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Abstract

Nowadays, the bad odor is one of the top problems of air pollution especially in

industrial areas. However, to let humans directly touch the odor may be harmful to
humans. Therefore, the authors have studied and developed machine learning model
in order to recognize the odor and to identify the type of odor by combining the
shallow and deep learning for odor classification. In this research, three odor data sets
from the electronic nose are used to conduct the experiments. Each dataset is divided
into training and test set for selecting the machine learning models and combining
them together to create the ensemble learning model by using the adaptive boosting
method for boosting the efficiency in classification of odor types. The experiments are
conducted 10 times. The average accuracies of the proposed model, the ensemble of
the support vector machines, the ensemble of the decision trees and the ensemble
of the deep neural networks are compared. From the experimental results, it can be
seen that the proposed model, which is the combination of shallow and deep learning
models including deep neural network model, support vector machine model and

decision tree model, gives the better average accuracy than other models.
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2) WisuitsummuusiuglumssuunUsziamvesnauanmsiseuiveseioauuusiis
q sreFsmsvnmauulugieas Tnesudunsmaaewioan 10 assluusaziuna

3) Wisuisunailtlunsdifunureansduunlssnmvesnauresmsioudves
AIDIULAS 9 FeBnsAadesrezialunmsduun Tneduliunismeassiomn
10 ailuustasTing

0) uATeilgatiufinsUssgndldniadouduuusiungy (Ensemble Learning) de3ims
wwvozuaUfiviyais Fadunsiaunaiunindousidau (Shallow Learning) wagnis

158U31898n (Deep Learning)

¢ J Y
1.4 Usglgvinaindnazlasu
1) anansaduunUssnnvanaumelinansisouiveniotlaogauiug,
2) annsainlueanisseugiuuTungululdivussnnveanauau q la

3) anunsadnilussendlilumsudafiouindnduiulanvaey  wis  [Wudunsieligm

Wendaelasunsu
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(%4

NOUHATIUITENNYITD S

Tuunilaznamimquififendedddud  n193ouiiBdn  (Deep Leaming) lasstie
Usvamifiouuuudin (Deep Neural Network) msi§oufidsiu (Shallow Learning)
FunasnINmBsLLYTU (Support Vector Machine) suld@ndula (Decision Tree) undwiug
(Naive Bayes) 3’%mnﬁauﬁ’mﬁ1ﬂ5ﬁqm k 1 (k-Nearest Neighbors) n1sannesLaLey
(Linear Regression) nsannesladafnd (Logistic Regression)
Mai3uiuuUTIungy  (Ensemble  Learning) ozuaufislyaiis  (Adaptive  Boosting)
unsiieuyafa (Gradient Boosting) tandriuunsifivuyais (Extreme Gradient Boosting)

Uuuudu (Random Forest) ayndidnysetind (Electronic Nose) waziuidefiites

2.1 nquNNeIYa9
2.1.1 Ms38u3I8ean (Deep Learning)

madeusiddnduduninoimatouiveseiesildmamunuuumaeiulngld
TnssneUszamifion (Artificial Neural Networks) nst3sudansnsaiduldvisnisGeusuoud
Haou (Supervised Learning) matseusuuuliiisfaeu (Unsupervised Learning) wagnis
Fusuuuladunse (Reinforcement Learning) TnevhlvesnisiBoufidednde n1sBouiild
mMsfwauuUnay q tu Jeyadunsluusiasduldinanuadnanmsdunuresduney
i sadnmsGeusidednmeiutsudinsasvoddeyalunassedunnniy  dufe el

PIUNUTUVDINITAIWINUINTY ANwazvoslayaludugs o Aazdlianududounniu

anUnenssunsisousitedn wu lasswigdszamieunuudn (Deep Neural Network)
Tasetemuiedouvudn  (Deep Belief Network)  lassdeuszamifleuuuuaug
(Recurrent Neural Network) uwaglasaineUszamifinuuuneuligiu  (Convolutional
Neural Network) ﬁiﬁgﬂﬁﬂﬁwﬁummﬁ’m 9 19U ANTIWMBTIVIFY (Computer Vision) N9
fﬁi”n?{ﬁm (Speech Recognition) N135UszaNaNaN11533UY% (Natural Language Processing)
MInseuAIaTIeNIsdeny (Social Network Filtering) 1a3aauian1w (Machine Translation)
Fansaume (Bioinformatics) N1508AKULET NMTAATIBRANNNITUINNE N1IATIAABUING
uazlusunsuinunsean Gldnadwsiidieuvinuazluuensdfimieninfidergduagwd
[4-5]



2.1.1.1 lassvreUszammiisudean (Deep Neural Network: DNN)

TassneUszamiieuddndulasieussaimiion (Artificial Neural Network: ANN)
TuSAAY (Hidden Layer) vanedu @eogseninetudunn (nput Layer) Wasdiuiedng

(Output Layer) lassigUsganiisahuuanansnsamuiumnisndineansiiofeutoya

a

Bunalidunasnsiifeinisld tnelasane (network) AwdnIsAMUINLUURAETUNDIIAT
ruaziiuveusasnadns degruty DNN Algsunsinasuliandaeiudgiveziu

Ao 1 ° i 2 A o <, Y 1 v & &
Amamvua kaziwInenuiaslungiuaelunmasduaeiugle  waglvinadnsidu

o A

v 6 = 1 & =
AUNUEUINUANUUIILTUNNTIER

TnemlulassneUszamiiendumaluladfiadaduiiodnassauewosmyyd

lnglamgnsandnguiuy Aieavgvateaufviundlasaieyszanniisunuuaniy

Y

] (% ]
aa v a =

159 NATUEAAUTOY TENIITUBUNARALTULRIANALNNNIINTITY  FatuSanuLAAsTY

€

[% '

[
Y [y

WUNUATUTUYDIAMEN WLl nsldaundfyegramilsvedasaingussamiigud
fudoumaniife  nsdanisiudeyailidlassaie  FsnsSeudddnuaniiduzuuuunii

YoiMsEuTveaTasillassaiemluvedlasengUssanniiendadneaguin 2.1 (6]

Input Hidden Hidden Hidden Output
layer layer 1 layer 2 layer N layer

‘\VV”
S\
O

20K T XARY
XN XY
@

Q

1l

U 2.1 1as9a519bA5998USeamnguwuuan

€aNl



2.1.2 M338U3LTIAY (Shallow Learning)

= v a & &, = o « A ° = & A | |
ﬂ']iLiEJUELGUQG]u L‘IJUﬂ'ﬁLiEJUESUBQLﬂi@ﬂ‘mﬂﬂqiﬂqujml,wgﬂLLﬂGUTJL@EJ'J LYU Iﬂiﬂ?ﬂﬁ

' (% (%
aa U a o

Uszamifigy (Neural Network) Afldugamuiisedulied fagui 2.2 [7]

Input Hidden Output

layer layer layer

5UN 2.2 laseaialasesnguseamiiennuuiu

2.1.2.1 dwwasaanmasiuydu (Support Vector Machine)

dnmesnnmesuwdu (Support Vector Machine: SVM) dulunanisseusuuudl
Reapuilddmiunisiuundszian (classification) waznTIATIEVINNTAneY (regression)
Weldsufetanisinasundazdn Tumaagiuneindulssivlaussinvnilsanass

Uselan Faus13gi3enin Msduundseinnuuuluund

¥

SVM ulamansuunussiamuuuidady wagnsseuiues SYM asdunswdu
1 Ao = o (3 < ! a v v 1
WU4 (Hyperplane) ifingaianansadiuniodnadugengy lnsund Hyperplane laazeg

[

nananeseninangudeyaiiivuali

UYDNNLDAINNTIUNUTEANBUULD LAY SVM Fagunsasinnisanwunyseennuula
Wadulalaenslaflsidunesiua (Kemal Function) weudastoyaludaiifngavuluysal

AENYaME (Feature Space) Nianunsadnuundayawuuidaudule [8-10]



2.1.2.2 duldinndula (Decision Tree)

suliidindula (Decision Tree) Wuwmadiansieuiveesesuuuiifaounilasaiady
sulinldlunsdndulys Fauszneulume Tnuanielunldununisneaeunnanumue Al
WIUNAANSYRINISVAdRU  warluualuiunuUssinvvestoya  awandugun 23 auld

anauladuluaildtuunnian Wesandanuates wivdn wazldaude [11]

Wuannaula

wunlu Twunlu

5UN 2.3 Tassafravewiuliidndula

2.1.2.3 u1dniud (Naive Bayes)

fawunuanug (Naive Bayes) uluwanisiuunussiandeyailivdneiiuiige
& =t I & = ¢ , a =g v a
Jusaeguuiiuguremauivenud (Bayes' Theorem) uazauu@giy  #lvinisiinves

wignseling 9 1Wudasgsieiu (Independence)

Muuali P(h) Aoanuazidufiazifiamanisal k uway P(h|D) fennuiuiaziluiay
Wawensal ko Wefiawenisal D 3nfmiwlsidmuatazwifangeresudnauise

wemgnsaiiisanlianmsiinveangnisalnig 9 leaseuns

P(D|h) * P(h)

P(D) (2.1)

P(h|D) =

(%

wdWuglesunsAnyogninineiusnmsse 1960 wazdinaduitnugiudmsu
MsduunUsenn fegiatu nsduunenaisiludssinnlaUssiaymile W Wuauus
wiohiluaudy gnnguanevielignnguune Awwsenisdies Wudu wenanddmuly

LOUNALATUNITIRIRNIINTNNST WUUDALULIR [12]



2.1.2.4 Fnsiieutiuillndiiga k ¢ (k-Nearest Neighbors)

aa d' v A vl o & aa ° o 1 °
’JﬁﬂqiLWQUUWUW&LﬂaVI?j@ k 7 L‘Uu’lﬁﬂ'ﬁaqﬁi‘Uﬂ'ﬁLLﬂﬂQJJ‘VF']ﬂ']T‘ﬂ']LL‘UﬂUigLﬂW

(classification) kazNTIATIEVINITANNLY (regression) lagn1suideyaninaigafiaiudeyai

' o
Q‘ v = o 1

auladiuou k f uazgideyafindrerdsiudinlugdulssavlafaglinaululsznn
YostayaniduIInaaly k Aty
lpgnsmsseeieseninusiasiiuls  (Attribute)  nganilslugaBngamilsanunse

AIlea1n Euclidean Distance AIaun1Si 2.2

Y G — yi)? (2.2)

mMsduunUszanves k-NN Snadndiiunana Inesiendiliseiiles doyaszgndauszian
muezuuudssiiannueaiiouty  dwmslinsizianass  Tedwaduddmiudeya
Tnenfunsviueasianios mildudieds (derisegiu) vesdmeniiouthuillndfian k
#n [14-15]

2.1.2.5 nsanasudady (Linear Regression)

nsonneuidudy  HuiSnsmeadfegnwmidaildlunsAnumannuduiudseninsiuys
foust 2 fMAUlU Wud faudsdiu 00 wasdudsau () Taelumnuduiusuuudadu
(Linear) @ansauuslailu 2 Ussiande Simple Linear Regression Usgnaumesiilsnu 1
# uazduUsia 1§ idunsaeguuuuasnsadamaniidunismeinsalmvesiouys
A3 LU NINENSaiNansaeuUaennA Wens1ukan1saeunatania wag Multiple Linear
Regression Uszneumedudsaudaud 2 dTuly wasfudsay 1 @ Humsmeunnves
AwdiusiazaiegUuuannsmendnmaniiidunswensalmvesinuusa Taglden
wsBasgiidnw wWu Anwieaduiussenineety we Jgmlunmsvihaou avsdauddu

v W v & v i = & v
AseuaTs fuanuaniiunaveselulsmeuauianils iWusu [16]

2.1.2.6 nmsannaulaldaAnd (Logistic Regression)

a a s I a a € aa a 1 Y & =
nsanneuladannd LUUL‘VW’]UV’]ﬂWi’JLﬂi?gﬂﬁﬂﬁllf‘ﬁﬂﬂmﬂ’]w wuslally 2 Uszanfe

Binary Logistic Regression Wiusuusenuiifiaesenidululy © fu 1) wu

[y

naunTwnnsaliunguilativnnisel wag Multinomial Logistic Regression ldfusiauys



A ! ! | a Y a ° ~
MUY 2 ngu W lsanenunadlinesgiunsiiuinisgs diunane uagen laed

Wwnewieviunglenianazifiawmanisaiiaula [17]

2.1.3 M13138U3UUUTUNEGY (Ensemble Learning)

nsiSeuiuuusiungy (Ensemble leaming) Wumadafilflumsiaunlunavansuuy
defiumnuusiuglumsiue - lumadsuiuuununguduiduuniideusevansdiazgn
smdshefuiieaiisiduuniiuiunss  ydeyaildlunsilnaeusiduuniisouneusas
shtugnadtunnyndeyasufudieTBynaunsy s uuniiseuneazINfuiioain
HARNSEAYINY Im&JﬁwmaiﬁiumiﬁmLmﬁ'?wmmﬂ@ffsﬁwLLuﬂﬁa'auLLa Wy wAlA  Bagging

Boosting ey Stacking [18-19]

Dataset
Dataset 1 Dataset 2 eee Dataset N
Classifier 1 Classifier 2 oee Classifier N
Combine
A\ 4
R
Output

| —

JUT 2.4 WA mMIASIasaweInIsisusuuuTIdngy

NFUN 2.4 ununmlassasswedinanisiseusuusunguisuauaInnsinyateys
wusdugadoyagesnudiuiudidiwun N 61 uazthusasyadoyadesinaausiuunsis 9

waznaunauiuunilsmsmeiinnng o Feazldnaansoanu

2.1.3.1 asuauiinyeRs (Adaptive Boosting)

avuAUTinyaRs ¥3e AdaBoost (Jumeliafieanuuuiniiienilamanuudugn lay
USuasudiseungeuue (weak learners) lUUKITEuUUTIMNTA (strong learners) lnsyatoya

lddmiunsiinaeuazlisumsusuanuiniziuegweiioaiiedadulmlumayuiulud



nausnetnaitlillddaussian TuvensdlenavillihiAn overfitting 3nnnindane3fiunsiFeus
Ju 9 LﬁaqmﬂazLumJﬁV\qua(??qﬁmméauim&ia%’aagaaumu (noisy data) HazAIHAUNG
(outliers)  TawalutugainsenananedudBouiiuiunsdasnufidouiisounaddety
[20-22]

2.1.3.2 unsAEUYERAS (Gradient Boosting)

unsifeuyais  dulieaiffuguanandulidadule  Sdlddmiunsuddymnig
SuunUssnwarnsannes  lasunadisuyaisaraeiulsiusuudedeaty Sunmusay
Fuazduendnavesiuieunth  laefluuiAnfonissunguiiSouiiseunsiioadnediSoud
waunsdlusuuvumsidifteandfianainfiinnnduliiFaduladounthiesanai
Gradient Descent fuiudaneifiuilivnamsiines (Fuuszans) vesilerduiviili

cost function fetieeiian [23]

2.1.3.3 nYn3aunsihuyans (Extreme Gradient Boosting)

¥

PNGRSULNTFREUYARY Y30 XGBoost ulumaniiiugiuandulddndulanlnaeusie
fuvate 9 du leedusarsulddndulatziSeusandeliananvesiunountd vilviay
waugtunsvingazuiug N TuEey 9 Welinsseuivewiulinetosiuauliaudnuin

a v A Y a Y Yy Yo va o
Ne LLaSIlILWaQWWEJWLjEJungl@‘llJL‘Via@gﬂLL‘U‘U‘YJE)\TT@N@W@']@"U']ﬂG]UINﬂE)UVUWSLVLifJUE

Tnenendniuunaifsuyaradulunaiivfulsafumfunnlnnaunaiouyaidis
prwannsodiiuinty  nefldmiiusuusaiutunldun Regularization  thuaansiin
overfit 1 Sparse Aware @11509AN13AU missing value 8nlutiA Parallelization @wnse
MULUUIUIUAUTIUIU core W89 CPU 1@ Wag Cache Optimization vil@snsald

hardware laagnadiuszansnin [24]

2.1.3.4 Unuuugu (Random Forest)

Uwvvdy  Wulueaifiiugiuanainnisiidulddeaulaunsududunsdeuduuy
unguilisulideduladiuiunats 9 du dmsunisuwunissny waznisanney laed
Tuuduldasd 10 du aufwnnndt 1,000 fu winnsveslkuugufe Mydudeyadnyn

Joyaviavian  llaveyanlimiloudiuesnin n an sudwwiulyl wazadlueanuld
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srduladmsuwiaryadeya  ntuvinsTkariiNsenudazlieg  (bagging) LU

35113 voting Tunsalnsinuunussan wie anadglunsalnisanase [25-26]

2.2 ﬁlgﬂalﬁﬂwiaﬁﬂé (Electronic Nose)

dosnanuaansalunsssylssanvesnauresyudiuliniuasditedidn  an
Jadonseduneuen vannuseud ensual anmeinie vide gaumgll daudd we. 2525 14T
mAduileanmaluladiGonin  andidnvseind  Tsaunsonmadulazandindunay
savdld duneuvesnszuaunsiiitusdediumsaunautesywduagyiuihiiiientssey

MaUSeuiieu nsmusuna waznsldnudy o sudinmsdanudeya uazmsisloya

ndidnvseind Wugunsalfiiinguszasdiilensiadunduniosanid Tutimessud
dunmelulagnisnsaadunedidnnsetnd  lasunsiannegsntumavaiauasids
widled Jensmsradumedidnmsedind vanefls enwansnsalunisaiennuidnvesywd
Ingldorsisddugosiayszuunsandiguiuy sgthoantodniavesmsdiuunnaues

v o

ALy fienfuuszamduda nsldnsdsdyaaiunndesiuremediuesusazaiinluayn
Jiew Weldanduazduwunaisiaiiang q awnsadiliuszgndldlaegniniiwine lnendudu
asinilseine (Volatile chemical) Nflvwialuanalidiiu 300 A1adu (Daltons) wyueuas

v IS

dnieziidnaduasiaiivesndu  (olfactory)  fdsdayaludianeaiioUsyanaindu

'
[ a

doyaavendula  visdnsSuindufeitesiulitentesunniiesainseninanseuiums

A

Suindu luanavesnduldlafinaiudeuwdas [27-28]

2.3 UIYNNYITDS
2.3.1 Odour Identification Using Machine Learning Techniques

Tl 2019 Ali M. Abdulshahed l@hmsnageuAuausavenaian1siseuives
widea Adaptive Neuro-Fuzzy Inference System (ANFIS) Artificial Neural Networks
(ANNs) Quadratic Gaussian (QG) wag Linear Gaussian (LG) Lﬁaﬁzqmﬂummﬁ 2 il
wane1eiu teun oxdlvu wazlwsniuea innsneaeulszansnmlaeld 4 thad laun Root
Mean Square Error (RMSE) Nash-Sutcliffe Efficiency Coefficient (NSE) Correlation

Coefficient (R) ez Accuracy



11

Twea ANFIS WunisumguiiledaednunUszandsauiu  Neural Network logld
Tassnguszanludiuredi®nis Back-Propagation Lileldlunisusuusmisiwesdiuves
antecedent kazN1IALMDTAIUVDY consequent Vo dduluina ANN 199U 2 Input
Layer 3 Hidden Layer Usznaumie 10 waaUszawluusay Hidden Layer uag 1 Output
Layer Tnensidensiuiuventadusvanly Hidden Layer \Jufsddaydmsunisdum
Tnseadevadluea ANN fivinzan nsiusiunuwasUszamly Hidden Layer 8199ae

UFulsalseaninmuaslassieUszam

M19197 2.1 MIANUINUTEENTNINVBINATIUANAINITAVDINATANISITEUSVDILATDS

WWaszyzdlnu uaglnswiuea

fAytInUsEENS AW
lana
R RMSE NSE Accuracy
ANFIS 0.92 0.18 0.86 96.6%
ANN 0.89 0.20 0.82 91.8%
Quadratic 0.55 0.42 0.25 82.0%
Linear 0.53 0.42 0.22 81.0%

MnHanIasesiazANsUssiilunsed 2.1 aududadn Tuea ANFIS £ RMSE
tfondn A1 NSE 0.86 fieniigeilan Annuusiugn 96.6% flunnan waze R Anfigadloifioy
U ANN, QG uwar LG dwlmpa ANN aunsauenuevarsluonamdululs  uavd
UsgAnSnmdiAndnliea QG uay LG azdunaldinlunadilidagussivgivssansnimgs
nlueaiidulsznn Gaussian Lesen Gaussian Senulddudeuiiedeuiulmaady 9
agdlsfinnuliina ANN Ievinusuugeuseansamlunisduuniianin 95% eenisusu
Iumwesvadlina ANN Tiuin luma ANN daainisusudsaeadussamly Hidden

Layer Lelilausgansamlunissiwunia

9IN3U7 2.5 - 2.8 18U Confusion Matrix N33 MuNTeserdlnunasinsnuearislung
ANFIS ANN QG Uag LQ ansanau



Output Class

0 1
Target Class

JUN 2.5 Confusion Matrix N33 uunvetezdlnuuaslnsniueanisliag ANFIS

Output Class

0 1

Target Class

JUN 2.6 Confusion Matrix M3duunvetezdlnuuazlnsniueanisluing ANN

12
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Output Class

0 1
Target Class

U7 2.7 Confusion Matrix m3duunveserdlnuuazlnsniueasislung Quadratic

Gaussian

Output Class

0 1

Target Class

U7 2.8 Confusion Matrix N13310unvedar@linuLazlnsniueanieliing Linear Gaussian

NanITIENUI taea ANFIS naidupIasilonfdvsunissnun fadugdaneinfiay
o < vas & 1 a ) v} P 1 1 ¥ aa P
dsalegldiznmsmly  IeslanizegnBsdmiudymiliaunsaudenlaas  38nsh
dnawefinnuannsalunisieudednesinsiandeyaiiuneaewmazaauinig

AMWIFANEAS BATANUAINITOLUNS WS aUN1TRE1990e TUsla wardiuseanSain [1]
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2.3.2 Detection of Tax Arrears Based on Ensemble Learning Model

Tud 2018 Anyan Su, Zhimin He, Junjian Su, Yan Zhou, Yun Fan &g Yuan Kong I
W lunadmsunmsnsvdeunsiumdaimtn wiensnanidesnsiandvesesdingly
Ut TesnauwanlunaiugrudelueamaBoudiounungy 6 Multi-Layer
Perceptron (MLP) k-Nearest Neighbor (KNN) Random Forest (RF) Extremely Randomized
Trees (ET) Gradient Tree Boosting (GTB) Wag Extreme Gradient Boosting (XGBoost) Aagu

#1 2.9 FailuszAniamiudeyan1sia

KNN

MLP

QREEH I

A 4
>
2}
=
Qo

WUUTIUNGY

ET

GTB

XGBoost

N o = v ' =
EU‘Vl 2.9 Iﬂi\‘iai']ﬂsﬂaﬂillL@afﬂiLiﬁJugLL‘U‘UTJ@JﬂQQJIUﬂqiﬁiﬁzﬂa@Uﬂq‘U

AudnvrvssntayaniBgnuiiseniluaesdiuduandlunisng 2.2 Audnuazisnde
L dl I [ ! L dl I [ 1 dl ¥ v .

Aasdnuaseilalladuay Avesnudnuaeililyduavudasensazgnunuimensi (index)

(% a o w g = o . . 14 (% I 1
VRINLTLIAUALTIIUATE  Wagn1svin Normalization Tiudnwaueidu [0,1] diu
AudNBULUTHAVDY 9 Fenndnuyaeiiay Auanvusdsaugni i duunsgulu [0,1]
Feau130UsUUTIANEI0IBN5 gradient descent tiauAlgmiaiign TaeadAnsuus

[ 14 ' 3 a 3 v o o ! 3 v
sonluanuuseny laun 83AnsUnd aeAnsNA1E1sEA18A1NTT 5,000 e LavDIANTTIANS

15¥A181INNT 5,000 KU
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M13197 2.2 AuANYMZYRItayan

Ussinnvasnanen AENEALY

PAFINNIIU

A

Aanwagldlyduay | Ussannisamzideu

= o]

GIRVERGERRIY

szuulet

Joyanii

NuIANzLde

UIUEUAWY

Mls

3101

selagsnaven

AUNUTININGN

lsaws

5891nNN5AIU

AaudnuwazMduday — _
AlganelunsdnnIs

fAlsa1nnisanuiiu

Alganenlilygsfia

selanlilagsia

ANMTR1NIINT Y

AUNSNG / FUNTNEDNT

1
= =

Unyvanuil

Y

TuAdeilld back propagation eUsunisdwesvedlassiieUssaniiionves MLP

Lma kNN Mvuatiouediiog 19auduIudIng i k Ninaiign lagrvasmsfives k kg

AoUszdnsan dudendinngaveanisilines k Yuediuyatoya RF 1Wumseuduuungy

Y 9

v v o

AuAMUBUTENoUMeMIwuNTUgIUvA1edT Wevhnisuenlruaseninenisasewuld s

[ | aAaa 1 LY 1 Y] Yy 1%
LLEJﬂL‘U‘Uﬂ'ﬁLLUQV]GW]?MIU“UWU@Sﬂ@ﬂﬂmﬁﬂwmzLL‘U‘U?!QJ wazfegunsalunuluea  ET  eae

q 3

wuiy Weaswiulddudunnzaiiunaeiuegwuuduntiudeninasinafiandung
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msuen GTB unilunisFeuduvurunduiliims  boosting  Tnefiiugiuunainsuld
dadula Jauansrean RT ﬁ%uagjﬁ’uﬁ%a% ﬁuaqéffaﬁi’muﬂﬁugm dnvnefe XGBoost Liu
Tuiwaflannsaiismunaiufuvesldesnaunn mnzdmiudeyarnalngiifinsdusadoya
mssmnguvestunaiinagnsiuanaiueenly Téun

1) Aade weight Aiduanandeyanisiinasu iiesandeyan1®i noise 110 weight
AN LATUNANTENY
2) Stacking @4l 2 Funaulumsfinasulinmauuundy

3) Voting tJu3Snsasazuunlym hard-voting wag soft-voting

TuanAeilldi8nsUSu soft-voting wazen weight AuUIaziluves input x gnan

Ussnmdu it class Wouduaunisiasaunisd 2.3
pi) = Xj=1pj(x) *w; (i =1--m) (2.3)

el pj(x)  fe Anuivziluves x Idndu it class Iay base learner ()

w; Ao weight 984 jt" base classifier
m Ao 911U class
n A® I1UIUVD4 base classifier

[ '
v <~ =

PNUU B X LmSULﬂuaNﬂqﬁlﬁﬁﬂaﬂﬂ'ﬁﬁ 2.4
F* = argmax; p(y;) (2.4)

Mdwes w; dnansznusgannseauuiugr wiedlinisinaeudiamt (pre-

training) Wiafviun weight

sUsuumIdsuiuuunduitauaifunisiinaeu 2 duneu

1) frdmunfiuguiaeldsumstinaeudamtlaensesadeumiugndasis
803 k-fold

2) Wihduuniiugiiinludunoud 1 Wesunadndandummmanuiaznduveud

YAANEAILANNST (2.4)

nddeilldyadeyamsnndvanunly  dunelevy  uumanIeee  @15150Sy

Usgwudu Tul 2015 way 2016 lagvinnisinaeulumameyateyavest 2015 fag 70,000
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Mog197BYA wArnTIITUNTUANIEBINEMeYATaLanaaay 50,000 Meag1avesl 2016 Lag

Igyan1stinuavegeu 3 Yandvuauana ey fAandlunisen 2.3

M15199 2.3 URYRsYAtaYa

yadaya yadayansilndau | yadayanimaseu
yatoyadi 1 10,000 10,000
Yadayai 2 40,000 30,000
YAveyad 3 70,000 50,000

