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## 6070926321 : MAJOR COMPUTER SCIENCE
KEYWORD: BANKNOTES, BANKNOTE PROCESSING, BANKNOTE FITNESS,
BANKNOTE CLASSIFICATION, BANKNOTE SPECIIALIST, MACHINE
LEARNING, SUPPORT VECTOR MACHINE, SVM, RAPIDMINER
STUDIO
Thiti Kongprasert : Parameters Learning of BPS M7 banknote processing machine for
banknote fitness classification by Support Vector Machine. Advisor: Prof. PRABHAS

CHONGSTITVATANA

At the present time banknote is the most popular payment method because of its
important properties such as generally accepted, able to store of value, keep user’s privacy and
not rely on electricity or any complex technology. On the other hand banknote manufacturing
cost is a large burden to government, one way to reduce this cost is to circulate banknotes match

up with people behavior and environment.

This research presents parameters learning of BPS M7 banknote processing machine
for duplicate classifying behavior of banknote specialistsG by Support Vector Machine. This
research start from collecting sample banknotes and banknote specialists identify status to each
banknotes on their opinions which is training data for Support Vector Machine then evaluate

output model with accuracy, precision and recall.

The evaluation results show that the performance of Support Vector Machine output
model is more similar to banknote specialists than former decision logic on banknote processing

machine BPS M7

Field of Study: Computer Science Student's Signature .......c..ccceveverennenne.

Academic Year: 2018 Advisor's Signature .........cccceeeeeeeennennne.
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LINLABDILUYTU

1.5.5 Useiunalunanisandulantanieis 10 fold cross validation wiaUseiiuminuanuiss

nswusngudeya

a o

el

°

NAUDLUIANNITLUILINSUTRTAIIDTUNOIAINLASUNTTU (Support Vector
Machine) e muanuginsEnduanInsUTRT NNTEEUFHANTHUARINGWEIIY Uudeyaia
Taanip3esdnstiuAnsutng BPS M7 e lviasnsamianiosdnstiuan iannsasnaulalalndidesiu

wywdldsunsiinlusnniigawinmlulule
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Machine learning, Support Vector Machine (SVM), Banknote fitness, \A3psnstufnsutng BPS M7

2.1.1 mavyuisusudasiulsenalne

suUANTLL sz e

Tssnunaulns — Audinn1soulng

d1v15ura1sniaive / ATM / CDM

FU7 1 299smsvyudgusudasludsznalne

manyudsusutnstulsanalneddnvausduiasmuieu (Crculated Cycle) Fa1eaziden

[

N

=De

A. Augdanissudng Susudnsfigniinivuunltndanlssiuisudng
Audinnisouding ey 3 wihil fe
- SuwansudnsdndeannaudRuan dusudnssudnsinil vse sudnsUaniln sun.

- hsudnsdenisuwaniniurggniutuAniiousnsudnsidmsunyudeudnseuly

sUves sulnsUanin sun.

- MangsuUnsLaey
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B. Audduanienyu ey 3 wihil fie

- FIWTIEUTATN @1VITUANTINIENYE wag ATM WtiuAn Lensuinsh/ide

- dhsutnsidaluuansudnsiud vSe Yaniln sumn.

- desuimsiva vise Uanin sUN. TnUa1suIAsHIawd wazliukugl ATM

C. @U5UIASIIETE / ATM / CDM T¢qeiu 3 winid fe

- Wuwaaiuduanisuananaudituan

- SURUANINENY 9 Y19 f/idE 91nN1TUTETITY

o

- tudnsudns dwiidusudastinulildnyudeuss mndusudnsideiu sausuds

Auduansaly

D. Useuwu

- W On/apuluanlaainanunsuAsIaug/ATM

- thnRuanlananusuia1snag/COM

2.1.2 ﬂ’]iL%EJ‘LJiﬁ’JEJLﬂ%@Q (Machine learning) tuwmaliansinsneideyalaenisaouly

AouImesFeuFaINUsEAauNTal Toyanilavinnistuiinainuuassie uaztilusiu Machine learning

Wessuidoyauazasinduaunisieguuiiugiuvesdoyaiindundews Ineduiudiegnefitdhin

Seuidwalagnseiuusgdnsam

MACHINE LEARNING

JUN 2 Uszinmvasnsiseuiaaeinad

( Ty
UNSUPERVISED
LEARNING

data based only
on input data

.

SUPERVISED

Group and interprat '

CLUSTERING

-

CLASSIFICATION

LEARNING

Develop predictive
model based on both
input and output data

L

-,

REGRESSION
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Machine learning aunsauddlaiiu 2 ngu ldun supervised learning aslilumaiiensain
Sunnuaziominmvesdayaiteneinsalionsinmluewnan waz unsupervised leaming 9ztdunns

m3UuuunIelassaisiigeustvastoyadunm

2.1.3. Support Vector Machine (SVM) 1uwmaila Machine Learning Usgtan Supervised
Learning Ussinnwilsiilddmsuliym Classification iwdingudeyasenidu 2 nqu ¢ Hyperplane log
Hyperplane lduusngudayalaffaniziinainszeyani Hyperplane tuq dszgemensainlunigng

Toyaiseuinveutoyaliunign

FUI 3 NsUaENToyandeI5 TN e SHLININD TUNYTU

2.1.4 Banknote fitness t{JUN15UIUBNAMATMUIBALAZIATDITUTRT AUNNATOAIIN

P v
= '

avonilldfiinawinnedindaau nsindulassduegivinsugudiuyana Auiunsazdnduay
o N o & v vy A = co 1 <, a a ° o o &
agmmmmﬁu’umummwumaﬂwLsuwmzy 139 gunIlInApanuIdulsIunasauIavidy

wnausidusudnduls Anuazenvessulnsiulaedlngasiansananainaizesnusznau el

A. anuanUsn/anuavesutns (Soiling) Wun1sinAianuduuasfigeioundusnatnusian

4

YRNTAYUesUTRS Use UShiaatet tneaziaflaunauialu 2 dnwaue fe

=
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- Soil Density {unstharanuanusnanusazgainunfuinaade

