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NAPASSADOL SINGHATA : EXPERIMENTAL DESIGN FOR PREDICTING THE
COMPRESSIVE  STRENGTH OF GEOPOLYMER MATERIAL “USING MACHINE
LEARNING. THESIS ADVISOR: PRASERT AENGCHUAN, Ph.D. 198 PP.

Keywords: Design of Experiment, Prediction, Geopolymer

Developing robust predictive models for geopolymer paste presents several
challenges, primarily due to the complexity of material behaviors and the inherent
variability of experimental data. This study enhances the robustness of bagging by
integrating it with advanced design of experiments (DOE) methodologies, including
Taguchi, Central Composite Design (CCD), and a novel hybrid Taguchi-CCD (HTC)
approach, to model the compressive strength of metakaolin-based geopolymer paste.
These structured designs eliminate the reliance on arbitrary 3x3 sampling and ensure
even coverage of experimental space. By training ensemble models on these well-
distributed data subsets, prediction accuracy is significantly improved. Well-distributed
experimental points replace random.sampling, thereby enhancing data coverage and
reducing the risk of overfitting. Comparative evaluations using Bagging Regression,
Gradient Boosting, and Random Forest algorithms demonstrate that the HTC design, in
combination with bagging, achieves the lowest Root Mean Square Error (RMSE) and the
highest coefficient of determination (R?). Specifically, the model yielded RMSE values
of 3.01, 3.47, and 3.06, and corresponding R? values of 0.91, 0.88, and 0.91 for the
Taguchi, CE€D, and HTC approaches, respectively, on the test dataset. The newly
developed bagging.model was trained on structured subsets«generated via the HTC
design. It achieved ithe highest prediction @ccuraey, @maeng all tested configurations,
with an R? value of 0.93. The integration of structured experimental designs with
bagging confirms its effectiveness for scalable predictions, offering a promising

approach for the modeling of material properties in complex systems.
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Alkaline Activator Solution
Aluminum Oxide

Bagging Ensemble Regression
Degree celsius

Calcium Oxide

Central Composite Design
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Iron (Ill) Oxide

Gradient Boosting

Level
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Machine learning
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Parameter

Coefficient of determination
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SiOp = Silicon Dioxide
SO3 = Sulfur Trioxide

SS = Sodium Silicate
TiO2 = Titanium Dioxide
Hm = Micrometer

XRF = X-ray fluorescence

ZrOo = Zirconium Dioxide
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YDULYAVDINTTIVY

131 Twdurnmnduanssmilunisuanansilolnaiues

132 Avuadudsau laun anuwaruvestafoulansonlen, sns1auseming
Na,Si05/NaOH, Wagdnsiausemneeds () fuasazans (L)

133 leanuwuruvestafoalensenlend 10 Tuans, 12 Tuans, uag 14 Tuans

134 lusnsnaiusenng Na,Si0s/NaOH 71 1.2, 1.6, uag 2

135 ¥n1suaenausiesnatuIn 50 x 50 x 50 ux. tienadaumssuiddaiien
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1.4.1
1.4.2
1.4.3

1.4.4
1.4.5
1.4.6
1.4.7
1.4.8
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1.5  Uszlevunlasuainnisiae

151  Twnan1s@nelasudunuimislunisnaastwazeanuuuilalniiues 1ne
A111508ATNUIUNTNABDI ML INUIUUDEAY
1.5.2  NAUILLINISlUN 58519l Aad NS UNSYIUIENANAZBUNITSUNEIDATDIA

Tolndes WoanduiunIsneassndndu

1.6  UADUNITANUUIIUIIY

AN 1.1 TURBUNISADIUNITINY

2 o a o LADUN
YUADUNITATUNITIVY

1 NUMIUIN NN LIV x| x| x| x

2 AHSEUVDYAFMTULUUTIADS

LaZeBNLUUDANDINL

3.MARBIN1TDNLUY YINUIENA X | x| x
4.3Lﬂ§’15‘1£{l/@3$aﬁ]’]ﬂﬂ’ﬁ1/lﬂa@\‘l WY | x

5. iaunUFuUTdane Ty X | x
6.ﬁ§U@5Ui’1‘EJNaLLaz{JJEJLﬁUE]LLuz X | X
7 dnviAnedinus X | x

8.29UINYIUNUS X
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aa o a d‘d a a d' 1 d‘dd‘ % . d" -]
FBnsantiun1sveaeaniiussd@nsnin iemaiinianvedade (Parameter design) §4vi
TunadnsiunlnanlivaeuInign YieanANURuLUIVeINTEUIUNIT N1slATeslonis
adauazwadalue iuddudulunisieszvuasindulaseniuu untaziansandme el
N159DNLUUNITNAADI I5N1TANUIMBATIFIUNEAN N1TATNTZUUNNANAAIANTINADY AT
Muenand835M19aia saudanslyniseanuuunisneass wasn1suseynalyisnisnig
a ¥ d' . A = o d' o ' a{'
138U3V04ATY (Machine learning) FumanzauiuNMmaaediiomAsnsaunmzasly
nsudndlelndwes lnuvivaniauasaunulun1sneass N1sAANIsadnsaIuviivlaa
ANULTLsIveImunIn Tndnduazanlylunisassuuudiaesunadiiuizeay nskionIs

Y

a ¥ = . . ° ! ¥ ° Xt Yo oA
nMaieuzvetasel (Machine learmning) lunisiwinmieluanunsamdneuiilnafesiian
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av a A

1o waNAINUNITRANTUINUITERNBIVDINNANDNITATILUUINABDINNANNANERNT TRV
nlU TP8R15U9IUITEN LN VDWW DN UINIIUNITAT UV BB ILAEYIIUIBAIAINL

LL%&LLiqmﬂ%umuﬁaswﬁum (Abdullah et al.,2011)

2.1 lolnauss

3lelwAiues (Geopolymen Wiudanmaunuyudiuuaiindilasuauaulaesns
n119rslursnisanneasns esnidutanwialvnilulyyudiuunvesauaunidy
anUsznoundn wianmnsoimuussBamisuararuudusdannufiseindwelsety
ves¥anogiiludainm (Aluminosilicate) fuansazansnis (Alkaline activator solution) @
A5¥UIUN15T 458027 Alkali Activation w38 Geopolymerization 84AUsznaundnves
a1sazarenis laun Teieulensonlen (Sodium Hydroxide, NaOH) uazleifisndaina
(Sodium Silicate, Na2SiO3) %qLﬁ'aﬁwﬁﬁ%mﬁui’a@ﬁﬁaaﬁﬂizﬂammaqﬁu’l (ALOs) has®

an1 (SI0,) azinLeaianiefisenin N-ASH gel (Sodium Alumino Silicate Hydrate) oR



duansusznevudeiluanuudasadutanaaistuiaa Cs-H luyudiuunvosnuaun
(Ordiary Portland Cement, OPC) wayliiunaideslensenln (Ca(OH),) WussaUsynou
wilouyuduntosnuaun lelnduesuoninagiinaansinanaiifua dulemnumuniu
poaaLAll n3n A1 wavgumniiae awmalvileindwendutanfivnyaudmivilasess
flugnu nugounralasasne uazuaAwinaoy lelndwesdvelaieumiofiuug
Uasnuaunesstnay I@EJmmsaa@miﬂéaagwmguaulmaaﬂl%ﬁlﬁaéﬁqﬁﬁaﬁﬁzg Faudu
uasnanmslyreadegnamnssuvidoTagessuid wu in1aes Wmdn ieRurrmn wiy
nswniuuiinedandsrugdlunssuiunissdayudione uenaini mandnilelndiesss
annsnvilalugumgifisina amalnuszndandsuannansenuneduanaoulag s
nszuuNMsAnalelndiwesanansowuseantiu 3 dunoundn sl (Rattanasak et al.,2000)

n1sagane (Dissolution) faaﬁgﬂguﬁﬁ'eNh“Uizﬂaua5@3’?1146’?18mmsgﬂmiazmwﬁﬂ
191 NaOH 1138 KOH avaneifi ovanuasedaniuazezgiiuieenuiluguveslessu 1oy
Si04* uaz A0,