Tummeaesiliunisiugadoya 3 90 Inegauwsninnuwiugigslulumamiausegi
Jevar 87.4 yateyayanassdiaiuuiudigilulunaniiaueiosar 89.3 uayntoyayni
@14 Random Forest naulanuusiuggegaiifosas 90.6 Fannnitlumaiinaueiosas

0.06% Fauandlunsei 2.4 [2]

M15197 2.4 MsnagauANLiug1vaslunaiuand1eiu 3 Yadaya

Taoa yadoyail 1 | yndoyail 2 | yndoyai 3
Iumaﬁﬁ%aua 87.38% 89.32% 90.58%
Extreme Gradient Boosting (XGBoost) |  85.32% 82.16% 82.57%
Random Forest (RF) 86.26% 87.11% 90.64%
Multi-Layer Perceptron (MLP) 71.08% 76.40% 80.60%
Gradient Tree Boosting (GTB) 83.74% 83.57% 82.54%
k-Nearest Neighbor (KNN) 81.30% 85.91% 89.72%
Extremely Randomized Trees (ET) 87.38% 89.14% 90.50%

2.3.3 Mixture of Deep CNN-based Ensemble Model for Image Retrieval

Tul 2016 Hsin-Kai H., Chien-Fang C., Chien-Hao K., Yu-Chi W., Narisa N.Y. C. g%
Pao-Chi C. laauanisfsnmiagldluma CNN aotluna Ao AlexNet wag Network In
Network (NIN) Lile3unmdnuaiznmuaziummnnmosiedsdinimin lagnsrunguns

SeusiauaLiiaiuUseansamveduing

Lumawuunssaunguldgatayanimdmiunisussiiunisdwunnintagldninuuiug

warAImNLLugRds (MAP) lunsiaauatsu nmsuseiulszansnnlunisnaassillaly
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gadoua CIFAR-10 waz CIFAR-100 Usznausieynteyagesiiiive 80 aunmian 9 lned
q

WU TBYAINNTN 2.5

M1519% 2.5 IuufleEtaYa

yadoya Class YAHNEIY YANAETDY
CIFAR-10 10 5,000 1,000
CIFAR-100 100 500 100

LAawUUTINTeY  AECNN  lasauanndeenssy CNN 2 Tuwavilaawdudmsunis
Asunsvualvg) (1Wu n19vhen 20 ASY) ielnlinanisiSeuing lasewienisiSeuiuuuin
aolszinn: AlexNet wag NIN lonauwausideglunsaianiieilanudnuaennmes

dl ! %)1 v U dl
WwAYa UL Auansluns19 2.6

M13197 2.6 MIUNUsTIANAINANUIIUEIAI8YAtaa CIFAR-10 uag CIFAR-100

yadaya
CIFAR-10 CIFAR-100
Taaa
Kuo 79.3% 44.0%
MCDNN 89.8%

Tama CNN
Aggregate Ensemble CNN Model (AECNN) 90.2% 67.3%
Base : AlexNet 79.1% 44.0%
20 AlexNet LUUSIUNGY 83.8% 50.0%
Network In Network (NIN) 86.5% 57.7%
20 NIN WuUsIUNGY 90.4% 66.7%

NATNN 2.6 &AM N15AS19LUMa AECNN Alumasinaunsatranukiugnlunis

v

Javananyiigedu lagnsdnusziamamundliauwiudrazausosar 902 NYAtoya

Y

CIFAR-10 uazfosaz 67.3 lugadoua CIFAR-100 Fslugadeya CIFAR-100 lalinadnssnia
AlexNet #iflauwiugnosay  79.1 luyadeyausn uwasievar 44 luyndeyaviaes
vuzenulawSeudisuiu NIN lanaseuay 86.5 Tuyadayausn waziosas 57.7 Tuyn

o =

Jayaiieaos [3]



unil 3
A5N15ALUUITUIVY

TuunilagnanifansduunUsEANYINTUAINTNANNAUNSISEUSITHIU  UaENIs

= Y a = vaa = 2 A a a a ° vaa &£
LiEJugL“lNaﬂ I@ﬂiﬁﬁjﬁﬂqiagLL@UWWT\J@WQLW@LW@JUiSﬁVIﬁﬂWWﬂWi‘UWLL‘L!ﬂSUENIlIL@aI‘VWIEJ\‘]“Uu

(% 1% [
Y

Ingfivunaunavun 4 Juneu Usenouluie gadeyanildlunside nswseudeya ns
dinUsganannluwalaenisldmsiseusuuusunguaneisnsosunUiinyais  wazn1sin

UsgAnSn1nuadluwma

3.1 yadayanldlun1sidy

gadoyailtlunsidelutoyandyaranduwesanandayndidnnseiind adl

1%
Y

Vv 3 gadoua Useneulusie nduvesuennased nauveInmnIniile uasnauresilodiu
| v ~ Yo | P a o P v Y

#1149 9 lnegatoyad 1 lasuanusiulieanninerdeunlunalulad wszasunaiannsezda u
msyvsiudeyaluieslfifinsinefivssinnveaniuluueansses Usznoulue il
nau (Odorless) nduidies (Beer) ndudan (Whisky) uagnfulil (Wine) lnslinnianuazves

I s o vy PN
L%ULﬁaiwaqmqiﬂmij"ﬂjﬂ‘lﬂﬁqﬂﬁqiqﬁw 3.1

A13197 3.1 Wuwesaynddnnsaiindldlunisasiaiuvesyadoyai 1

«.—.f ¢ o < PR B
LYULYDI msszmﬂm%uwasaﬂlﬂ

TGS826 wuea wouluiily wazlaledinu

TGS832 | enilsvigeslsmiueu (CFC) uavlenuea

lalasiau en1uea oladanu

TGS2600 ) Lo
ASUBULBUdaNtYA Ty
Ingdu lelasiaudalys tenuea
TGS2602 N
wouluile lalasiau
TGS2610 Toladwnu Ty lalasiau enuea
TGS2444 wouluile lalasaudalne enuea

TGS4161 Asuaulaaanlan
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N 3.1 1udumesayndidnnselindilflunisnsiedunduueanesed Joyadild
Tulasseagyndidnnseinddmiunmsnsiaaeunausaranssemedadunauiinuniviody
Suns1e Tnefifuiesiomn 7 diifimwannsalunisnsaduiiunmstusenty eendlsf
muilifisaduees TGsa161 AhiRedesiudumesdu 4 Faduduwesilideyafetu

anmiandeualUluiun Tngdndumasiiiaaiiveulaoenlenagnnnumnus

wenaniidsldldyadoyasyndidnnsednddu 9 910 Mendeley aduiulednsiusiy
gadoyaiiodalimihlulddwiunisnaasdidesns q yadeyain 2 Wudeyandununimiie
Usgnouluime  amnwAlen (Excellent) § (Good) wesuld (Acceptable) uazitinde

(Spoiled) Fsfinauanuazvaaduweasiiannsansiainlinunisd 3.2 lnsasnsanailien

ﬁqm’am”alé’mﬂ https://data.mendeley.com/datasets/mwmhh766fc/3

i c.! ¢ a e a ¢l o v =]
$195190 3.2 L‘UUL%@iQ%ﬂ@Laﬂﬂiﬂunﬁﬂﬁl‘éﬂUﬂqiﬁi'ﬁ]ﬁ]U‘Uaﬁ‘lﬁiﬂ%ﬂ%EWI 2

\JuLwes assaeiidugesiales
wanlunile lulnsiaulaeonlen weanosed
MQ135
WUy Al wazarsueulaeenlan

MQ136 lalasiaudala

MQ2 Ty Ty tazleaia

MQ3 weanoeed (LloN1ua)

MQ4 LU uazfiwsITu® (CNG)

MQ5 WeaNad WAL AYSITUYR

MQ6 woana wazdunu

MQ8 lalasiau

MQ9 AsusuNauanlen wagiwlilu

nmsnd 3.2 Wudugesayndidnnsetindfldlunisnsndunduaunimile laed

3 x7 v aa o A ! LY
bIULYBIVINUUA 9 G]’]‘Vlllﬂ’]?ﬂJﬁWNWiﬂIUﬂ’]SMi’NQ‘UV}LLﬁ]ﬂGﬂ\‘iﬂua’e}ﬂl‘U

wavyatoyanl 3 Wudeyanfuilediusing 9 aniules Mendeley Wuieaiuiun
Toyan 2 Usznaulume lledudlase (Beef ribs) wilodiusurini (Beef shank) onld

(Chicken breast) uasla (Chicken drumsticks) ma’m%u (Pork belly) uagwuy (Pork legs)

=

v a Y] < sl o vy =
‘(jﬂﬁ@sﬂ@%amﬂmaﬂwmgﬂaﬂL‘(jﬂL‘(j@iVIan"liﬂmiﬂzﬂ'}@l@G]']QJW']TNW 3.3 I@Ua']ll'ﬁﬂ@']'ﬁﬁ%a@

[

YAUDY 1aa1n https://data.mendeley.com/datasets/kcy29m3zzz/1


https://data.mendeley.com/datasets/mwmhh766fc/3
https://data.mendeley.com/datasets/kcy29m3zzz/1
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a < ¢ a < a  gal v v a
A1919N 3.3 L‘lIULGUaﬁﬁ]%ﬂaLaﬂ%ﬁaunaﬂi‘iﬂuﬂqﬁﬂﬁqﬂﬂﬂﬂa\ﬁéﬂ“llE]Ha‘m 3

\FuLwas assaviefiduasinle
TGS822 WOYULEA wazdvinazaedunsd
TGS2612 Ty Tuny waglnsiwu
TGS2620 LeANDEEa warMinaza18dunse

TGS832 | enilsvigeslsmiueu (CFC) uavlenuea

TGS826 lnuea wonlully wagloladanu
TGS2603 Insfianiiu uaziuesuauuny
TGS2600 lalasiau uagleyuea
TGS813 Ty wazumu

a3 3.3 Wudugesayndidnnsedndfldlunisnsisdunduiediunn 4 laed
Wuwesvavun 8 @ndanualuisalunisasadunwanaiaiueenld  lesenisduwes

TGS2603  AAuaINIsalunIsnsIaTunauUeI sieldungef  iesanlasuianiu

a <

(Trimethylamine) uanssewendnduwdy Lifid vlmtanauanval wsendulaiii du

waswaUuny (Methyl Mercaptan) Wunaufinsvady daluiwliemelasudnly

Iuudeyaveans 3 ynteyaniunldlunismaaedlaasulinanmsen 3.4
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A13197 3.4 DuIugatayavnayndiannsaiing

. P U
Y AMANYE Ussinnusinau —
YAvaya A9E19
(Attribute) (Class) 59
(Instance)
1aifindw (Odorless) 60
yadoyai 1 U835 (Been) 60
- , 7 — 240
NAUVDILLDANDTDA Jan (Whisky) 60
131 (Wine) 60
s (Excellent) 250
yadoyail 2 7 (Good) 250
. % 9 —— 1,000
NAUVBIAMNINLLD wasuld (Acceptable) 250
wide (Spoiled) 250
ilod1lAse (Beef ribs) 1,000
. L dleduduwmii Beef shank) | 1,000
Yavayai 3 :
= anbn (Chicken breast) 1,000
NAUYDY 8 — 6,000
2 ., 1aslA (Chicken drumsticks) 1,000
LUadIUAN 9 -
nyauyu (Pork belly) 1,000
¥y (Pork legs) 1,000

9197 3.4 wanswugadoyaililuuide Tnefiimun 3 gndeya Seyndeyad 1
nAutesueanesedustnoulUie 7 audnuue 4 Ussiavveandu S1uiusegnaiaun 240
fhoeha gadieyadl 2 nduvesnmnimile Usenoulue 9 auidnua 4 Ussamvssndu Sruu
Freehavanun 1,000 #79819 LLazﬁqWﬁazﬂaﬁ 3 nauveaLodIuAng 9 Usgnauluse 8

AMANYANE 6 UTTLNNTBINGY I1UIUFIBE199MUA 6,000 e

3.2 maassudayadmiuldlunside

TumsnSeudeyadmiuldlunmsidededinsuiidnnudeyaliiiriuieliiinaiy

! I U !

whieniuseninussinmyendudy q Juihnisuladeyainuinedeay 60 250 uaz 1,000

Y 1

#1013 (instance) snuddiuvemadeyaluwiazUszinnvesnay  iehunlddugedoya

dusullnaay (Train) waznaaau (Test) lama welilunaauisavinuiedsennvaanaule
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agafiusEAnSam Yadeyamiwlddavegluguuuulng .CSV Tnedmualviside (Label)

Ussimvasndudmsunmstingeuluaadudiaviiennusimitlunissudeyaveduna

Inefifegndeyamdygradumesinaaiiayndibdnnsetindvesyadoyad 1 wang
MIUATNN 3.5

=

A157199 3.5 fvegagatayainayndidnnsalindvasyadoya 1

v

Arfidugasiale
e s lglelslgle]ce
Yaenau @ @ N N N N <
92 228 | 272 | 306 | 149 | 468 | 257
13ifindu 81 215 | 231 | 284 | 143 | 412 | 265
(Odorless) 78 209 | 210 | 274 | 138 | 369 | 275
76 206 | 200 | 267 | 135 | 335 | 284
111 | 211 | 206 | 256 | 134 | 204 | 239
VL] 108 | 214 | 201 | 254 | 133 | 201 | 240
(Beer) 104 | 208 | 192 | 250 | 131 192 | 242
99 207 | 193 | 250 | 131 193 | 241
92 219 | 171 | 246 | 119 | 179 | 284
4 91 219 | 171 | 246 | 117 | 181 | 284
(Whisky) 109 | 227 | 192 | 256 | 125 | 191 | 273
112 | 229 | 193 | 259 | 126 | 195 | 273
123 | 222 | 233 | 264 | 139 | 205 | 225
T 115 | 217 | 220 | 258 137 194 | 224
(Wine) 105 | 210 | 215 | 255 | 135 | 184 | 227
99 210 | 209 | 251 133 | 179 | 224

Y

279814

INANTI 3.5 WaRIaE 4 Toyadann 60 segraluuiazUssinvvenau 39
Vv 240 segaiildiduyedeyail 1 nduvesueanesed lneduauiansdandsy

il
QUMY

ANUFULTIRINGUTEwEesaNsanTIaiald
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megtoyardy g auduwesannaniiayndidnnselindvesyadeyail 2 Awuaniniu

AN 3.6

A13197 3.6 finegsgadayavinayndidnnselinduasyadoyail 2

ASuwediald
Usznn
N \O
a (\2} (\2} (V] (s3] < n \O 0] (o)}
UYINAU - - @) (@} (e} @) @) o o
Q Q = = = = = = =
> >
2296 | 18.74 | 37.69 | 17.52 | 37.23 | 36.82 | 28.77 | 39.55 | 12.72
iy 13.13 | 4.17 | 6.53 | 13.79 | 25.42 | 28.34 | 28.27 | 34.31 | 9.85

(Excellent) | 1247 | 396 | 579 | 13.73 | 245 | 28.34 | 27.14 | 32.99 | 9.11

10.33 | 331 | 433 | 1293 | 20.48 | 25.74 | 26.69 | 32.63 | 8.49

993 | 322 | 425 | 1238 | 20 | 2292 | 35.16 | 32.45 | 8.49

ho))}

791 | 284 | 3.36 9.7 | 1659 | 13.82 | 21.33 | 29.15 | 6.1

(Good) 6.65 | 257 | 286 | 8.04 | 1312 | 5.16 | 1235 | 26.07 | 6.26

499 | 259 | 273 | 546 | 236 | 3.14 | 796 | 411 | 538

482 | 206 | 273 | 525 | 1.713 | 3.06 | 793 | 392 | 4.55

wasula 448 | 207 | 27 | 475 | 1.04 | 285 | 725 | 34 | 4.11

(Acceptable) | 4.73 | 2.07 2.7 467 | 1.03 | 279 | 694 | 325 | 4.01

4.5 1.93 | 2.65 4.4 1 234 | 689 | 271 | 3.88

491 | 196 | 272 | 452 | 1.02 | 238 | 642 | 2.87 | 4.05

wde 488 | 271 | 2.65 | 4.56 1 228 | 6.07 | 276 | 6.39

(Spoiled) 493 | 986 | 259 | 539 | 096 | 2.07 | 7.11 | 2.47 7.1

524 | 1263 | 262 | 591 | 095 | 2.67 | 541 | 394 8.1

NPT 3.6 Uanwiege 4 Teyadain 250 seglulsazUssinnveiniu Fadl

Yegavimna 1,000 fegnildilugadouan 2 niuvesnunimie laediauuanstian

Teyey1unUAUTURSIVBINAUTIDURTaNNsan TR Le

Metloyamdyanandugesananiayndidnvselindveyatoyadl 3 dwuaniniy

AN 3.7
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Adueasinla
Uszn o~ o @ o
< N v S || 8 3 S | =
YINAY 3 N N 3 3 N N X3
U] 3 3 U] G] 3 3 G)
= [ - = = - [ =
2531.1 | 572.3 | 3089.8 | 620.6 | 3006.4 | 693.6 | 2917.9 | 534.4
Lﬁadqus?ﬁﬂsa 1465.7 | 368.4 | 2337.9 | 364.1 | 1884.4 | 583.7 | 1746.4 | 536.6
(Beef ribs) 1360.5 | 321.6 | 2187.8 | 352.3 | 1662 513.2 1641 | 535.1
1406.6 | 318.2 | 2260.7 | 358.9 | 1653.6 | 524.4 | 1702.9 | 5355
¥, 1549.7 | 3455 | 2503.5 | 396.1 | 1657.6 765 1865.2 | 537.3
g
Y Y 1445.6 | 322.8 | 2405.2 | 359.2 | 1825.6 | 600.5 | 1758.5 | 538.3
AUVINRU
1966.1 | 323.25 | 2785.1 | 475.6 | 2074.5 | 1078.3 | 2203.1 | 536.4
(Beef shank)
1486.3 324 2410.5 | 365.1 | 1975.3 | 692.8 | 1761.7 | 533.6
1 1523.6 | 283.3 | 2353.1 | 361.3 | 2197.3 | 858.4 | 1745.6 | 535.8
anln
1469.4 | 281.4 2355 | 3553 | 2056.3 | 768.5 | 1750.3 | 540.7
(Chicken
1432.8 | 284.1 2378 | 346.8 | 1853.4 | 660.7 | 1810.1 | 538.3
breast)
1614.1 | 294.2 | 2301.3 | 387.1 | 2423 | 1063.5 | 1689.7 | 538.6
sl 1693.3 | 278.6 | 2535.3 | 404.6 | 2055.9 | 1026.5 | 1963.3 | 538.8
ueln
1468.8 | 281.8 | 2305.1 | 359.6 | 2153.2 | 830.6 1686 539
(Chicken
1602.3 | 273.7 | 2399.8 | 373.8 | 2121.7 | 902.0 | 1833.9 | 541.8
drumsticks)
1505.0 | 282.7 | 2344.5 | 363.7 | 2156.2 | 796.3 1737 | 540.3
1701.7 | 360.9 | 2636.4 | 400.1 | 1656.5 | 858.7 | 2075.8 | 535.3
ugmwi'?u 1278.1 | 330.1 | 2319.9 | 333.7 | 1494.9 | 436.5 | 1685.8 | 534.7
(Pork belly) 1426.1 | 297.7 | 2474.4 | 352.6 | 1455.9 | 518.2 | 1879.5 | 534.9
1271.8 | 310.1 2348 | 323.2 | 1421 403.5 | 1733.2 | 537.9
1887.6 | 359.4 | 2725.1 | 443.8 | 1682.2 | 1054.7 | 2255.4 | 538.7
VINY 1470.2 342 2448.6 | 346.1 | 14505 | 694.7 | 1943.4 | 534.8
(Pork legs) 1878.8 | 334.1 | 2693.4 | 429.6 | 1971.8 | 10425 | 2134.7 | 5349
1418.8 | 332.4 | 2442.6 | 338.6 | 1529.3 | 5325 | 1846.5 | 532.3
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INANTNI 3.7 UaAeIeee 4 Yayadnn 1,000 MegalunsazUszianvesnau ail

fegwianun 6,000 fegreiildiduyadoyan 3 nduveiodiunig 4 lnefaviansdaa

U IURUANLTULSIVBINAUTI T U asaINTanTIaTRle

3.3 maiiudsEansamlaealaenisldnisiFeusiuusiunguaieisnig

azuauInyeRa

nsassluwaysenaulueieg 3 Juneume nsidenyadeya Madeniuwanidlunis

338 wazn1seeantassasalnulung

3.3.1 msidenyndoya

Tunsdenyadoyailugadeyalaevhnisidenyadeyasinde 3.2 dmvinisuian

Joyadmiunisinasusesaz 70 wardwmunismaaesievar 30 luwsavyadeya

3.3.2 n1staenlunafbyiun1siae

£
d Ya

lumsdndeniuwatiiotinnaaeddunuided  idelsvimmeasadisuiisuliea
MsseuivennTowine 9 laun lassieusvamiiieuwuudn dwneasannmesuugdiu auldl
andula  widvug  Bmsiteutnuilndiian k f n1sanaesldady n1sannselalasnd
avuAUIvyaRs LnsiRuyaRe lndnsuunsifguyans uazlnuudy ieihnunduunysean
voindulaegreliussdninnuazyiimmeass 10 astluisazling Tnsuumnsaieunans
UsgdnSnmnisiuneuarsseziaianiunisesndunisiseuiidbiu NNSL5UIWUY

i = Yo o o = Ya % v o= 9 a I3 i o
WNGN WarMTTeuildedn Bamsseuiiddndeainisuiugumniives lulsazyadoya
= o I o Aaal PN = ° ° s
demlueanianuulugningn lagdudawmun 1 Avuediuiuwaduszan (neuron)
T - a o < - a1 1o A ¢
SuAun 2" g n = 1, 2, 3, .. WNIIWIU n YulUisey 9 uddanuuduginivieanas 39
nyansudIan n lududanuil 1 9ntudendtuiueadussaniliainnuudugiunn

Ngavostudaaui 1 dndudunnvesdudamudall InedinduugadUssaniguieaty

D.

Qe

Fudaun 1 Lierauudugininvioanas Jwmgan1susugumsiines uasidenluna

lasseUsganniisunuuanmewadUszamnbienanuniuginanantianldlunsidy

lneilusgansammsviineyssinnuaaniumelinansiseusidviuresyntoya

7 1 AIEAIAIUAITIN 3.8
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M13197 3.8 UseAnsamnisvitunegysEanvasnauneluaanisiseusitanuves

% =]
‘QWUEJQ?WI 1

AULLuEIvadlung (5o8ay)
v 5 S
y o 0 F: A
A59 = > v o
c om = % on (lu)n
.9 (0] > T g o
K] > n =~ ~ U
: | 3 5 | T
e = £ o
- S
1 98.61 98.61 100.00 98.61 77.03 100.00
2 100.00 98.61 98.61 100.00 76.06 97.22
3 98.61 100.00 98.61 98.61 66.60 100.00
q 97.22 98.61 98.61 97.22 73.75 100.00
5 94.44 100.00 97.22 98.61 72.64 98.61
6 95.83 95.83 100.00 98.61 69.23 98.61
7 98.61 95.83 100.00 98.61 67.62 94.44
8 95.83 97.22 98.61 100.00 66.06 100.00
9 100.00 98.61 100.00 98.61 68.75 100.00
10 100.00 100.00 100.00 100.00 58.60 98.61
MEAN 97.92 98.33 99.17 98.89 69.63 98.75
S.D. 1.99 1.58 0.97 0.88 5.48 1.79
MAX 100.00 100.00 100.00 100.00 77.03 100.00
MIN 94.44 95.83 97.22 97.22 58.60 94.44

INANTNI 3.8 HANIVAARUUSEANTAMNTYIUNEUsEIANTRINTUMIElIaN1SITEUS
Fesiuvesyadoyad 1 wansliiuinunaiivszd@nsamunnian fe lumadwnesannnes

A A I o a ady & ad P v d vl U A
LbUYFUUAIAITULLHNUYIRAENTDYRE 99.17 3@\‘1@\‘13J']L‘Uu’)ﬁﬂ'ﬁL‘W@u‘U']umﬂaqum k auAN

'
o

ANuuiugatenSoar 98.89 Fans 2 lumallAiauwliudigegauazianiisosas 100 uaz

97.22 uanAuyinfY welimuuanseiunAIAukliugedswaAd L oL UL g g

YBNANUTILALENITLELIAARUNSTIUNUILIUNTVDILAALLINE  AILEAIAINATTS

3.9
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M13199 3.9 TEEzIaINTIUIEUsEIYanaUmglunanss B BRuTes

% =]
‘tgﬂ‘llag’mn 1

szgzIa luNIsTuIgvadlana (3ui)

C

o I3 e

y 2 8 2 g

A4 = & g s

c om = % on ]

.9 (0] => T g [a's

K] > n < ~ ®)

9 o S G

(a) < c on

— A
1 1.83 1.50 2.15 1.63 1.38 2.26
2 1.50 1.51 1.94 1.59 0.98 1.97
3 1.55 1.52 1.95 1.54 0.96 2.18
4 1.64 1.50 1.85 1.52 0.93 2.49
5 1.49 1.42 1.94 1.60 1.04 2.15
6 1.46 1.28 1.87 1.56 0.91 2.03
7 1.55 1.52 1.82 1.52 0.93 2.01
8 1.49 1.44 1.97 1.55 0.95 2.09
9 1.47 1.46 1.49 1.45 0.96 2.13
10 1.49 1.56 1.85 1.57 0.97 2.00
MEAN 1.55 1.47 1.88 1.55 1.00 2.13
S.D. 0.11 0.08 0.17 0.05 0.14 0.16
MAX 1.83 1.56 2.15 1.63 1.38 2.49
MIN 1.46 1.28 1.49 1.45 0.91 1.97

= o = v s & 1% = ]
NANTNA 3.9 szeznalumMvhnglueansiteuiilviuvesyateyan 1 luusiay
lumadianuuandeiulianntdn  lnegilueanisanaeedsduaunsarinssesnananaiela
52807 1.00 3udi Taansindian 0.91 Junil uagldiaanuniian 1.38 3unil wiluvazilluaa

'
! 5

aa d' v dg  wva U A & a1 a v
’Jﬁﬂ'ﬁLW@u‘lJ']umIﬂaqu@ k G]']iJﬁ']ﬁ’JUL‘UEJ\‘]L‘UUNf]Wsi']U 0.05 ‘?f\‘iﬂﬂﬂ]'ﬂlllﬁﬁﬂ'ﬁﬂ@lﬂ@ﬂlﬁ\‘]Lau

Usgdvinmnmsvihunguszianvesnaumelunansiseusiuununguvesyadeyan 1

FALLERIMINATTIN 3.10
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M13199 3.10 UsEAnSA1nn1sinungyssinnvanaui g lunanisiseuiiuusIunguvad

% i
YAYdUAN 1
] (]

AnUusugvaslung (3awaz)
bl -
[ E -+ §
A9 8 z S 2
[a0] o O
-+ [aa] a E
g 9 - S
&S > < c
© &£
G)
1 100.00 98.61 98.61 100.00
2 97.22 100.00 97.22 100.00
3 98.61 100.00 98.61 97.22
q 97.22 97.22 98.61 94.44
5 100.00 100.00 98.61 100.00
6 98.61 98.61 98.61 100.00
7 98.61 98.61 98.61 97.22
8 97.22 100.00 100.00 98.61
9 98.61 98.61 98.61 100.00
10 95.83 94.44 100.00 98.61
MEAN 98.19 98.61 98.75 98.61
S.D. 1.32 1.73 0.79 1.85
MAX 100.00 100.00 100.00 100.00
MIN 95.83 94.44 97.22 94.44