=
3
=
=
=
=
S

n
1A
Soil Dens = In=14n

FU7 4 #296129n15%1A1 Soil Density
- Soil Modulation unstharanuanusnanusiazgainundna sy

HIATFIU

111510024

3Uil 5 A29819n15%71A1 Soil Modulation
B. 1538y (Graffiti) 1HuN15 IR UL NdE NAUNSUNIREANT19TARINT INUSIAAT
9 Anmuald Wy USamedn (Watermark), Usthaeusutng (Border) way UshanIUsEsu

(Portrait)

FUI 7 6208190150 T0WUNYS I Yo USUUATAIUNAT
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AUTENDUKANNTVINIUYBILATBIENT [12]

9wy !
. 15 )

FUM 19 dauvsznavuasvunaun1sinNIuveanasiuansutng BPS M7

A. dUAIUALLATOIANT
B. @ususuUasansunsuuan (d@esuinsnielunseasdnsmigaieniunas)
C. @un529@aUsUURTIY Sensor 61a 9 Teila

- NABAAUNINE RGB wae IR imnuaztden 125 dpi 1157 33 atu/Auni

v v
=]

- Sensor JAANUNUISUTATIUAIURTIIADUSUTRTLIINISAUNTITMasITaviun 720 AN

Inedldrungnidaldaiies 559 1
D. d@UAALYNTUUATAINaDISUSUURS

E. d@asinangsuing On-line

2.1.6 WUsuN3 RapidMiner Studio Wusemsiuasdsagusu Data science Alarmansnse
ATUNAT AIUANIIIAWSENTRYE, N130BNIUL/A319 Machine Learning model lUaunsgnsnisi Model
nlaluldiuteyasse melugendwiignesnuuuinlildanuie T wdydnualuasndeaniesiemn

Usznaulmandunszuiunisyinauidesnts luanwddetldieSeaiieviaun 9 wieaile tawn

A. Retrieve — Operator viwithiignudeya wse Model Tun wazds Output Wudeyaiiuly

G v 1
LAAIYS DL TITURD

3‘7./17'/ 20 Retrieve operator
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B. Select Attribute — Operator ﬁmﬁﬂﬁ%“usqm%’aga Input LLﬁ%ﬁ&NﬁﬁWﬁ‘Lﬁu‘qwﬁ’aQaﬁLaaﬂLLﬁm
e Attribute vnsidents wazda Attribute Rlaildideneenunidu output Tueniddeills

fwusliden Attributes sianun 22 Attributes Ine 21 Attributes Wusnfildia3essns BPS M7
Tddwmsudnduanugsulingn/ide wavdn 1 Attributes Wuaauysulnsdmsultiludiu Label

UBNIBHE

Select Attributes

exa :E exa

3‘1./17 21 Select Attribute operator
C. Normalize - Operator V‘f’]%ﬁ’lﬁ%’u*ﬁm%’auﬂa Input 131 Normalize #hesn1sfisliden 4
35 16un Z-transformation, Range transformation, Proportion transformation Lag
Interquartile transformation Iﬂﬁhﬁﬁé‘]’ﬂﬁlﬁ@ﬂﬁlﬂu Range transformation Tnerviualn

Yataya Output HA15MI19 0 T 1

Normalize

(: exa E exa

ori

N

pre

3U# 22 Normalize operator
D. Set Role — Operator NIvimthiliUdsunsomuuantnilinu Attributes Mdenl Tnafviun
winalaavun 8 g‘LJLL‘U‘U TowA Regular, ID, Label, Prediction, Cluster, Weight, Batch lag

User defined Tnglusmideillaimunliaauzasssudnsisunsssyimthiiu Label

Set Role

31/17 23 Set Role operator
E. Optimize parameters (Grid) — Operator &3umya Optimal parameters d13u

Subprocess ﬁgmﬁuﬁéﬁﬂu Operator ntumile
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Optimize Parame...
( inp 3 per
mod
par

out

i

3’1/177' 24 Optimize parameters (Grid) operator

LS W

F. Cross Validation — Operator #1vmtinfinA1Uszansn maANLLiug1ve9 Learning model %
gnus390gilu Subprocess Ay Operator BnTuwils lnefianansaimuaduIusoULeINIs
wUINguNAaaUALARIN Parameter 1831 Number of folds tngluanAdeiidantdwindu 10

folds

Cross Validation

exa % mod

EX3

tes

LS N N

per

T

3‘1/17 25 Cross Validation operator
G. Support Vector Machine (LibSVM) — Operator v 7y SYM Learner #in9dsanann
Java LibSVM 1ng Operator 923U Input {ugadoyaiieus uazfuan Output {u Leaming
model Tu Operator Support Vector Machine (LibSVM) il Parameters Mdlusmiddertoun

5 parameters 16k SVM type, Kernel type, Gamma, C lag Epsilon

[

SVM type dmsusnu Classification dlden 2 Uszlan fie C-SVC way nu-SVC luaiidedl

wdenly C-SVC

o

Kernel type flnden 5 Useunm lawA Linear, Poly, RBF, Sigmoid, Precomputed Tus3dedl
Bonld 2 UseiandwmsuUSeuiieu Ao Linear wag RBF L0997 Linear W Kemnel flidudau