N135571A 2 (Reorientation and Polycondensation) Tosoumani azsaudaiudu
TAssnnewoduund 1wy Wuse Si-O-AL-O-Si Suilesruafuasiinduan N-A-S-H fllnau
INILATKEY

<Y . A y-d' [y} 3 @ a v ¥ o
n13ul9da (Hardening): wadilaeuleadudulasasnanduse Tanvuzaanedan

(%
[

Fauunuaus1man C-S-H gel #50 Ca(OH)z UfAsElnesanansaLandlanadl

Al03:25i02 + NaOH + Na2SiO3 —> N-A-S-H gel (2.1)

¥ v v
=

el Unsendinarinatuagedureue1dedadenaisUsenis Ly ANNILYUYeY
NaOH, #na1uv84 Na2SiO3 78 NaOH, 8ns1a@7u S/AL dadiuvedudeneaii (S/L ratio),

grumndnatlunisus (Curing time) Seunaytadeasdnanoautfivosilolndumeisluszes
fuuazszeren fadu mamuauUiuunsesaUssneumaniosnanzauaztaslvla fanile
Iwamagﬁﬁﬂmqua sisluamuauudouss anamum wasUssAnsnmdedauanaou 39
anunsoilsnaunuyudsuavesnuaunlaeseiiussans mwluvainvansuiunessy

ﬂlaa;N (Palomo,et al.,1999)
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FUUAUBTALAUANTNIINNITRIAIUNAL VDI T UY LA TUAUATUNMNNTEMIN 1,400 9
= ' Ao o A ¢ ¢ c = a ¢ 'a

1,600 paAngalfigd ANLANANAF1AYTENINTUnlasalauaiazilolndiuesoyy

¢ = aaa A ¢ ‘¢ ‘¢ a N
asaUsznaumainaznatnueslfisead Fuunvasanaunaziinnisiudsuwlamis
¥ v < o aaa o o A a C a o aaa
lassasaiagimuudawsdlaenisyinugiseniui vaueiialelnfwesnanann1svinugisen
JeNa5eEgdludaing (Aluminosilicate) fuansavangdanilau (Alkaline Solution) &4
v ' ' L4

Usgnaumeansazaeiuann wu leheulaasenlun (Sodium Hydroxide) wazlaihaudding
L ¢ ! U U al aa ! i

(Sodium Silicate) lngansdanilauasyiaareiussluianeraliluddinauazUaselosaud
Jududmsunisaseiusslulugluuuveduanagnly Finisusuaunalszquesdanila
leeaululassasnelndlaavian (Polysialate) uasn1saeuisenIanNIsiinugisenad oz
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Ca-Mano-silicate K-Oligo-(sialate-siloxo)

cant OH ©OH o
cs** 0O s'.——() OH_Sl]_O—AI—O— =-OH
Cat OH -
0—5\0 Cat*
|
O LHO L2 =
= Hwydration A 6 6

G P |polycondensation

o
O—&.‘ﬁ O .I o s o
AP e L
s I K* N
Sll

K-Poly(sialate-silowo)

A aaa Y IS ¢ L a K 4
JUN 2.1 Ufsenlawstuvesyudiaun duilelndwestsaetuy

(#1311: UNAU Recent development in geopolymer concrete: A review)
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a P v S = o ¥ = ‘¢ = S ¥
ponlyergiiun Fudouneniulugluuuiiraiendaiulasaselelan lnelisunsednn
(tetrahedra) ¥93%dA0Y (SIO,) wazozgiiiiay (AlO,) iunuIeugIu unn199nTlalan
nsandlelndwesluiilasasiemdn (Crystalline) unidulassasiauuvedagiu (Amorphous
network) ¥ 4in31NA154¥ 08990 UIBLUY Tetrahedra WaNlN1UNUSEEONTLAUTIX
(Shared oxygen) lulaseasiedlelnfiwes svnouvesdinoulazezgiiidenazaiuiueyly

a a

lasanelaediusy Si-O-Al Wunan FenrsiiezgiidenlulassasiaasyitlmiaUszgaulu

Y

laseve (8997 Al ihauguesndn Si wllmuiy) Useyautiazgnuuaunamelessuuin

WU Na+ 1138 K+ fadussausznevdnglulassasiswasmevlassnsiiatosnm

gosiadiluresdlalndwesanunsanandlaniuaunisi 2.2

Mn '('(SiOz)Z'ALOZ)m . WHzo (22)

Togn Z Ao Punulanaves S0, 31e1aiAdu 1, 2 vse 3 Fueyiugna

augannesvaililey (Si/Al ratio)

b

M Ao leoauuIninaud 1 1wu K+ %58 Na+

2

o

n Ao Fnunwigvadluanaanly vieszauveInsiinnadwelsetu
(Degree of Polycondensation)

wH20 Ao luanavesnunsnaglulassasvsegnanduls

nszuaunsnedwelsgtuludlolndwesamalninalassassiinduswuazingg
whgsmaaias lngannsausuunenpaudfiianie Ly ANUNTU 1159ATULN LagAIy
nuuneasall lnannnisidsuwdasdnsaiu Si/AL Ussunnvedleasuuin, dnsiaiu S/L
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1 . 4
2.1.3  Uadeiiiinanannuudusawasdlalndiues
o v w (% = a 4 yv a a (% ! '
Adsfunsadnvasdlolndwesiasudninanindadenateusenisfiamans
AuanUinieng i iaglasasnganiavesdan Jadewmanilasounguisaiunauniuad
8M3187UY098IAYTENBY ANTNIINADUTENINNITUN kamallan1sinTeudan lngany
witaludaduimaniianudiAyeestslunseasniuudlelnfwesniauautsivangauiu

mﬂ%mutmiazﬂsmm (Swanepoel and Strydom.,2009)

1) enuNvuazUsuaesatsazaelameulansanlan (NaOH)

Toiavulansonlaniinuiiiiduaisnszgunis (Alkaline activator) 7

v v
Y

ddnlumsaraneYanogiluddin laglensenlealoseu (OH") awwlaufiussluTandeny
L L0808 T DALY ﬁﬂﬁlﬁmmsamaﬁuﬁz‘%ﬁmLLasasgﬁuwaaﬂmwiugﬂmaqlaaau
(51044', AlO45_) ﬁwga:u%Lﬁmﬂﬁﬁ%aﬂw&mlim%’w{alﬂ ALY LTS NaOH ﬁqﬂ
Aulvorasaiisensuauluuasyilnialasassing saedanuaurudiauluesl

\Weanenanisazateiansinu awaliifinnisudsialuauysa

2) Usmnalghouddinauazonsiaiu NaySioz/NaOH
loneugann (NazSiOz) ANTANTIUTEUU adsunIsiAnea N-A-S-
H waraina v ianiinu i wuLkasAULTLsIgdu 80371891 NapSiOz/NaOH finans
AMUVTEATEIEIUNEN NMTAIVLUUYBLATIATN UagdnsINsudeds Snsaufigaiuliens
o o a ‘ﬂl U ! ‘NI OI a ! a o U ¥
vinluarunauuileanazluasin auznonsaunatiuluetaluieanednsunisasns

