleulation of similanty

(Abbreviation) Jownal Name
Vol. XXX, No. XXX 2013

values. The similarity distance d;;, between faature and centroid
1z expressed as follows:

ay = I — cxlls, for k = 1:K, (10)

where K iz the mumber of ensemble model. Each centroid
calculates the similarity distance with the faatures of the bottle
image The voting weight of each model is computed as follows:
sz =:" s (11)
PR

wbaesd‘klsthexohngwe:gnofdzsszatmodelk The
wtmg\\wghxsd b}calcu]zhngthez\mgedxstmoe
centroid and the features of both normal and

abnormalbottla(StepG)

The final output of thiz method i1s prediction class that
compute as follows:

h; = al'Em.inZi X, sdy. (12)

where k; is the class or category that the method predicts the
input image belonzs to base on its defect patterns and
relationships from the trainmg bottle imazes. The proposed
classification method 15 illustrated m Fig. 7.

V. EXPERIMENTAL RESULTS AND DISCUSSION

Inthxssecnou,t\'epu'esem:comprehmsn‘esetof
experiments conducted to the performance of the
CNNLSTM method.
A Experiment setup
These experiments used three glass bottle imaze datasets,
nzmelvthebod} dahset,theneckdz!zsetzndthemtztmg
t. Thesad t of three primary types of defects:
stone, tear, and blister. The body dataset of glass bottles
comprises a total of 571 images. For the training set, 292
imagzes, consisting of 161 images with defects and 131 mages
without dafects wera usad to train models. The remainng 279
nnzgesconsm\wedthemtnset,mthm images containmg
defects and 72 images without defects. The neck dataset
encompasses 370 mmages of glass bottles. The traiming sat
include 288 images, with 150 imazes exhibiting defacts and 138
magamthmﬂdefecls.'lbeteshngsdmchdesl&mzes
with 100 mmages containing defects and 182 images without
defects. The rotating dataset encompasses 120 images of glass
bottles. The training set mclude 80 images, with 47 imazes
extubiting defects and 33 images without defacts. The testmz
set includes 40 mmages, with 23 mmages contaming defacts and
17 mages without defects. The distribution of each defect type

Extracting deep feature
vectors Fand nommlived vectors

Compute the distance weights

Voting

| P
g —

CNNLSIM E

Fiz 7. The overall process of zlass bottle classification
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in both the traming and testing datasets for body, neck and

rotating bottles 15 presentad n Table I.
TABLEL NUMBER OF TRAINING AND TESTING IMAGES FOR FACH
DEFECT TYPE IN THE BODY, NECK AND ROTATING DATASETS
Defect Body Neck Rotating
OPe | Tyain | Test | Train | Test | Train | Test
Stone 81 17 80 71 2 10
Tear 30 28 2 17 12 5
Blister 50 52 30 1 15 8
Nommal 131 ] 138 18 33 17
Total pio] b picif pi:o] 0 e

To assess the effectiveness of our proposed methed on the
defect dataset, various image processing , mcluding
mgethraboldmzzndedgedmﬂmgnﬁmth
leaming models such as Anomaly Detaction with Autoencoder
(ADA), ResNet50, AlexNet, ’\’GGIG and MobileNetV3 were
used to construct models for comy m. Image thresholding
2 commonly used technique m image procassing using
OpenCV, involves setting pixel values to either 0 or a
mmmtmva!uebzsedonapredeﬁnadthresbold(l?;] Edge
detection i= a digital imase processing techmque

identify zndexh’::tedgamannge_ abmpt
chanzes in intensity meohtbehveenadpcentpme]s[“]
ResNet50 iz 2 deep convelutional neural network architectu

Vol. X0, No. XXX, 2013

and ADA The mnput ervor threshold, 8, of the proposed method
xssethoOZ,andthenmberofmsanblemodels,K 15 satto 3.

All the experiments, including the prop defect“ 41
ethod and the parison methods, were ducted on a
personal equipped with an AND Ryzen 7 3000 series

computer
processor and an NVIDIA GTX 1650 GPU, allowing for
efficient computation and analyzis of the results.