NENTIN 3.10  NANITNAEIUUTLEANTAINANSYINUIBUSLNNTBINAUM I LUAANNT
a ¥ I ¥ q' v & I al'd a a Ql' =
SeuuuuTunguuesinteyail 1 uandliiiudl Tuwandussdnsamuniian fe luna
aruaUnyaRadlrauiuduateniosay 98.75 dmdnudeiuuunsgiusesas 0.79 o
v a A o ) A = & a i | oA
desdgallavieuivlimady  sesasmduendniuwnsifeuyans  wazUwuuduilAining
wiugafewhiuniesas 98.61 Fwi 2 TumadiAiAnuudludigegauavigaiisosas 100
WAy 94.44 ANUAIAUTMYINNU  LATWEAITLYLLIANNEUNNT NUIEIUTVDILARLIULARA

WAAIAIUAISIIN 3.11
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M19199 3.11 szEgIaINsUIsUTEINYaINAURIluNaN1SREUSUUUTINNGNYY

v a
YAYdUAN 1
] ]

sgLIa luNISINUIevalana (Auli)
20 o
I ﬁ -+ §
A9 8 z S 2
[a0] o O
-+ [aa] a E
: 8 | 8| s
s X < c
© &
5
1 1.86 2.19 0.71 1.79
2 1.84 1.79 0.66 1.81
3 1.81 1.76 0.69 1.78
q 1.80 1.77 0.75 1.75
5 1.87 1.80 0.68 1.75
6 1.78 1.78 0.59 1.79
7 1.82 1.76 0.58 1.79
8 1.88 1.75 0.59 1.81
9 1.97 1.79 0.56 1.76
10 1.84 1.80 0.60 1.79
MEAN 1.85 1.82 0.64 1.78
S.D. 0.05 0.13 0.07 0.02
MAX 1.97 2.19 0.75 1.81
MIN 1.78 1.75 0.56 1.75

124 I

NANTNA 3,11 szezalunsviuglieansiseusiuuTiunguvesyateyan 1

Y

TuwassunUfinlyafisamnsavissezaaiadeliisigni 0.64 i iaiwniian 0.56

9

a = v = a N gy I3 A = o =
AUIN LLagicﬁL'la']ll']ﬂW?j@ 0.75 U "?N&[f(ﬁg gﬁL'Ja']Li'ﬂiJ']ﬂLiJanEJ‘UﬂUI@JL@a@u

Usgansnmnisvingdssinnvasndumelunansisoudidedn dalaun Tuwalaseng

UszaMifiguuuuan v0syndeyad 1 AuanImIun1sIen 3.12
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M13199 3.12 YszAnSarmnisinueyssinvvasnauiiglunanisiseuiiBedniunisuiu

Juudaauin 1 vesyadayad 1

AMuLiug1vaslunag (%’Elﬁlaz)

A9 Deep Neural Network (U%’UQu{fu%mﬂuﬁ 1)

2 4 8 16 32 64 128 256

1 100.00 | 95.83 95.83 | 100.00 | 98.61 98.61 98.61 | 100.00

2 97.22 91.67 | 100.00 | 94.44 95.83 | 100.00 | 98.61 | 100.00
3 58.33 22.22 98.61 97.22 | 100.00 | 98.61 | 100.00 | 98.61
4 97.22 18.06 97.22 | 100.00 | 100.00 | 100.00 | 98.61 98.61
5 22.22 62.50 95.83 98.61 97.22 | 100.00 | 100.00 | 98.61
6 73.61 59.72 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00
7 61.11 95.83 98.61 95.83 97.22 | 100.00 | 98.61 | 100.00
8 100.00 | 100.00 | 98.61 | 100.00 | 100.00 | 98.61 | 100.00 | 97.22
9 15.28 | 100.00 | 100.00 | 100.00 | 98.61 | 100.00 | 100.00 | 98.61
10 95.83 98.61 95.83 98.61 | 100.00 | 98.61 | 100.00 | 100.00

MEAN | 72.08 74.44 98.05 98.47 98.75 99.44 | 99.44 99.17

S.D. 32.34 32.26 1.76 2.01 1.53 0.72 0.72 0.97

MAX | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00

MIN 15.28 18.06 95.83 94.44 95.83 | 98.61 98.61 97.22

NATNN 3,12 wanslsganiamnsinuigyseanveandumeglinanisiseusigadn

a A

vosyadeyan 1 lun1susuguiudanui 1 muuadiuiueaduseam (neuron) udud 2"

[
=

g n =1, 2, 3, .. Wiudwiu n ulvises 9 aulAianuliuginnvseanas Jareanisuiy

[

WU n lwdudanui 1 ntudeniuiugasysvaminlidianuwdugiunian logly

(%
[

FudaUN 1 AlwueadUszam 64 wad Wrauudugiadeninniigaiisesay 99.44
drudeauuinsgiuinosas 0.72 uazuanssseziaianiiunisiunheuniveudasluws

AILAAINNUAITIN 3.13
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M13199 3.13 szeziansiuisyssianvainaudlslunanisiteuiigednlunisuiu

Tusaaui 1 vasyndayai 1

szazaa lun1suIgvasluea (3uni)

sy Deep Neural Network (U%’UQu{?u%mﬂuﬁ 1)
2 q 8 16 32 64 128 256
1 10.95 10.67 10.46 10.10 10.66 10.84 11.45 11.28
2 10.40 10.58 10.83 10.58 10.45 10.45 10.89 11.40
3 10.85 10.57 10.39 10.65 10.67 10.75 10.57 11.38
q 10.96 10.26 10.46 11.02 10.81 10.27 10.36 11.23
5 10.39 10.63 10.55 11.10 10.26 10.64 10.34 11.29
6 10.76 10.54 10.48 10.37 10.74 10.77 10.34 11.43
7 11.00 10.59 10.76 10.43 10.38 10.99 10.41 11.42
8 10.62 10.60 10.61 10.42 10.80 10.56 10.29 11.33
9 10.48 11.03 10.61 10.51 10.98 10.72 10.48 11.20
10 10.52 10.09 10.65 10.77 10.68 10.66 10.28 11.23
MEAN | 10.69 10.54 10.58 10.60 10.64 10.67 10.54 11.32
S.D. 0.24 0.26 0.14 0.30 0.22 0.20 0.37 0.09
MAX 11.00 11.03 10.83 11.10 10.98 10.99 11.45 11.43
MIN 10.39 10.09 10.39 10.10 10.26 10.27 10.28 11.20

NNTRA 3.13 szpznalumsihusluman1sseuiidanveateyai 1 T

TAs98UsTaMABLLUUANTUSAMLN 1 3uuaaUseani 64 pansiazlilaszasinanis

d' N Ao yyd o« v o 3 44'
Vl?j@ LLG]@%IU?%EJ%L'Ja']Vﬁ‘Ul@LN@W]EJ‘UﬂUQ"Iu’JUL‘?faaiJigaTW@u b

= v o I a = Y o= oA ° 13 =
Lll@l@Naﬂ'ﬁ‘Vl@lﬁ@\ﬂUﬂ'ﬁ‘UiUguﬂuaﬂWI‘U‘Vl 1 1a3 UaDNINUIULYAAUTLE NN 64 U

USuguluduneuseluiie dudaaun 2 legiiuszAniammshueussanvenauresyn

'
=

Youa?

Y

'
=

ANLLEAIRAIUNTTINN 3.14
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M13199 3.14 YszAnSarmnisinueuszinvvasnaudiglunanisiseuiiBednlunisuiu

Juudaauin 2 vesyadayad 1

AMuLiug1vaelung (%'aﬂaz)

A9 Deep Neural Network (U%’UQu{fu%mﬂuﬁ 2)

64-2 64-4 64-8 64-16 | 64-32 | 64-64 | 64-128 | 64-256

1 100.00 | 98.61 | 100.00 | 100.00 | 100.00 | 95.83 | 100.00 | 94.44

2 100.00 | 20.83 98.61 | 100.00 | 100.00 | 100.00 | 98.61 98.61
3 98.61 | 100.00 | 98.61 | 100.00 | 98.61 | 100.00 | 98.61 | 100.00
4 19.44 98.61 98.61 | 100.00 | 98.61 | 100.00 | 100.00 | 100.00
5 75.00 98.61 98.61 98.61 | 100.00 | 98.61 | 100.00 | 98.61
6 22.22 98.61 | 100.00 | 98.61 97.22 | 100.00 | 98.61 | 100.00
7 97.22 68.06 98.61 | 100.00 | 98.61 98.61 97.22 | 100.00
8 100.00 | 98.61 97.22 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00
9 19.44 | 100.00 | 100.00 | 98.61 | 100.00 | 100.00 | 100.00 | 100.00
10 61.11 97.22 98.61 98.61 98.61 95.83 98.61 | 100.00

MEAN | 69.30 87.92 98.89 99.44 99.17 98.89 99.17 99.17
S.D. 36.14 25.48 0.88 0.72 0.97 1.71 0.97 1.76
MAX | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00
MIN 19.44 20.83 97.22 98.61 97.22 95.83 97.22 94.44

NMSNT 3.14 LLamuizﬁw%mwmﬁﬁﬂmwizmwuaqﬂéué’aaiuLmaﬂ13L%8u§L%ﬂ§ﬂ
mawmauam 11um'ﬁﬂ'ﬁmuﬁvuammum 2 Tnpdusmauit 1 fsuuwadussambu 64 wad
AMRUATIUIUAAUIEE M (neuron) TAufuBamuil 2 Sudud 2" Tae n = =1,2 3, fiay
$1uau n Fuluides 9 quileanuuiuginafivioanas ﬁ]wqmﬂmﬂummu n ‘Lusuu%mmum
2 MntudensunuiadUsvamillienanuudugisnniian Tnedudawnud 1 Sueed

' '
a a

USZaM 64 1988 LarTUTAAUT 2 INUIUTAAUTLEN 16 1Was WAIANURIUELRALTNIN

Ay

gasesay 99.44 dudesvuinnsgiuiisesay 0.72 ummwmmummmamaqmaaaz
98.61 Fudlawieuiusiuiuwaduszam 64 wadlusudaaud 1 glAmnuudus ity
fetudinnsnaaauUszansameeld  teliwdlainAianuwiugnlatianuesivseanas

Tutudald wazwanaszeeianadunisiuntnig I U AvedLmaslllnanakandImIuAI$I99n 3.15
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M13199 3.15 szeziansiuisyssianvaindudlslunanisiteuiigednlunisuiu

Jududaiaui 2 vesyadayad 1

szggan lunIsIuIgvadlang (3ui)

A9 Deep Neural Network (U%’UQu{fu%mﬂuﬁ 2)

64-2 64-4 64-8 64-16 | 64-32 | 64-64 | 64-128 | 64-256

1 10.78 10.82 12.83 12.49 12.53 12.60 12.94 13.53

2 10.86 11.21 11.84 12.39 12.33 12.36 12.58 13.32
3 11.58 11.18 12.34 12.88 12.58 12.48 13.02 13.55
4 11.34 11.24 12.41 12.62 12.49 12.35 12.79 13.61
5 11.31 11.45 12.40 12.55 12.17 12.48 12.81 13.34
6 11.41 11.13 12.01 12.20 12.51 12.52 12.59 13.41
7 11.45 10.82 12.50 12.21 12.60 12.51 12.83 13.48
8 10.83 11.64 12.44 12.23 12.59 12.35 12.93 13.42
9 10.40 10.61 12.11 12.42 12.09 12.19 12.82 13.42
10 11.25 11.18 11.96 12.23 12.25 12.44 12.75 13.32

MEAN | 11.12 11.13 12.28 12.42 12.41 12.43 12.81 13.44

S.D. 0.38 0.31 0.30 0.22 0.19 0.12 0.14 0.10

MAX 11.58 11.64 12.83 12.88 12.60 12.60 13.02 13.61

MIN 10.40 10.61 11.84 12.20 12.09 12.19 12.58 13.32

NNTRA 3.15  szpznatumsihwslunan1sseuiidanveateyai 1 luea

(%
= U

lassgUssamiiguwuuantudanun 1 SuuwadUsyam 64 wad uastusawnun 2
PuuwadUsyam 16 waa wdarliliszezsnainigingn wieglussesnansuladiadieu

[y

AUTUIULRAUTEENDU 9

dleldnanmeaedunmsuivquivdaauil 2 udh FudenduBawudl 1 Swouead
Uszam 64 wad wartuBanuil 2 Swaumaduszam 16 wad Uiuguluduneudeluie
Fudaaud 3 Tneifiuszavsnmmshuisysuinnuesnauvesyndoyadl 1 dauansmamied
3.16
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M13199 3.16 UszAnSarmnisvinueuszinvvasnauiiglunanisiseuiitednlunisuiu

Juudaiauin 3 vesyadayad 1

AMuLiug1vaelung (%'aﬂaz)

g Deep Neural Network (Ufugutusaiau 3)

64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16-
2 4 8 16 32 64 128 256
1 54.17 95.83 98.61 | 100.00 | 98.61 98.61 | 100.00 | 98.61

2 61.11 97.22 97.22 | 100.00 | 98.61 98.61 98.61 98.61
3 19.44 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00
4 15.28 98.61 98.61 | 100.00 | 98.61 | 100.00 | 98.61 98.61
5 22.22 22.22 98.61 98.61 97.22 94.44 97.22 97.22
6 19.44 98.61 | 100.00 | 100.00 | 98.61 971.22 98.61 971.22
I 16.67 98.61 98.61 | 100.00 | 97.22 98.61 98.61 98.61
8 98.61 98.61 | 100.00 | 100.00 | 98.61 98.61 | 100.00 | 98.61
9 18.06 | 100.00 | 90.28 | 100.00 | 98.61 98.61 98.61 | 100.00
10 100.00 | 98.61 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00

MEAN | 42.50 90.83 98.19 99.86 98.61 98.47 99.03 98.75
S.D. 34.02 24.14 293 0.44 0.93 1.66 0.94 1.03
MAX | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00

MIN 15.28 22.22 90.28 98.61 97.22 94.44 971.22 971.22

NN 3.16 uansUszAvEamnsineUssanueanauselunansiiousidedn
vosyatoyail 1 lunsusuguinBaiaudl 3 Tnedusanud 1 fsuuweadussamidu 64 iwad
uazduBaeud 2 SunuwadUszam 16 wed e waumaddszam (neuron) Tsfuty
SouAudt 3 Suduit 20 Tae n = 1, 2, 3, . Windwau n suluides g quilfanuugiugaadi
vieanas Fmeaniaifivd iy n lududainudl 3 MnduidondwnusadUszamiliaay
wiughiiuniian Tnetuaiauil 1 SuoueadUsvam 64 wad fuBaaudl 2 S1uauead
Usvam 16 1wad uazdudanudl 3 Sunumaduszam 16 wad Weauusiugiadefiuin
flgaiferay 99.86 @midsnvunnsguiifesay 044 fermnuusiudinfignegisesas

98.61 fuduANANaailaeuiuwadUTEa MU LazhanITEeznaIA I tunIsTure w7

q

2LAALIULAARILARIANNAITIN 3.17
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M13199 3.17 szeziansiuisyssianvaindudlslunanisiteuiigednlunisuiu

Juudaiauin 3 vesyadayad 1

szaziIan lun1sinunevaglaing (Auii)

g Deep Neural Network (Ufugutusaiau 3)

64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16-
2 4 8 16 32 64 128 256
1 13.33 13.25 13.78 14.04 14.26 14.15 14.29 13.95

2 13.44 13.48 13.73 13.73 13.78 14.15 13.96 14.12
3 13.42 13.50 13.53 13.79 13.95 14.08 14.10 21.49
4 13.29 13.27 13.67 14.12 14.25 14.08 13.95 14.18
5 13.33 13.86 13.65 13.92 14.06 13.94 14.01 13.82
6 13.39 13.65 13.52 13.70 14.31 13.94 13.75 14.12
I 13.20 14.00 13.67 13.97 13.77 14.55 13.96 14.22
8 13.96 13.64 13.65 13.76 13.88 13.86 14.06 13.98
9 13.02 13.50 13.92 13.68 13.81 13.81 14.15 13.99
10 13.04 13.44 13.92 13.82 13.65 13.96 13.90 14.09

MEAN | 13.34 13.56 13.70 13.85 13.97 14.05 14.01 14.80
S.D. 0.26 0.24 0.14 0.15 0.24 0.21 0.15 2.36
MAX 13.96 14.00 13.92 14.12 14.31 14.55 14.29 21.49

MIN 13.02 13.25 13.52 13.68 13.65 13.81 13.75 13.82

PNANTNA 3.17  szeznalumsihnglunansseuiidaanteateyai 1 luea
1AV EUTEAMTEULUUANTUTAAUN 1 IUILLAAUTEAM 64 1988 TUSAMUA 2 31U
WadUszam 16 waa kaztudaun 3 Suuwaalsza i 16 dasiazlilasseziiai iy

PN R Ay vy A o v o s a'
‘Vl?j@ LLG]'E]QGLU?SEJSL'JQTVWUI@Lll'e]W]FJUﬂU‘U']u’JUL“UaaTJi%a']Vl@u i

dieldnanisnaaeddumsusuguiudanuil 3 wi Jadentudauil 1 FwIuead
Uszam 64 wad Tudawnun 2 uueadUszan 16 1wad wastusanun 3 Suiuead
Uszan 16 wuSuguluduneusielume dudawun 4 laeliussdavsnimnisiuiedssnm

a v = @ =
VNNAUVDIYAVDAAY] 1 AQLEANRAIUATITIN 3.18
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M13199 3.18 UszAnSarmnisvinueuszinvvasnauiiglunanisiseuiiBeanlunisuiu

Juudaiauin 4 vesyadayad 1

AMuLiug1vaelung (%'aﬂaz)

y Deep Neural Network (U%’Uguifu%mﬂuﬁ 4)

64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16-
16-2 16-4 16-8 16-16 | 16-32 | 16-64 | 16-128 | 16-256
1 19.44 19.44 | 100.00 | 94.44 | 100.00 | 97.22 97.22 98.61

2 18.06 98.61 98.61 | 100.00 | 100.00 | 98.61 | 100.00 | 98.61
3 98.61 97.22 98.61 | 100.00 | 98.61 | 100.00 | 100.00 | 97.22
4 18.06 97.67 97.22 98.61 | 100.00 | 100.00 | 98.61 | 100.00
5 100.00 | 80.56 98.61 98.61 98.61 | 100.00 | 100.00 | 100.00
6 100.00 | 100.00 | 98.61 | 100.00 | 98.61 | 100.00 | 100.00 | 98.61
7 12.22 70.83 | 100.00 | 97.22 97.22 | 100.00 | 98.61 | 100.00
8 98.61 | 100.00 | 100.00 | 100.00 | 98.61 98.61 98.61 | 100.00
9 22.22 | 100.00 | 100.00 | 97.22 | 100.00 | 97.22 97.22 | 100.00
10 97.22 94.44 98.61 97.22 98.61 97.22 | 100.00 | 97.22

MEAN | 64.44 85.88 99.03 98.33 99.03 98.89 99.03 | 99.03
S.D. 39.59 25.32 0.94 1.83 0.94 1.28 1.14 1.14
MAX | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00
MIN 18.06 19.44 97.22 94.44 97.22 971.22 97.22 | 97.22

MNANTEA 3.18 uansUszAvamnsinneyssianueanauselunansiiouiidedn
ﬁuawm%’auaﬁ 11umiﬂ%’m1u%u’u§mmuﬁ 4 Tnpdusaauit 1 fsuuwaduszamiu 64 wad
FuBoaudl 2 S1uuwadUsvam 16 wad uartuBawuil 3 SwauwadUsEy 16 wad
MAUATIUIULAAUTZEM (neuron) WiutuBawmuil 4 Sududl 20 Tae n = =1,2 3, fiay
$1uau n Tuludes o aulidAnuulugasiivieanas muqmﬂmﬂummu n ‘Lumu%mmw
4 MntudensnuiadUsvamillienanuudugisinian Tnedudawnud 1 Sumeed
Uszam 64 1wad TuBamudl 2 sS1uuwaduszam 16 wad dudamudl 3 sStuueaduszam
16 wad waztudaiAuil 4 Seivionun 4 wuuiifianasiuduedsfunfigauintuiifesas
99.03 lauA IuIUwadUsEam 8 lwaa (64-16-16-8) INWIUGAAUTTAI™N 32 L9aa (64-16-16-

32) IULaaUsEAM 128 1waa (64-16-16-128) kazanuluwaausydm 256 waa (64-16-
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16-256) wsinduilArmnuudugiafentesnindudanun 3 NinsuTugu Jwihnsveanis

U5U3u wazuansszezata i dumslumheIuiveuwsiayiunafuaniniunigsedn 3.19

M13197 3.19 szEgIaINiugUsTianvenaumelunan1siseuiidaniunisuiu

Jududaiauin 4 vesyadayad 1

szaziIan lunIsinunevaslunga (Auii)

y Deep Neural Network (U%’Ugu‘ffu?mmuﬁ 4)

64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16- | 64-16-
16-2 16-4 16-8 16-16 | 16-32 | 16-64 | 16-128 | 16-256
1 14.31 13.39 13.61 14.03 13.58 13.91 14.96 13.87

2 13.93 13.28 14.04 13.77 13.58 13.69 14.06 13.79
3 13.69 13.64 13.70 13.95 13.81 13.58 13.84 13.70
4 13.83 13.60 13.50 13.73 13.86 13.80 14.20 13.94
5 13.70 13.60 13.94 13.45 13.54 13.63 13.64 14.01
6 13.63 13.69 13.70 13.94 13.71 13.41 13.75 14.25
I 14.27 13.36 14.23 13.62 13.77 13.39 13.93 14.04
8 13.25 13.36 13.99 13.79 14.10 13.93 13.99 14.06
9 13.57 13.49 13.88 13.81 13.97 13.93 13.97 14.23
10 13.65 13.86 13.82 13.65 13.55 13.98 14.40 13.80

MEAN | 13.78 13.53 13.84 13.77 13.75 13.73 14.07 13.97
S.D. 0.32 0.18 0.22 0.17 0.19 0.22 0.38 0.18
MAX 14.31 13.86 14.23 14.03 14.10 13.98 14.96 14.25

MIN 13.25 13.28 13.50 13.45 13.54 13.39 13.64 13.70

1NN 3.19 uansszazatlumiunelunansioudidsdnvesyadeyail 1 luna
TnssgUszaifienuuuantudaeui 1 Swaumadussam 64 wad FuBaeuil 2 S
wadUszam 16 wad TuBaauil 3 SueadUszamil 16 1wad uazduBainui 4 S
wadUszamil 4 wad Isvaznafiiaiign

fatiy Iasengussamiteuuuuand msugateyain 1 Judenlilunanitudamun 1

a A

FIUIULAAUTZAN 64 188 TUTIAUN 2 INUIWTAAUTEAM 16 1088 warTuSamun 3

Qe

UIUARUTZAMA 16 Wwad
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PnTuMsUSEUWiguUTEans MmN eUssinvvenaumelinanisiseuia

Auveatoyail 2 doly AsanIMINA13I97 3.20

M1519% 3.20 UszAnSamnisinuneyssinnvainduaelunanisiseuiidenuues

v a
YAYdUAN 2
] ]

a

v a

19k

AULdug1valuma (Gawag)

v 5 S

y 0 4 a a

A4 = 2 v o

c om = % on g)n

.9 (0] => T g o

K] > n < — U

: | 5 5 | 3

e = £ o

- S
1 99.00 96.00 98.33 98.00 94.78 96.33
2 98.67 97.33 98.00 98.33 95.30 97.67
3 98.33 97.67 97.67 99.00 94.07 96.33
4 99.33 96.33 97.33 98.33 95.37 97.67
5 100.00 97.00 98.33 97.67 93.94 97.00
6 99.33 95.33 99.00 98.67 94.75 98.33
7 99.00 96.67 98.67 97.33 95.72 97.67
8 99.33 97.33 98.00 98.67 93.60 96.67
9 99.00 96.33 98.00 96.67 93.97 98.33
10 100.00 96.67 98.00 98.33 95.10 98.00
MEAN 99.20 96.67 98.13 98.10 94.66 97.40
S.D. 0.53 0.70 0.48 0.70 0.72 0.77
MAX 100.00 97.67 99.00 99.00 95.72 98.33
MIN 98.33 95.33 97.33 96.67 93.60 96.33

PSR 320 wansvadeuUsEanS AmnsvinuneUssinnvesnausislinanis

[
s

Y

Seuddduvemadeyadl 2 waasidiuiilueaniussdnsamanniigade  Tumasuld

a1 I o a ay & o s s a a1
‘Lﬂf“ﬂ UAIANMULNUENRA8NTDEAE 99.20 IR NTUINNOIALINADIUUYTU UATAINY

wiugLRALNSaaY 98.13
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UBNNUTILALERITEELAALEUNS I UNUIEI UV ILAAL 1IN AILEAIAINATTINN

3.21

M13197 3.21 528898 TINUEUTHANYRINAUAEUAANTITEUSITAUVDS

1% i
“lgﬂ‘daga‘ﬂ 2

szazian lun1sinungvaslana (Auii)

v S &

y 0 4 a a

A54 = 2 v o
c om = % on g)n

.9 (0] => T g [a's

K] > n < _ U

9 ) S B

(a) < c on

a S
1 2.19 1.54 1.75 1.63 0.97 1.46
2 1.90 1.58 1.69 1.60 0.96 1.38
3 1.71 1.55 1.71 1.68 1.07 1.40
q 1.73 1.53 1.70 1.61 0.95 1.42
5 1.74 1.59 1.79 1.60 1.10 1.44
6 1.80 1.62 1.79 1.61 1.08 1.43
7 1.76 1.58 1.68 1.64 1.10 1.43
8 1.78 1.58 1.68 1.61 1.03 1.40
9 1.67 1.56 1.77 1.62 1.19 1.36
10 1.71 1.56 1.73 1.63 1.08 1.41
MEAN 1.80 1.57 1.73 1.62 1.05 1.41
S.D. 0.15 0.03 0.04 0.02 0.08 0.03
MAX 2.19 1.62 1.79 1.68 1.19 1.46
MIN 1.67 1.53 1.68 1.60 0.95 1.36

NANT9 3.21 szezhantumsvihunglinanisiseuiidviuvesynteyain 2 lnenlueg
nsannesliuduaunsaiszeznataedsliisiand 1.05 3undl susilueasulddndulald

LANNINAGAT 1.80 FuNil

a

Usgavinmnmsvihungyszianvesnaumelinanisiseusiuununguvesyadeyad 2

FILARAIAIUANTINN 3.22
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M13199 3.22 UsEAnNSA1nn15iuneyssinvanauf g lunansiseusuusIMNguvad

% i
YAYdUAN 2
] ]

AnUusugvaslung (3awaz)
g -
[ E -+ §
A9 8 z S 2
[a0] o O
-+ [aa] a E
I I R -
5 < < 2
© &£
G)
1 100.00 98.67 98.67 100.00
2 99.00 99.00 99.33 99.33
3 99.33 99.67 98.33 99.00
q 99.00 100.00 99.00 99.33
5 98.67 98.33 100.00 99.67
6 99.33 99.67 98.00 99.33
7 100.00 100.00 98.67 99.67
8 98.67 100.00 99.33 99.67
9 100.00 98.00 96.67 98.67
10 99.67 99.33 100.00 98.67
MEAN 99.37 99.27 98.80 99.33
S.D. 0.53 0.73 1.00 0.44
MAX 100.00 100.00 100.00 100.00
MIN 98.67 98.00 96.67 98.67

NPT 3.22  WANTNAEDUUTLEANTAINASYINUIBUSLNNTBINAUM 1 LUMANNT
a ¥ 1 ¥ d‘ Y 1 dld a a Ql' =
SeuuuuTnguueniateyail 2 uandliiiudl Tueandussdnsamunniian fe luaa

a e a1 ) A Ay A ~ Y
wAsWguYaRs  dAnAnuusugiafeisesay 99.37 dendiulesvuninsgiusesay 0.53
sosasnduluvuduiimanuudugiadoviniuiiosay 99.33 Fwis 2 luwaliAiaiy