Tlunsaldoyaaunsauwudlaneannis Linear vieldiiudayaniidnuiu Attributes @ du RBF

Judszan Kemel fildsuanuien munzdunguieyafifidnuvaeidu Non-linear

Y

Gamma v Parameter 79l RBF Kernel fandnanunnuwsiugivas Model 819gdaaly

Cross validation tleyAn Gamma Twuvay
C tJu Parameter fil4lu C-SVC SVM type Vi Penalty parameter Tugu Error term

Epsilon \Ju Parameter #il4i5zy Tolerance n1simunydugnvasnIsAILILmMT Model
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SVM

tra mod

3‘1/17 26 Support Vector Machine (LibSVM) operator

Apply Model - Operator dwsun1sthyadeyaulaly Model Nlasunsinaounuds e 2

I

[%

Uszasd fie neaesmAnsuuinguiuyadeyadililign Label anneaw w3e ieidunisuuas

BQ
)

‘ﬂ’auﬂaimaﬁﬂmﬁhu Preprocessing model

Apply Model
maod lab
unl - mod

3“1/17 27 Apply Model operator

I. Performance (Classification) - Operator 4@ msuAUIMLALAUAIUITANEATNTIADANT

wlanendeya
Performance
lab % per
per exa

gi/ﬁ" 28 Performance (Classification) operator
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2.2, yuAdeTiieades
2.2.1. Euro banknote recognition system using a three-layered perceptron and RBF

networks [2]

aAdsihhiauesruukeruezsudasglatessuulasmeUssamifion 2 jUuuu Téud 3
layered perceptron wag Radial Basis Function lagvinnsiseuiuuyasudnsgls 7 aliasian laun 5, 10,
20, 50, 100, 200 uag 500 gl Pidusudnslug Tnsazldfiuiinns Classification mmsuﬂmﬁlﬁﬂﬁqm 58
mm x 110 mm ausudng 5 gls ngldunasniiauas 2 wuu e Infrared wasnasUnifiueutiuldsen
wWan 9nnsveaes 14 3 layered perceptron tWugu Classification wagld RBF d1w5U Validation qagdl
Uszandanuenstunsi/ideeanainiulauinnin 14 3 layered perceptron tigsag1afe wazdnnis

°

NAaeed Infrared p9nANITTULALYIIAUSEANS A MUBIEIU Validation anasaesditidfgy

2.2.2. Learning Banknote Fitness for Sorting [3]

a v

I8

o

Nauen1sld Machine Learning Anduen Soiling 21NAWALAUAAURTNLAZATUNAT
suths TnevihnsBeuiuugnsultnggls ¢ siiasian léud 5, 10, 20 wag 50 gls Mdusutnsiuaidetis
az 150 atuseviingnn wazdeniiuiiuunmanu feature §e Adaboost a1n 5 cases ldud 3 color +
3 opponent color channel, gray scale, 8n31&@U channel blue 1ag red, 3 color + 3 opponent color
channel fiU3U align uaz offset A, gray scale A1USU align waz offset A wadwsannsldnIwad

UsedAnEn1maendtannam gray scale 10 lnglamziing1an 20 uaz 50 gls laensusu align way

v
'

offset AnuUlUTNasNSARYUBENaTALIU

2.2.3. From fit to unfit: how banknotes become soiled [4]

v
a v A

NAdeidunisfinwinuandsnuessultng (Banknote soiling) lovinnsfinwansudnsglsly
UTLNALULEDTLAUA %ﬁzuiwmmaﬂﬂiﬂﬁwﬁmmﬂmsé’i’urﬁ’amﬂﬁaﬁamwé’tuizmwmim?{auﬁa Fanns
fuiaiuasiinsietuveslduazaniuufisutng Wenawluldisuiesinduithmaviemdes
gou dunuautnsilddmsuvsnanmsutnsmenenmazgninan ¢ fuus leu nguuusuling,
A, Yinin, Anuunsewesiosulng WAZYFUITUURITUTNT Witlanunsauvsnsidenanwlgidy 4
syoy 310 sveed 1 ansulnslniudfisessu o1aveilsosiugm viodnunuTnasusuting svosd 2
dlethefidudesudasiianisaanesi aannisduda wazgnilvigu anuanysnazdiegluuiiinsesiu
svesdl 3 Wulefinsranesnunniu dmhvesudnsiiuiuainnsazandsantsn ssesd 4 dulonanesh

WinTu dudnsulnsiindy #5uTnstnadannnisiineendnturesnsiuanyusniilunesutng
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2.2.4. The Colour of Soil [5]

miﬁﬂuﬂumuﬁ%’aﬁ%’ﬁuﬁmg‘ls 4 wiiasan laud 5, 10, 20 wag 50 gls unying1A1 500
atu lnsudwsazaiiasiandu 5 ngu Fail sutnslosl, sutnsd, sutnsfiveusuld, sutnade uavsutng
fiansvinaneriuit Sruaunduas 100 atu TagldiAsnssudminequusudasflevensedumuanysn il
JEAUNTATOULE, SEAUNTEaNliMasiI, T8AUNITALYBUVDILAINEN spectrum kard18sUTATIN
nseumusneuusutng Inefifeasuanmsideduiolull sedunmsasiiouitausolfuduensutinggls
I¥Tignanunasiinu sasedunufivssana 450 nm, ssezdadndsuatulssaninmlaswnaerin
WELUUNLULaz LB IR L daLEs 2 Suastofindszansamls, ﬂ13Lﬁu%'agamwé'wﬂﬁaﬂﬁwaﬁﬁuEJ

A5 Photocell agnadnamsnzlaifinansenuainisesmnudnsiu vadnisiiuaniuazdenvanass bl

v =2 q' '

NANUNITHUSLENEUURT UaN N33z yialniANuULANANTRINTEUIUNTNERTIRYdINanIZNUAY

)