1A N AL D SIS

3) dnTEIUIEINNd e Indesiaratsaraiy (Solid-to-Liquid Ratio)
9n31a UL INARBANAINTITOIUNITV NI BAZAUNUIRUUVBITEAN)
mndnaiuvenianiuly orvilraunanuaiuluuazennenisvastugy Tunnanseiu
¥ = a o Y a 1Y °o = = < ' A
13 mndveanainniiulvenavihlniagngulutand sy Swnnuudausdagsiy ad
WMNNzaNUes S/L ratio 9xwaelviAnlassas e fivuinuy udese wazadaue (Okoye et
al,2017)
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4) dmsrauBaneuneszgililley (Si/Al Ratio)
A1984 Si/Al ratio Inanaviinvedlasiasneniind uluilelndiues
Tneialy a1 SiZALAT (Uszanas 1-2) 9¢lnlaseasnafiud wssunilsie vagnan SizAL g

@nN1 2.5) aglalassasendaveuiagnuniuneasiaduazgamngias n1sdenal SiAl

'
LYY

4 X “ v - v "
ratio NinzantueeiuingUszasalunmslonu wu nulassaseiiugiu aunulil vsenu

Y

7IRBINITAILANUNIUANSAANTBU (Adak et al,2017)

5) gauuniiuazia1lun1susl (Curing Temperature and Duration)

NIEUIUNITUNTINADEIUINABNITHAIUIANULT T TuT TolnAwes Tas

¥ '
= v [y

gaumnifiagstureisinsiianediwelswdu viluiaginuiusdalasiaiuazilnseeasis
o ~ ! ! [ oA a a = a o Y a

bUYU BEAUZIU NAUILUU E]‘EJ’]\‘]bLiﬂG]’]iJ mimmQm‘mqmqqLﬂuiﬂmamumuiﬂmwﬂwLmﬂ

seusnllosainnisgadetiesnssanss dwudwendonsumngiivazsrezianlmmvunzay

9 Y

fussnUseneuvesaunal Welnlaaunasenineuudusuazanumunuresias (Kong
et al.,2010)
nsauaudIdevanesuuugnavilugnimdndlelndwesniussaniangs T

Nulavannvany wazanunsathluiaunluseruanainnssunely

2.2 AUVIWHI

AUYIINT M50 LumNNEaY (Metakaolin) Lﬂui’aﬂﬁlﬁmﬂﬂmmﬁum’sﬁu (Kaolin) @4
Jutansssumilugamgiivaysroznaivangay lasviluua nsvviumamazsniud
qquﬁizmw 600-800°C vinlnlaseas1awdnveaaledu (Kaolinite: AlySinOs(OH)4)
WasuuUandulasassodng i (Amorphous Phase) dsiianulanaufiseaiifiaiy

n3zUIUN13UTEN "Dehydroxylation” Fadunisudanyglansenda (-OH) 8ana1nNlASIEs

A a

w3 aawabinfuvnmflesalsenoundnae 8na (S02) warergiiun (Al03) Fadu

wasingivezgiludaing (Aluminosilicate source) ddgyluniswiindlelndiues dnuuy

q

a

= = = ' & 'y a 2 ¥
V]'Nﬂ']ﬂﬂ']wsﬂaﬂﬂuslnqLN']LﬁquagLaﬂﬂasﬂquiasﬂum@@u GUUE)QﬂUUiNr]Mﬁ’W!LVaﬂW‘UULﬁ@u

Y 9

Inefidnwargusienyniafituuuueu J3ngu uarliuwluniinsinizdudunauneu eynia

' A a = ' = ¢ i ¢ ! o g Ya
WaNUiNYUInLRasUTTUI 1.5 ‘luﬂﬁgu %QLaﬂﬂﬁﬂﬂuu%LuumﬂaimLL@‘U@M@’]EJLVH WqIV@uGU’]'J

'
o

ad Aa ! a aaa ) 1Y) v ¥ N a a
LN’]NWUWN?"\]WLW’]gqq GU’JEJaQLaill‘U{]ﬂ'ﬁﬂ’]ﬂ‘Ua’]iagaqﬂaaﬂqlauvL@@qumﬂigamﬁﬂqw

PN v a wa o aaa ada a ¥ - a ¥ =
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'
v

YIRUYTBHT LAKN NITAUAIRISULTITA N15AAAIAIUNTU (Porosity) waznIsLAAIIY

[ v [ ] v v
aaa o w

NMUNIUABNITURUYRIE SATkazn edumangdmsunislyaulunuiindvedianiu
ANUTOU W nawsaneuizenlaigamgiinesiseniniinisiyiandu Inefuuriwin

LY v

IS a a ¥ (% a a M dy
finuaudinminzanlunsluduian Slelndwes el

a

1) AU azadiun (Alp03) wag &ann (Si0o) Tulsunumuuiza

Y

o

¢ = aaa LY ' ¥ ¥ a a ‘A & a a
asaUsznauilagyiuiTendunis asnelassasnadalndiue snudusag o
Tassasns Inssaseiindnillaseasslusuueu Ujnsenndainled iluladaniuduss welv

Annsiwdwelsituialed vhlulatagAudausediussansam

N < =
2) WNANULTIUTIVBIADUNTA
= Y da = ' oA =
\999111AT9AT1TANIN N-A-S-H gel Tanuvuiuuulazneiiles ApUNIn
FalndwesanauviIansalna1i1d@nlagede 60-80 MPa n3ounNNIUATEN
a o a ¥ G aaa Y = a < g £ a
anusafinnigugivedlalusjiselagniseuseuiiaiiuauudusslaisiduilelng
LBFAINAUVIAHITANUATUNIULTIAFS LT nlledaniiaumuiiuunagluduiaveny

yIalnssnALInn Snvalasaseflafianusnowioawdess (Lahoti. et al,,2013)

3) AVIUNUNTUGIROANSIANLAZAIINTEY
P a ¢ = o ¢ Q‘- Y, '
Flelndiuesanunsaniuniu nsa Fan Aaslsn uazan1IEIuLse lafna
S = Y a - 4 = o a4 o o
Aounsayudualiiinnsyanewmseuwnnsimilsunsaliineuninilulaudauanuaiy
seugde 800-1000°C lalneludesy

4 anuaNIaluNNTYiniu
vneumATesAuTINT (1-2 lilasums) melnidonsunindauanden
wu wagnaumalaAfumslvafvemeinig vilvmamviotuguiinlaaetu anlonianis
AnlwssonAuarn1suent uraRnaNAuTIwIdToyAENLa SR uiiRge T

Uudssmnuanansalumstugdvesnsunsn vilnanaunsamladannisuenturesunasi

5) anudsguaudauinaey
Luginslayudiuun wiglvaanisuase COz taundia 60-80% Nszuiuns

HARLINE R UAINIININEAYUTU WAL AUNMTATINEIANT kaen1THmLIRe19EEY
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Metakaolin Alkali Activators
e =y
ﬁ
NaOH
s N & l ™
Geopolymerization Geopolymer
Concrete .«
<+

Al,0,-2Si0, + NaOH + Na,SiO, — N-A-S-H gel

JUN 2.2 Tumsunsiindlolndweslsiwdu

(Vim: UNAIU Recent development in geopolymer concrete: A review)