1 o OI dly o v dl 1 o 1 1 -7 dll d‘

wlugngegauazsingaisesay 100 uag 98.67 MNERUMWMNAY uaLANAeNUNFIuds UL

UINTFIU LazuansszuznaIidunsiuniigiuivesusaslinafeulaninunisem 3.23
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M137199 3.23 sTEzAaIMSIUIEUsEIANYaINaUtIgluAan1sTBuSLUUTIMNGUYRY

% i
YAYdUAN 2
] ]

szggIa luNIsNuIevalana (Aui)
20 o
& ﬁ -+ §
A9 8 z S 2
[a0] o O
-+ [aa] a E
: 8 | 8| s
s X < c
© &
5
1 2.54 2.53 0.70 1.65
2 1.90 1.91 0.71 1.54
3 1.86 1.85 0.70 1.93
q 1.88 1.84 0.70 1.89
5 1.86 1.98 0.74 1.95
6 1.82 1.85 0.75 1.90
7 1.86 1.82 0.73 1.94
8 1.83 1.83 0.72 1.85
9 1.82 1.83 0.71 1.93
10 1.81 2.09 0.73 1.92
MEAN 1.92 1.95 0.72 1.85
S.D. 0.22 0.22 0.02 0.14
MAX 2.54 2.53 0.75 1.95
MIN 1.81 1.82 0.70 1.54

NANTNA 3.23  szzlialunsviuelieanisiseusiuuTiinguvendean 2
Tuwaszuauityafansaviszeznaniadelidigad 0.72 Judl ddeavuuinsgi
0.02 #aeniign 0.70 Junit wazldianniign 0.75 Juil Fldszezansunndadieu

) A
Aulumadu

Usgavsninnsviuneyssinvveandusmiglimanisiseusidedn dalaun lunalaseing

UsganMiguwuuan vesynvayai 2 AwanInINn1s199 3.24
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M13199 3.24 YszAnSarmmisinuguszinvvasnauiiglunanisiseuiitednlunisuiu

Juudaiaui 1 vesyadayad 2

ﬂ?qﬁJLLﬁjUﬁiq’UaﬂiﬁJLﬂa (%'aﬁlaz)

sy Deep Neural Network (U%’UQu{?u%mﬂuﬁ 1)
2 q 8 16 32 64 128 256
1 98.00 98.33 98.67 97.67 98.00 98.33 96.67 97.33
2 98.00 98.00 98.33 98.00 98.67 98.00 98.33 98.00
3 98.00 97.33 98.67 96.00 97.33 97.67 96.67 98.67
q 97.33 98.67 97.67 97.00 97.00 97.33 97.00 96.33
5 98.33 98.33 99.00 98.33 97.67 98.00 96.67 97.67
6 97.00 98.67 97.67 97.67 99.00 98.67 99.00 98.33
7 98.33 96.33 98.67 99.00 98.33 97.67 97.33 97.67
8 98.67 98.67 97.00 97.33 98.00 97.67 97.67 98.00
9 97.67 97.67 98.00 98.00 97.00 98.00 98.00 97.33
10 98.00 98.67 97.33 97.67 97.67 99.00 97.00 98.00
MEAN | 97.93 98.07 98.10 97.67 97.87 98.03 97.43 97.73
S.D. 0.49 0.77 0.67 0.80 0.67 0.51 0.80 0.65
MAX 98.67 98.67 99.00 99.00 99.00 99.00 99.00 98.67
MIN 97.00 96.33 97.00 96.00 97.00 97.33 96.67 96.33

AT 3.24 wansdsganiamnsinugyseanveandumglinanisiseusigaan

vosyadeyan 2 lun1susuguiudanui 1 muuadiuiueaduseam (neuron) Sudun 2"

g n =1, 2, 3, .. Wiudwiu n ulvises 9 aulAianukiuginnvieanas Jameanisiiy

[

MUIU N

(%
[

lugugaeun 1 andudendugaaUszamniieauwiudfunign laglu

FugaUN 1 NTuwadUsram 8 Wwad MWieanuudugiadenuiniianiiesay 98.10

dhrudsuuinnsgiuniosas 0.67 wazuansssezainiiunsiunheuiveudasluea

AILAAINNUAITIN 3.25
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M13199 3.25 szeziansiusyssianvainaudlslunanisiteuiigednlunisuiu

Juudaauin 1 vesyadayad 2

szazaa lun1suIevasluea (3ud)

s Deep Neural Network (U%’UQu{?u%mﬂuﬁ 1)
2 q 8 16 32 64 128 256
1 33.24 34.46 33.47 34.51 34.06 34.04 34.63 34.85
2 34.35 34.44 32.96 33.84 33,72 34.90 34.43 34.38
3 34.04 33.59 33.31 34.30 34.52 33.82 33.60 35.38
q 34.04 34.69 33.87 33.42 34.44 34.00 33.79 34.38
5 34.40 34.74 34.21 34.17 33.24 33.89 34.25 35.20
6 34.02 34.59 33.80 34.42 33.61 33.73 34.38 34.96
7 33.97 34.58 33.74 33.99 34.21 33.55 33.46 34.89
8 34.04 35.04 34.08 33.87 34.06 34.72 33.25 34.32
9 34.38 34.43 34.22 33,57 35.52 33.82 33.78 35.57
10 34.63 33.77 33.88 33.91 35.37 34.46 34.68 34.55
MEAN | 34.11 34.43 33.75 34.00 34.28 34.09 34.03 34.85
S.D. 0.38 0.46 0.40 0.35 0.73 0.45 0.51 0.44
MAX 34.63 35.04 34.22 34.51 35.52 34.90 34.68 35.57
MIN 33.24 33.59 32.96 33.42 33.24 33.55 33.25 34.32

NNTRA - 3.25 szpznatumsiwsluman1sseuiiddnveateyai 2 T

lassngUszamidieunuudndudanui 1 SwiuwadUszami 8 Tdldszeziianiiiinan

33.75 Juil Welfiguiudnuiugadussavau 9

= Y o I a = Y = A ° s a' o
Lll@l@Naﬂ'ﬁ‘l/l@a@ﬂi‘lJﬂ'ﬁﬂiUgusﬁug@WI‘U‘Vl 1 187 UABNANUIULTAAUTLEINN 8 WUV

lutuneusiolufio TuBawun 2 laeluszdvianmsiueyssianvesnduresyndeoyad

2 AIULARASANLAINT 3.26
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M13199 3.26 UszAnSarmnisvinueyszinvvasnauiiglunanisiseuiiBednlunisuiu

Juudaiauin 2 vesyadayad 2

AMuLiug1vaslunag (%’Elﬁlaz)

A9 Deep Neural Network (U%’UQu{fu%mﬂuﬁ 2)

8-2 8-4 8-8 8-16 8-32 8-64 8-128 | 8-256

1 96.67 97.67 98.33 96.67 97.33 98.33 97.00 98.00

2 96.33 99.00 99.33 97.33 98.00 97.00 98.33 98.33
3 99.00 98.33 97.67 99.00 98.33 99.33 98.67 91.67
4 22.00 98.67 98.33 98.67 97.67 97.67 97.33 98.33
5 23.00 97.67 97.00 98.67 98.00 99.00 97.00 97.33
6 98.67 98.33 97.33 99.00 99.00 97.33 98.33 98.33
7 98.00 98.00 97.00 96.67 98.67 96.33 97.00 99.33
8 23.67 99.33 97.00 97.67 96.67 99.00 98.67 96.33
9 23.67 98.00 96.67 97.67 98.00 98.33 97.67 99.33
10 97.33 98.33 99.00 98.33 98.00 97.33 95.33 96.67

MEAN | 67.83 98.33 9r.77 91.97 971.97 971.97 97.53 971.97

S.D. 38.52 0.54 0.93 0.89 0.66 0.99 1.03 1.00
MAX | 99.00 99.33 99.33 99.00 99.00 99.33 98.67 99.33
MIN 22.00 97.67 96.67 96.67 96.67 96.33 95.33 96.33

NN 3.26 uansUszAvammsinneyssanueanausnelunansitousidedn
vosyatoyail 2 lun1susuguivBaiaud 2 Tnetudanud 1 S5 wuwedussamid 8 wad
SmuasuuadUsEam (neuron) TRRUTUBAWUA 2 Sudud 20 Tag n = 1, 2, 3, .. Wi
$1wu n Buludes q sufidarnuuiudiasiivieanas Jmganiafius iy n ludusaipud
2 MntudendunuiadUsvamitlienanuudugiisinian Taedugawnud 1 Sueed
Usvam 8 wad wartudaiauil 2 Swauwadusvam 4 wad Wenamuuiugiadefiuiniian
fifovay 98.33 duidsnuunnsgiuiifesas 0,54 TAmausiudunniigneyfisosay 99.33

ANuEPITIanegNTesay  97.67  Uavlanssveznamliunsluniigiuniivecusias

TUPARILEAIAUAITIN 3.27
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M13199 3.27 seziansiuisyssianvainaudlslunanisiteuiigeanlunisuiu

Juudaiauin 2 vesyadayad 2

szgzan lunNIsIuIgvadlang (3ui)

s Deep Neural Network (U%’UQu{?u%mﬂuﬁ 2)
8-2 8-4 8-8 8-16 8-32 8-64 8-128 | 8-256
1 35.49 36.02 35.96 36.70 36.50 37.16 37.61 38.02
2 36.54 36.71 37.19 35.80 35.71 37.74 36.33 37.91
3 35.84 36.35 36.12 35.62 36.03 36.46 37.61 37.42
q 35.39 36.12 35.75 36.14 36.36 36.75 37.21 38.49
5 35.60 36.96 36.14 35.65 35.45 36.31 37.09 38.32
6 35.97 36.72 35.66 35.65 35.38 36.81 36.82 37.86
7 36.83 36.74 36.02 36.36 36.27 35.46 36.12 38.47
8 36.90 35.67 35.04 35.24 35.27 36.85 39.17 37.43
9 36.30 37.02 35.53 35.25 35.90 37.55 37.67 39.06
10 36.61 35.94 36.45 36.97 35.45 37.09 36.58 38.58

MEAN | 36.15 36.43 35.99 3594 | 3583 | 36.82 37.22 38.16
S.D. 0.56 0.47 0.57 0.59 0.45 0.65 0.88 0.52
MAX | 36.90 37.02 37.19 36.97 36.50 | 37.74 39.17 39.06
MIN 35.39 35.67 35.04 35.24 35.27 35.46 36.12 37.42

NNTRA - 3.27 szpznatumsiwslunansseuiiddneateyai 2 T
lassngUssamigwuUANTUEAUN 1 UILEAdUTEaN 8 Lwad WavduBalaui 2 31U
wadUszam 4 wad Sadezlildszeznaniiiiign uwieglussezannsulddedisudiu

PUILARUTZTAMNDU )

dleldnanmeaedunmsuivquivdaauil 2 udh FudenduBawudl 1 Swouead
Usvam 8 wad waztuBainudl 2 Sunumaduszam 4 iwed iuugulutuneustelude du
Bawnuil 3 TaefiuszAvBamnsinneussinnueanduvesadoyadl 2 Fuananiunssd
3.28
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M13199 3.28 UszAnSarmnisinueussinvvasnauiiglunanisiseuiiBeanlunisuiu

Juudaiauin 3 vesyadayai 2

AMuLiug1vaslunag (%’Elﬁlaz)

g Deep Neural Network (Ufugutusaiau 3)

8-4- | 8-4-
128 | 256
1 97.67 | 97.67 | 7633 | 96.67 | 9533 | 9833 | 98.33 | 98.67

8-4-2 | 84-4 | 84-8 | 8-4-16 | 8-4-32 | 8-4-64

2 97.33 73.67 98.33 99.00 97.67 98.33 98.00 96.33
3 23.33 70.33 97.00 98.00 73.33 97.67 98.00 98.00
4 97.67 97.00 96.67 98.00 98.67 96.67 95.33 98.67
5 22.33 97.00 74.33 98.00 97.67 98.00 98.00 98.33
6 94.00 98.00 98.67 97.67 96.67 99.00 98.33 95.00
7 97.00 98.00 97.33 99.00 97.00 98.67 91.67 96.33
8 98.67 97.33 97.00 98.33 95.00 98.00 97.67 97.67
9 97.00 97.67 98.00 97.33 97.67 99.00 98.00 91.67
10 73.00 96.67 97.00 73.33 98.00 98.33 98.00 98.67

MEAN | 79.80 92.33 93.07 95.53 94.70 98.20 97.73 97.53

S.D. 30.97 10.75 9.38 7.83 7.60 0.69 0.87 1.25

MAX 98.67 98.00 98.67 99.00 98.67 99.00 98.33 98.67

MIN 22.33 70.33 74.33 73.33 73.33 96.67 95.33 95.00

MNANTEA 3.28 uansUszAvamMsIneUssianueanauselnansieusidedn
vosyatoyail 2 lun1susuguivBainud 3 Tnesudanud 1 S5 wumedussamibu 8 iwad
wazduBaauil 2 Sunumaduszam 16 1wad fvuaduugadUszam (neuron) liudy
SoLAudt 3 Suduit 20 Tae n = 1, 2, 3, . Winswau n suluides g quilfanuugiugaadi
vieanas Fmeaniaifivd iy n lutudaiaudl 3 MnduidondwnumadUszamiliaay
wiughiiuniian Taedudoweuil 1 Sunuseduszam 8 wad suBawudl 2 S1uauead
Usvam 4 wad waztudaeudl 3 SauweadUszam 64 wad Wenauusiugiadediuin
flanfifonaz 98.20 urdimauuwiugiiosnidudanuil 2 InihnmgansUiugu waskang

S282AALIUNS UL U TV ILAaZ LU AARILEARIANNAISI9T 3.29
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M13199 3.29 szezaINsusysEanvainaudlslumanisiteuiigednlunisuiu

Juudaiauin 3 vesyadayad 2

szazaa lun1suIgvasluea (3uni)

o Deep Neural Network (Ugugu%u?!ﬂmuﬁ 3)

8-4- | 84
8-4-2 | 84-4 | 84-8 | 84-16 | 8-4-32 | 8-4-64

128 256
1 39.75 39.89 38.62 39.73 38.60 39.85 40.39 40.04
2 38.77 38.95 39.01 39.49 39.38 38.46 40.10 39.86
3 38.94 38.71 39.23 39.21 39.52 39.10 39.73 40.79
q 39.31 38.47 38.26 39.18 38.85 38.97 39.41 40.12
5 38.12 38.94 38.75 39.04 40.27 38.88 40.30 40.01
6 39.04 39.57 38.74 39.18 38.70 38.89 39.15 40.81
7 38.34 38.31 39.28 39.02 38.92 39.08 39.82 41.39
8 39.10 38.62 37.89 38.99 38.56 39.60 39.74 40.22
9 39.01 39.67 39.19 39.37 40.12 39.87 39.76 40.39
10 38.60 38.65 39.78 38.75 39.50 38.77 40.01 39.51
MEAN | 38.90 38.98 38.88 39.20 39.24 39.15 39.84 40.31
S.D. 0.47 0.55 0.55 0.28 0.62 0.47 0.38 0.55
MAX 39.75 39.89 39.78 39.73 40.27 39.87 40.39 41.39
MIN 38.12 38.31 37.89 38.75 38.56 38.46 39.15 39.51

d' o = Yo o v a
1NNITNN 3.29 LLa@ﬂigEJ%L’J@']IUH'H‘W']U']EJI@JL@aﬂqiﬁﬂuglfﬁﬂaﬂsﬂaﬂﬁﬂsﬂ'@%aw ZIQJW@

1A EUTEAMAULUVANTUTIAUN 1 1WIUaaUsEan 8 waa JUBAAUN 2 31UIU

wadUsyay 4 wad wartudawuil 3 uuwaduszamn 8 wad sseiaiiiiifian 38.88

a a
IUMN

sty laseneuszamiieuiuuand wiugateyan 2 Judenldlunaini

FUULARUTZAM 8 WAd WATTUTALAUN 2 INUIUAAUSEEN 4 1waa

[
o

YU

a dl
FALAUN 1

PnturiNsWIguiieuUsEansamnsinueyseanveindumglunanisiseusia

Auveatayail 3 skl AanmINn1II97 3.30
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M13199 3.30 UszAnSarmnisvinueusainnvasnauiiglunanisiseuiidwiuves

% i
sl!ﬂ"ua%a'ﬂ 3

ﬂ?qﬁJLLﬁjUEhsﬂENINLﬂa (%aﬂaz)

c

" S S

g o 0 a @

A9 H & g 5,

c fu) = % o 0]

.9 (0] > T g [a's

@ > n =~ = U

s | B 5 | %

o < c on

— B
1 98.89 55.44 91.83 98.39 53.38 78.00
2 99.22 57.44 93.44 97.78 52.36 76.83
3 98.94 58.67 93.72 97.89 50.27 78.94
4 99.28 57.89 93.72 97.78 53.69 79.67
5 99.06 58.06 92.61 97.39 54.79 74.61
6 99.33 58.39 93.89 98.67 55.07 75.50
7 98.78 54.50 93.06 98.11 53.58 78.83
8 99.28 56.11 93.56 98.33 53.36 77.83
9 99.11 56.00 93.17 97.89 54.07 78.61
10 98.94 58.78 93.22 98.06 52.53 77.00
MEAN 99.08 57.13 93.22 98.03 53.31 77.58
S.D. 0.19 1.50 0.62 0.37 1.37 1.60
MAX 99.33 58.78 93.89 98.67 55.07 79.67
MIN 98.78 54.50 91.83 97.39 50.27 74.61

NPT 3.30  WANITNAEDUUTLEANTAINASYINUIBUSLNNTBINAUM 1 LUMANNT
= v oa X Y] a v & Ao a a ~ a ) ¢
SYUTIRUYDIYATRYAT 3 wandlviiuinluwaniused@nsninannian Ae luwadnnese

I’ AN A ) A Ay & ac o v Al P )
nnwashurdudmaukiugadenavay 99.08 e nluisnisieutuntnaiigne k /3

JAANuUgRAENSe8ay 98.03

yonanddalanansszeznainiidunisiunileIuniveawsasluwa AakanInINmAIsIen
3.31
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M13199 3.31 segiaInsiusyssianvaindudlelunanisiteuiigenuyas

% i
sl!ﬂ"ua%a'ﬂ 3

szazian lunIsinungvaslana (Auii)

v 5 5

y 0 4 a a

A54 = > v o
c m = % on g)n

.9 Q > T g [a's

K] > n =~ _ U

9 ) S kA

o = £ o

a S
1 1.69 1.52 9.10 1.78 0.98 1.85
2 1.70 1.51 10.37 1.79 0.94 1.83
3 1.67 1.51 10.85 1.91 0.93 1.80
q 1.90 1.52 10.53 1.72 0.92 1.79
5 1.77 1.53 11.94 1.69 0.89 1.83
6 1.49 1.52 9.84 1.64 0.97 1.88
7 1.71 1.54 10.40 1.68 0.89 1.81
8 1.49 1.49 12.41 1.68 0.93 1.79
9 1.72 1.47 10.74 1.67 0.91 1.85
10 1.68 1.48 12.86 1.66 0.90 1.87
MEAN 1.68 1.51 10.90 1.72 0.93 1.83
S.D. 0.12 0.02 1.17 0.08 0.03 0.03
MAX 1.90 1.54 12.86 1.91 0.98 1.88
MIN 1.49 1.47 9.10 1.64 0.89 1.79

d' ° = v oa & v N 1
NATNN 3.31 3585L'Ja'ﬂ‘Uﬂ'ﬁVnu']EJIlIL@aﬂ'ﬁLsUuzLﬂﬂﬁum@ﬂﬁ@ﬂ@%aw 3 IULLG]az

lumadianuuandeiulianntdn  Ieeiluwanisanasedsduaunsarinssesnananaiela
57807 0.93 3wl Tdhiarsiiign 0.89 Junil uasldnanuniian 0.98 Junit Tuvazidnwwase

s a 19 a o a P a{' A a ) 44'
L'JﬂLmaiLLiJﬂfsﬁuﬁhﬁgﬂgna']Lﬂafﬁfl 10.90 UMW SUQGL%L'JQ']@J']ﬂVI?jﬂLiJEJL‘V]EJ‘Uﬂ‘UI@JL@a@u i

a

UszAniammsvinnguseianveanauniglimanisiseusuusiunguvesyadoyail 3

FALLEPIMINANTIN 3.32



% i
sl!ﬂ"ua%a'ﬂ 3

AULdug1valuma (Gawag)
2 -
& E -+ §
A9 8 z S 2
[a0] o O
+ faa) s8] £
g ) 9 S
&S > < c
© &
G}
1 99.83 99.22 99.72 99.50
2 99.67 99.61 99.78 99.83
3 99.44 99.56 99.67 100.00
4 99.83 99.39 99.78 99.72
5 99.67 99.11 100.00 99.50
6 99.50 99.39 99.72 99.78
7 99.50 99.11 100.00 99.83
8 99.78 99.50 99.61 99.50
9 99.17 99.00 99.67 99.83
10 99.83 99.50 99.72 99.83
MEAN 99.62 99.34 99.77 99.73
S.D. 0.22 0.21 0.13 0.17
MAX 99.83 99.61 100.00 100.00
MIN 99.17 99.00 99.61 99.50
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M13199 3.32 UsEAnSA1nn1sinuneyssinnvanaui g lunanisiseuiiuusIunguvad

NANTNA 3.32 WanIIndeuUsEAnSAmnsinugUseanvenauniglueanis
Seuduuusiunguuesadeyail 3 uaasbiiull lueaiiiusz@vsnmanniiande luea
aruaUnyaRadlAauiuduadeniosar  99.77 drdulosuuinsgiusesay 0.13

1o Awv A v = = A Y o & | A
Auwiugleeignsesay 99.61 Fannianilaiiguiulinady sesmsndudiuuudud
1 1 o d‘ 1 o dly d! Y a o = Qy
AAUkiugLRdwiunSevar 99.73 FdlndiAvsiuasuauinyads wasuanIszelIa

o a ! a = 1 U dl
ANEUNTIURUNEIUTIVIULAaL LUAARAILEAIRINATTINT 3.33



M19199 3.33 SEEELIAINTIUIBUTEINYRINAUAIETUNANTIREUSUUUTINNGNYY

v a
“QG]‘U?JQEWI 3

sgLIa luNISINUIevalana (Auli)
20 o
I E -+ §
A9 8 z S 2
[a0] o O
-+ [aa] a E
: 8 | 8| s
&S > < c
© &
5
1 7.39 4.40 3.48 2.30
2 7.19 4.23 3.25 2.34
3 7.19 4.13 3.25 2.23
q 7.10 3.62 3.22 2.16
5 7.08 3.14 3.28 2.24
6 7.16 3.23 3.31 2.23
7 7.16 3.40 3.30 2.21
8 7.25 3.23 3.15 2.18
9 7.20 3.18 3.20 2.21
10 7.22 3.16 3.18 2.32
MEAN 7.19 3.57 3.26 2.24
S.D. 0.09 0.50 0.09 0.06
MAX 7.39 4.40 3.48 2.34
MIN 7.08 3.14 3.15 2.16

d' o = v ! v N
NAITNN 3.33 iSEJSL'Ja'ﬂUﬂ']?V]']‘U']EJIQJL@aﬂ'ﬁlﬁﬂugLLUU?QNﬂQQJ“U@\Tﬁq@“U@HaW 3

52

Inglumatuuuguiinssezianaiadeliiiign 2.24 3ui sesaswidulinaezuauiinyans

° ! a v d' a =
a']ﬁJ']iﬂVl']i%EJSL'Ja']ﬂ']LQaEJ‘l@ILTJZ‘;m‘VI 3.26 WU

Usgansnmnisvingdssinvvesndumelinansisoudidedn dalaun Tuwalaseng

UsEaMiguuuuan v03Ynveda 3 AwaAININA1S199 3.34
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M13199 3.34 YszAnSarmnisinueuszinvvasnauiiglunanisiseuiiBeanlunisuiu

Juudaaun 1 vasyadayadn 3

ﬂ?qﬁJLLﬁjUﬁiq’UaﬂiﬁJLﬂa (%'aﬁlaz)

sy Deep Neural Network (U%’UQu{?u%mﬂuﬁ 1)
2 q 8 16 32 64 128 256
1 15.83 86.11 50.78 94.11 96.61 89.61 16.94 17.17
2 15.00 88.11 88.67 94.39 96.78 96.39 15.67 17.06
3 15.44 16.22 15.56 95.50 94.22 95.28 95.72 17.22
q 15.00 15.17 15.89 94.72 89.11 93.06 16.94 16.94
5 15.28 16.00 77.83 95.33 92.89 95.61 17.61 14.94
6 49.72 15.89 15.89 91.94 94.61 95.22 17.11 16.50
7 16.06 16.11 49.78 90.78 95.11 93.11 16.28 16.50
8 15.06 53.22 79.72 96.72 87.72 90.61 17.22 16.61
9 15.44 16.06 15.72 93.00 84.22 91.44 17.44 16.22
10 15.78 52.67 85.89 92.00 93.28 95.00 16.72 16.39
MEAN | 18.86 37.56 49.57 93.85 92.46 93.53 24.77 16.56
S.D. 10.85 30.18 31.85 1.87 4.12 2.34 24.94 0.67
MAX 49.72 88.11 88.67 96.72 96.78 96.39 95.72 17.22
MIN 15.00 15.17 15.56 90.78 84.22 89.61 15.67 14.94

AT 3.34 wanslsganiamnsinugyseanveandumglinanisiseusigaan

vosyadeyan 3 lun1susuguiudanui 1 muuadiuiueaduseam (neuron) uAuR 2"

g n =1, 2, 3, .. Wiudwiu n uluises 9 aulAianukiuginnvieanas Jameanisuiy

13U n Tugudanun 1 NTueadUszam 16 wad IAnnuuduguadenunianaisos

az 93.85 dilunuunnsgiunievay 1.87 uazuansszaznainiunmsluniisiuiives

WAL LILAARILANIRNNNANTIN 3.35
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M13199 3.35 szeziiansiuisyssianvainaudlslunanisiteuiigednlunisuiu

Jududaiaun 1 vesyadayad 3

szazaa lun1suIevasluea (3ud)
s Deep Neural Network (U%’UQu{?u%mﬂuﬁ 1)

2 q 8 16 32 64 128 256
1 177.42 | 17256 | 201.98 | 201.33 | 204.94 | 176.83 | 179.69 | 218.56
2 175.60 | 180.47 | 201.81 | 198.83 | 204.77 | 180.41 | 189.82 | 224.60
3 179.32 | 178.63 | 201.58 | 210.51 | 206.80 | 185.88 | 192.86 | 209.43
q 17794 | 172.66 | 201.25 | 210.77 | 200.77 | 182.40 | 178.71 | 213.89
5 179.18 | 178.59 | 200.77 | 198.99 | 207.80 | 178.96 | 176.47 | 210.70
6 175.17 | 174.25 | 199.57 | 207.33 | 199.07 | 178.61 | 206.19 | 209.75
7 179.89 | 175.69 | 202.34 | 205.13 | 200.64 | 187.98 | 207.58 | 211.38
8 173.09 | 173.45 | 202.27 | 202.52 | 210.61 | 190.39 | 207.75 | 211.26
9 180.31 | 178.28 | 201.09 | 211.87 | 211.00 | 184.78 | 210.97 | 212.93
10 175.01 | 176.10 | 202.04 | 206.23 | 206.94 | 192.23 | 206.40 | 211.42
MEAN | 177.29 | 176.07 | 201.47 | 205.35 | 205.33 | 183.85 | 195.64 | 213.39