B. Experimental Result

Four evaluation metrics are adopted for the amalysis:
Accuracy, Recall, Precision, and Fl-score. Thesa metrics are
widely used In image defect detection and provide
comprehensive msights into the performance of the methods.
They are defined as follows:

P o TP +TN as)
COUTacY = TP+ TN+ FP+FN
TP
= 14
Recall =20 2n a9
. . TP (13)
Brecision = -0 Fp

Precition X Recall

e e as
recition + Recall

TP refers to the number of defect bottles (positrve) that are

correctly predicted as positive by the model. FN represents the

number of defect bottles (positive) that are meorrectly predicted

as bottle without defacts (negative) by the model. TN indicates

ﬁemmherofthebu&luwmdefed(ngg:mwe)ﬂutm

FF=2Xx

infroduced m 2016 [15]. ResNet-30 consists of 50 layers and

employs residual blocks, each contaming convolutional layers
shortcut comnections. It has achleved stzte—of-ﬂ:gm

2012 [16]. AlexNat comprizas aight layers, including five
convolutional layers and three fully comnected layers. It
introduced several key innovations, such as usmg ReLU as an
activation function and applying dropout rezularization.
VGG16 developed by the Visual Geometry Group (VGG) at the
University of Oxford m 2014, iz a widaly recognized deep
emwlm:malne\nalnmkachmmml) used for
image classification [17]. It consists of 13 convolutional layars
foﬂowedb} Sﬁdlyconneded]zvc;,mdﬂhndmh:ted
outstanding performance on numerous computer vision tasks.
MobileNetV3, mtroduced by Google n 2019, is specifically
dsxg:edfo\rmobilezndembeddeddmwesﬁuthnehmlted
computztional resources [18]. This architecture aims to strike a
balance batween model size and accuracy, making it suitable
for efficient deployment on devices with constramed hardware
capabilities. In addition to these models, we also employed the
Anomaly Detection with Autoencoder (ADA) techmgque. ADA
detects anomaliez by evaluating the recomstruction loss,
comparing it to 2 predefined threzhold. If the reconstruction loss
surpasses the thrashold, the input is classified 2s an anomaly.

For traming our method and deep leaming-based models,
we usad 2 traming set comprising 292 images for the body
dataset and 288 images for the neck dataset. The training
epod:saresetztSOO for VGG16, RestNet50, MobileNetV3,

dicted as negative by the modsl Lastly, FP
ngmﬁesﬁ)emnnbgofthebotﬂes‘ﬂtboutde&cts(neg:h\‘e)
that are mistakenly predictad as positive by the modal.

Fiz. 8 presents visualizations of defect classification results
of CNNLSTM for the body, neck, and rotation of bottle

Fig. 8 Examples of classification results of the CNNLSTM
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TABLELL THE PERFORMANCE ON THE BODY IMAGES, NECK IMAGES.
AND ROTATING IMAGES DATASETS IN TERM OF ACCURACY
Body Neck Rotating
dataset dataset dataset
Method=
Accwracy | Accwacy
(%) (%) (%)
CNNLSTM-ResNets) 71 95 62
CNNLSTM-AlsxNet 75 8¢ Q7
MobilaNetV3 “ 92 9
CNNLSTM-VGG16 il 80 20
ReNet3) 9 79 60
AlexNet 74 2
VGGL6 80 83
MobilsNetV3 0 n 70
ADA 74 75 60
Image threshold 62 63 65
Edze datection 0 7 [3]

The classification accuracy of various methods on the defect
datasets 15 presented in Table II. The results for the body dataset
demonstrate that the standalone VGG16 method outperformed
all other methods, achieving an accuracy of 80%. ResNet30 15
ranked second m terms of accuracy. Amongﬂ:eCNNLSTI»(
models, CNNLSTM-VGG16 achieved the hizhest accuracy
eompamdtoﬂreotherCNNLS'l'MwmzntsCom‘ersel} the
image threshold method exhibited the lowest accuracy on this

The neck dataset results reveal that CNNLSTM-ResNet50
attained the highest accuracy of 95%. closely followad by
CNNLSTM-AlexNet, CNNLSTM-MobileNetV3, CNNLSTM-
VGG16, and AlexNet. Amons the standalone methods,
AlexNet exhibited the highest accuracy on this dataset
Converzaly, the image threshold method yielded the lowest
accuracy for the neck dataset.