' o o v Aa a a aa' <
nMsuUensulnsiiazgly sensor NuUsgansnInvganaIu
2.2.5. Machine learning to measure banknote fitness [6]

nsdnylusmAdeilldsudasgls 4 vinsian 1w 5, 10, 20 waw 50 gls 9Nn13BTUAIRRE 3
uwnasdiaya leln OeBS Dataset Uu Single note inspection SBCS-2, 1A3asifusin Del aRue CPS 2000
LY Single side uag Double side scanner wuumnnn Tnedoyanimitemeags features dwsuiiily
L‘%Emiu Machine Learning ﬁgwm 12 features #9 1 U%LﬁmﬁuﬁLwéSmuuﬁuﬁm‘ﬁaﬂﬂﬁ] Usznoumie

a1

RGB channel wagdaAnsa1u a7n features MaunuaNLazinu1vinnsAndanae AdaBoost Wielu&e

U

o '

i 40 features MiddrydansUsuensutng Imaajiﬂmaﬁ'lﬁmﬂmﬁmaaqéﬁ’aﬁ NIATIVABUTLAUAINY
andsnvenedesinsmlazatiuiivinumed Sdunsmasssuandiiuinaisasldvarsuiiman
Usgnaunmsindu vinanmisifinsdnaswesd anuieusiswesdanas vinaaineziudsududlny
Wdps/Ama, Usnniiusiduyy niindenudnuaruneas, Ushasesiuuingnisdnuse wavauanusn
wazuTia Foil iaanufiuanniy
Bilddauolumddoiuandiiduisefunauduenaunmsudaslusiassiamaazuandstu u
sudnsulingia 20 uaz 50 gls Taududeunit mmnmsiidesldsuaudeyadiunniiwiasen 5 uaz

10 gls
2.2.6. Recognizing banknote fitness with a visible light one dimensional line image sensor [7]

nsfnwlunAdeildsudaeg® 5 vlase 1A 10, 20, 50, 100 waw 500 5T S 19,300
A Ingldifisann erayscale fidneseindesunmuuudulagldunasiiauasiidiuldsendan e
anaTududou annanszanana uagld sensor Titasflanarnamsulinsisatvasulanfuaudde
DWT Ju 4 ngy LL, HH, LH way HL sionnthluduinriade wasAndsauunnsgiusenuniy

o =

features 91nUWLADN feature NANAYLEI 2 990 8 AL 918 Linear Regression #a15419InA R? 1191989
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fluen soiling 719730 densitometer uaznlUieuiieg SYM Mseuiieuiume 4 kernel functions

oA Radial basis function, Linear, Polynomial, Sigmoid Kernel wazideanlydiund Classification error

o a

(equal error rate-EER) #i¥ign Wlotluiieufiunisnaaesiie Neural Network Tunisfnwineuniinilag
Wi EER 71ldRndnann @meaunainnisiden feature extraction anunsaidusununauninsudng

aann

2.2.1. Recognition of banknote fitness based on a fuzzy system using visible light

reflection and near-infrared light transmission images [8]

b3
a v al

nsfnwilunddeiliinsuununimsuingie Fuzzy system ngsu feature 91nN13
MEANEUURT 2 dnwady e Visible light reflection ag Near-Infrared Light Transmission Aileiainnns
Wiunmesaasestiusudnsseaudanded uaziianadeanainis 2 snvazaedowasindununin
Y] Y o aa o A o & v v 1% = 1% oA v a
5unI91N Fuzzy rule defivesisnisiinanifie lidndudeddyadayaisouivunlngiiieliinaiy
udugraaniiounu Neural Network #350 SVM wazlanaiinns Overfitting fi1n11 wana A EER 9

U

gifasndn Neural Network, SVM Waz Dynamic Time Warping (DTW) 8naag

2.2.8. A classification method for the dirty factor of banknotes based on neural network

with sine basis function [9]

a v

mMs@EnwluiIsed

o

navedauensuiasiagld Neural Network 71 Node nssndulaidy Sine
basis function Tned] Gray level Histogram (uileddundslundosiudn) filsanguamsudnsdudu
characteristic vector tiellun1siFeus mmnnsmeasssutnsiindauasfufiosny pixel Aiflszdu
arudimosdinlusedugs ludues Neural Network 4 fi$112u Node Tutiu Input uag Hidden

wiriuswau gray level Tnedl Output node gavinaanun 1 node nadwsan3sfsnanlinadnsiduiiu

v
v dudb‘Ly

nolaaunsaLenanINANLaNUSNsUTRS LA AN UTEAURAIANTY Metnssananilvenaal Ton1s

Awandliiann, wandnsain Neural Network guiniga waefiusednsaimnisuenuezas
2.2.9. The recognition of new and old banknotes based on SVM [10]

msanwlunuaseiidiauensuenseiuanuinAvavessutinsan Gray scale histogram
et InsuenuezanuInugagegavesnamiiiiwmisinsiusenluamaniwsutng Tumsuezues
anmsutes 14 DTW ulastoyalidfffvhauriou a1nduld SYM shmsusnuezsuting annmeasdld
MMslSeuimieunNuiug15EnIne DTW wag DTW+SVM U510 31anuusiugnain DTW+SVM wifiu

98.9% @eni1 DTW idntioe uadsliiaunsauwenuezsutnsnisesoudntiosldane
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2.2.10. Fatigue level estimation of bill by using supervised SOM based on feature-

selected acoustic energy pattern [11]

msAnwluenAdeiiladiausnisld Acoustic energy Wudnvauzddgnldlunisuszanuan

o I~

sEAuANINvessulns lnednandudyanaudesanmsiiusutnsidilulusuinsesdnsvessunais

@

wagldguuuuvesdygandesiananluieuiie Supervised SOM uananilEIdelminaueisiiuAIy

@ =

wiughannsdndendyanaidesissunsdiuiidrfty annmaaesliuSeuiisunsiseuiaieg SOM +

feature selection, SOM Wag Linear regression AagA1 Mean square error lawaansee N5ty SOM