S.D. 2.45 2.82 0.84 4.83 4.13 5.27 13.75 4.73
MAX | 180.31 | 180.47 | 202.34 | 211.87 | 211.00 | 192.23 | 210.97 | 224.60
MIN 173.09 | 172.56 | 199.57 | 198.83 | 199.07 | 176.83 | 176.47 | 209.43

NTRA - 3.35  szpznalunmsihwslunan1sseuiidadnveateyai 3 Tuea

1AsseUsTaMAsLLUUANTUSAALN 1 3uuaaUszani 16 dawsazslilaszesinanis

N R Ao yyd o« v o s 44'
‘Vl?j@ LLW@%IU?%EJ%L'J@TWTUI@LN@L‘V]UUﬂUQWUQUL%aaﬂigaWW@u i

P 19 o I a = Y o= oA ° I3 =
LN@I@Naﬂqiwﬂaaﬂii‘Jﬂ']iﬂiUguﬂug@WI‘U‘Vl 1 13 JaDNANUIULYAAUTLEINN 16 U

USuguluduneuseluiie dudamun 2 leegiiuszdniammshueussanvenauresyn

'
=

Youa? 3 AILAAIAIUAITNT 3.36

Y
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M13199 3.36 UszAnSarmnisinuguszinvvasnauiiglunanisiseuiiBeaniunisuiu

Juudaaun 2 vasyadayad 3

AMuLiug1vaslunag (%’Elﬁlaz)

Deep Neural Network (U%’Ugu‘ffu?mmuﬁ 2)

AN
16-2 16-4 16-8 16-16 | 16-32 | 16-64 | 16-128 | 16-256
1 16.06 95.00 94.56 96.94 98.44 98.17 98.83 97.17
2 15.72 88.06 86.44 97.17 99.72 98.67 99.06 97.89
3 15.50 15.56 97.17 97.56 99.61 99.33 95.44 99.22
4 48.00 82.11 92.61 96.17 99.72 98.89 99.06 95.44
5 62.44 91.72 85.78 93.17 97.89 99.11 98.61 99.22
6 15.61 85.78 89.33 97.00 95.39 94.22 86.39 97.83
7 14.94 15.94 93.39 95.28 96.67 98.28 99.78 99.67
8 84.28 81.50 95.72 95.83 99.33 98.56 99.06 99.17
9 85.56 84.06 94.78 98.72 99.00 98.39 94.28 93.94
10 12.22 15.89 91.67 95.17 98.17 98.28 99.22 95.39
MEAN | 43.03 65.56 92.15 96.30 98.39 98.19 96.97 97.49
S.D. 30.80 34.59 3.86 1.54 1.44 1.45 4.13 1.98
MAX | 85.56 95.00 97.17 98.72 99.72 99.33 99.78 99.67
MIN 14.94 15.56 85.78 93.17 95.39 94.22 86.39 93.94

AT 3.36 wansUsEaniamnsinugyseanveaindumeglinanisiseusiaan

%BQGUWUGJJEW] 3114m’3ﬂ3mu%u@mmum ZIWEJ‘SU‘LJ@WLG]‘U‘W 1 §wuwaduszanndu 16 waa

MUUAIUILLEAaaUSEAM (neuron) ”Lvmwua@muw 2 Suduil 2" Tag n = =1, 2, 3, il

U N °Uu1°lJL§E]EJ 9 a]uummﬂmmummwmaamaa ﬁ]wqﬂmimummu n IWU‘USVWL@U‘W

2 MniudenduwadUsEamAlAIANNLLug NN Tgn Inetudaeun 1 Suiuead

USZAM 16 1988 LarTUTAAUT 2 NUIUTAAUTLEN 32 1Was WAIANUBIUEILRALNNIN

gaiiseuay 98.39 diudesuuinnsgiuisesay

144 frmanuwluginiignegisosas

95.39 LAZLANISLYLLIANNWRUNT IUNUILAUTVDILABLLUARAILEAIAIUAIS NN 3.37
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M13199 3.37 szeziiansiuisyssianvaindudlslunanisiteuiigednlunisuiu

Jududaiauin 2 vesyadayai 3

szgzan lunNIsIuIgvadlang (3ui)

A9 Deep Neural Network (U%’UQu{fu%mﬂuﬁ 2)

16-2 16-4 16-8 16-16 | 16-32 | 16-64 | 16-128 | 16-256

1 226.63 | 222.37 | 22490 | 225.20 | 229.38 | 175.65 | 215.73 | 228.82

2 22353 | 22491 | 22334 | 225.71 | 224.01 | 178.76 | 208.92 | 221.66
3 22097 | 222.80 | 227.01 | 22530 | 226.61 | 176.37 | 213.34 | 228.71
4 228.11 | 224.15 | 22653 | 223.09 | 224.23 | 173.23 | 225.88 | 228.04
5 22794 | 22758 | 227.56 | 224.85 | 225.06 | 171.78 | 238.49 | 227.67
6 234.43 | 222.66 | 221.55 | 224.10 | 182.17 | 210.35 | 219.19 | 223.04
7 22990 | 222.70 | 225.18 | 224.10 | 175.84 | 210.01 | 218.30 | 226.35
8 227.82 | 224.04 | 221.11 | 224.23 | 184.24 | 207.98 | 232.70 | 232.83
9 23296 | 223.82 | 22331 | 223.41 | 191.13 | 207.52 | 234.58 | 228.03
10 226.51 | 22651 | 228.87 | 224.59 | 210.80 | 206.32 | 224.28 | 229.58

MEAN | 227.88 | 224.15 | 22494 | 224.46 | 207.35 | 191.80 | 223.14 | 227.47
S.D. 3.99 1.74 2.59 0.84 21.52 17.67 9.77 3.19
MAX | 234.43 | 227.58 | 228.87 | 225.71 | 229.38 | 210.35 | 238.49 | 232.83

MIN | 220.97 | 22237 | 221.11 | 223.09 | 175.84 | 171.78 | 208.92 | 221.66

NTRA - 3.37  szpznatumsiuslunan1sseuiidanveateyai 3 Tuea

(%
= U

lassgUssamiiguwuuantudanun 1 SuuwadUsyam 16 wad wastudanun 2
PuwadUszam 32 waa awdarlilliszeznainiiings wieglussesnaniuladiadieu

[y

AUTUIULRAUTEENDU

dleldnanmaaedunmsuivquivdaaudl 2 udh FudenduBawudl 1 Swouead
Uszam 16 1wad wartuBanudl 2 Swumaduszam 32 wad wndiuguluduneuseluie
Fudaaud 3 Tneifiuszavsnmmsihunsysuinnuesnauvesndoyad 3 dauansmuniad
3.38
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M13199 3.38 UszAnSarnnisvinueuszinvvasnauiiglunanisiseuiiBeanlunisuiu

Jududaaun 3 vasyatayadn 3

AMuLiug1vaslunag (%’Elﬁlaz)

g Deep Neural Network (Ufugutusaiau 3)

16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32-
2 4 8 16 32 64 128 256
1 69.72 96.70 97.67 98.00 98.44 99.33 98.56 99.22

2 15.67 98.06 98.89 97.06 98.28 98.72 97.94 99.00
3 52.11 98.94 99.33 98.61 98.94 99.39 89.44 98.11
4 93.33 97.44 99.06 99.56 98.89 96.67 99.28 99.00
5 15.17 97.83 98.50 97.22 99.33 98.22 98.06 98.89
6 50.56 88.06 94.50 98.06 97.22 97.50 99.39 97.11
I 15.67 97.56 99.06 97.17 96.17 98.22 94.78 92.72
8 94.28 15.11 97.78 98.44 95.67 98.22 99.94 98.89
9 16.39 15.50 96.28 98.17 99.72 99.72 97.50 97.44
10 93.83 98.83 98.67 98.78 99.33 98.28 90.94 99.78

MEAN | 51.67 80.40 97.97 98.11 98.20 98.43 96.58 98.02
S.D. 34.68 34.45 1.52 0.80 1.39 0.92 3.67 2.03
MAX | 94.28 98.94 99.33 99.56 99.72 99.72 | 99.94 | 99.78

MIN 15.17 15.11 94.50 97.06 95.67 96.67 89.44 92.72

1NN 3.38 uansUszAvEamnsineyssanueanauselunansitousidedn
vosyatoyail 3 lunsusuguivBaiaudl 3 Tnedusanud 1 fsuueadussamdu 16 1wad
wazduBoiaud 2 SunuwadUszam 32 wad fvunswaumadUszam (neuron) Tiuty
SoLaud 3 Sudud 2" e n = 1, 2, 3, . s n wuluides g quilfanuugiugaadi
vieanas Fmeaniaifivd iy n lutudaiaudl 3 MnduidondwnumadUszamiliaay
wiughiiuniian Tnetuaiauil 1 SnueadUsvam 16 wad Sudaaudl 2 S1uauwead
Usvam 32 wad uazduBanudl 3 Sunumaduszam 64 wad Waauusugiadefiun
flgaifevay 98.43 dudsnvunnsgiuiifesay 092 femnuuiudinfianegisesas

96.67  FuduAranunlugaasnfNaniioeuiuwadussaIman hashaAAISEEEIA"

q

o a I a = 1 L dl
ANEUNTIURUNIUNVILAAL LULAAAILEAIRNINAT TN 3.39



58

M13199 3.39 szeziiaInsiusyssianvainaudlslumanisiteuiigednlunisuiu

Juudaaun 3 vesyadayadn 3

szgzan lunIsTuIgvadlang (3ui)

g Deep Neural Network (Ufugutusaiau 3)

16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32-
2 4 8 16 32 64 128 256
1 241.85 | 236.80 | 199.50 | 199.40 | 196.84 | 198.94 | 208.72 | 243.84

2 232.59 | 241.74 | 193.86 | 202.59 | 197.26 | 203.70 | 202.27 | 231.78
3 249.86 | 236.63 | 197.02 | 197.64 | 19531 | 19791 | 202.85 | 237.58
4 235.49 | 23598 | 194.17 | 197.37 | 195.99 | 199.66 | 202.93 | 228.88
5 234.38 | 240.13 | 199.15 | 202.06 | 202.22 | 202.19 | 206.05 | 236.93
6 238.71 | 233.48 | 197.71 | 196.65 | 205.24 | 196.75 | 200.34 | 238.73
I 240.20 | 237.26 | 197.06 | 195.47 | 200.34 | 201.13 | 199.56 | 266.71
8 256.67 | 238.84 | 198.39 | 196.35 | 197.13 | 207.77 | 202.61 | 270.00
9 251.38 | 237.33 | 203.57 | 195.84 | 198.67 | 199.57 | 203.62 | 268.12
10 249.64 | 238.24 | 196.28 | 206.50 | 197.29 | 19991 | 200.07 | 267.65

MEAN | 243.08 | 237.64 | 197.67 | 198.99 | 198.63 | 200.75 | 202.90 | 249.02
S.D. 8.27 2.28 2.80 3.62 3.10 3.18 2.80 16.92
MAX | 256.67 | 241.74 | 203.57 | 206.50 | 205.24 | 207.77 | 208.72 | 270.00

MIN | 23259 | 233.48 | 193.86 | 195.47 | 19531 | 196.75 | 199.56 | 228.88

NANTNA 3.39  szeznalumsihnglinansseuiidaanteyateyai 3 luea
1AV USEAMTEULUUANTUTAAUN 1 IUILLAAUTEAM 16 1088 TUSAMUA 2 31U
WadUsTam 32 Wwad hardudaeud 3 SnuumaaUszani 64 dasiazlilaszeziiaifii

N N Ao yyd o« v o s d'
Vl?j@ LLG]@%IU?%EJ%L'Ja']Vﬁ‘UIWL?,J@WlEJ‘UﬂU‘U']u’J‘ULaﬁaaiJizﬂ']Vl@u 9

dieldnanisneaeddumssuguiudanuil 3 wi Jadentudamuil 1 uIuead
Uszam 16 wad Jusawnun 2 uueaduszan 32 1wad wastuganun 3 Suiuead
Uszan 64 wuSuguluduneusielume dudawun 4 laeliussansnimnisiuiedssnam

a o = Y =
VNNAUVDIYAVDAAY] 3 ANLLEARNRAUNITIN 3.40
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M13199 3.40 UszAnSarmnisvinueyszinvvasnauiiglunanisiseuiiBednlunisuiu

Juudaauin 4 vasyadayai 3

AMuLiug1vaslunag (%’Elﬁlaz)

y Deep Neural Network (U%’Uguifu%mﬂuﬁ 4)

16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32-
64-2 64-4 64-8 64-16 | 64-32 | 64-64 | 64-128 | 64-256
1 15.67 98.78 98.39 97.12 97.33 99.39 98.44 96.78

2 15.56 96.89 97.06 98.22 96.50 95.78 97.78 99.33
3 16.33 98.06 89.61 96.83 98.89 97.00 96.06 98.06
4 77.17 97.11 97.39 98.72 98.78 95.89 99.17 971.22
5 16.17 98.61 92.89 98.67 99.17 98.83 99.56 89.94
6 15.22 97.39 97.22 98.44 99.06 98.72 98.56 98.00
I 92.83 98.61 99.56 99.00 99.28 99.00 98.06 91.67
8 16.17 16.28 98.61 97.11 99.00 99.44 98.17 93.00
9 16.28 97.28 99.06 96.22 94.44 99.28 98.89 94.78
10 15.72 66.50 94.72 96.78 97.11 97.50 95.83 84.06

MEAN | 29.71 86.55 96.45 97.71 97.96 98.08 98.05 94.28
S.D. 29.37 26.59 3.15 1.00 1.59 1.43 1.23 a4.72
MAX | 92.83 98.78 99.56 99.00 99.28 99.44 | 99.56 99.33

MIN 15.22 16.28 89.61 96.22 94.44 95.78 95.83 84.06

MNANTEA 3.40 uansUszAvEamsineUssanueanauselnansteusidedn
ﬁuawm%’auaﬁ 31umiﬂ%’mu%u§mmuﬁ 4 Tnpdusaauit 1 fswuwadussamiu 16 wad
FuBoaudl 2 SuauwadUszam 32 wad wartuBaauR 3 SwauwadUsEEm 64 1wad
AMRUAIIUIUAaUIEE M (neuron) TAuduBawmuil 4 Sudud 20 Tae n = =1,2 3, fiay
Sy n Tuludes o sulimAnuulugasiivieanas ﬁ]wqmmimummu n Tumuammu‘m
4 MntudensnuadUsvamillienanuudugifisiniian Taedudawnud 1 Sueed
Uszam 16 1wad Juamudl 2 sS1unueaduszam 32 wad sudaeudl 3 SnueedUszam
64 1988 LazTUBAUT 4 SutuwadUszam 64 wad Taeuwludiaasiidesay 98.08
windufidauusiugiadeditiosndn dudaeud 3 Ailmsuiugu Feihnmgansuiugu

LATLANITEEZIAIALIUNIS UM U TV ILAAZ L UL AAR JLERIANNAITIN 3.41
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M13199 3.41 szeziansiuisyssianvaindudlslunanisiteuiigednlunisuiu

Juudaiauin 4 vesyadayai 3

szgga lunIsnuIgvadlang (3ui)

z Deep Neural Network (U%’Uguifu%mﬂuﬁ 4)

16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32- | 16-32-
64-2 64-4 64-8 64-16 | 64-32 | 64-64 | 64-128 | 64-256

1 21591 | 24793 | 219.20 | 219.42 | 211.00 | 213.37 | 216.12 | 229.60
2 239.39 | 243.41 | 231.79 | 244.72 | 222.39 | 207.41 | 213.45 | 22553
3 21572 | 239.82 | 217.07 | 221.35 | 21235 | 214.57 | 217.48 | 249.38
4 220.30 | 227.75 | 24526 | 247.02 | 209.60 | 224.64 | 216.48 | 227.66
5 219.23 | 22631 | 246.31 | 243.11 | 212.28 | 212.21 | 229.15 | 226.44
6 220.64 | 225.74 | 217.76 | 21752 | 211.32 | 209.48 | 226.41 | 247.36
7 216.55 | 22385 | 221.06 | 219.78 | 21552 | 209.57 | 221.90 | 224.67
8 21525 | 229.49 | 217.74 | 219.56 | 213.49 | 209.52 | 219.58 | 241.70
9 215.78 | 225.71 | 247.10 | 211.06 | 220.67 | 208.34 | 220.20 | 223.13
10 216.41 | 23521 | 251.68 | 211.93 | 216.58 | 22091 | 219.70 | 231.84

MEAN | 219.52 | 232.52 | 231.50 | 225.55 | 214.52 | 213.00 | 220.05 | 232.73
S.D. 7.26 8.53 14.55 13.83 4.25 5.68 4.78 9.76
MAX | 239.39 | 24793 | 251.68 | 247.02 | 222.39 | 224.64 | 229.15 | 249.38

MIN | 21525 | 223.85 | 217.07 | 211.06 | 209.60 | 207.41 | 213.45 | 223.13

INANTIIN 3.41 wansszeznatumsvihngleansiteuiiddnvesyadeyad 3 luna
1AV UTEAMTEURLUUANTUTAAUN 1 IUILAAUTEAM 16 1088 TUSAMUA 2 31U
WaaUsEan 32 wad TUTMAUN 3 IUITAAUTEAMT 64 19ad WazTUBAALT 4 31U

wadUszanil 64 wad Tdszezanisiiian 213 3ud Welsuiudnnuwaduszamau o

a =

aatiy Iasengussamieuuuuand wiugateyain 3 Judenlilunanitudamun 1

Qe

FIUULAAUTZAMN 16 1088 TUTIAUN 2 INUIWTAAUTEAM 32 1988 WarTuSamuN 3

IUUAAUTZAMN 64 Wwad
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PNTUYATUNSIUSEUgUUSE NS A NLAE T EIaRAENTYIUBUTEANYRINEY
MglaAaNTITLTEUITIRAU NTSHUSWUUTINNGY Uazn1siseusiBanaieyadeyaiavan 3 Y0

AILARANAINANTINN 3.42 — 3.43

M19197 3.42 ARRYUTEENSNINNNTTINUIEUSEIANYRINAUA 8 UNANTIEUI VR NLATEY

Taaa yadoyail 1 | yndoyail 2 | yadoyad 3
Decision Tree 97.92% 99.20% 99.08%
Navies Bayes 98.33% 96.67% 57.13%
Support Vector Machine 99.17% 98.13% 93.22%
k-Nearest Neighbors 98.89% 98.10% 98.03%
Linear Regression 69.63% 94.66% 53.31%
Logistic Regression 98.75% 97.40% 77.58%
Gradient Boosting Machine 98.19% 99.37% 99.62%
Extreme Gradient Boosting 98.61% 99.27% 99.34%
Adaptive Boosting 98.75% 98.80% 99.77%
Random Forest 98.61% 99.33% 99.73%
Deep Neural Network 99.86% 98.33% 98.43%

M19197 3.43 S2ELLIANRRLNTNUIBUTEANVIINAUALLULABNITITEUTVDATDS

Taaa yadoyail 1 | yndoyail 2 | yadoyad 3

Decision Tree 1.55 1.80 1.68
Navies Bayes 1.47 1.57 1.51
Support Vector Machine 1.88 1.73 10.90
k-Nearest Neighbors 1.55 1.62 1.72
Linear Regression 1.00 1.05 0.93
Logistic Regression 2.13 1.41 1.83
Gradient Boosting Machine 1.85 1.92 7.19
Extreme Gradient Boosting 1.82 1.95 3.57
Adaptive Boosting 0.64 0.72 3.26
Random Forest 1.78 1.85 2.24

Deep Neural Network 13.85 36.43 200.75
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NN 3.42 IeagulszdvBamlunmsinneussianyeanausmelumanisiiouives
wosnnnisnasedluusiaslnaariomn 10 A% Tnefimmnuusiguededl
1) n93oudiBeiu Iiun leaduliifaduladianuusiusiadogeaeienas 99.20 uay
99.08 Tugndoyait 2 uazyndoyadl 3 mudy
2) M3BeudiBeEn 1dun Tunalassisyszamifisnuuudnimmiuusiugiadesovas 99.86

98.33 uay 98.43 luyndeyail 1-3 auardy

v
a A 1 2/

3) MaSeuiiuuniungy laud lnaesunUiinyafdrmnnuwliudiadsaansesas 98.75

q

(%
a a1

waz 99.77 Tuyadayad 1 uazyadaya 3 MUE1AU kavlunaunsheuyanadiainig

wiugadasaniosay 99.37 lugatoyail 2

waznsedl 343 IdagUszegnadndumslunmsiuneussionveanay  lned
srovnanadoniheduiuiidd
1) Ma3oudideiiu Idun lueanisonaesdudulfssssnaaieisiigafe 1.00 1.05 way
0.93 Junit Tugadeyad 1-3 Audiy
2) MmaBoudidadn 1iun Tusalassneuszamifienuuuanldszoznaadoisifiaade 13.85
36.43 waz 200.75 Junit Tugadeyail 1-3 audrdy
3) matdsudiuusiungy Tiun leassuauiiviyaisldsseznanaiedifianto 0.64 0.72

wag 3.26 Ui Tuyadeual 1-3 Mua1siu

va v

Aidedudenlumaningny  lagyhlianisuaunaulinaiumeIsnsseusiuungy
wwj’mﬂ’]st,%'auil,%ﬁu (Shallow Learning) laun Tumagwwasannmosiusdu (Support
Vector Machine) wazsulifindula (Decision Tree) warn15:3uusiiedn (Deep Learning)
1fud Tasstneuszavifiouiuudn (Deep Neural Network) TngléiBnsezuauitvyafiaiio

WinUsEANEN NI LY e iR B9Uu Astansnuguit 3.1

Dataset

DNN

ApNN

Splittine data

Train set 70% Odor

Prediction

Test set 30%

Testing model

'
[y

SUN 3.1 uruninlanmaitlyluanidel
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N5UN 3.1 wnunnlueafidiaue nenisldnseuiuuuniungy useneuleag
lunalassneUssaniieunuudn dnnesannasiurdu waziulddnduls wazldyadoyad

TNTHUIRIUUD 3.2

Ingduneumsinuvedlunanisiseuinuiuvediinalaseingussamiieuiuuan
(2 s s IS ¥ YU a 4 aa I Qy Y a
funennmesuuedu  wavsulddedula  meTBnmsesuauiinyais  lagldeSurelily
v ac o
daneIfium 1

[

ano3nufl 1: sane3iiu AdaBoost DNN-SVM-DTree

anb

(% (%
Y

1. mﬁwﬁmﬁﬂﬁué}’mmLwiazé'hasmLfJu%

D, (i) =$Im8ﬁ i=1,2,..,m (3.1)
2. el T Judwuseulunisyad (boosting)
3. YI9IASUA t = 1 89T (FOR Loop)
. Hnaeulunalassigdsyaniiediuuan ¥3e ¢, MeYnrnaausy
5 19 ¢, Ausheghawimualusuatuyeingau D
6. AUINAT weighted error A3e
1 m
eo= 2> Dy(0)- 8(he(x) # ) (3.2)
i=1
7. 1 & > 0.5 waa (IF Loop)
8. BuAuAIUnd mSUAeE1e m iavualriagannis 3.1
9. naulunTuneaun 4
10. dugadn (End IF)
11. A weight dmiufiduuniisoune  a, =in (I;Ef) (3.3)
t
12. Usuihuniinvesiegisiaziminvasiidwuntagiulaelddanesfiu AdaBoost
~ _ Ded) {e_“f' he(x;) = y;
D = 3.4
@ =T Vom, h(x) 2y, 20
_ Deexp(-aeyihe(xy) (3.5)
¥ p 2 1 Zt 1
13. Mgdunoud 4 de 12 lngdsudianwun ¢, Wulunadnnasninmesuusdu
14. erdumaud 4 fa 12 lnewdeudisuun ¢; Wulunanisdnduladuld
15. &ugn (End FOR)
16 r
CCr(x) = argmaxE_ 1at8(Ci(x) =y) (3.6)
y J=
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Ndanasiud 1 10un15e8UeTURUNTTINIINTEAANTHALNATUNTS B UTR

wazeand msunisdnuunyssnnvesnaulaeldisnsuuvesuauiviyans

Tofvuald  a  Wusigiaiudnd nsuiidnunfioouws
e Wumianainalstimiin (weighted error)
5 Wuilandu

< a A o
Ay yi  SUUUTZANUINAUNTNUNY

ISUAUIINAITAMUAAT weight VoIRIDEN m Navua mMuuaIIUILsoulunI5Ig
Aausl 1 89 7 seU asnyadeyadmiumsilnasy uminaeuliunalassieusaniigunuy

an (DNN) %38 ¢, wSeusneganvualuysrnaeudy dendiseugeuneiiil weighted error

=

avian logAnalaainaunisi 3.2 Inefid 8(h(x,) # y;) SA1RNMTunliviiua
a a1 < Y v o [ ! a a1 [ 5% va v ! 1

Fgdiandy 1 dAnfmTuniiuAesagdandy 0 wit & > 0.5 TsuduA1a
Uind1msuiieg1e m Narualnlaeannis 3.1 NUUAILINAT weight d15UAITLLUA
fiogulemeaun1sin 3.3 vinsusuihwminvesinegrauazimtinvesiiduuniagtueig
aun1si 3.4 Falueariuiegnazgnameie e"%  Faggilmunnd 1 i weight
WL winluearinuneRnzgnaneiy e FearilAniosndn 1 vinlviaAn weight anas uaz

aleduaunisi 3.5

19e9 z, Wun15v Normalization Factor saaunis 3.7

> DiDexp(—aryihe () 57)
i=1

PNNEuNsA 3.7 Imensduenan weisht Aduinlavduivinduiondn wagldidu
Aamnsves weight luwsazdoya elinasinves weight Tuseudnlufidwindu 1 aniu
Wagumdwun ¢, Wuluwadunesannmasius@u (SYM) Tngmsidrduneud 4 oe 12
wazwasuidwun ¢ Wulunadaduladuld Tnemsvigrduneui 4 fa 12 uazluduneu

b4 =% &, v 6 o a (% a o . o 1
govedudunadnsnisiueUssinvueanduiiaunisi 3.6 910139 Voting laginen
wminvesiiduunluwiazpanauuiniy ududenaataiiinasiuvesdtminuniigadu

AMNBU
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3.3.3 n15AeAlAssasslvnuluea
3.3.3.1 lasevgussamiguwuuan

Tun1sidenauIuwaaUsedm  (neuron) LARLTULINANNUIIUNISEDNAD YUDUNA

q
'
1% =

(Input Layer) 9zdidnuvidiudeyaniteudilufie widudnnudugesayndiannselindd

o

14 Yugawu (Hidden Layer) agiidnunutunazinuiuwasuszanainnsusugunisiives

Tude 3.3.2 uazduiednm (Output Layer) eilduiuuiiunadnsineinisae Useanves
naunhulinaaes

7 input hidden 4 output

6 4 4

=16 =16

L\ . _
W o W57 = s =\

7
O ARSI %
\k‘&"{",’f ‘6’4’/ “& Y AN :‘Yl';
W TS WY VsV Y% 0
NAORPINLET I
/)

(OO (RN
0N : OO

5UT 3.2 lassasslunalassiguseamineuwuuanvesyntayad 1

NgUN 3.2 lassaisluealasaingyssamiieniuuanvesyateyasn 1 Usenausie

FuBune (Input Layer) § 7 waduszam dudaau (Hidden Layer) § 3 9u @sUsznaulusig

e

[

FUBAAUN 1 IUILLAAUTTEM 64 1088 TUBAAUT 2 UL UTLE 16 W@ Lazdu

Faau 3 WwadUszamil 16 wad wagduwondne (Output Layer) I 4 iwagUszam
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9 input hidden 4 output