Upon comparing the rasults of the rotating dataset images,
it 15 obvious that CNNLSTM-MobileNetU3 achieved the

VGGI16 also demonstrated good performance with high
accuracies. Conversaly, ADA exhuibited the lowest accuracy
percentazes on this dataset.

Overall, the results indicate that different mathods perform
diffarently on the three datasets. The standalone VGGI6
achieved the hizhest accuracy on the body dataset. CNNLSTM
generally achieved the highest accuracy on both the nack and
rotating datasets.

In Table III. the performance maasures, mcludmz Recall
Precision, and Fl-score, are presented for the body datasat
\GGl6danm&ehxghstk\.elofconechess, evident
from its superior matrics across Recall, Precision, and Fl-score.
Following closely i tarms of correctness, CNNLSTM-AlaxNet
achieves relatively hizh Pracision and Fl-score. On the other
hand, Image Threshold exhibits the lowest level of correctness
among the methods listed.

(Abbreviation) Jownal Name
Vol. 00X, No. XXX, 2013

TABLETNL  THE PERFORMANCE ON THE BODY IMAGES DATASETS IV
1exms OF Recar, Precision, anp Fl-scops
Method Recall Precision Fl-:core
(%) (%) (%)
CNNLSTM-ResNat50 & = n
CNNLSTM-AlexNat 82 74 74
CNNLSTM: -

MobdlaNer3 1 % &
CNNLSTM-VGG16 83 73 75
ResNat30 71 73 73
AlexNet 73 74 70
VGG16 86 78 i
MobilaNet\3 57 57 37
ADA 51 53 33
Imaze Threshold 50 53 51
Edze detection 78 7 67

VGG16 outperforms the CNNLSTM method in terms of
accuracy on the body imase dataset. The VGG16 iz advantazed
by be.ingpr&tnmedmalzge and diverse collection of images.
Its capacity to identify vanous features associated with bottle

defects, cmlpledmﬂlﬂ:erequnm’tfaracompnhensn'eznd
drverse traming set, contributes to its superior performance.

TABLEIV.  THE PERFORMANCE ON THENECK IMAGES DATASETS IN

TemRms OF REcatt, Precision, ann Fl-scors

Recall Precision = Fl-score

s ) (%) (%)
CNNLSTN-Ra:Net50 95 92. | 9%
CNNLSTM-AlexNet 89 5.1 9@
CNNLSTM-MobeleNet\3 2 0 3
CNNLSTM-VGGL6 ©80 7 8
Ra:Nats) 0 71 83
AlexNet o2 80 | 24
VGG16 85 7 20
MobileNet\3 2 62 80
ADA 3 70 75

Image Thrazhold 63 52 33
Edge dat=ction 7 63 70

Table IV presents the Recall, Precision, and Fl-score
metrics of the proposed method and the compared methods for
neck image datasets. Among the CNNLSTM methods,
CNNLSTM-ResNet50  demonstrates the highest recall
precision, and Fl-score, indicating its strong performance.
CNNLSTM-MobileNetV3 follows closeb behind wath good
recall, precicion, and Fl-score. -\mong&lemdmdual models,
AlexNat demonstrates good performance, achieving high
recall, precision, and Fl-scom MobileNetV3 exlnbrls moderate
performance with decent recall and Fl-score, but its precision
15 relatrvely lower. ADA demonstrates moderate performance
across all metrics. On the other hand, Image Thrashold and
Edge detection methods exhibit lower performance. with lower
recall, precision, and Fl-score.