Y a B3 q"

wiounsAniFendayaadssundiunddgazilen error deuiign
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M5 1 a3UeIuIengI9a9nUIMUNan W UTRT

. . Dataset
111798 U Feature Method
Currency | Denomination | Number

A survey on banknote | 2017 - - - - ;
recognition methods

by various sensors [1]

transmission

Euro banknote 2003 Euro 4 800 Pixel values | Neural Network 3
s recognition system of visible layers perceptron
% using a three-layered lisht and and RBF network
E perceptron and RBF NIR images

e networks [2]

%' Learning banknote 2011 Euro 4 9029 Gray pixel Adaptive boosting

(%]

» fitness for sorting [3] value, Color | (Adaboost)

(2]

3 pixel value | classifier

© 277

3 From fit to unfit: How | 2011 Euro 4 2000 | Porosity, asUIETUTUADY

N -

= banknotes become Thickness, NNILADUAUNINYDY

g soiled [4] Weight, 5UUNIH0N The

i Stiffness, color of soil

§ Micro

<

roughness

&

g The colour of soil [5] 2008 Euro 4 2000 Reflection Correlation

a1

2 level, comparison

o

=

o

©

3

(%]

3

N

[ee)

level,

spectral

reflection,

Age from

serial

number
BRAIN>—Machine 2012 Euro 4 9029 Average and | Banknote
learning to measure SD of RGB Recirculation
banknote fitness [6] and Analyzing &

opponent Instructing Neural

color Network (BRAIN?)

Channel
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Dataset
SeivRnLd R Feature Method
Currency | Denomination | Number

and

intensity

value on

predefined

rectangles
Recognizing banknote | 2015 India 5 19300 | Mean and SVM
fitness with a visible SD from ROI
light one dimensional by DWT
line image sensor [7] (only soiling)
Recognition of 2016 USA 6 3856 Visible light | Fuzzy system
banknote fitness based Korea 3956 reflection
on a fuzzy system India 2300 (VR) and
using visible light Near-
reflection and near- Infrared
infrared light light
transmission images [8] Transmissio

n (NIRT)

images
A classification 2008 China - - Gray level Neural Network
method for the dirty histogram with Sine basis
factor of banknotes function
based on neural
network with sine basis
function [9]
The recognition of new | 2008 China 1 4400 SVM and Dynamic
and old banknotes Time Warp (DWT)
based on SVM [10]
Fatigue level 2008 - - - Feature- Supervised SOM
estimation of bill by Selected
using supervised SOM Acoustic
based on feature- Energy
selected acoustic Pattern

energy pattern [11]
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PNWITeRNetouuIINIsuenanInsuUnIie Machine Learning dn1sihnisiansan

UNi 3

LUIAAKALIBNNSIVY

20

n579aeUlutaNINA LYY ANAIIUAIIINATNELAUSUURT, NMNELVBUINNLEIUNR, NINALNDUINNWES

Infrared, szAuAUY Grayscale uay dnvurvondssainnisganiu Wusiu Fsluanmuindenaseiy

sulnsiANazvoudsaninsuinsiviainvany Wadulzvunu wavsnazlidifetuludnwaelndnwaznils

Bnstdnauslunuideiaauelildrnemlannniednsnidussansameas srumlivainvaiedade

waziduigensuluszausumsnansdmiuiiudeyayailn Wenvziluasiadu Model uwawensulng

ol

3.1 TUMDULALITNISIVY

WnsThiausluniddeiudweenleidu 6 Tumeau liun ungudietissutng, wislszam

sudnsi/de, seyanugsudnsanmsimndesdiulng, s1udeys feature sudnsi/deudazadume

BPS M7, S9L@n9mniNInAIUana

Cash Center /

Traing Data

Process 1

b 4

Commercial

Bank

Banknote
Experts

Classify

unsorted Pricessy
| Sanknotes o Classified
Fit and Unfit
banknotes
Process 3
Label each

Training dataset

ﬁ

Collect banknotes

banknotes by
majority voting

—

Process 4

BPS M7 read
feature data from
Fit and Unfit
Banknotes

F 3

Algorithm {SVM)
Classifier model

Y
Process 5

Training with
Machine Leamning

Process 6

Evaluate classifier

Mot accepiable

output model

Acceptable I

End

JU7 29 Yunaun13as N Model uvsuensuins

collect more banknotes
I ————
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3.1.1 AUNgUAeEIsUTnT - iumedisudnsdlifumnannguituan wdniinagud
Guanlfifufnuazdsutnsiudonduniisuinsuissemelng Tasdnunuisuisveunsiudasudas
szuiauensuingdnseuiinensutinsdnensuslungusutingide TunmAdeaziiusudnsadasan 100
U WUU 16 e wuusudasisdn seddnlunssamnsansaasumniianiiliuianssumannianss

Usiiunsumaiinaenaeiny

FU7 31 amidmunmduazarunaisudasyilnsing 100 vam iszan adedrilnluwssuningansaaisu
winigadlduianssumasnanszUsdunsuniginaagaginy (aanldasusiui 20 fueggu 2560)

3.1.2. WUUZLAVsUURSA/AGY - theuthsiAvundunguiiogns veausiuiiedudinny

AneeslirisdanensuinsaunInagldd e dusudngd 5,000 atu way sulnsidy 5,000 atu

LY =) ! ! 1Y v o o Y ' {
3.1.3. syyanuesuUnsINMsimadssdiulng - wawnildsudasngusiedeidy
sudnsfl uarsudnsidenguag 5,000 atuuds Tisunsseyanugsudnsiiasau anviiun 3 au lagas
aganuzvassuinsudazatiunuszyanIugIINsuUNIisyywmilouiuegeilay 2 910 3 AU AN