5U7 3.3 lassaislunalassngusyamineuwuuanvesynteyad 2

NgUN 3.3 lassaisluealasaingUssamiiieniuuanvesynteyan 2 Usenaueie

Y
[%

FuBuNA (Input Layer) 1 9 waduszam Fudaau (Hidden Layer) § 2 9u @eUsznaulusie

a

FUBAAUN 1 UIUWARUTZEY 8 1Wad LazIUTAMUN 2 IWIUWARUTEEN 4 Wad hay

FuLe1Anm (Output Layer) 3l 4 wadUszam

8 input hidden 6 output

4 5 6

U7 3.4 TassadulunalassieUssanifiounuudnvesadoyad 3
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NgUN 3.4 lassaisluealasaingussamiieuiuuanvesyateyan 3 Usenausig

FuBuUNA (Input Layer) 1 8 wadUszam Fudaau (Hidden Layer) & 3 4u feusznaulume

Qe

YUBAAUN 1 IUIUWARUTZEN 16 1988 TUTAMUN 2 IUIUWRAUTZEN 32 1waa hasdu

FaAUNl 3 WwadUszami 64 lwaa wavduednm (Output Layer) i 6 Wwadusvam

Tnetounldileifunsdeldon  (activation function) vestudmaude  luidu
Rectified Linear Unit (ReLU) flariunsilisldiau (activation function) vestuiondnme
softmax Sane3fuiiulsyavsnmdmsunsusutimin (optimizer algorithm) U1 Adam
optimizer InefldnsnsiSouiiBudu (nitial learning rate) witdu 0.001 waslaidums
QQJJL?IEJ (loss function) tJu sparse categorical cross entropy ¥U1AYBY batch Qﬂ@i’jﬂﬁhﬂu

20 warduIuYessau (epoch) 1 1,000

3.3.3.2 YWNBIALINADILUYTU
ASAIAUANIIINLN DA NS UTILARTNNDIALINMBSWUVTU AUUALATINTULABS LA
(kernel function) gnasAndunesiuadady (linear kemel) uagdmaudduunidu 3 log

peswadaduluilaidunldiowlsloyaiiadu

3.3.3.3 auldsndula
AMsivuenIsiwasdunsulumanulddndula MuruAlAINUINIIFT LN (number of
classifiers) gnéisAndu 3 aouzdu (random state) gnasaluaud AAuEngean (max

[
v 1w a [

depth) \Uu 7 9 uag 8 mudRuyndeys waAsA1dnINsiseus (leaming rate) 1u 1

lagazun1simuailesidulasnsIlnosAInantnIuns1en 3.43
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A15199 3.44 A1sAUANIATURATNISITMas InUluLea

= b7 U & o/ a 4 Gqﬂsﬁaga
Iumanﬂslﬁaugl,wusmnqu ﬁaﬂﬂmuazwwsmmai
1 2 3
71U estimators 3 3 3
Decision Tree Max depth 7 9 8
learning rate 1 1 1
97U estimators 3 3 3
Support Vector Machine
kernel linear linear linear
Estimators 3 3 3
Epochs 1,000 1,000 1,000
Batch size 20 20 20
Input Layer
7 9 8
Deep Neural Network (Activation = RelU)
Hidden Layer
64-16-16 | 8-4 | 16-32-64
(Activation = RelLU)

Output Layer

4 4 6
Activation = softmax
AdaBoost
Iterations 3 3 3
DNN-SVM-DTree

3.4 n15nUsEaNS A NUaTluLAa

nMs¥aussavsammsuedssanvesnauveding Twnddedldvhnsdiouiio
nsneaesiulinalasUgUsEaMNgULUUEN (Deep Neural Network)
FnnesaINMaTILYTU (Support Vector Machine) suliiindwla (Decision Tree) n1siseus
wuuTINngueng 9 laud nsseudiuuTinguuedlaseineyssamiisanuuin (Ensemble
Learning of Deep Neural Network) AMSEEUIWUUTINGUUBITNNEIALINADTUNYTY
(Ensemble Learning of Support Vector Machine) M3tseuiiuuniunguvawiuliiindula
(Ensemble Learning of Decision Tree) wagmsiguiLuununguvedlasigussamiiiey
WUUAn nnesanneosuusdy wazsulidadula (Ensemble Learning of DNN-SVM-DTree)
Tngvimsneaesiomun 10 adduudasluwe  warldisnsSouiioumanuudugiade

(Average accuracy) wage1 F; score



19e9 F, score Wun1suaaeseninedn Precision way Recall fsaunsi 3.8 [29]

recisionxrecall
F, score = 2 - PRS0 X e (3.8)
precision+recall

INAUNTSN 3.8 Precision A ANULUUgNauladIunviiue faaun1si 3.9 wag
Recall Aa Auusugnaulaluauduass dsaun1sa 3.10

TP

Precision = (3.9)
TP+FP
Recall = —2— (3.10)
TP+FN

NNauNs 3.9 - 3.10 Tagi
True Positive (TP)  fip S1uiuiiunenssivdeyassslunaauin
True Negative (TN) Ao S1uauivhuieassiutoyasssluaanaay
False Positive (FP) #e dnuuitviunefiaifunanauin

False Negative (FN) A Sruaunvihunefiailunaiaau
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unii 4
a v a
NANI9IYLASNITBAUIIBNE
TunevinddeildiauemanaunaunsBousidsiuasninSousidedn

dnfumsduunUssinnvesnaumeIsnsesunUiinyaiannnseuiunsitanadluuni 3

lnglauaninanisnaassmeyadeyan 1-3 il

4.1 Nan1578

aw A vo = ™ = a a °
Naﬂ']iﬂ@a@ﬂiu@']u’mEJTJI@W']ﬂ'ﬁVWIaENLW@L‘UiEJ‘UWlUUﬂigaVIﬁﬂWWﬂ"lizﬂ"lLLUﬂ‘UiﬁLﬂVl

YoINAUlULAAZNTSUTUUUTINNGN TNAN1SVAA0INIEYATRLAT 1 AILAAININAITIN 4.1

M13197 4.1 Useansamnisviungussianvasnaunlglunanisissusuuusiunguiiaan

uldnaassvasyntayad 1

Taaanisiseuiuuusiungy (Gegas)
Ads Taaa
4. DNN SVM DTree
Mmieue
1 100.00 100.00 98.61 97.22
2 100.00 95.83 971.22 98.61
3 100.00 100.00 97.22 98.61
4 100.00 100.00 98.61 98.61
5 100.00 100.00 100.00 98.61
6 98.61 100.00 971.22 971.22
7 100.00 100.00 971.22 98.61
8 100.00 100.00 97.22 98.61
9 100.00 100.00 98.61 98.61
10 100.00 98.61 100.00 100.00
MEAN 99.86 99.44 98.19 98.47
S.D. 0.44 1.34 1.14 0.79
MAX 100.00 100.00 100.00 100.00
MIN 98.61 95.83 971.22 971.22
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1NAN51971 4.1 vhmsmeaeusneyndeyad 1 Inslumaiiiiausiiiauusiuguadennn
flgafe Sovaz 99.86 drudoauunnnsgiu 0.44 Fmnulsiugigsgaiesay 100.00 uazA
Anultugfisnaniesay 98.61 setannde lumansiFeuluuTunguvedlassngysyam
Wienwuudndeanuuiuduaiedesar 99.44 dundeauunasgiu 134 Aeuusiugi
gean¥eraz 100.00 wazAANuiLdTisaniosay 95.83 TailenSouiisudulumaiiiiaue

wAItuiAE U TERUUINATTIULANGATSY 0.90

M13199 4.2 S2EaINIUIEUsEnYanauME luAanIsIsBuSLUUT NG uLEaNIN

Tinaaesvasyadayad 1

szetaalumMsinuIgvenIsiseusiuuTungy (3uni)
ads Taaa
4. DNN SVM DTree
Mmieue
1 41.89 40.13 0.65 1.01
2 42.14 39.79 0.71 0.93
3 42.42 39.69 0.65 0.97
4 42.13 40.92 0.64 0.95
5 42.69 41.01 0.67 0.96
6 a1.74 37.70 0.65 0.96
7 42.34 41.14 0.64 1.00
8 42.51 40.78 0.65 0.96
9 42.11 41.22 0.65 0.94
10 41.63 40.72 0.65 0.94
MEAN 42.16 40.31 0.66 0.96
S.D. 0.34 1.07 0.02 0.03
MAX 42.69 41.22 0.71 1.01
MIN 41.63 37.70 0.64 0.93

NP5 4.2 lawanuauslysrezianaaslunisaiiun1sn1sawenusennnauy
vowadayadl 1 {Wuian 42.16 Junil Fldhanuunandedisuivlunaduegvdulidnduls

ldnaadasiignfe 0.66 Junil
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= = i o = Al o a Y v
u@ﬂ%qﬂﬂqiLﬂﬁﬁ‘ULVlEJ‘Uﬂ'W"I'NlILLiJUEJ']LQaEJLLa%igﬂgLﬂaWWImUﬂqiﬁqLUUﬂ'Wi@’JEJGqW‘U@%a
dl 1% v o Ll I 1 1 gj gj [
9N 1 1La? INsUSEUngUA F, Score SLUﬂ'Tﬁ‘VlﬂaENLLC‘]?IEI@JLWaVNWlIﬂ 10 A9 ANLLEASANN

M5197 4.3 - 4.12

M13197 4.3 F; Score M3isBuiuuusiunguvasyadoyai 1 Tun1snaaasnsen 1

F, Score ASe7 1
UseLnnuaenay Tuwnad
. DNN SVM DTree
ULEUD
Laisinau 1.00 1.00 0.98 0.98
Wes 1.00 1.00 0.97 1.00
3ah 1.00 1.00 1.00 0.97
1 1.00 1.00 1.00 1.00

nM13799 4.3 WunisiSeuiiieusn F, Score vasyateyadl 1 lunsvnasnsai 1 lag
lumaimiauenazlunan1siseuiuuniunguvedlasaiigussaniisuwuuanian F; Score
Ju 1.00 ynUszanvesndy Jwmnganudiiaunsainuneynussnvvesnauldgnaesiu

puluass uenantlueadudslien F; Score Ju 1.00 MUsznnvesnduliunnluma

Fanpnearudmniumaansavhwelssinnvenaulilldgniesiuainudues

M13197 4.4 F; Score M3i3Buiuuusiunguvasyndayai 1 Tunsnaasnsen 2

F, Score ﬂ%ﬁﬁ 2
UseLnnvaenau Tunat
) DNN SVM DTree
ULEAUD
Taisindu 1.00 0.93 0.92 0.92
e 1.00 1.00 0.97 0.97
San 1.00 0.94 0.94 0.95
1 1.00 1.00 1.00 1.00

9115799 4.4 WunsilSeuidisuen Fy Score vasyatoyadl 1 lunsvnasnsai 2 lng
Tumafitiaue 861 F; Score Wi 1.00 ynUszinnvendiu Famuien1uina1ansninunen
Uszunnvandulagnsieaiumnutuass daulumaduiiin Fy Score \u 1.00 iUszunnves

ndull FaneanuimnlueaausainuneUssanveanaulnlldgniesiuanuduais
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M1519% 4.5 F; Score M3sissuiuuusiunguvasyndayai 1 Tunismaaasasen 3

F, Score A34di 3
UseLnnuaenay Tuwnad
) DNN SVM DTree
ULEAUD
Taisindu 1.00 0.91 0.97 0.95
e 1.00 1.00 1.00 0.97
San 1.00 0.93 0.97 0.97
1 1.00 1.00 1.00 1.00

M9l 4.5 1 Junsliuidisudn F; Score vasndiayail 1 Tunsnnaesndaii 3 1o
Tupaditiaus e F, Score 1y 1.00 nﬂﬂianmmaaﬂéu dnluwaduiian F, Score 1y
1.00 szanvesnaulninnluina uaziivssinnvesndudeshulinansFeuduvurungy
YodlATIEUTEAMEULUUAN  WaglinanT1siseuTUUTINNaNTRITn O TRL NN TILIYAY

FamneanuinlueaaunsavhweUssanveaniudesuasbidldgndesiuanuduas

M13197 4.6 F; Score M3tseuiuuusiunguvasyadayan 1 Tun1snaasnsei 4

F, Score AS4fl 4
Uizmmjaan?iu Immaﬁ
. DNN SVM DTree
ULEAUD
laisinau 1.00 1.00 1.00 0.95
Wes 1.00 1.00 1.00 0.97
3ah 1.00 1.00 1.00 0.98
1 1.00 1.00 1.00 1.00

nM9197t 4.6 Wun1slieuifisudn F; Score vesadayad 1 lun1mnassasil 4 oy
Tueaihiaue  TumamsiFeuduuununguvedasaisussamiioniouan  uazlinnanis
Bouuuusunguuesdnmesmaninesuaduian F, Score Wy 1.00 ynuszLnvendY F9
vingANIEIsaiueynUssanvesnauldgndesiuanmiuets  dwlmansitous
wuurnauvesiuliiaduladian F, Score u 1.00 fiussamvesnaulbniviiutannse

unelssinnvesnaulnilagniesiuainuluais
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a a ¥ ' v a Y
13199 4.7 F, Score ﬂ']‘JL‘JEJugLLU‘U‘J'JSJﬂquﬂlaﬁﬂ!ﬂﬂla%&a% 1 1‘1Jﬂ'l51/|ﬂﬂ€]\‘]ﬂi\‘]1/l 5

F, Score A3sfi 5
Usennuaenay Tuwnad
) DNN SVM DTree
ULEAUD
Taisindu 1.00 1.00 0.94 0.98
e 1.00 1.00 0.97 0.97
San 1.00 1.00 0.97 1.00
1 1.00 1.00 1.00 1.00

2nm19fl 4.7 Hunslisuidisudn F, Score vasyndiayail 1 Tunsnnaeandadl 5 1o
Tumaiitiaue uarlumanisiiouiiuusmnguuedaseUssamifisuuuuanilen F, Score
Wy 1.00 yauszamvesndu Jsnemnuiansoimneynussamvesnaulsgndesiu
Auduas dnlunanisSeuiuuununguuasdnnesannnesuusdula F, Score Ju
1.00 fiussanveanduliividuiiannsoiueUssieanadulildigndestumimduats
wazlunansiSeudiuusunauvesiulifaduladien F, Score 1u 1.00 AsziAmvosnay

v
a A

JanuarhuianunsaineUssianvesnauianuaghilligniesiuanuiluaie

M13197 4.8 F; Score M3i3Buiuuusiunguvasyadoayai 1 Tun1snaaainsen 6

F, Score A34¥i 6
UseLnnuaenay Tuwnad
. DNN SVM DTree
UILEUD
laisinau 0.96 0.97 0.95 0.94
Wes 1.00 1.00 0.94 0.97
3an 0.97 0.97 1.00 0.98
1 1.00 1.00 1.00 1.00

9nM13799 4.8 unsiSeuiiieuen Fy Score vasyatoyadl 1 lunsvnasnsai 6 lag
lueafidnaue waglinan1sseusLuuTunguvedlasweUssaniiguwuuanilen F, Score
< a a6 ¢« & = ! o a
Ju 1.00 Ussanvesndulesuazhidvity Jamnganudiannsavinungdssianveaniy

Jesuaghnlldgniesivanuduads  dulunanseuduuusiunguvednnesannaes

a1

wuTuiian F, Score Wu 1.00 Auseinnuesnavianway huwitiufiaiunsavuieUssnnves

(%
=

nawdanuazhilldgndesiuamnuluess  waglumanisseuiivusunguuesiuliidaaulad
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A1 F, Score fu 1.00 AUszinvesnaublvituiiansaiunelssianveanaulidla

gneiesiuAuduase

M1319% 4.9 F; Score mMsi3suiuuusunguvasyadoyad 1 lunrsmaaasnisi 7

F, Score ﬂ?ﬂﬁ 7
Usennuaenay Tuwnad
) DNN SVM DTree
ULEAUD
Taisindu 0.97 1.00 0.98 0.91
e 1.00 1.00 0.97 1.00
San 0.97 1.00 1.00 0.89
1 1.00 1.00 1.00 1.00

M58 4.9 1 unslisuidisudn F, Score vasndiayail 1 Tunannaeandadi 7 1ae
Tusaiitiiaue waglumamsSeuiuvurunguvesiuliidadlaiiin F, Score 1Wu 1.00
Ussinmvasndudeduaglnivindu fomneenuhannsaiuneyssamvesnaudesuaring
Iagnseaiumnunduass daulumanisSeuiuuununguuadlasiguszamiisuwuuanian
F, Score \u 1.00 nAUszIAMveINdY FemneanaitaansavhuneynUsznnesnauls
gndesiumuduass  uarlumanisSeuiuuununguuasdnnesannnesuusduln  F,
Score iU 1.00 fiussinvnvesnauianuay i duilannsaiuneussanveanauianuay

Tildgndesiuaanuluais

M13197 4.10 F, Score N1si3guiuuusiunguuasyadayan 1 lun1smaasensan 8

F, Score A5l 8
Ui:mmjaan?iu Iumaﬁ
. DNN SVM DTree
ULEAUD
laisinau 1.00 1.00 0.94 0.97
Wes 1.00 1.00 1.00 0.97
3ah 1.00 1.00 0.94 1.00
1 1.00 1.00 1.00 1.00

M50 4.10 WWunswSeudisudn F, Score vesgadayai 1 Tunsnnaeinssi 8

Inglumainiiaue  wazluwamsiseusiuusunguuadaseUssaiieuiuuanian
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Score 1¥u 1.00 NUsTANTBINAY FmnenmIamnsaYuenUszianuenauligndes
furuduade daulumanisiseuiiuusiunguuasinnesannmesuusduiian F, Score 1lu
1.00 Uszanvesndudesuarin Femnoanuiansavhuneyssianesnaudesuaglog
Iagndeafiumnuduass wazlumanisSeusuuuniunguuesdulifndulaiidn F, Score 1Ju
1.00 fssinmesnduiaiuaylidviufiaansaiueyssanvesnduianuasldldgnies

[y} I~ a
AUAIULUUITY

M13197 4.11 F, Score M3i3guiuuusiunguuasyadayai 1 lun1smnanensei 9

F, Score A34di 9
UseLnnuaenay Tuwnad
. DNN SVM DTree
UILEUD
laisinau 1.00 0.97 0.98 0.96
Wes 1.00 1.00 0.73 1.00
3ah 1.00 0.97 0.97 0.94
1 1.00 1.00 0.56 1.00

9nmse 4.1 Hunssfeudisud Fy Score vasndayadl 1 Tunmsvaaasndadl 9
Tnelunaitiiauedian Fy Score Wy 1.00 nUseinnueandu Seungamnuritannsaiiung
yUszamvesnduldigniesiumaniiuate drulinan1ssEusLUUTINNGNYRIlATIYNY
Usgamiileunuudn uagluwanisiseuiivununguuessulddndulatien F, Score Wu 1.00
fiuszamvaandueuaylrdviifufiannsovusdssnmvesnaudesuaylndldgndesi

I~ a
AMULUUI

M13197 4.12 F, Score n1si3guiuuusiunguuasyadayan 1 lun1smaasensan 10

F, Score ﬂ%ﬂﬁ 10
UseLnnuaenay Tuwnad
. DNN SVM DTree
ULEUD
laisinau 0.97 1.00 0.96 1.00
Wes 1.00 1.00 1.00 1.00
3an 0.97 1.00 0.97 1.00
1 1.00 1.00 1.00 1.00




14

Mm99t 4.12 WunaUSeudisudn F, Score vasgadoyad 1 luntsmnassadsil 10
Tnglumaiiiniaue uazlunansiouuuununguuesdnnosnnnineuieduia F, Score
Wy 1.00 Ussamvesnaudesuazland fmnsanuinanmnsaiineyssinnveanaudesuas
Inildgndesiuanuluase dnlumanisseuiuuununguuedlasigieUssamifioniuuan
wazlunansiSeudiuusunauesiulifaduladien F, Score Wy 1.00 ynUsziAmvosnay

Faunemunausaiuneynussianveanaulignassiuauduase
PNUUIMTUTUWsuUTEanEA nn1sIkunUseinvesnauluusasmsiseusuuy

i a Y v PN o =
i'lilﬂaqll IG‘IEJ@JN@H'W‘VWI@@Q@?EJGQWEU'@%@‘W 2 AILLEASAUNIT N 4.13

M19197 4.13 UszAnSamnisrinuneysannvainauaelueansiseuiuuusiungui

wenunldnaaasvasyadayan 2

Taaanisiseusuuusiungy (Gegar)
ads Tauaa
e DNN SVM DTree
Mmieue
1 98.33 98.67 97.00 97.67
2 98.00 98.00 97.33 97.33
3 98.33 99.00 98.00 98.33
4 98.33 98.00 97.67 97.33
5 98.33 96.33 96.67 97.33
6 98.33 97.33 97.00 98.00
7 98.00 98.67 96.67 98.67
8 99.00 98.33 97.33 98.33
9 98.67 99.67 97.33 97.67
10 98.00 98.00 97.00 98.33
MEAN 98.33 98.20 97.20 97.90
S.D. 0.31 0.92 0.42 0.50
MAX 99.00 99.67 98.00 98.67
MIN 98.00 96.33 96.67 97.33

AT 4.13 Ynsnaaeumisyadeyan 2 lnglunamiiaueilAauusiugiaie

WNTignAe Jeuay 98.33 dlletuuiInggIu 0.31 meuuwlugiigegaiegay 99.00 uay
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AANLINETANEATeYar  98.00 TedANAD  LUAaNISTEUMUUTINNAUYRLlATIYNY
Uszamiieunuuaniamanuuiugiafesesay 98.20 dudeauuninggiu 0.92 fAy
wiuggeaniosay 99.67 uazArauuiugdansevay 96.33 FadleilIeuieuiulueg

A o v gj ISP 1 ~ ! U
NUIAUBDLATUUNATTIULUEIUUNIATTIULANAINAY 0.61

M13199 4.14 szeziiamsiuislssianvainaudlslunan1siteuiuuuTsnguiienin

linaassvasyndayai 2

szeziaanlumMsinungvansissusiuuTmngy (3uni)
ads Taiaa
e DNN SVM DTree
mieue
1 121.53 121.25 0.82 0.68
2 121.73 118.57 0.78 1.07
3 122.11 124.07 0.78 0.66
4 125.33 123.81 0.77 0.68
5 124.71 116.76 0.76 0.68
6 122.26 120.05 0.79 0.70
7 121.47 121.33 0.76 0.72
8 12351 119.74 0.77 0.73
9 121.56 118.50 0.76 0.67
10 121.87 119.56 0.78 0.67
MEAN 122.61 120.36 0.78 0.73
S.D. 1.41 2.31 0.02 0.12
MAX 125.33 124.07 0.82 1.07
MIN 121.47 116.76 0.76 0.66

NNTRA 414 Teandiausldszeziianaislunisaiunisnsdunyssianngu
vosgadoyadl 2 Wunar 12261 wii Sldnawuigadiedieuivlunadusgieiulyd

anaulaiildinanadesiiignda 0.73 Junil

wenIINMTUSE U UAIAIILLgLaRelarsraznaldlunmsaiiunsegyadeya
A v v o bl = ! ! gj g:’l (%
1 2 ud duhmsidSeuiiua F; Score Tunisnaasausazlananaun 10 ASY AILAAIATL

M5197 4.15 - 4.24
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M1319% 4.15 F; Score Msissusuuusiunguvasyadayain 2 lun1maassasai 1

F, Score ﬂ?ﬂﬁ 1
UseLnnuaenay Tawnadi
. DNN SVM DTree
UL UDd
Mgy 0.98 1.00 0.99 0.98
f 0.97 0.99 0.97 0.97
wasula 0.99 0.97 0.95 0.98
WiLae 0.99 0.99 0.97 0.98

M9l 4.15 HunaUieudisudn F, Score vesyndayail 2 Tunsnanesndadi 1
Tnelumaiiviaueiian F, Score Wu 0.99 Ussnnvasnaunedulduasiinde ey
ansovimneussinnveanauneuldtazuindeldlndifsagndeatuamduis dnliea
mM3BeuduuumunguvedlasngUszamiiisuwuudniel F; Score \Wu 1.00 Ussiavved
nAufBeawiniy  Seunemuhansariuieyssanvesnaufifenldgniestuammy
939 wagdlen F, Score vu 0.99 FszinvueenauRLaztdsyintuiianseyhuieUssian

vasndufuazindslalndidesgniesiuanuduas

M13197 4.16 F, Score N13l3guiuuuTIINguuasyadayan 2 lun1smaasensan 2

F, Score ﬂ?ﬂﬁ 2
UseLnNuaenay Tawnadi
. DNN SVM DTree
UL UDd
fideu 0.98 0.98 0.97 0.98
f 0.96 0.97 0.97 0.98
wasula 0.98 0.98 0.97 0.96
WwiLae 0.99 0.98 0.98 0.97

nmedl 4.16 WunaUieudioud F; Score vasyndayail 2 Tumsvaaesadadl 2
Tnelumaiiviaue de F, Score 18u 0.99 Ussinnvesnauinge wazilan F, Score 1 0.98
Usziamwesnduiion wazneduls SwmnsauinasnsavunisUssanvesnauiibeoy we
Suld wasnndeldlndifssgniesiuanuiluass wazluman1sSeusuuuTInnguves
TassteUszamifiouwuuanilan F, Score 1Wu 0.98 Usvianvesnaumben wesuld wasiun

e FaunemnuIna@unsavinuneUssianveandaunidey wasuls wazidudy  lelnaAes
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£% [y 3 a ] a 2/ ! v Yo a a1 [
Qﬂ@]@\‘iﬂ‘Uﬂ’NllL‘Uu‘ﬂiﬂ ﬁ’l‘lﬂllLﬂaﬂ'ﬁLﬁEJUELLUUﬁ’JEJﬂE}EJGUEJW]uVLlIW@ausl,’ﬂllﬂﬁ F, Score Wy

0.98 USLLNNUDINAUABUULATAVNUY  FINUIYAIUINEIUITOVINIUNLUSELNNUDINAURALD L

= Y a ¥ L% Id a
uagdlalndifgagnaesiuaduduaie

M13197 4.17 F, Score Msi3guiuuusiunguvasyadayai 2 lun1imnanenssi 3

F, Score A547 3
UseLnnuaenay Tawnadi
. DNN SVM DTree
UL UDd
fideu 0.99 0.99 0.99 0.99
f 0.98 0.99 0.99 0.99
wasula 0.98 0.99 0.97 0.97
WiLae 0.99 0.99 0.97 0.97

M9 4.17 Wunaulsuidioud £, Score vasyndayait 2 Tumavaaasndadl 3
Tnelumaiviaue fid1 F, Score Wy 0.99 fUszinvvesnaufounasindowint o
yngaNIEIsIuUssvesnauRdeunazindelilndiAssgndestuauiduais
drlumanisseuiuuununguuedlasidieUssamifisnuuudniian F, Score \u 0.99 9n
Uspamwesndy  dsmneanuiaansaiuneynussianeesnauldlndidssgnaesiueia
Jusse dnlumanisiSeuduuuniunguuesinnesannmesuuedu uwaslunanisiseusiuy
sunduresiulidnauladien F, Score i 0.99 fssvuesndufiBeuuasfivingy G

MNeANIENsavwEUsTaTeInauBswaz A lalndifsagnssaiurnuduase

M13197 4.18 F; Score Msi3guiuuusiunguvasyadayan 2 lun1smaaaensai 4

F, Score ﬂ?ﬂﬁ 4
UseLnnvadnau Tawnadi
. DNN SVM DTree
UL UDd
Mgy 0.98 0.98 0.99 1.00
f 0.98 0.97 0.98 0.99
wasula 0.99 0.98 0.96 0.94
WiLae 0.99 0.99 0.97 0.97
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N5 4.18 WHumsiUSeuiiisudn F, Score veayadayai 2 Tunsnaaesnsan 4
Tnglamayiviaue e F, Score Wu 0.99 Ussianvesndunesulauazindy fawsneainy
PansavhweUszianvesndunesulauasindeldlndifesgniesiuanuduss dw
Tuwanisiseuiuuusiunguredassiedsyaniienwuudnden F; Score W 0.99 isziaw
Yosndunidy Faunganuhaunsaihueussianvesnauniideldlndifigagnaesiuaing
[ a ! = o ! (Y s s ST DU [
Juase dulumanisseudivununguuasdnnesnannoiuuyiullen F, Score Tu 0.99
UssinmvenduflBeuinuy - Fauneanuitainsniueussnvveinduiitsulalnales