& 6 [P @ g 4
NNTIATIENDIAYTENOUIBANTDIAUY NN Y TUN1TI8 WudlasaUsznau
s g U ! d! o ! a aaa
1038an10enlYn (SI02) wazagiuieanten (Alz03) Tudnaiuas Fsdudunenisinufise
geopolymerization Ineinasiuves Si0p, Al,O3 waw FepO3 @3ie 96.988% Tauansliiy

=< a t:ll X o % o X a ‘¢
m@mmwmamumamemmzamamsuﬂﬂmmezmﬁuﬁﬂdwamai

A ¢ IS a
AN 2.1 99AUTENDUNLALVDIAUUTILNT

aeAUszNEU 0882 (%)
ALO; 38.494
SiO, 56.474
SO5 0.375
K,0 0.188
Cao 0.25
TiO, 2.097
Cr,0, 0.038
Fe,0, 2.02
710, 0.063
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neerUsznaurnulandlmiiull Auvimndutanniinuuiansas Tdnaiuves

Y

a v

SiO9 wag AlO3 agﬂuizﬁuﬁmmzamﬁaﬂﬁﬁﬂﬂl%iumuwmmzqmmmm Tnoangly
nsnandlelndwesfinesnsnuaifimanauazmaumuiiiaaau Taesialy mndnsnanu
Si/AL gt aglalassarsiifinnuudusmienags unmnunumuseanadenaiinm Turaed
Snsnanu SI/AL a9t aglalassaseiifiarumviuuunnfuasnuyunensaviegangias
wnfu Feanmnsailutszgnalslunuautagneamatugs wu uiunuly violassassly

ANTNLINADUTULLIN

Metakaolin

7000

| PDF 05-0490 SiO2 Quartz, low

1 PDF 39-0381 Na0.5 AI6 ( Si, Al )8 020 ( O H )10 - H2 O Chlorite-vermiculite-montmorillonite
1 PDF 03-0052 AI2 O3 -2 Si 02 -2 H2 O Kaolinite

| PDF 22-0687 K Al Si3 08 Microcline, ordered

6000 PDF 02-0915 Fe2 O3 Hematite, syn

4000

Counts

T T
30 40 50 60 70 80

2Theta (Coupled TwoTheta/Theta) WL=1.54060

JUT 2.3 TATIEVRIAUTENOUMENISIALIULSIELDNY (XRD) YBIRUVTIHN

U 2.3 uaassuuuun1staeunssdend (X-ray Diffraction: XRD) U89AUUIILHIT

3 3
duguuuuiiiumsudamglensondavesuaialelalua (Kaolinite) nsiiasizst XRD Talunns
sryuariieTevdnvneresTanfitlasanawdn lnefnuinisideauuuesisdienadle fvd
Fsnanannsznuiuszuusdnluiiesnstan unuuueukansaay 20 Juduyufisdiens
annszdslaessunundnuesan Inevisesuey seninstssanm 5° 89 90° Gaduwisiily
vagluntsnsaduslandnang 4 lufag amunuuuadsuaniamanvesssdiongfign

X o . Yoo =
G Inefimnaduduiuesaiinnatale anvawessenwrau (Peaks) lunsiuansds

'
a

YSnaaganunudareddasiasiwinunazyila 8ewangs uansniusnnuvedasas

HANTUNIN AUANTRLaYAWILITEIEBRtUATYL 20 TaN1ELANE 98U U0 LNaNEN

Aa ! o ' a a ! a = ~ ! A o

Aoy ludreg19iuv1imndnig 4 nusinglunsivuansdaraninaiasdaiuiingiany

Foen9U AR (SI0L) Buduwandnndnludegafuunimiaziansdugonurauduni
o ! A A ' - ¢ ¢ - ¢ o v, ,

wudn auusindu o wu aledlun, lulaslrau wazdunlng Anulawwuiy wnavwanadu

[V

S = = A ~ ¥ ' o !
YOATNANUINLDENTT TaUsUBNdIUSINANaENIlUAIBE1
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2.3 N1999NLLUUNITNNADY

N1390NLUUNIIVAABY (Design of Experiment: DOE) 1utunaudAgyiwrsniunu
AMANLAZTLUTEANEN MVBINTEUIUNTIERAENITHER Inganglunuilifeivesiuian
\Teuny 19 lalndiues MsnruansilmesuarRoulunisneasslnmunz auaunsovae
ANTIUIUNTIINAABINABIVN uagliuAuuLdeiovewmadnsinoyiitedAn wallanis
20NKUUNSNAaRI AYIElN1SLAUTEYATAILATOUARL ATUAIU WAYNTEINBAIBEY
WLz AUl UV I TN TN AN BILUININNITOALUUNITNAABILUUITTE VY Tutieaun

[ d‘ %5 IOJ 1 dl' A a ¢ d‘ a a v !
aansnensnlalunisveass uwndsauisaluduniosiotinszmiionmdnsnavestadoni

ay o ¢ ' YN o A Y A a a =1 a a
9 wazUjdunusszmnstadenanaansiaulalnosnslivssd@nsnin Ml nsidenimalianis

ONLUUTLLNZEL

2.3.1  N1599NWUUNITNAADIUULNNTBIS8aLAY
N1509NLUUNISNAanddunszuILnIsR sz uULaziduLuuLKuluN15979
WUN1SNAaRLNalna LTIz NAaNS AaeeTUsEANS N nilaludSn1sesnuwuunig

naaednlasuaufisuiariaiuAIoUAGUNINTIEN AD N1TRBNLUUNITNAGBILUULINTE

aaa

Seawfiy (Full Factorial Design) FaiduisNanunsadnwinansynuvoatadenarsvadene
Haanslansauiu SIudsEnsadns s nUfdunusszrinsdadeimantulaesvaziden N3
al [ a ! d' > Y ' Y ' A
sonuuukUULINnaealiuaziiatsanaauiiiulylnvessyivrewnaz Jads nande
a o U ' v a U ' U o
mndTwau k Jade (Factors) lnawnazdadedl n 56 (Levels) i 31UUYAN1TVARABY
enunandu nk vayadlnainnismaassazaseunguiiunvestadenna Faaglunis

AATEMTIERAUTORENkEzLAzI laRanTEnUYatknazTaTuwasU fAuNussEmeTade

lapgrsdniau n1soankuummeasssuuwiavadsataudunidslumadaiugiuvesnis

v

ARABUUNITNAADY TIbUIUNITANYINATDIUIIUNANUAINLNANDNTEUIUNITUS BNANH 2N

¥
=2

Tnan1snaaesaziarsaynaiiululavesszdunig 9 audadendnes 33U3@m1sa

P579a@ULANY Nansenunan (Main Effects) ¥9unazUade way Nansenusiu (Interaction

a

Fffects) 521119023 8ln0819A5UNULASTALAUNENNSVRINNNBIS aLdy 3 ndunDalinns
Jamsneaesluaseunguynnisdnses Iidululavesszaivvestadenfne wu lunsdid 3
998 (P=3) hazmazUadeil 3 5¥aU (L=3) N1598NLUUILADIUTLNBUMIYNISNAABIVINUA

3 =~ ¥ Y& = =
37 zUNITNAABIN A BDIAT NV UUT 27 N1TNA[DY "?JQﬂﬂ‘g@ﬂ?i%ﬂa@\‘]’ﬂ%LﬂUﬂ’]iVl@aENVl
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ATBUARUNITINAIMNHULVRIENTRTEU TNz o 198 sd T uNIaNnBINITAIUKLLEN