8|Page
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TABLEV. THE FERFORMANCE ON THE ROTATING IMAGES DATASETS IN
1S Or Recat, Precision, anp F1-scogs
Recall Precision | Fl-score

Methods @) @) ()
CNNLSTM-ResNat30 66 71 61
CNNLETM-AlexNat 97 96 06
CNNLSTM-MobilaNet\3 97 93 93
CNNLSTM-VGGI6 Q1 0 82
RasNat30 35 38 32
AlexNet 32 e 42
VGG16 o5 o4 o4
MobileNet\3 62 e 32
ADA 38 35 36
Image Threshold 7 62 63

Table V presents the Recall, Precizion, and Fl-score metrics
of the proposed method and the compared methods for rotating
image datasets. Among the CNNLSTM methods, CNNLSTM-
MobileNatV3  and  CNNLSTM-AlexNet  demonstrate
outstanding performance, achieving high recall, precision, and
Fl-score. C.\TNLSTM\GGM zlso performe well, with
consistently high metrics. However, CNNLSTM-ResNat50
exhibits comparatively lower petfmmance across  the
metrics. When considermg individual models, VGG16 stands
out with consistently high scores ﬁormczll,prmon,andl’l-
score. ResNet30, AlexNet, and MobilaNet\3 display varying
levels of performance, with some metrics being higher or lower
than others. In terms of the additional mathods. Image
Threshold exhibits relatrvely hizh recall but lower precision and
Fl-score. ADA demonstratas quite low performance across the
matrics.

(Abbreviation) Jownal Name
Vol. JOCX, No. XXX, 2013

Table VI displays the traming time and detection time of all
detection methods. Amons the CNNLSTM methods,
CNNLSTM-VGGI6 has the longest training time on all three
datasets, followed by CNNLSTM-ResNet30. However,
CNNLSTM-ResNet50 has the shortest detection time across all
datasets, indicating faster infarence spead CNNLSTM-
AlexNet and CNNLSTM-MobileNetV3 zlso demonstrate
relatively shorter traminz and detection times. For the
individual models, ResNet30, AlexNet VGGI16, and
MobileNetV3 have consistent training and detection times
across all three datasets. Among the additional methods, ADA
has relatively short traming and detection times, while Image
Threshold and Edge detection methods have neglizible training
times but shightly longer detsction times comparad to the
CNNLSTM and mdividual models.

Overall, the experimental results demonstrate the
effactiveness of the pmposed CNNLSTM models for defect
detection on all three d The p ]z achieved
competitive accuracy Mpﬂﬁwmed\veumtmofeva!uzhon
metnics. The training and detection times varied among the
models, with CNNLSTM-AlexNet demonstrating the shortest
training time. Thesa findings can szuide the selection of
appropriate models basad on the trade-off between accuracy
and computational time requirements in practical applications.

V2 CONCLUSIONS

Thsresearchprsuisanzppmachﬁxdetecnngdefedsm
glass bottles using 2 combination of deep lutional neural
networks with long short-term memory (CNNLSTM) and
instance-based classification alsorithms. The CNNLSTM
combines two types of deep neural networks to extract features
and create a representation of class data, which is then used for

o . defect detection. The proposad method 1s compared with other
TABLEVL  TVIE TRAINING PP AND DF TECTION TIMEON THE Bopy s
IMAGES .\:;Nux IMAGES DATASETS well-known mm;i - mresuhs
- demonstrate propozad meathod outperforms defect
WARCNARI B detsction methods in ferms of detection performance.
Methods » dataset Additionally, the proposad method requires less training time,
e | | S| [ mecm~| | making it suitable for efficient glass bottle defect datection in
Rt el e production lines.
quomN L LU L. 'r as Inﬁkaemxk.mnﬂmdbe:dzndtbeappbuﬁmofﬁm
FoN-gp posad algorithm to different types of bottles and axplore
L [k | v e N T additional defect types. The flaxibility of the CNNLSTM
e T 4 ZATS JL e —en] allows for varymg the number of models and desizning
MobkNetv | 14193 ae e 004 w0 a5 customized detection layers to adapt to specific datasets.
] Furthermore, there is potential to extend this method to semi-
C \\‘ntg""M it oo 1Vaadhs ¥ o0cs \ehds . supervised leaming, enabling the detaction of defects in other
ResNetsl 1500 ot 1.2n as Taa' || os ﬂ)e e olid an zpplu:ability of our zpprox:h n defect
flexNeg 3 o e - - o ol LY detection and contribute to the advancement of quality control
VGGG | 50 a5 L) 05 L f s systems i various mdustnies.
MHIN*N“‘ 0 a3 0 as 0 T oy REFERENCES
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