£ [y < a a k% ! £% Y a ISP [J
gnaesiuANuduase wavluwamsieusuuusiunguuesulddnduladidn F, Score 1Tu
1.00 AUsmANvRINAUMBENWIINY  FamunganunansaiueUssinvvenauiigeula

gneeafiualuase

M13197 4.19 F; Score N1538usuuusIunguvasyatayain 2 lun1smaaainssi 5

F, Score ﬂ%’x‘iﬁ 5
Us:mmaen?iu Iumaﬁ
. DNN SVM DTree
UL UDd
Mgy 0.98 0.96 0.99 1.00
f 0.98 0.94 0.96 1.00
wasula 0.99 0.97 0.95 0.95
WLae 0.99 0.98 0.97 0.95

Ml 4.19 Wunausudisu F, Score vesndayail 2 Tumavanesndadi 5
Tnelawmaditiaue fien F, Score 1{u 0.99 fivszianvesndunesulduaziingy Jumnoany
Tennsavinneussianveanauneiuldiazindeldlndifssgndestfuamduats  dw
TumamsiFeuduuununguvesinmesnnnmesuuyduilen F, Score Wy 0.99 ivszinnues
nAudBeawiniy  FomneenuhaunsaiuessanvesnaufiBeuldlndiAsgndesi
Auduase waglumanisiseuduuusiunguvewiulidndulatie Fy Score 1y 1.00 Useiam
vosndufiBenuagiviniy SomnemuiamsohuesUssanvesnaufidsunasildgnies

[y} < a
AUAHLUUITS
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M1319% 4.20 F; Score M3i3gusuuusIunguvasyatayain 2 lun1mnassassi 6

F, Score A34di 6
Usennuaenay Tawnadi
. DNN SVM DTree
UL UDd
Mgy 0.98 0.97 0.98 1.00
f 0.98 0.97 0.97 1.00
wasula 0.99 0.98 0.96 0.97
WiLae 0.99 0.97 0.97 0.96

M9 4.20 WHunaUFeudisud F, Score vesndayail 2 Tunmsvanesndadi 6
Tnelumaiivaaue fian F, Score 18U 0.99 fiuszinnvesnaunesulatasiinds Jamunenin
Tannsavimneussinnveanauneiuldazindeldlndifesgndeatuamduats  uaz
TuwansiBouiuvusiunguvesiulsifindulaiian F, Score WU 1.00 Usziamvosnaufiden
uagfviiy  SsmneauhaansaviuislsaanvesnaufiBeuuasildgniestumimdy

934

M13197 4.21 F; Score N15i38usuuusIunguvasyatayain 2 lun1smaaasnsed 7

F, Score ﬂ%ﬂﬁ 7
UseLnnvadnau Tawnadi
. DNN SVM DTree
UL UDd
Mgy 0.99 0.99 0.97 1.00
f 0.99 0.99 0.96 1.00
wasula 0.97 0.99 0.96 0.97
WiLae 0.97 0.99 0.97 0.97

it 4.21 Gumsisuidieudn F, Score wesyadieyadl 2 lunismeassndsdl 7
Tnelsmadithiaue fian F, Score 18 0.99 UssianuasnaufiBounasawintiu fevngannuii
ansvimneUssanveanauiBruuaslilndidvsgndesiunnuduaie  dwlueans
FoufuvurmnauvedassineUssamifisuuuudniian F, Score 1y 0.99 naUszianvenay
FovuneanuinassaiueynussnnvesnauldlndiAssgndestuanmdusis  dawluea
nsBsuiuuuranguuessuliifndulaiidn F, Score 1u 1.00 Mvsznvvesnduidenuaz

Wity JsneanudiaunsaiiuneUssinnvesnaumidsuiasilagndesiuanuduais



M1319% 4.22 F; Score Msisguiuuusiunguvasyadayan 2 lun1smaasensad 8

83

F, Score a3sfi 8
UseLnnuaenay Tawnadi
. DNN SVM DTree
UL UDd
Mgy 0.99 0.99 0.99 0.99
f 0.98 0.99 0.97 0.99
wasula 0.99 0.97 0.96 0.97
WiLae 0.99 0.98 0.98 0.98

M3 4.22 1 HumsiSeuifieuan F; Score veaadayai 2 Tunisvaasinian 8

Toelumaninaus 4@ F, Score Wu 0.99 MUseunnveanaumden wosule wazinde @

mnganaansayhweUssinnvenaualey wesuld  wasindelalndlAggneeaiy

puduass duluwansiseudiuusiunguvedaseielszaniienwuudn waslunanis

Seusuuusiunguvewiulidadulaiial F, Score 1u 0.99 Ussanvendufileuuazh 39

neANNE@NIsavWsUsTvTeInauRiBauuazilalndifesgnAesiuauduase

M1319% 4.23 F; Score Msisgusuuusiunguuasyatayai 2 lun1mnaseassi 9

F, Score A34di 9
UseLnnvaenau Tawnadi
. DNN SVM DTree
UL UDd
Mgy 0.98 0.99 0.99 0.99
f 0.97 0.99 0.95 0.98
wasula 0.99 1.00 0.96 0.96
WiLae 1.00 1.00 0.99 0.97

9NM3NN 4.23 1WumsiSeuifieuan F; Score veaadayai 2 Tunisnaasinsai 9

Toelumaninaus fAn F, Score Wy 1.00 AUsennuesndundsinti Jerungninuin

anunsovinuneUssinnvesnauiidalagnsesaiuaudus

wagliaanIsiseuswuY

unguveslassigUszamiiisuuuudniian F; Score 1y 1.00 Ussnnuasnaunesuliuas

wWde Fammneanuiiaunsainunelssnnvesnauneiulsuaziindelagnseaivaudy

934
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M1519% 4.24 F, Score Msi3guiuuusiunguvasyadayain 2 lun1smaasensan 10

F, Score ﬂ%ﬂ‘ﬁ 10
UseLnnuaenay Tawnadi
. DNN SVM DTree
UL UDd
Mgy 0.98 0.98 0.99 1.00
f 0.98 0.97 0.97 0.99
wasula 0.98 0.99 0.95 0.97
WiLae 0.98 0.98 0.96 0.97

M9l 4.24 HunaUTeudisudn F, Score vaspdayad 2 lunmsvnassadsii 10
Tnglunadiiiaue a1 F, Score iU 0.98 ynUszIAMvRINAY Favaneaainasnsayiug
ynuUszineanauldlngdifssgndesiuainduate uarlunanisSeuduvusiunguuesslil
dnauladien F, Score u 1.00 AssLanvesndufiBouwinty Fwaneanuinanansaviung

Uszunnveandudbeulagnsesiuauduas

a

PnduiMsUTeuisuUsEansa mn1sIkunUseianvesnauluusasnsiseusiuy

NG IAEIHANTNARDIMEYATOYAT 3 AAAININATINN 4.25



M13199 4.25 YszAnSarmnisinueussinnvasnauiiglunanisiseuiuusiungai

= % % P
\denunldnaaasvasyadayai 3

Taaanisiseuiuuusiungy (Gegas)
Ass Taaa

4. DNN SVM DTree

mieue
1 99.17 98.50 89.17 99.17
2 98.89 98.83 90.22 98.89
3 99.44 96.28 88.94 99.00
4 99.67 97.50 89.06 99.06
5 99.67 97.00 89.94 98.67
6 98.89 98.44 90.17 99.00
7 99.00 98.50 88.50 98.83
8 99.56 98.11 89.22 98.78
9 99.06 99.06 88.67 98.89
10 98.83 99.22 89.22 99.22
MEAN 99.22 98.14 89.31 98.95
S.D. 0.34 0.94 0.60 0.17
MAX 99.67 99.22 90.22 99.22
MIN 98.83 96.28 88.50 98.67

=
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PN ° Y v PN A o a ) a
1NN 4.25 WWﬂWiV]@a@U@UUﬁ@IGﬂ@%a‘V] 3 I@EJI@JL@@WU']L&U@NWWW?']QJLL?J‘UEJ']LQ&EJ

WNTignAe Seuay 99.22 @llenuuIINIgIU 0.34 Ammuuwlugigegnieeay 99.67 uay

[

AANULiuIgasosay 98.83 sosmunee lunanisiieuluuTinguvesulidnduladl

! o a v | ~ ' I o a Y
ANAINULUUERNYTRYNE 98.95 ﬁrJUL‘UsJQL‘Uuu’Wﬁi’]u 0.17 ﬂqﬂqqﬂLLﬂJungqqq@iaﬁag

99.22 wazeAURiugININgnTesar 98.67 FullaSeumeuiulinaninausaitiuilen

drulonuunnnsgiuwaneneiu 0.17
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M13199 4.26 srezaINTIUIsUsTINYaINAUfIslunan1sREUSuUUTINNguGaNUT

Tinnassvasyadayan 3

szeziaanlumMsinungvansissusiuuTmngy (3uni)
Ass Taaa
4. DNN SVM DTree
mieue
1 756.18 737.31 6.59 0.76
2 756.28 727.42 6.39 0.76
3 742.02 720.49 6.22 1.14
4 753.76 683.10 6.20 1.12
5 747.41 704.42 6.36 1.13
6 753.06 724.92 6.61 0.84
7 726.05 734.14 6.50 0.82
8 747.45 648.79 6.55 0.70
9 759.14 760.87 6.46 1.13
10 748.67 782.34 6.36 1.11
MEAN 749.00 722.38 6.42 0.95
S.D. 9.59 37.64 0.14 0.19
MAX 759.14 782.34 6.61 1.14
MIN 726.05 648.79 6.20 0.70

= o o = o a ° a
MO0 4.26 Tweariiausldsresiiamdslunisadunisnisduunussanniu
vowgadoyadl 3 Wunar 749.00 Jwi Fldnawuigaliedieuiulunadusgieiuly

Y

andulafildianadeisingade 0.95 uil

weNIINMTUSE U UAIALLLug LR ke se oA ldlumMsaiunsaeyadaya
7 3 wd Juihnsilseuigual F, Score Tunsnnasaumazliaayanun 10 AS9 ALEnIn
A7 4.27 - 4.36



M13197 4.27 F, Score Msissusuuusiunguvasyatayain 3 lun1maassassi 1
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F, Score ﬂ%ﬁﬁ 1

Uszinnuaenau Tuwnadl
) DNN SVM DTree

UILEUD
odudlase 1.00 1.00 1.00 1.00
iladauguvnih 0.99 0.98 0.96 0.99
anln 0.99 0.97 0.86 0.99
dadln 0.99 0.97 0.87 0.99
nyETY 0.99 0.99 0.85 0.99
UVIMY 0.99 0.99 0.81 0.99

M 4.27 WunaUFeudisudn F, Score vesyndayail 3 Tunnananesadadi 1

Y

Tnglumafiiauewaziuwanisisouiiuusiungureswulidndula fidn F, Score 1Wu 1.00

Ussinnaeanduiilodiudlasuiitu wazfien F, Score W 0.99 TiUssanvesnaudu 9 @9

wmngAIhEnsavheynUssinnveniulalndifesgndesiuauduaie

M13197 4.28 F, Score Msi3guiuuusiunguvasyadayan 3 lun1smaaaensai 2

Fi Score Asafl 2
Uszlnnvadnau Tunadi
. DNN SVM DTree
Uaue
ledudlase 1.00 1.00 1.00 1.00
iladuduvvth 0.99 1.00 095 0.99
anln 0.98 0.97 0.89 0.99
vaaln 0.97 0.97 0.90 0.98
nyETY 0.99 1.00 0.85 0.98
VIRY 1.00 1.00 0.82 0.98
il 4.28 WWunaSeudieudn F, Score vesyndeayadl 3 lunismanosndadl 2
Tnglunafivuauadian F, Score 1y 1.00 Vssnvvaanduiiodiudlasiwaramywinduds

mngaNIasaiweUssnnvesnauilodudlasuasuvylalndidesgndesiuaiiy

Juwese  TwvaziilumanisiSeudivusunguuedasswielsyamiisnuuudnaiusaiung

Ussanvasnaugnaesiuannsuduasalaunnniy
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M1319% 4.29 F; Score Msissusuuusiunguuasyatayain 3 lun1mnaseassi 3

F, Score ﬂ%ﬁﬁ 3
UsznNUasnauy Tunadi
) DNN SVM DTree

UL UD
odudlase 1.00 1.00 1.00 1.00
iladauguvnih 0.99 0.98 0.96 1.00
anln 0.99 0.91 0.87 0.99
dadln 0.99 0.93 0.88 0.99
AyANUTY 1.00 0.98 0.84 0.98
UMy 1.00 0.98 0.79 0.98

9NM3WN 4.29 1 HumsiUSeuifieuan F, Score veaadayai 3 Tunisnaasinsen 3
Tngluwainaueiian F; Score Wi 1.00 Fununngn lnenuszsnnvoinauilodiudlag
MUt wazv vy SmnganudanansaviungUssianvesniuilediuglase vy

anutu wasvvlagniesiuannuduas

M13197 4.30 F, Score Msissuiuuusanguuasyatayan 3 lun1smaaaensai 4

F, Score aSsit 4
UszLnnuanauy Tunadi
’ DNN SVM DTree

UL U
Wadudlase 1.00 1.00 1.00 1.00
iladauguymih 0.99 0.99 0.94 0.99
anln 1.00 0.93 0.85 0.99
dadln 1.00 0.93 0.86 0.99
nyETY 0.99 0.99 0.87 0.98
VWY 1.00 0.99 0.82 1.00

Ne5197 4.30 WJumsiIeuiieus Fy Score vesyadouai 3 Tun1snaaenssi 4
Tngluwainaueiian F; Score Wi 1.00 F1ununngn lnenusznnveinauilodiudlag
ant dasli wagvmy Bsaunsavihunedssinvveanduilediulasenln ysald wazuimyle

gneiesiumnduasa
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M1319% 4.31 F; Score N1si38usuuusINnguvasyatayain 3 lun1smaaasnsei 5

F, Score ﬂ%ﬁﬁ 5
UszLnnUanauy Tunadi
) DNN SVM DTree

UL UD
odudlase 1.00 0.99 1.00 1.00
iladauguvnih 0.99 0.98 0.96 0.99
anln 1.00 0.93 0.87 0.98
dadln 1.00 0.94 0.88 0.98
nyETY 0.99 0.99 0.85 0.98
UMy 1.00 0.99 0.84 0.99

M50 4.31 1 HumsiSeuifieuan F, Score veaadayai 3 Tunisvaasinsan 5
Tngluwaidnaueiian F; Score Wi 1.00 Fununngn lnenusznnveinauilodiudlag
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4.2 n159AUsSIgHE

lunsefiuseran1sITuMsviuneUseanyeinaunelnan1siseus uuTINguaIN

NaN1SIve99 4.1 Feleenusienad

M13197 4.37 AnafgUsEansnwnsiugUssianveanaunglunan1siseuiiuy

TN
NIFLYUIWUUIINNGY — — —
YaUayan 1 | Yyavayan 2 | yadayan 3
Tunafivnaue 99.86% 98.33% 99.22%
Deep Neural Network 99.44% 98.20% 98.14%
Support Vector Machine 98.19% 97.20% 89.31%
Decision Tree 98.47% 97.90% 98.95%
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Deep Neural Network 40.31 120.36 722.38
Support Vector Machine 0.66 0.78 6.42
Decision Tree 0.96 0.73 0.95
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Abstract— The odor is an environment that surrounds
us. However, to identify the odor by using the human
nose in order to prove the odor is very dangerous.
Therefore, the artificial intelligent (AI) system should be
built based on machine learning in order to achieve more
accurate results. This research adopts the Deep Neural
Network (DNN) model to identify some types of odor
including odorless, beer odor, whisky odor, and wine
odor. Each contains 60 instances that are obtained from
seven sensors of the electronic nose. The experiments are
conducted, and the results are compared to the
comparative machine learning methods including
Multilayer Perceptron (MLP), Decision Tree and Naive
Bayes (NB). From the experimental results, it can signify
that the proposed deep learning model can achieve the
best average accuracy.

Keywords— deep neural network; classification,
electronic nose; artificial intelligence; machine learning;
odor classification

I.  INTRODUCTION

The odor classification problem using machine
learning techniques is a challenging problem. To use a
human nose for identification of the smell is very
dangerous. To overcome this problem, the artificially
intelligent system should be applied to identify the
dangerous odor to reduce the risk of human life and
health. Currently, many machine learning kinds of
research have concentrated on data analytics for
business. So, this research focuses on applying
machine learning to protect human life and health.

Chomtip P. and Piyorot K. applied the Neural
Network model for Chemical substance classification
from electronic noses by modifying the number of
hidden neurons in the hidden layer to get different
performance in the same model [1]. Francesca Arcelli
F. and et al. used the Naive Bayes model in the Data
Class Code smell with 95.4% accuracy and God Class
Code smell with an accuracy of 95.4% [2]. Salahedin
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545

Khattiya Chalapat, Ph.D.

College of Nanotechnology, King Mongkut's
Institute of Technology Ladkrabang, Bangkok,
Thailand
kchalapat@gmail.com

Saichon Jaiyen, Ph.D.

Department of Computer Science, Faculty of
Science, King Mongkut's Institute of Technology
Ladkrabang, Bangkok, Thailand
saichon.ja@kmitl.ac.th

S. and Leili E. adopt the neural network, Multilayer
Perceptron with the back-propagation algorithm, to
detect and extract the smoke smell by adjusting the
weights and bias values to obtain the best accuracy [3].
Khalid A. and et al. developed the classification
algorithm by using machine learning to design a smell
detection system for using in the industry [4]. Pei-Feng
Qi and et al. used the Convolutional Neural Network
(CNN) for smell classification from the electronic nose
sensors and converting the sensor data to a gray image
to achieve the better performance with 95.7% accuracy
and compared to Support Vector Machine (SVM) that
give the accuracy of 92.9% [5]. Bipan T. and et al.
modified the Back-Propagation algorithm for
Multilayer Perceptron to improve the accuracy of the
electronic nose for the classification of black tea [6].
Nakarin M. and Pomsiri M. collected 7 datasets which
contained 27 design indicators and 7 bad smells and
used the Random Forest to identify and obtained the
accuracy of 94.53 % while Naive Bayes gives the
average accuracy of 78.38% [7]. Chomtip P. and Natt
S. applied two methods: Rule-base method and Neural
network for checking the type of beer. The structure of
the model consists of 25 input neurons in the input
layer, 28 hidden neurons in the hidden layer and 10
output neurons in the output layer and produce the
accuracy of 87.5% [8]. Mizanur R. used an electronic
nose instead of a human nose or animal nose to identify
the quality of food and fruits. They conducted
experiments and found that the appropriated models
for classifying data from the electronic nose are a k-
nearest neighbor (k-NN), support vector machine
(SVM), radial basis function (RBF), and generalized
regression neural networks (GRNNs) [9].

The electronic noses are the nose that can smell by
electronic sensors. However, they cannot recognize
the types of smell. Therefore, the artificial intelligence
system based on machine learning techniques should
be integrated with the electronic nose in order to make
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them recognize the types of smell. In this research, we
adopt the deep learning model to recognize the types
of odors in order to build an artificially intelligent
system that can smell.

II. METHODOLOGY

A. Deep Neural Network (DNN)

Deep Neural Network (DNN) is an artificial neural
network that is built to simulate the human brain
function. Deep Neural Network consisting of an input
layer, an output layer, and there is more than one
hidden layer between the input layer and the output
layer in order to process the complex features. An
important part of this neural network is to deal with
labeled and unstructured data. There are many deep
architectures based on deep learning principles
including Deep Neural Networks (DNN),
Convolutional Neural Networks (CNN) that are
popular with computer vision, Deep Belief Networks
(DBN) and Recurrent Neural Network (RNN), which
are used in Speech recognition Natural language
processing, and bioinformatics. Deep Neural Network
architecture used in this paper is shown in Figure 1.

B. Proposed Method

In this research, we adopt a Deep Neural Network
to identify some types of odor. The learning process of
the proposed model begins with splitting the training
set and the test set with the test size of 0.3 and training
the model according to architecture in Figure 1. The
proposed Deep Neural Network architecture consists of
7 input neurons in the input layer, 4 output neurons in
the output layer and 5 hidden layers. The first hidden
layer consists of 128 neurons. The second hidden layer
consists of 64 neurons. The third hidden consists of 32
neurons. The fourth hidden layer consists of 16
neurons. The last hidden layer consists of 8 neurons as
shown in Figure 1.
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Figure 1. The deep neural network diagram that we propose.
III. EXPERIMENTAL RESULTS
A. Dataset

The dataset contains 4 types of odors that are
collected from the electronic nose. These types of
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odors include odorless, beer odor, whisky odor, and
wine odor. Each type of odor contains 60 instances
with 7 attributes measured from 7 sensors of an
electronic nose. The sensor name of the electronic nose
includes TGS826, TGS832, TGS2600, TGS2602,
TGS2610, TGS2444 and TGS4161.

TABLE L SENSOR DETAILS.
Sensor Name Target Gas
TGS826 Ammonia
TGS832 Chlorofluorocarbon (CFC)
or Halocarbon gases
TGS2600 Air contaminants
Air Quality / VOC Sensor
TGS2602 (Hydrogen sulfide, Ethanol)
TGS2610 LP Gas (butane, Propane)
TGS2444 Ammonia
TGS4161 Carbon dioxide
B. Experimental Results

In the experiments, the Deep Neural Network
model consists of 5 hidden layers and each layer
consists of 128, 64, 32, 16, and 8 neurons respectively.
The learning rate is set as 0.001 and the number of
epochs is set as 1,000. The MLP architecture consists
of 1 hidden layer with 512 neurons and the learning
rate is set as 0.0001. Decision Tree and Naive Bayes.
The experiments are conducted 10 times. When we
consider only the maximum accuracy selected from 10
experiments, we found that all machine learning
models can achieve the best accuracy of 100% as
shown in Figure 2-5. Figure 2 shows the confusion
matrix of DNN model with the highest accuracy of
100%, Figure 3 shows the confusion matrix of MLP
model with the highest accuracy 100%, Figure 4 shows
the confusion matrix of decision tree model with the
highest accuracy of 100%, and Figure 5 shows the
confusion matrix of the Naive Bayes model that can
produce the highest accuracy of 100%.

Deep Neural Network
Accuracy:100.00%

Normal

-12

Actual Class

Wine

I 1
Beer Whisky Wine

Predicted Class

I
Normal

The confusion matrix and the accurate prediction of the
Deep Neural Network model

Figure 2.
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TABLE IL EXAMPLES OF INSTANCES IN DATASET.
Class Attributes
TGS826 | TGS832 | TGS2600 | TGS2602 | TGS2610 | TGS2444 | TGS4161
66 178 153 220 121 180 320
Odorless 65 176 152 220 122 177 317
64 177 151 219 121 173 316
104 208 192 250 131 192 242
Beer 99 207 193 250 131 193 241
98 206 190 248 131 190 240
131 238 220 272 133 215 269
Whisky 134 239 220 272 132 218 271
135 240 224 274 132 220 271
105 210 215 255 135 184 227
Wine 99 210 209 251 133 179 224
93 206 207 251 134 176 225
Table IT shows an example of the dataset used for Nai :
3 . . ) aive Bayes Gaussian
classification. The values in each attribute come from Accuracy:100.00% i
each sensor of the electronic nose in Table 1.
All values in all conclusion matrix are calculated z 20
from the test set. )
16
Multi-layer Perceptron 5
Accuracy:100.00% a3
20 % 12
2 16 2 -8
=
w 5 -4
a8 12 @
o =
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2 ' i | -0
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%‘ Predicted Class
= Figure 5. The confusion matrix and the accurate prediction of
-4 Naive Bayes model.
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Figure 3. The confusion matrix and the accurate prediction of
Multilayer Perceptron model.

Decision Tree

Accuracy:100.00%
24

20

Normal

16

12

Actual Class

Wine

Wine

I \
Beer Whislky
Predicted Class

!
Normal

Figure 4. The confusion matrix and the accurate prediction of
Decision Tree model.
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Although the DNN model, MLP model, Decision
Tree model, and Naive Bayes model can give the
highest accuracy results up to 100%, but when the
accuracies of 10 times are average, the proposed DNN
model can achieve the best average accuracy as shown
in Table I. From the experimental results in Table I,
the average accuracy of DNN is 99.26%, which is the
highest accuracy comparing to other models. In
addition, DNN has a standard deviation of 0.64% that
is less than other models. From the performance
comparison, Deep Neural Network gives more
accurate predictions than Multilayer Perceptron,
Decision Tree and Naive Bayes.

TABLE III. THE COMPARISON OF PERFORMANCE PREDICTIONS
OF ODORS WITH VARIOUS MODELS.
Model Mean S.D. Max Min
DNN 99.26% | 0.64% | 100.00% | 98.77%
MLP 99.01% 1.27% | 100.00% | 96.30%
Tree 97.90% 1.65% | 100.00% | 95.06%
NB 95.43% | 2.54% | 100.00% | 92.59%
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IV. CONCLUSION

In this paper, Deep Neural Network is applied for
odor classification from an electronic nose that is like
a human nose in order to protect human life and health
from the dangerous order. The dataset used in the
experiments consists of 240 instances with 7 attributes
collecting from an electronic nose. The experiments
are conducted 10 times and the results are average to
evaluate the performance of the proposed model. From
the experimental results, the proposed Deep Neural
Network model can achieve the highest average
accuracy when compared to other comparative
models. Therefore, Deep Neural Network can be
applied for detecting the odor from an electronic nose
in order to recognize the types of odor.
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Abstract— An electronic nose is very useful for identifying
an odor that is harmful to humans. To get the most accurate
odor predictions from an electronic nose, we combined the
models of traditional machine learning and deep learning,
including deep neural network (DNN), support vector machine
(SVM) and decision tree, to make a new hybrid model that
adopts the AdaBoost algorithm to adjust the weights of weak
classifiers to build a strong classifier using odor data.
Experimental results from our model were compared with other
models, including a single deep neural network, an ensemble of
SVM models and an ensemble of decision trees. Our model
achieved an averaged accuracy of 99.58%, which is better than
other models, and the standard deviation, 0.67%, is also less
than other models.

Keywords— ensemble learning; deep neural network; odor
classification, electronic nose; artificial intelligence; machine
learning

I. INTRODUCTION

Detecting odors with an electronic nose is a challenging
problem, especially when the odor are dangerous to human.
However, we need to develop machine learning algorithms,
that can detect odors with high accuracy. Many machine
learning algorithms have been applied to detect odors from
electronic nose signals. However, these algorithms used
shallow machine learning and were appropriate for only a few
types of odor. If we need to detect a large range of odors, deep
learning algorithms should be applied.