RVGRN
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Unknown status

I O

: Sorted by

1 first

. banknote expert ppkuosmSiaies Unknown status

] 000 @00

‘

I @, Q

: Sorted by Fit l Unfit
I second

. banknote expert Fit banknotes Unknown status Unknown status Unfit banknotes
: 00O

‘

I

: Sorted by Fit Unfit Fit Unfit

I third

. banknote expert Fit banknotes Unfit banknotes Fit banknotes Unfit banknotes

: o X¢) ceeoe @00 0@

FUM 32 nszuaumsszyaaruzsutnslaeidedaulvgjainsuns

3.1.4 81Uv0YA feature SUUNTA/FUAAZATUAIY BPS M7 - thndusulingildszy
anuzuduilusuadnerdosiudn BPS M7 fiazngu wieanassyanugildsuansunsadluludoya

ieidudeyayaiieus

3.1.5 @319 Model WULeNSUTRTIIY SVM - tihdayayaiFouiitldlilin Machine leaming
model TuaAdsil 1den SVM titeaina Model 1asainifiu Machine learming model fiflauansnsags
Tufutymmsudsusndeyaifuaosngs Tagldduiunsuu RapidMiner Studio tielwldnadndiiu

Model wusuensuUnsaanin

3.1.6 USZhIUNE Model WUdaNsUURS — ndsaniilanadndidu Model wlsuonsudasean
11UA7 VN TUsEIIUUIEENENINNITLUILENAN 10 folds cross validation LﬁaﬂmmAccuracy,

Precision Wag Recall Liteuiiguiu Model fildagifiu

3.2 Yoyailaruansulnsyntoyaseus

FMUIUSUURSAIEITI9TNR 11,235 adu
ﬁi’m’mﬁuﬁmﬁgﬂszqLﬂuﬁuﬁmﬁ (Fit) 5,216 aUU (46% V095UUNTAIDE1VIIAURA)
ﬂ"m’mﬁuﬁmﬁgﬂszqLﬂuﬁuﬁmﬂﬁa (Unfit) 6,019 a0V (54% Uo95UURIAI0819919%UA)

91U Features sUURSNIE1MSUNNTAS19 Model 21 features
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715799 2 A7 Max, Min 4ag Standard deviation

voyyavoyalseuy

Max Min Standard deviation
Attributes
Al Fit unfit All Fit Unfit All Fit Unfit
Tape area 320 32 320 0 0 0 6.2 0.7 8.5
Tear area 80 28 80 0 0 0 24 1.9 2.7
L Uv (front) 942 771 942 49 57 a9 44.6 38.4 44.2
R Uv (rear) 528 528 502 66 75 66 21.6 18.3 23.1
Soil dens 229 207 229 168 168 172 7.7 5.0 6.5
Soil mod 424 363 424 87 87 97 97.9 100.9 85.5
RL Defect max depth 147 35 147 0 0 0 4.2 1.2 5.6
RL Defect total area 2745 263 2745 0 0 0 40.6 8.2 547
RL Hole total area 280 24 280 0 0 0 3.0 0.6 4.1
Stain Border back 500000 | 500000 500000 0 0 0 58006.8 34518.4 71835.6
Stain Border front 500000 | 500000 | 500000 0 0 0 | 190220.0 | 146590.6 | 214426.3
Stain Print back 200720 17872 200720 0 0 0 9529.3 862.7 12706.9
Stain Print front 146112 7952 146112 0 0 0 4674.0 341.7 6172.2
Stain white field back 97072 31504 97072 0 0 0 28379 866.1 3712.0
Stain white field front 91648 4384 91648 0 0 0 4534.4 229.4 6093.4
Ir Foil 1 1 1 0 0 0 0.3 0.1 0.4
RR Defect max depth 145 32 145 0 0 0 4.2 1.2 5.6
RR Hole total area 816 24 816 0 0 0 7.7 0.5 10.5
Lead 1000 1000 1000 0 0 0 85.0 58.9 101.8
Max folded corner 5867 481 5867 98.0 28.5 130.8
Max missed corner 4227 221 4227 0 0 0 53.1 10.8 71.8
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#1579 3 A1 Max, Min Uaz Standard deviation vasyndayaiseu;

24

Mean Median Mode
Attributes
All Fit Unfit All Fit unfit All Fit Unfit
Tape area 0.3 0.0 0.5 0 0 0 0 0 0
Tear area 0.9 0.6 1.0 0 0 0 0 0 0
L Uv (front) 142.6 125.3 157.6 149 125 164 168 93 173
R Uv (rear) 115.7 110.2 120.6 113 108 118 112 112 115
Soil dens 192.0 186.6 196.7 192 187 196 190 188 195
Soil mod 263.0 230.1 291.6 319 298 331 331 113 340
RL Defect max depth 0.8 0.1 1.5 0 0 0 0 0 0
RL Defect total area 3.8 0.5 6.6 0 0 0 0 0 0
RL Hole total area 0.1 0.0 0.1 0 0 0 0 0 0
Stain Border back 10124.8 2738.2 16526.0 544 80 2320 0 0 0
Stain Border front 90505.0 | 47839.3 | 127478.7 896 208 3456 | 500000 0 | 500000
Stain Print back 2506.0 367.0 4359.6 272 0 1232 0 0 0
Stain Print front 1480.3 216.4 25755 224 112 672 0 0 0
Stain white field back 1019.0 4a07.7 1548.8 256 80 560 0 0 0
Stain white field front 924.0 60.3 1672.5 0 0 64 0 0 0
Ir Foil 0.9 1.0 0.7 1 1 1 1 1 1
RR Defect max depth 0.9 0.1 1.5 0 0 0 0 0 0
RR Hole total area 0.1 0.0 0.2 0 0 0 0 0 0
Lead 947.5 955.7 940.4 966 972 960 998 998 986
Max folded corner 12.3 4.3 19.2 0 0 0 0 0 0
Max missed corner 5.4 2.5 7.9 1 1 3 0 0 0
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3.3 Jayan1snsAdmiuasne Model wusiensuldnsme SYM Tu RapidMiner Studio