[

TuN153ATIEMUTDNNTAT I UUIIADINNEDAVDITEUUNTUDU ValalSsuNd1AueInis

o

PONKUUKUULHNATDISEAANAD ANNAINTLUNITATIITULALIATIEN HANTENUTINTENIN
Uadelnoensanysa FadulszlevuessBlussuuilududaaunialingfnssuuusiuny

Y9853 U Janneasnwlialvy viienssulunsuaniinenisadasidealunisniuay

v
a v v a

PISITLMDTNANUAINTOUNU DNNITIANUITOILATIENLUIIUNVDINAR NS N URBULUAINY
YN ) ¥ ° YV o A oA = g Y =
seaune 9 vesdadulanuuaseuaqu Mk ITuaiunsadena1 iz aunsegailvnas
galasyaiindngiusessuosdnau wniunvessaiuazaodlyiuILYANITIAaeesIN
d' o (9] & [ QI d‘f 'd a [ ¥ o [ ! [ é =
Wednuudaderiessaudiindu wafaunsausmdanslemnduiudadveyluseaudinga
Urunan InganzlunsdlfinwineTanmansuselaiiianusnnIuaNan NI snaaadlnesng
A WaTinNSNeINSIUNITNAADIDENNEINDLASTYUADUVDINITDBNLUUNISNAABDILUULNNNGD
a I~3
SRR
1) MvuaIngUszaenLagNanaUaUBINInDINSAN
TASANAUANANDUAUDY N1MBIN1TIA LU NAIDATDIR LBINALLDT 91NUU
My dnguszainlun1snnass wu ienIsRysenauauNaNilvaMaSnasan
2) szyUadY (Factors) kagseau (Levels)
A v a a J P ! o ° Y Y
1EENUAFYBATLNAININVTLNANBHNATNS LALNIAUA AU NDINTT
¢ o & o P ¥ ¥ ! ) - o . a aa ! =
Anw 99l FkUs A AD AMUINYUVBIANG AUS B AB dnsialulufeuddinanelaneils
asantan (SS/SH) ag fauUs C Ao §nT1aIUVDILTIRnDUN (S/L) LAZAIMUASLAUTDILAAY
Jadedu 3 szau wu @ (1), nana (2), uazgs (3)
3)  ATNULAUNITNAADILUULNNNDISyaLAL
1IN153AYANITNABDLNATOUARUNITINLT B4TDI58A UV NTITE
Ve Ly e 3 Jade x 3 5eau avle 27 gan1snnaes dwnenauaslasunismaasu
4) ﬁi’%ﬁumﬁmaaaLLasLﬁwaaﬂa
WS HUAIDYNIANULNUNITNARDIN NINUA LAZVIINITIANAANTNHBINT
WU ANANSIDANRINISUN 7 TU 91NF0819 4 NDU LAIANUIINIALAAY
5) ATENVRYA
Uveyanlauniinsenaleiaesilon NadRNeMHANTENUNANYDILARY
U398 UATHANTENUTIN NMSYIWHUNNRANTENY PY3DNITAT1ILUUTIABIANUNITONDNDE

(Regression Model) teyinugAiluauAm
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Tunsfinuil mssenuuuiuuwnvesafiugninanluiieAnunavinaes
Tase 3 &1 T AULLTUVDIAS (Molarity) §ns1auvasaisazaelaiiouddinnmne
Toieulansonlen (S5/5H) wazdnmaruvesdmei (/L) noanandtinanavesilelna
wos Tnednszduveaumardadeidu 3 sedu uazdifiunismaaesmugAnITNARes 27 90
g MALT 0TS AN SN NUAENANSENUTINEENATUAIL MTIATIEVRINATIDE
ilugnsanssauiivangauiian wozanunsoeiunenginssuvesianludeszuulaesng

\Jugusssuuaziotioln

232 n1seBNUUUALUZANNANS

MMseBnLUUAINUsTANNaIS (Central Composite Design: CCD ) 1Jumada
nsedAfiiaLlng Box uay Wilson Seiinguszasaiiioifiuussansnmusenszuiunms lng
I%ﬂ’]i’e]’e)ﬂLL‘UUﬂ’]iwﬂaaﬂﬁaﬂu’ﬁﬂﬁgﬁﬂLL‘U’Uﬁ?ﬂﬁ@ﬂ%’]ﬂﬂﬁﬁ@ﬂ?ﬁ@l%%@ﬂﬂﬁﬁ%EJ’] v3esvuula
8 uNLET NMsPeNUUY drutszaunan mnilulssaudunisiiessaiuianeuaues
(Response Surface Methodology: RSM) 1l 84519911 laid a8 nui safumanuduius
sgeuUIny Fudulsny aulszaunans decduniduiinseenuuuiifinnudavgu
wazdlUseansnmga TnsannsnUssiiuidndnadaau dniwadeiudslnduaunss uay
Ufdastus vesfudsvanedlansonriu AAUYDS AUUTEANNAN AeaunTnUTEUIAN
arilastassruslaumLsuaslssuIunIvaauesMINIBNLUULULLINYDI3BaLfy
ndnn1ses aulszaunans Aen1ssiugnteya 3 Ussnnbilunisneass laun

1) 9y (Factorial Points) Lﬁuf\]ﬁﬁl@?ﬁ]’]ﬂﬂ’ﬁ@@ﬂLLU‘ULLWﬂ“VlE]L‘%EJaLam
(Full Factorial Design) GTfﬂLLm'az‘Ja]f(’]’ﬂﬂaaﬂﬁﬂwumﬁﬁisﬁuﬁﬁamLLazqqqmﬁuami’Nﬁ?mm

Y 4

2) 3AAUENATN (Center Points) ¥83uauLYANIINAABY L¥iiaUszId

I =

ArwfnUnAvisauluiduidaau (Curvature) 18935UU JAME A IDYTIIAR INA19TBS
wsfimesionn wavinlelunmsinamesnmadisuuladudadeiifnw nufnimeasy
ATanafioTauaya

3) A (Axial w3e Star Points) iegilouazsininszaureadiuys
Jdielnaseunquituianevauaslufifinis q nglaainrumenguenataioni “dan
(Q)” Faudonduniaedt (Fixed), LuuwaLwuLnes (Face-Centered) %3 ouuulsiaufiv
(Rotatable) 1 e¥nw1Auiafissvosluina Wugeiiasuaingaguenanslufianied
anzwas oA nadnuasvesiuianeuaussiivenseanluanguanans Tay

yanglnauisadnwanudululalunsasuudaswesdadeniinansenuuniigale



17

nsly arudsraunans Tusrwidedvefiaunansysenns aunsatssidunadaay Behds
a09 wazUiduiusvesiudslansousu Tasunmmeassiiuesnnnislaunnveiseaisty
WUy Quadratic ianzAuszuuiiduseunaylududaan uazdaudangugslunisiden
YoULAFLUIHaTAMINAFeY mulszaunan Judumadenivanzanlunisfnuszuy
fiflaudurou 1wy nsrviuniswantanneasns niseenuuuianluy usen1swau