Giiltekin and Ugur adopted ensemble learning for
preventing the overfitting with small data sets. A new dynamic
ensemble algorithm was described and it was able to achieve
the 77.3% accuracy [1]. Ozaki and Hono used an ensemble
method with SVM classifiers to improve texture
classification, using a Bagging technique as the voting
method. Accuracies of their method were compared to the
single SVM (86.8%), SVM with cross-validation (86.0%) and
a k-NN classifier (84.7%) found to be the best [2]. Gan and
Xiao used an improved AdaBoosting algorithm, using the
cloud model concept, called Cloud-AdaBoosting, and applied
similar training set filling techniques, through the exact
calculation of each test sample associated with the neural
network. The prediction error between Cloud-AdaBoosting
and AdaBoosting are similar, within 0.02% [3]. Li et al. used
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a multi-model ensemble to predict the concentration of PM2.5
using wavelet theory and a neural network, called wavelet
neural network. They compared its performance with a BP
neural network, RBF neural network, Elman neural network
and TS fuzzy neural network. They showed that the prediction
accuracy for PM2.5 by using wavelet neural network was
better than other models [4]. Chen et al. applied the ensemble
method to develop algorithms to predict precise traffic flow
under abnormal conditions. They used four different model
structures in ensemble and compared them to support vector
regression, random forests and gradient boosting regression
trees (GBRT). The model they used was the combination of
GBRT and Lasso [5]. Li et al. presented a multi-view based
AdaBoost classifier ensemble framework (MV-ACE) to
predict the class of gene expression data sets. They applied a
random view generation technique to control different
perspectives, with AdaBoost to adjust the training set. In
addition, they explored the possible combination of views
through the optimization process. By using 12 cancer gene
combinations for classification, their model worked well with
the cancer gene expression profiles of a variety of cancer
genes and achieved better performance than other ensemble
classifiers [6]. Su et al. created a model to determine whether
there is a tax hold in advance or avoid tax arrears in the
organization by using a Multi-Layer Perceptron Model
(MLP), k-Nearest Neighbor (KNN), Random Forest (RF),
Extremely Randomized Trees (ET), Gradient Tree Boosting
(GTB) and Extreme Gradient Boosting (XGBoost). The
experiment were performed on three datasets, with the first
dataset having high accuracy in the proposed model of 87.4%,
the second dataset having high accuracy in the model
presented of 89.3%, but the third dataset returning a Random
Forest with a maximum accuracy of 90.6%, which is 0.06%
more than the proposed model [7]. Zhang et al. designed a new
method of vehicle manufacturer recognition (VMR), that
combined clear visual detection and their Autoencoder Pre-
trained Deep Neural Network (AP-DNN) together. AP-DNN
is an autoencoder for unsupervised pre-training, reducing the
length of time for weight and bias adjustment due to the
complexity of the deep neural network. They tested 2,000
images of vehicles for 10 different types of manufacturers and
achieved a VMR rate of 97.9% [8]. Zhou et al. handled
challenging problems by tracking objects in complex areas
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with a variety of views. Using a combination of deep learning
architecture and an on-line AdaBoost framework, DNN
classifiers were updated on-line to completely separate targets
from the background, which was improved on other models
[9]. Shahin et al. Developed an effective automated
framework by using an ensemble that combined the ResNet-
50 architecture and Inception V3 together to classify seven
types of skin lesions and achieved an accuracy up to 89.9%
higher than Standalone ResNet-50 and Standalone Inception
V3 methods [10]. Rijal et al. developed the PMZ2.5
concentrations predicted from the 1,460 images dataset by
combining three CNN models, VGG-16, Inception-v3, and
ResNet50 being used as base learners and constructed 5-layer
feed forward neural network at Built to use as a meta learner
in the ensemble. The method that uses forward-forward neural
network can combine predictions from basic learners and get
more accurate predictions than CNN for each model used.
With Root Mean Square Error (RMSE) of 49.4%, the method
works better than VGG-16, Inception-v3, RseNet50, Mean
Arithmetic, Geometric Mean, and Linear Regression models
[11]. Huang et al. proposed the image retrieval using two CNN
models, namely AlexNet and Network In Network (NIN), in
order to obtain image properties and weighted average vector
calculations. Features for pulling images together are all
learning sets. Normal image classification gives a cumulative
accuracy of 90.2% from the CIFAR-10 dataset and 67.3% in
the CIFAR-100 dataset. CIFAR-100 is better guaranteed than
the AlexNet model that has 79.1% in first dataset and 44% in
the second dataset. In the same, compared with NIN model
that received 86.5% in first dataset and 57.7% in second
dataset [12].

Recent researches that we studied, to get better predictive
performance of the model, require Ensemble Learning
technique to adjust weights and errors, repeating and
recalculating until a good accuracy is readied.

T

Dataset 1

v

Classifier 1

Dataset N

v

Classifier N

Dataset 2

v

Classifier 2

v

Combine

Fig. 1. Ensemble learning diagram

Ensemble learning [13] is a technique used to develop a
model based on multiple models to enhance the prediction
accuracy. In ensemble learning, many weak classifiers are
combined to create a strong classifier. The dataset used to
train each weak classifier is generated from the original
dataset by bootstrapping. Eventually, outputs from weak
classifiers are combined to produce a final output. There are
several methods for combining the outputs from weak
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classifiers such as Bagging, Boosting, Voting and Stacking
techniques.

Here, we used Boosting to increase the efficiency of
sequential learning technique.

Adaptive Boosting [14-17], also known as AdaBoost, is a
boosting technique designed to solve low-precision problems
by changing weak learners into strong learners, which has the
basic structure from the decision tree model. But, the dataset
used for training has been continuously adapted to force the
model to focus on samples that are not classified. In some
cases, it may cause overfitting than other learning algorithms,
because AdaBoost is sensitive to noisy data and outliers. Each
learner may be weak, if each one slightly is better than
random guessing. The final model can be becomes a strong
learner, combining the weak learners.

We combined shallow and deep machine learning models,
using Deep Neural Network (DNN), Support Vector Machine
(SVM) and Decision Trees together to enhance the prediction
accuracy of odor classification from electronic nose signals.

II. METHODOLOGY

A. Dataset

The dataset used in this study was collected from an
electronic nose with 7 sensors. The odor dataset contained 60
instances with 7 attributes. There were 4 types of odors
including odorless, beer, wine and whisky odor.

The seven sensors are described and detailed in Table I.

TABLE L. SENSOR DETAILS
Sensor can measure
Sensor
fame Volatile substances Concentration
(ppm)
TGS826 Ethanol, Ammonia and Isobutane 30 -300
Chlorofluorocarbon (CFC) or
TGS832 Halocarbon gases and Ethanol 10-3000
Hydrogen, Ethanol, Isobutane,
TGS2600 Carbon Monoxide and Methane 1-100
TGS2602 Toluene, Hydr_ogen sulfide, Ethanol, 1-30
Ammonia and Hydrogen
TGS2610 Isobutane, Methane, Hydrogen 300 — 10000
and Ethanol
TGS2444 Ammonia, Hydrogen sulfide 10 — 300
and Ethanol
TGS4161 Carbon dioxide 500 — 50000

From Table I, it can be seen that the sensor is used for
detecting alcohol odor. It is the data used in the electronic
nose network for odor and volatile substances monitoring,
which is the abnormal or dangerous odor. But there is only a
TGS4161 sensor that is not relevant to other sensors. It is a
sensor that provides data about general environmental
conditions in the area which normally has carbon dioxide
everywhere.

Table II show an example of 60 instances from each odor
that we used as a dataset, where the number represents the
digital output value, according to the severity of the odor that
the sensor can detect.
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TABLE II. AN EXAMPLE OF INSTANCES IN DATASET Algorithm 1: DNN-SVM-Tl'ee AdaBOOSt Algorithm
Attributes 1. Set the initial weight of each sample as %
=) ] > hy = = L= 1l =
s | 5|2 | E 3 53| w={w=x]j=12. N} (1)
i) i) & & & & 4 2. Let k be the number of boosting rounds.
= = = = = = = 3.fori=1tokdo
92 228 | 272 | 306 | 149 | 468 | 257 4. Train a base classifier C; on D
81 215 | 231 | 284 | 143 | 412 | 265 Train Deep Neural Network model (DNN) or C;
Odorless 78 | 209 | 210 | 274 | 138 | 369 | 275 with all samples in the original training set
76 206 | 200 | 267 | 135 | 335 | 284 5. Apply C; to all examples in the original
75 | 202 | 191 | 263 | 134 | 312 | 291 - APPYY L1 Xamp g
111 | 211 | 206 | 256 | 134 | 204 | 239 training set, D.
108 | 214 | 201 | 254 | 133 | 201 | 240 6. & :i[ .w.-5(C~ X ):/_— , ] 2
Beer 104 | 208 | 192 | 250 | 131 | 192 | 242 =2 ,L( 1)) # ) 2)
99 207 | 193 | 250 | 131 193 | 241 { Calculate the weighted error. }
98 206 | 190 | 248 | 131 | 190 | 240 7. ifg > 0.5 then
92 219 171 246 119 179 284 _ _ 1. _
o1 | 219 | 171 | 246 | 117 | 181 | 284 8. W= {Wf = N|] =12 ‘N}’ 3)
Whisky 109 | 227 | 192 | 256 | 125 | 191 | 273 { Reset the weights for all N examples. }
112 | 229 | 193 [ 259 | 126 | 195 | 273 9. Go back to Step 4.
122 231 202 262 126 201 274 10 end if
123 222 233 264 139 205 225 : 1. 1-g
115 | 217 | 220 | 258 | 137 | 194 | 224 1. a; = ;ln - @)
Wine 105 210 215 255 135 184 227 . Lo .
99 210 1T 200 T 251 | 133 1 179 | 24 12.  Adjust the wglghts gf samples and the Welght of the
93 | 206 | 207 | 251 | 134 | 176 | 225 current classifier using AdaBoost algorithm.
] 13.  Repeat step 4 until 12 by changing the based
B. Our Hybrid Method classifier C, to Support Vector Machine (SVM)
In our study, a comparison of machine learning model.
models that classify the types of odor. From the experiment of 14. Repeat step 4 until 12 by changing the based
the efficiency, average accuracy of each model 10 times. classifier C3 to Decision Tree model.
Found that the most efficient models are Deep Neural 15. end for
Network (DNN), Support Vector Machine (SVM) and 16. C*(x) = T —

o ’ . . . . x) = argmax ), i—; @;6(C;i(x) = y). 5
Decision Tree. We developed a hybrid classifier, which ) gy 2j=1 ( (%) y) )
combined shallow machine learning and deep learning { Final Prediction }
models. We studied the performance of the combination of a
deep learning model which is a Deep Neural Network and two

III. RESULTS

shallow models which are Support Vector Machine and
Decision Tree models. In addition, we adopted the AdaBoost
algorithm to combine these classifiers to generate the final
output. The proposed model is demonstrated in Figure 2 and
the details of the proposed method can be described in
Algorithm 1, where « is defined as the weight for weak
classifier, § is defined as the function, € is defined as the
weighted error and y; is defined as the output class.

Combine

Fig. 2. The proposed model which is the combination of deep
neural network, support vector machine and decision tree.
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A. Experimental Setup

In the dataset, we have divided them to 70% of training
data and 30% of test set data. Our ensemble of the Deep
Neural Network consisted of 7 input layers, 5 hidden layers
(each hidden layer consisted of 128, 64, 32, 16 and 8 nodes)
and 4 output layers. The activation function of the hidden
layers was the Rectified Linear Unit (ReLU) function. The
activation function of the output layers was softmax. The
optimizer algorithm for adjusting weights was an Adam
optimizer with an initial learning rate of 0.001 and the loss
function was set as sparse categorical cross entropy. The
batch size was set to 15 and the number of epochs set as 1000.
For the ensemble of the Support Vector Machine, the kernel
function was set as linear kernel and the number of classifiers
as 600. Linear Kernel is a function that uses linear to divide
data. For the ensemble of Decision Tree models, the number
of classifiers was set to 600, random state was set to zero,
max depth was set to 2 and learning rate was set to 1. The
number of classifier selected is shown to be the most efficient
for the model.

B. Experimental Results

Our hybrid model of shallow and deep learning model
was compared to a Deep Neural Network, an ensemble of
SVM models and an ensemble of Decision Tree models using
the same dataset, 10 times per model. From Table III, the
average accuracy of our model was the highest at 99.58%
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with standard deviation 0.67%, i.e. our model produced more
consistent results. Further, our hybrid model produced better
results on all metrics.

TABLE IIL. PERFORMANCE PREDICTIONS OF ODORS WITH VARIOUS
MODELS
Ensemble Model
Round 0“;/[%3“" DNN SVM Tree
1 100.00% 100.00% 98.61% 98.61%
2 100.00% 97.22% 95.83% 95.83%
3 100.00% 95.83% 98.61% 97.22%
4 100.00% 100.00% 100.00% 97.22%
5 100.00% 100.00% 97.22% 98.61%
6 98.61% 98.61% 97.22% 97.22%
7 98.61% 100.00% 98.61% 94.44%
8 100.00% 100.00% 97.22% 98.61%
9 100.00% 98.61% 83.33% 97.22%
10 98.61% 100.00% 98.61% 100.00%
Mean 99.58% 99.03% 96.53% 97.50%
S.D. 0.67% 1.47% 4.78% 1.58%
Max 100.00% 100.0% 100.00% 100.00%
Min 98.61% 95.83% 83.33% 94.44%

Table IV-XIII compares the F; scores in each round.

TABLE IV. COMPARISON OF PERFORMANCE PREDICTIONS OF F| SCORE
WITH VARIOUS MODELS IN ROUND 1.
F; Score Round 1
Proposed
Class Model DNN SVM Tree
Odorless 1.00 1.00 0.98 0.98
Beer 1.00 1.00 0.97 1.00
Whisky 1.00 1.00 1.00 0.97
Wine 1.00 1.00 1.00 1.00
TABLE V. COMPARISON OF PERFORMANCE PREDICTIONS OF F; SCORE
WITH VARIOUS MODELS IN ROUND 2.
F; Score Round 2
Proposed
Class Model DNN SVM Tree
Odorless 1.00 0.93 0.92 0.92
Beer 1.00 1.00 0.97 0.97
Whisky 1.00 0.94 0.94 0.95
‘Wine 1.00 1.00 1.00 1.00
TABLE VI COMPARISON OF PERFORMANCE PREDICTIONS OF F| SCORE
WITH VARIOUS MODELS IN ROUND 3.
F; Score Round 3
Proposed
Class Model DNN SVM Tree
Odorless 1.00 0.91 0.97 0.95
Beer 1.00 1.00 1.00 0.97
Whisky 1.00 0.93 0.97 0.97
Wine 1.00 1.00 1.00 1.00
TABLE VIL COMPARISON OF PERFORMANCE PREDICTIONS OF F; SCORE
WITH VARIOUS MODELS IN ROUND 4.
F; Score Round 4
Proposed
Class Model DNN SVM Tree
Odorless 1.00 1.00 1.00 0.95
Beer 1.00 1.00 1.00 0.97
Whisky 1.00 1.00 1.00 0.98
Wine 1.00 1.00 1.00 1.00
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TABLE VIII. COMPARISON OF PERFORMANCE PREDICTIONS OF F; SCORE
WITH VARIOUS MODELS IN ROUND 5.
F; Score Round 5
Proposed
Class Model DNN SVM Tree
Odorless 1.00 1.00 0.94 0.98
Beer 1.00 1.00 0.97 0.97
Whisky 1.00 1.00 0.97 1.00
Wine 1.00 1.00 1.00 1.00
TABLE IX. COMPARISON OF PERFORMANCE PREDICTIONS OF F; SCORE
WITH VARIOUS MODELS IN ROUND 6.
F; Score Round 6
Proposed
Class Model DNN SVM Tree
Odorless 0.96 0.97 0.95 0.94
Beer 1.00 1.00 0.94 0.97
Whisky 0.97 0.97 1.00 0.98
Wine 1.00 1.00 1.00 1.00
TABLE X. COMPARISON OF PERFORMANCE PREDICTIONS OF F; SCORE
WITH VARIOUS MODELS IN ROUND 7.
F; Score Round 7
Proposed
Class Model DNN SVM Tree
Odorless 0.97 1.00 0.98 0.91
Beer 1.00 1.00 0.97 1.00
Whisky 0.97 1.00 1.00 0.89
Wine 1.00 1.00 1.00 1.00
TABLE XI. COMPARISON OF PERFORMANCE PREDICTIONS OF F; SCORE
WITH VARIOUS MODELS IN ROUND 8.
F; Score Round 8
Proposed
Class Model DNN SVM Tree
Odorless 1.00 1.00 0.94 0.97
Beer 1.00 1.00 1.00 0.97
Whisky 1.00 1.00 0.94 1.00
Wine 1.00 1.00 1.00 1.00
TABLE XII.  COMPARISON OF PERFORMANCE PREDICTIONS OF F; SCORE
WITH VARIOUS MODELS IN ROUND 9.
F; Score Round 9
Proposed
Class Model DNN SVM Tree
Odorless 1.00 0.97 0.98 0.96
Beer 1.00 1.00 0.73 1.00
Whisky 1.00 0.97 0.97 0.94
Wine 1.00 1.00 0.56 1.00
TABLE XIII.  COMPARISON OF PERFORMANCE PREDICTIONS OF F; SCORE
WITH VARIOUS MODELS IN ROUND 10.
F; Score Round 10
Proposed
Class Model DNN SVM Tree
Odorless 0.97 1.00 0.96 1.00
Beer 1.00 1.00 1.00 1.00
Whisky 0.97 1.00 0.97 1.00
Wine 1.00 1.00 1.00 1.00

Fi score is the average value of precision and recall
measuring the ability of the model.

recisionXrecall
F, score = 2  pTeconxTece” (6)
precision+recall
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From the experiments, it is observed that the F; score in
the proposed model has many values of 1.00. This means that
it gives better predictability than ensemble model that we
compared.

IV. CONCLUSION

In this paper, we described the hybrid model of shallow
and deep learning models in order to enhance the prediction
accuracy. The dataset used was collected from the electronic
nose with 7 sensors. We performed the experiments 10 times
and then compared the performance of the proposed model to
other models. Our model with a hybrid of Deep Neural
Network, Support Vector Machine and Decision Tree
achieved an accuracy of 99.58% with standard deviation
0.67% compared to other models. Also, the F; score in our
hybrid proposed has many values of 1.00. This means that it
gives better predictability than other models.

In our experiment, if there is the dataset of the type of
odor and the number of sensors more than, this will help to
increase the efficiency of odor and volatile substances
monitoring even more.

ACKNOWLEDGMENT

This research has been funded by the Industrial Estate
Authority of Thailand (IEAT) for the development of the odor
and VOCs monitoring system with an electronic-nose
network. We also thank Bachelor of Engineering students,
Thanakorn Srisuwan and Suriya Thammachat, from the
College of Nanotechnology KMITL for assisting in data
collection from the electronic nose. And we also thank Mr.
John Morris from KMITL Research and Innovation Services
(KRIS) for consulting in writing this research.

REFERENCES

Tung Giiltekin and Aybars Ugur, “An Iterative Dynamic Ensemble
Weighting Approach for Deep Learning Applications,” 2017
International Artificial Intelligence and Data Processing Symposium
(IDAP), pp. 1-4, 2017.

Srisupang Thewsuwan Nanto Ozaki and Keiichi Horio, “SVM
Ensemble Approaches for Improving Texture Classification
Performance Based on Complex Network Model with Spatial
Information,” 2018 International Workshop on Advanced Image
Technology (IWAIT), pp. 1-3, 2018.

Zhigang Gan and Nanfeng Xiao, “An Improved Adaptive Boosting
Algorithm for Neural Network Ensemble Based on Multi-dimensional
Cloud Model,” 2009 Second International Symposium on Knowledge
Acquisition and Modeling, pp. 170-173, 2009.

Tao Li, Xiang Li, Lina Wang, Yongjun Ren, Tingyu Zhang and
Meichen Yu, “Multi-model Ensemble Forecast Method of PM2.5
Concentraton Based on Wavelet Neural Networks,” 2018 Ist
Internatinal Cognitive Cities Conference (IC3), pp. 81-86, 2018.

Xiqun (Michael) Chen, Shuaichao Zhang and Li Li, “Multi-model
ensemble for short-term traffic flow prediction under normal and
abnormal conditions,” /ET Intelligent Transport Systems, 13(2), pp.
260-268, 2018.

Le Li, Zhiwen Yu, Jiming Liu, Jane You, Hau-San Wong and
Guogiang Han, “Multi-view Based AdaBoost Classifier Ensemble for
Class Prediction from Gene Expression Profiles,” 2014 22nd
International Conference on Pattern Recognition, pp. 178-183,2014.

(1]

(3]

(5]

Anyan Su, Zhimin He, Junjian Su, Yan Zhou, Yun Fan and Yuan Kong,
“Detection of Tax Arrears Based on Ensemble Learning Model,” 2018
International Conference on Wavelet Analysis and Pattern Recognition
(ICWAPR), pp. 270-274, 2018.

Jiang Zhang, Yao Zhao, Fugiang Zhou and Ming Chi, “Visual saliency-
based vehicle manufacturer recognition using autoencoder pre-training
deep neural networks,” 2017 IEEE International Conference on
Imaging Systems and Techniques (IST), pp. 1-6, 2017.

978-1-7281-3499-4 ©2019 IEEE

59

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Xiangzeng Zhou, Lei Xie, Peng Zhang and Yanning Zhang, “An
Ensemble of Deep Neural Networks for Object Tracking,” 2014 IEEE
International Conference on Image Processing (ICIP), pp. 843-847,
2014.

Ahmed H. Shahin, Ahmed Kamal and Mustafa A. Elattar, “Deep
Ensemble Learning for Skin Lesion Classification from Dermoscopic
Images,” 2018 9th Cairo International Biomedical Engineering
Conference (CIBEC), pp. 150-153,2018.

Nabin Rijal, Ravi Teja Gutta, Tingting Cao, Jerry Lin, Qirong Bo and
Jing Zhang, “Ensemble of Deep Neural Networks for Estimating
Particulate Matter from Images.” 2018 3rd IEEE International
Conference on Image, Vision and Computing, pp. 733-738, 2018.
Hsin-Kai Huang, Chien-Fang Chiu, Chien-Hao Kuo, Yu-Chi Wu,
Narisa N.Y. Chu and Pao-Chi Chang, “Mixture of Deep CNN-based
Ensemble Model for Image Retrieval.” 2016 IEEE 5th Global
Conference on Consumer Electronics, 2016.

Giuseppe Bonaccorso. (2017).
Birmingham: Packt. pp. 167-171.

Jinde Shubham. (2018). Ensemble Learning — Bagging and Boosting.
June 8, 2019, from  becominghuman.ai Web site:
https://becominghuman.ai/ensemble-learning-bagging-and-boosting-
d20f38bedble

SauceCat. (2017). Boosting algorithm: AdaBoost. June 8, 2019, from
towardsdatascience Web site:
https://towardsdatascience.com/boosting-algorithm-adaboost-
b6737a9%ee60c

Avinash Navlani (2018). AdaBoost Classifier in Python. June 8, 2019,
from DataCamp Web site:
https://www.datacamp.com/community/tutorials/adaboost-classifier-
python

SeattleDataGuy (2017). Boosting and Bagging: How To Develop A
Robust  Machine Learning Algorithm. June 8, 2019, from
HACKERNOON Web site: https://hackernoon.com/how-to-develop-
a-robust-algorithm-c38e08f32201

Machine Learning Algorithm.



=8

3]

N

<~ =

U LAaU UNe

o)

dl ! U
ogUagiu

UsgIRn1sAnY

NASIUNIIVINTT

110

-/~

UseIngiaeu

weyedd nInlleudy

8 nanAu 2536

27 #ouufRumes 41 wreaptnNGy LuRnAst NTIANNUNIUAT

10170

(2558) IngenansUndin avinernsnenfiawes insaiads 2.72

(@andumalulagnszaeundndinummsainnseds)

(2562) INEPNAATUNITUTRN @1VTINYINIIADUNLADS

\NIARAY 3.56

(@andumalulagnszeundnainummsainnseds)

1. B. Grodniyomchai, K. Chalapat, K. Jitkajornwanich and S. Jaiyen,
“A Deep Learning Model for Odor Classification Using Deep
Neural Network,” 2019 b5th International Conference on
Engineering, Applied Sciences and Technology (ICEAST), Luang
Prabang, Laos, 2-5 July 2019, pp. 545-548.

2. B. Grodniyomchai, K. Chalapat, K. Jitkajornwanich and S. Jaiyen,
“A Hybrid of Shallow and Deep Learning for Odor Classification
Based on Adaptive Boosting,” 2019 9th IEEE International
Conference on Control System, Computing and Engineering

(ICEAST), Penang, Malaysia, 29-30 November 2019, pp. 55-59.



	2-19 ปกใน-ประวัติ.pdf
	ปกในภาษาไทย
	ปกในภาษาอังกฤษ
	หน้าลิขสิทธิ์
	ใบรับรองวิทยานิพนธ์
	บทคัดย่อภาษาไทย
	บทคัดย่อภาษาอังกฤษ
	กิตติกรรมประกาศ
	สารบัญ
	สารบัญตาราง
	สารบัญรูป
	บทที่ 1 บทนำ
	1.1 ความเป็นมาและความสำคัญของปัญหา
	1.2 วัตถุประสงค์ของงานวิจัย
	1.3 ขอบเขตของงานวิจัย
	1.4 ประโยชน์ที่คาดว่าจะได้รับ

	บทที่ 2 ทฤษฎีและงานวิจัยที่เกี่ยวข้อง
	2.1 ทฤษฎีที่เกี่ยวข้อง
	2.1.1 การเรียนรู้เชิงลึก
	2.1.1.1 โครงข่ายประสาทเทียมแบบลึก

	2.1.2 การเรียนรู้เชิงตื้น
	2.1.2.1 ซัพพอร์ตเวกเตอร์แมชชีน
	2.1.2.2 ต้นไม้ตัดสินใจ
	2.1.2.3 นาอีฟเบย์
	2.1.2.4 วิธีการเพื่อนบ้านใกล้ที่สุด k ตัว
	2.1.2.5 การถดถอยเชิงเส้น
	2.1.2.6 การถดถอยโลจิสติกส์

	2.1.3 การเรียนรู้แบบรวมกลุ่ม
	2.1.3.1 อะแดปทีฟบูสติ้ง
	2.1.3.2 แกรเดียนบูสติ้ง
	2.1.3.3 เอกซ์ตรีมแกรเดียนบูสติ้ง
	2.1.3.4 ป่าแบบสุ่ม


	2.2 จมูกอิเล็กทรอนิกส์
	2.3 งานวิจัยที่เกี่ยวข้อง
	2.3.1 Odour Identification Using Machine Learning Techniques
	2.3.2 Detection of Tax Arrears Based on Ensemble Learning Model
	2.3.3 Mixture of Deep CNN-based Ensemble Model for Image Retrieval


	บทที่ 3 วิธีการดำเนินงานวิจัย
	3.1 ชุดข้อมูลที่ใช้ในการวิจัย
	3.2 การเตรียมข้อมูลสำหรับใช้ในการวิจัย
	3.3 การเพิ่มประสิทธิภาพโมเดลโดยใช้การเรียนรู้แบบรวมกลุ่มด้วย
วิธีการอะแดปทีฟบูสติ้ง
	3.3.1 การเลือกชุดข้อมูล
	3.3.2 การเลือกโมเดลที่ใช้ในการวิจัย
	3.3.3 การตั้งค่าโครงสร้างให้กับโมเดล
	3.3.3.1 โครงข่ายประสาทเทียมแบบลึก
	3.3.3.2 ซัพพอร์ตเวกเตอร์แมชชีน
	3.3.3.3 ต้นไม้ตัดสินใจ


	3.4 การวัดประสิทธิภาพของโมเดล

	บทที่ 4 ผลการวิจัยและการอภิปรายผล
	4.1 ผลการวิจัย
	4.2 การอภิปรายผล

	บทที่ 5 สรุปผลการวิจัยและข้อเสนอแนะ
	5.1 สรุปผลการวิจัย
	5.2 ข้อเสนอแนะ

	เอกสารอ้างอิง
	ภาคผนวก ก
	ภาคผนวก ข
	ประวัติผู้เขียน