Normalization @1 Features A5UaNLAID BPS M7 Iﬁagﬂusﬁl’sd 0fe 1

Cross validation wdants 10 folds cross validation

SVM Parameter 71319 grid search

- SVM type:

- Kernel type:

- C (penalty):

- Gamma (lunsdl RBF):

- Epsilon (tolerant):

C-SVC

Linear, RBF

1 8 200 (WfinrnSeay 20)
1 84 200 (finFnSeay 20)

1 89 200 (iwAnadsas 20)

26

Ve
Retrieve Select Att Normalize Set Role Optimize Parameters (Grid)
c out q exa exa D (] exa T°H ean q exa [T.1 exzD Q inp 3 perD L
on D e on D # ori D J inp mod D s
prep parD res
J out[\,
N //\\
' )
SVM PO Cross Validation
_ dn: % m:\d[) pe
o '?')D mod
.5 : ) out
per ['\
v'.' )
! //\\ 4
( A
SVM PO Apply Model SYVM PO Performance SYM PO
tra q tra mod |) mod mod q mod lab D (] lab per L\" tes
. exaD the L q unl *  mod D \] per exa D pee
‘ the per
. J

JUN 33 nmuansurusiansviteunelulusunsy RapidMiner Studio
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3.4 A1 SVM parameters Fmnzausie Grid Search

27

ADUYINASIUS B U UUSEENBAINALYININITUIAT Parameters ETRSULAAE Model NIRRT Accuracy 7

qqﬁqﬂuﬂhwm Parameters ‘ﬁr‘h‘wum

A157991 5 a3UA7 Parameters #ilAa1n Grid search

Weighted Weighted
SVM type | Kernel type Parameters Accuracy
mean recall mean precision
C 140
Linear 87.29% 87.38% 87.23%
Epsilon 1
C-SVC C 200
RBF Epsilon 1 87.51% 87.63% 87.46%
Gamma 1
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undl 4
N15USZEUNANISIVE
4.1 1neinsUSEAUNANTTINY
Mesuiidenldrfiviuendaseavsamuosnisulaensutnsiean 5 §aTa Taun

4.1.1 Accuracy AIUDNI1 Model wishensutnslaududuiiodds IngAiuamain

True Positive+True Negative

True Positive+True Negative+False Positive+False Negative

4.1.2 Recall ngusudns Fit A1IUEN31 Model wusuensedns Fit 939 Wudadauvile

Ya95UUNS Fit 9399991UA TABAIUINIIN

True Positive

True Positive+False Negative

4.1.3 Recall nqusudns Unfit AUENT1 Model ulawensedns Unfit 959 {Wudadu

WINbAvaIsUUAS Unfit 959919914

True Negative

True Negative+False Positive

4.1.4 Precision NgusuUns Fit F1fivend1 Model udawensudng Fit gnses iWudadu

Wwinlaveasutns? Model wanidu Fit Misyun

True Positive

True Positive+False Positive
4.1.5 Precision nqusuUms Unfit  A17iuendt Model wusuensudng Unfit gnies iudndin

Wwinlaveasutns? Model wanidu Unfit vianun

True Negative

True Negative+False Negative

o

IngluanAdeilieuanuanevesusasngusuinsiiuuen fall

- True Positive (TP) Aasutnsit Model wenilusulng Fit uagsunsszyanueidy Fit
- True Negative (TN) fiasutnsil Model woniusutng Unfit uazsunsszyuaniuzu Unfit
- False Positive (TP) Aasudnsil Model wanidusuling Fit unsunsszyaauzidu Unfit

- False Negative (TP) Aosutinsfl Model uonidusuling Unfit uisunssyyaauzidu Fit
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4.2.1. NAANSATARLENSUURTVDILAAY Model

4.2 WiguileuusgavsnmmsiuAnvesaiesinsiildeginuiu Model 1ldann SYM

A15991 6 HaawsnITARUENsUTATIINKaUlYN1sdRduTavwATNTUAR BPS M7 idlaginy

True Fit True Unfit Class precision
3400 563
Predicted as Fit 85.79%
(30.4%) (5.0%)
1812 5427
Predicted as Unfit 74.97%
(16.2%) (48.4%)
Class recall 65.23% 90.60%

15N 7 HAGNSNITAAKENSUUANTIINNTITAN Model n15uUaienag SVM - Linear Kernel

True Fit True Unfit Class precision
4621 833
Predicted as Fit 84.73%
(41.1%) (7.4%)
595 5186
Predicted as Unfit 89.71%
(5.3%) (46.2%)
Class recall 88.59% 86.16%

A5 8 HAANWSNITANKENSUUATINNITAN Model n15uysienaae SVM - RBF Kernel

True Fit True Unfit Class precision
4660 847
Predicted as Fit 84.62%
(41.5%) (7.5%)
556 5172
Predicted as Unfit 90.29%
(4.9%) (46.0%)
Class recall 89.34% 85.93%