29AUILNDUYDIFIUNAUNY i

'
aad v

nseenuuvaILUszaNnans lumadianiseenuuunsvaaedaRAmL
Tne Box way Wilson 4 ¢lafuarnudouassunsvarglunssuiuniai uuszadns am
TnslawizlunsdifineanisUszanmuanfiufisneuaues veaduUsdassuinnmiaia aau
Usgaunang ﬁagmLhu‘ﬁ'mmma;ﬁqLLUUﬁﬁaaaL%aﬁwé’ﬂaaﬂ (Quadratic model) lage1ausiugn
Tnglududunasinnismaaeddunninadeidsaesvesiulsiomn dersandiuaunis
naassaspgeiitddy nisluniseanuuuaulsyaunans vaglunisinwmansgnues
Jadumns 9 0819ax188alAsN5TINE AL, IAAUENANS LarRRTLIIAAe Y inATadlTs
LW@J’]SmﬂUﬂ’]iaaﬂLLUUﬂ’]iVIWa@QﬁGQ]J@ﬂﬂ’]iﬂ’J’mLL&JIqu’]QQLLﬁSﬂ’]@J’]iﬂIﬁ%@iﬂaﬁﬂi@Uﬂq&ﬂu
NI ENERA nseenuuuaLUTEaLNa1s avUsEnaume: 9933 (Gray Points) qafl
uanafenvesiadufiveuiun 9amugnans (Red Points) ﬁgmﬁ'éﬁgqa&ﬁﬁgmﬁmmwaqmiﬁﬂm
3AA17 (Blue Points) ﬁmﬁéﬁgqagﬁwaaﬂiﬂmﬂquéﬂmq Jdledsrantsmevauesfinanetu ¢
wus A, AuUs B, and Aauus C Ui unuYeadadunmnassmusEa URLA B YR ANETLY

:’l ! & o . o U ‘ﬂl
ATIPNATNTDATLLNRUIRNICANNIUNININGDU E‘UVI 2.4
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c7 @ €12 ‘ C3
—~x i
c8 ; C4
C13\gC15 ! *
C10 1 C9
cs T T e X
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Cé W

JUT 2.4 M30RNKUVAINUSEANNANS

E‘U'ﬁ' 2.4 uandlATIAT1IVBINTITIBNRLY dauUszaunans dsunsaifnelueise
i Fauszneumesnuusasysuuauia laun sauds A B uag C Imm@azﬁmﬂsgﬂﬁmum
Iitausedu fo sedus (1), sedunan (2) warsedugs (3) Gegnuanidunnuiassiluids
addlaudu -1, 0 WA +1 MUAIAU idielnanunsnasanuuasadeindaedle arulszay
nae SanesUsznounae ALY Lﬂuﬂﬁ%’quhﬁsﬁw‘fﬂLLazqwaaﬁaLmﬁ‘mgwm Wiafnw
nanszvudaauLasUduTuTTEM RN Imqmuéﬂﬁmqﬁ’m}mammqﬂmmﬁamﬁa
Tun1s@nuid s 8 99 Ao C1 019 C8 fg@qusjﬂmq LﬁuﬁwLmﬁaﬁﬁ'mﬂﬁumsa@u
svsfunans lednsudssdiumnnatiosvesssuuuazaaukUsusau (pure error) Fegudu
AMSUNINAFRUANEIAVBILUUTIABUYIN 1A HB Iuﬂia‘ﬁﬁmmﬁﬁﬁm@uéﬂma 130
laun C15 A7 Tyiilevenereuamsiaszneenivlunuiveunazinls Tnofmuaen
MINAUENANNTEEY 0 T90198A1NNN07 1 iftelvmseonuuuiiquantAlslaudiy
(rotatable) waraiu1saUszaainIaLlAswe s uianeuauesla kI ug S T u an13ly
mideiilown co fe Cla

mﬂﬂ'}i%’@’mwmmaaaﬁaamﬂizLm/| ¥irln druUszaunans @ansadAsIerng
SvSnaaied svinasau uazdnsnaluidudaay lnesrsasualuwneilysiuaunis
NPT IVINZEL AN3I9T 2.3 UARITI8ATLEBATeIN1TRNLUY daulTraunats MY iy
AT TnefnnsuuumsefuTesunaziLUsann 1,2,3 lﬂé’qéﬂmmgm 1,0 way +1 1ie

Y =% awu a a ¢ o ' a aad -
awaumwmLmﬂmmmamﬁummmef\;mﬁlugﬂmaL'iﬁummm’mmwLLamﬂiugﬂw 2.4
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= yad !
A15197 2.3 eanuuunsnaasdlaglyisnisesnuuuaInUsSTaNNans

UseLnnye fumis | GauUs A | daudsB | gawdsc | A
‘ (A, B, Q)
QI C1 1 1 1 (-1, -1, -1)
C2 3 1 1 (+1, -1, -1)
3 3 3 1 (+1, +1, -1)
ca 1 3 1 (-1, +1, -1)
G5 1 1 3 (-1, -1, +1)
C6 3 1 3 (+1, -1, +1)
c7 3 3 3 (+1, +1, +1)
C8 1 3 3 (-1, +1, +1)
plalghl M1 2 2 1 (0,0, -Q)
M2 2 2 3 (0, 0, +Q)
M3 2 1 2 (0, -Q, 0)
M4 3 2 2 (+Q, 0, 0)
M5 2 3 2 (0, +Q, 0)
M6 1 2 2 (-a, 0, 0)
@@@u&jﬂmq G1 2 2 2 (0,0, 0)

Tngmszaunan (sedu 2) gnltuduanfidaguenand (0) Favlegwiglnnisussan

Ao o

naardeensvesinulsinnuuaudmnndy @ulszaunans dlvolaieuiiddalun
AU YD DS AR Teadn LazAuaansolunsAnwnalasesTan TR AU
Tnglusdunoafi usIurnnsvaae08 13 wIFIa uonannd arudszaunans Saaeln
mmsaiﬁgt,l,um?wamlaiLﬁuL%aLguiuﬂﬂiﬁwu'}amﬂ'ﬁmauauawmizw%ﬁuﬁwéwﬁq61 VB9
Fuls Femunzauensddmiumsiinseuariunnsannensiaulmanyussansam
GRGI mammﬁwq'uuawizﬁwﬁmwmaamiaaﬂLLUU arulszaunans vinlvmaiiad
zauee198 @S un1sAnenlusud e wasn1siuUsEANS AMNUBINTEUIUNISHER
TnsamglunsdiinosnismuauiasUiuunamnaiimesnaedimseutussnadussuuuay

L UEN



20

233 N1599NHUUNTTNARBILUUNINT
789113 (Taguchi Design) tduinalan1sad @7 Wawlaeg i3 n1nd
(Swanepoel and Strydom,2009) @434tuun15USUUTIAUANHEASIUNNIUNITOBNLUUNNT
Aa a a addyd ¥ L% a a
naaeniusyaniamgs Ingdsdiimunelunisananuusiulunssuiunisndaiagiitg
ANAINLENDVDINAGNS NENN15VBITNINTTUITNseenuuUnTUszansam@slylunis
USuussnunnvenansium lnedaann1sannnnuwlsiulunseuIunIsean Kun1seenkuy
n19neasddlanudussuunasdusz@nsaim 351 LUUNIINIIVFEOUNANITTNUV
W11ALABINN AOANRADLATAULUTUTIUYIAUE N BT UTEANTAINYBINTEUIUNT
lngianizeg198en1sly 81515831210 (Orthogonal Arrays) lun1sdnseileunsnfinasuas
v A ¥ = ! ¥ ¥ A o N ' Y ! '
sgiufees Feelnannsasiusiveyandduiioiansanndadulanamananunm
vandndnuInngalaglyliamaasuseiian JaUsendaiaiuazningIns e1siseazgn
HENAUTIWIUNIT MR IANILUTUAZIWINTEAY