4.2.2. Confusion matrix ¥89usiaz Model

#157991 9 Confusion matrix 9nieulynisanaulavuasaiuan BPS M7 Vidagias

BPS M7 Logic LAyl

Linear kernel SVM

RBF kernel SYM

True Positive 30.4% 41.1% 41.5%
False Positive 5.0% 7.4% 7.5%
False Negative 16.2% 5.3% 4.9%
True Negative 48.4% 46.2% 46.0%

29
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50.0% 48.6% 46.29% a6.0%

41.1% 41.5%
40.0%
30.4%
30.0%
20.0%
10.0%
0.0%

16.2%
7.0% T7.5%
= 4.8% 53% 4.9%
= HEE Em
. o
o
B True Positive True Negative False Positive False Negative

[ BPS M7 Logic Lfiy [ Linear kernel SYM 1 RBF kernel SVM

FUM 34 upugiinwuans Confusion matrix N15AAKENsUUATINNSANUARE Model

4.2.3 Wsguwguuseansanilaannesas BPS M7 1iu iU Model fil@ann SVM
18991079 Model NM5wUensUURSIIN SYM 1da 3gvinsilSeudisudse@nsanveauwsay

Model mginasanisuseiiuainde 4.1

@159 10 UszansnInitlaainiaies BPS M7 1hs /U Model #ilaan SVM

Classification model
Performance C-SVC type
BPS M7 Logic
Linear RBF
Accuracy 78.80% 87.29% 87.51%
Recall ngusudng Fit 65.23% 88.59% 89.34%
Recall nqusudng Unfit 90.60% 86.16% 85.93%
Precision nausudns Fit 85.79% 84.73% 84.62%
Precision ngusudns Unfit 74.97% 89.71% 90.29%

8¢ :bds / /¥ :60:TO 29522080 :Ad91 [ S1SdY} TZEYZ60L09 S ISAUL ! NO |||

4.3 AU Model Nl@a1n SYM
AMNNSRINTUNAMINVBILAAY Attributes 7970 Linear Kernel SVM model wandliiliiuin
4 Attributes usnaulgia Ir Foil, Lead, Soil mod waz Soil dens darudrdguin lnsfliuuingiuiuda

udadiuninda 86.20% w83 Model
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A1599 11 A1@5ureLas Model #l#ain Linear kernel SVM

0220€.690%

Attribute Description Weight Weight proportion
IR Foil ardndiuiufiazeusoliaiounas IR uu Foill | 256695.5 30.30%
Lead ATIVFDUVIUIALAU Foil 248607.9 29.30%
Soil mod msaaﬁwaawuﬁwawaﬁwﬁhmLuuuwmigwu 128061 15.10%
Soil dens ATI9ANANULUULRAHL 97840.4 11.50%
Stain Border front aseseuteuuwTaus UM suTRs 51629.9 6.10%
R UV (rear) As9MsazeuLas UV anfiuiignumdssulng 28291.7 3.30%
L UV (front) As19MsEztauLEs UV annfiufignumtsudng 26614.5 3.10%
Tear area mwﬁuﬁaﬂmmuﬁuﬁm 2518.9 0.30%
Stain Border back ns19seeuLUTBUSUME IEUT RS 2303 0.30%
Stain white field back as1asosUouUs et i uns sutns 1506.2 0.20%
RL Defect max depth Apudnsesdninniigaainsunthsuling 469.3 0.10%
Stain Print back As19seUTeuIUA MUSEE S UME ST RS 953 0.10%
Stain Print front A51950UUDUUVUNNUTEBTUAUNTNSUTRS 720.7 0.10%
RR Defect max depth AAnuEnsesdninniigaainsundssuting 466.5 0.10%
Tape area miiﬁ]ﬁuﬁmiammﬂma 60.8 0.00%
RL Defect total area NasiuAianYIn VT VanuauLsuURs 103.3 0.00%
RL Hole total area psiufinsaesTmmndundasutas 22 0.00%
Stain white field front as9seadeuuInamE g unsuTas 408.5 0.00%
RR Hole total area psniufimaessmndumiisutig 3.4 0.00%
Max folded corner ATIVNTRUYY 280.6 0.00%
Max missed corner mmmiaﬂmm%nmgmuﬁm 246.5 0.00%

Bias (offset) - -4.751 -

8z bes / 1v:60:T0 z952,080 :A2at / sisayy 1zeaze0.,09 s tsaur i o (I
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uni 5
unesy

5.1 @3unanisive
Model MIUUUeNsUTRTIINNEITHUINANTTUYBIBUNTAIY SVM @13nTafmIANgNABINTS
wiskensudnslalnalAesiusuns innidnnuanisinaulanuisiegluniosiudn BPS M7 launta 8.71%

%9 Model 9119270 Linear kernel waz RBF kernel Tinanlndi@eaiuuin

dofarsanluseaziBensmimingiliann Model ves Linear kernel SVM azidiuin Features n1s
asuRsTdmaiunsuUnguaninsuasnniian 4 §usu 16 Ir Foil, Lead, Soil mod uag Soil dens
gy Tnsdadiudmiinanits 4 features fiidvEwadensutsnguanmsutisinnie 86.20% veq
Model Fadullufimmadeafusunsmaamuduiussenineiuusan mesd 4

o

dniifuiladoddyivilisunsdadulassyamuzvessutnndusudnsiviods  azanandd
Funalddedonddn fuduldannudian Foil wieusnaiinsadeuas UV Wudmfidiuanudouanin
e Srdusenilunnusuuiosutng wie Soiling fifevnetudeafufuanidseduiingldviinisdnw
\Renfumsidenanmvessuling %’ammeé’nLﬁmmmmnﬁwﬂuuuﬁmﬁwwwé (sebum) Hadlude

NS¥AESUUATHATLNANISERNTATUNANSIURLUEWMADIAEN

'
o o a

5.2 Jgymnagdodnniannuainnsive
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