aa a

a ¥ aa [ - = Y] Y]
N0 ll‘?JE]@I‘VlIﬂ@IL@IUIU‘Via']EJW’]UGUQaUUaHUﬂqiﬂiUﬂiﬂﬂmﬂqwm@Q

q

4
a v d a a

wAnfunoy1aduszansam 3‘%1/11qﬁiﬁmmﬁ’]ﬁ’nﬁvmiﬁﬂﬁﬂ'mizﬁwﬁmwmﬁwaa
wanfaumlnadsstuandmaned faualy unuiesdfieuaneeuriilnawadnseyly
vouAveruuafiivualiane 3%5681aiﬂxgijﬂﬂiﬂ%wqa@mmwmamﬁm%ﬁmmwuﬁmm
u uazvrelnndnfunigunmitdonaaesiuamIuAeIN S uNTIIN1I88NUUUNITNARES
puisnnddussuuiinnlasisuaranunsausegnalyla fuaniunisainisimnssud
panavans vinlmduedosdefiansmduazioune annsolelunmstmuaveuiunmes
Tnssnsidtlanenesanda videlelunisssydamlunssuiunsdnanueyadioguar 5
q%ﬂhaiﬂ;mama%miwﬁquqﬁma%&hm nognefivszavBnmlaglududuneshmamanes
Fruuann vilvanansnszynisfiwesidnansenundnaeamunmaanSumnlnosedaay
waransnsiiun masefiufuiisatumainesivarila n1sly endissamainluns
QONLUUNITNARDY BILNANABITUMITBIA AL LS TER IR LU 51 0B NS NasIW ¥irlu
nadnsIINNITnaeslaNdRuLaglignisuuunanssuvestadudug 35mindidu
iﬁﬂﬁiﬁﬁﬂizﬁw%ﬂ’lvﬂummaﬂqumi‘wmaw?fqﬁzhﬂium’iﬂ%’wqaﬂmmwmamﬁmﬁ@?@éw
wiugn NSy aLuiinUsEAnsamaie nailulsfiazaan uagauaninsalunng
AinsennsimesesadivseAnsam ilviduied esded fauardmiunisuiuuge
nsEUIUNSHARLAY N TITERE el sEANE A M Ims;lﬂz'?umauﬂflﬂsz?%%mq%luﬂﬂﬁaaﬂLLUUﬂWi
n9asd (Olivia and Nikraz,2012)
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1 ﬁmumfmqﬂsxmﬁsuaqﬂizmumiLLazhﬁﬂizﬁw%mwﬁg’mms
Tneseyingusvasavdnvasnszuiunsuasivuaa sz ansamidimaned
poan5in Fensduiugiudmiunsnueunmnaes
2) szymMiweimIseniuLiifinanenssuIunis
n1s0RNKUUATnEwananszuIuNTHan Femnndmesivandidufiuys
melunszuaunsfiansnamanensiaussansnwla
3) PONLUUENELILLLRINTiBNTVARDS
asnensissyuan dudueiosdioflalumsinsndounnivesuasseiud
pomadeulunsnanes lnensidone1sisgyuainigaesiansananiiuumsfinesuay
sriuresnaAsunlasdmiuunasnnefines
4) fudumveasueniseiioanuuy
‘v‘hﬂq5‘1/1maENmuﬁﬁmuﬂium%mjwmﬂﬁLa%ﬂamyﬁajt,ﬁaiwmwﬁayjaﬁ
Lﬁ'm%aqﬁ’umamwwquﬁima%eﬁq6‘] aeninUsEAnsam
5) '3meﬁ%ayjaLLamJizLﬁumaﬂswmmwwﬁmaé
INNITNARBILT oUsELT UNANTENUYDIUA AEN1T1T 10T A DN1TTR
Uszdnsnm deazvrslvaiunsaminuaninisiines i manzand galunisuiuus
nszvaunsla
nsUfdRnud uneumaniosa Besnazdussfovassaglvnsoonuuunis
neaesmeTsnindiduluosnsdiuszAninin wavsslunisusulnmnineeanszuInns
wAnlaesnanssgn Wumadefiyunumsinsudeunmaaefiefnyinansenuresiauls
A4 Tneiishuusdaszunasfasiineduidissanneiu Swaslvnsimseinadwoiduld

28190UsEANE N LAz TRLaU (Simsek et al ,2016)
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2.3.4  N1398NLUUNITNARBIITNINT lUNTAIFNWN

v a

TuN1999ALUUNISNABDINNAITUIRLUTANNAL (P=3) Faunazmidseaud

WANANAUAINTEA (L=3) @115l 0MUIN VD905 83 NRINDIANTSAUNTVIAalABETq

a a a = a (% dy
Usransnnlaeiisnuazdunveinsnnasy fall

1)

2)

3)

4)

5)

NINTUIAUST a3, b, kAT C LALLAALFINAIUTEAUNITNARBY (S2AU 1 2
Lay 3)
Tuuparseaurorawls a (5EavU 1, 2, kay 3) AaUs b way c 3vm o9
lasunisneaeunnnssau (1 2 uag 3) ke

¢ ¢ o % ad ¥ o ¥ ' Ly LY
p1ssseyuaInylylunsaiiaznednnisiunasseaureiuds a, b, uag
c lnsun1sveaeuse1ansuniu laun1sdanisensiseyuainazyintugn
SYAUVBIFILUST a lmé’mﬁmaammﬁ’unﬂisﬁwaaﬁaLL‘LJs b way ¢
ANUS UM AL TEAVUVDIRLUS a AawUS b hay ¢ a]zlﬂ%’umimaaﬂum
32OV (L Y9%UA) YaIfmUTTiue

& ¥ P~ ~ Y Yo &

msaaﬂquu%mammimaaumunﬂﬂmmaasmwLﬂuiﬂlmmuu
Puunsveassisntanddudmiunislvesiseyuaniaziuinla
INNITFIUINUIUTEAUNIAUAVD IS (L=3) Nnewmnaaululnaznsal

FIUIUNTNAADINADINITAB 3 (L=3 5¥0U) x3 (P=3 ALkUs) =9

‘¢ ¢ d‘ % ddydl dl e IS a A o
E]’]‘JLiEJiJ}IQ']ﬂ‘VII‘?JIUﬂiOJU“NE]EJﬂLL“U“UQJ']LW@iﬁﬂ?iﬂﬂﬁ@QﬂJ‘UigﬁﬂﬁﬂWWLL@%@@’%’]‘U?U

2 2

nsneaaesinasiinislunisesnuuuensiseytaIntunstituelnaunsanaaaunn IR uYes

frudslasenensuniu Ingluneswinismaasswauwasans1uIuN1sInaaInadulaoeel

Useansnw (Ozbay E et al.,2009)
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M50 2.4 I3MININT

Taguchi, P =3, L=3
Test

Mix a b c
1 X1 1 1 1
2 X2 1 2 2
3 X3 1 3 3
a4 Xa 2 1 2
5 X5 2 2 3
6 X6 2 3 1
7 X7 3 1 3
8 X8 3 2 1
9 X9 3 3 2

L4 I ¥
=]

PNAITNN 2.4 Q%LﬁUﬂﬂ?ﬁ%ﬂ’J’Nﬁﬂﬂﬂi%ﬂa@\‘iLL‘U‘UE’]’]iLiEJl‘I}IQ’]ﬂu yaglnans
ﬂﬁ@Uﬂ@Nﬂ’]ﬁW@ﬁ@Unﬂi%ﬁUﬂJ@ﬂﬁ’lLL‘Ui a, b ey ¢ lAATUAIU 28INN1TOBALUUNITNAGDY

AIELTININTLUNTANTILIUNTNAGRILUNITRATIE AT NS

24 MSIRYUTVDILATOY

wATAN1538UIV09AT89 (Machine Learning, ML) wandlviiudisdnaninesauin
Tun1snensungAnIsUNNNavessEULianinudugeu udeianilelndwes loy 113
Souvenases lanateduasesdliediAgluniuianimansdimsunisasiswuudiasd
ANUFUNUETITULOUITE I 3N D309NTEUIUNSHARURENURTasTanTile danesdy
NN3iS8UITeATRIANITITURL A TUsHUU WA wasUfduiusdurausEneiLs
o ¥ &4 o o vl a a ¥ N = ¥ a
U1 Fednnulussuuianlnosnafivsed@nsan mslunatia nMsiseusveunios Tunis

¢ va o Y o a =~ = U ac S a &4 o ¥ ¥
wensuaudRdnadveavateUsensdlewSouiisuiuisnaasawuunuiy Fadnnesly
NNYINTTIWIULIN 387 Tanuazussu luvaeiin1siTeusveans o @a1u15arn
wuudnaesnyaveyaning wazillwiwenadnsnelaeuleivainvas anaiy
Judulunisveassdmaienss n1sseugvenniesiglnausadoniuuitasdnay
wuuglunisnensagala WesnddanesBunnsmawannvatglmienly lngamziiledn

meyaveyanilasiasfiarasoungy Werhluluauuwad wuudiass n1seusreLaTes 1
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wideiieanunsanensaausiauzvesansuanlvulnessniniwazauatisannuindy
Tunsnaaeulunesd§UAnTs wavlsanszuiumsidouasinmd N13SeuFr0uA30adIseY
YA TUNTImIgaNa a1 189anNinenis vilunisesnwuugasi
UszAniamanntuuiazdmiuveya 11n8elu wanani n1siseusveaaiesdilunanis
LR P g Y ! & = !
wensundauansatunsUssnalyeswaly waslnnumumuneauudsusiulunis

10809 (lyas. et al.,, 2022)

24.1 miaﬂaam%m,gu (Linear Regression Model)
M5ILATIEANIsN0eLEaEY (Linear Regression) wunilslumaflanisads
Augud devlelunisasnanuudianinnnuduius seni1aiaulsdase (independent
Variable) Lagf1uUsmn1u (Dependent Variable)Iﬂ&lLQW’]%E]EJINETQLﬁlaﬁly@ﬂﬂ’]iﬁﬂ‘ﬂ’]
ansduiusnaussnsaeauys delvlunisiuevieussidiuunluy ndnnsfiugu
YBINSANDBYLTNAY AD N13EIIAUATITIEENI tauanaey (Regression Line) Feilaunns

agluaunisin 2.3

y=mx-+c (2.3)
Toeil y AD ANFLUIAUNNDINITTITUIY
A A U a
X AB ANAILUIDETE
a 1y = = Y a
m AB ANNTUVDILAUATY (Slope) BIuanIaenINISIURgULUADY
c A AIALTGALNY v (Intercept
Y3
" ®
Y=mX+C
mX,+C
Y1
Xl XZ X3

SUTN 2.5 MTLATIENIsanneeLauay
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N531AS1ENSR0euL T a Y (Linear Regression) JumeiiafilelunisAiua
szazﬁwﬁwiwqm%a;ﬁaﬁ’uLgumqﬁﬁmmmﬂ%aga Tnemneonsmaumsidaauii
izmﬁwﬁw%amm%@yjammgumaﬁaaﬁqm WENMTTRIMTIATIEINIsanaesduRe
AsdsNELNTTaNnsanIan1sain Y laainafaulsdass X sgnsuuugn lunismaives

a

¥ A a oA = ¥ a ° ¥ d' & a' {
lunsINdaunis 2.1 afinaianiouainveyadss nevilnaiaaiawieuiiuesiian sU
2.5 kanenTIMYeIN130NnuTLaULAEIAVBLAALINAD (X1,y1),(Xo,y2),(Xsys) WaTIEUATIE
WIHIUNTIMABLAUAANDETINIANIUUTIUNANVBIIAVBYA LaglauFaulanidaszyzaIy
a . ' a o ' oA ¥ ¥ o ¥
AR1ALAR 81 (Residual) 5¥113199A359UAIN Useanaulaanaunis taunseazgnusuln
' o Y At a' d' A S ' o A ° o i

JEYLNNIIUVIYANINANLEaLLTAueeTgn Welvlanussananuuudnaadmsulylu
nsviugalusuian nsiAssrnIsanaeadaaudstoiiuniowiodAglunuidods
AmnssuLazInemans losanizluauinoinsdnwinnuduiusidadsausenanedady

AN 9 LAZATATNULUUTIADUNONYINTUATNAANTUDITZUU

2.4.2 msnmnaaqunnmaéaﬁuagu
fﬂimﬁm@ﬂLLUUL’JﬂLG]EJ{ﬂﬁ’UﬁHu (Support Vector Regression: SVR) 10
Lmﬁwﬁﬂumsqammé’ana%%m Support Vector Machine (SVM) ﬁl@iy%’umiﬂ%’uﬂquﬁa
thanlefudymnisnensuainedios Tny SVR dneglutssianvesnisifousuuuiiydeu
(Supervised Learning) Fawmnelunstendunisussanamiiannsayhusamadns
Tnegnauiud ImﬂhﬁﬁﬁﬁmamiﬁmwmmmLﬂ?{aumﬂhw%aﬁaaﬁqmmﬂumawﬂmﬁaam%’u
1o Fa3on epsilon-insensitive zone (€) WNUNANYBI SVR Aansasalandy W dunss

PILEUlAd NEUITONYINTUANAINSIASNAIUABINLAADUINNANDTILULAUAIAIURANANS

Puausula (€) aunisvasieantuntulunisweinsadlu SVR Jeulanadd

fx) =wlx+b (2.9)

gl f(x)  wuNegDe A SVR nennsal

w A9 AWV (weight vector)
X Ao LINMBIVBIYeYALYT (input feature vector)

b Ao AAafl (bias)
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SVR ng1811n1AImM13inesresiendy fix) lnaiunsauszunnniasveseyala

¥

aguuiug lngafineginsaaznesegniglunaainunainafey (E-tube) 59UA93S M1N9A

¥ ' dsj a ' > a yQJ ! U
vayalasguanvouwnll szuudziiatsunduveidanain waglydaulsnoudy (Slack

Variables) tiaaununi1seausuaueauuiing lngiin1susuaunanignsiivnesnis

aslny (Regularization) UsdnSninves SVR Jusgiunisiienaiveslaasnisiinesi

[

dney lawn

1)

2)

C (Regularization Parameter): ﬂlwﬁ'ﬂ’wﬂmmmauQaismﬁqmm
FUTEUIBILUUT B USERUNNTURLSUAILARIALAA DY ﬂ'ngwm C g
am%aﬁmwmmiﬁﬁwqmw{Lﬁﬂw{amuﬁm msﬁauimwmmmqﬁu{faga
Andisnniuly vasiinisues C Iﬁﬂawuﬁmwﬂuﬁumeﬁammﬂﬁu

€ (Epsilon-insensitive zone): AIVUATEULLATDIATAITINAATIALAR DUT

anunsogensulalaglufionduanuianain vnan € a1 wuudaeae

ﬁmmﬁwqumn%u WANINAT € A1 LWUUT18899ENEI8IUAINNITU L

a =

Tnar93aniign Bsenathlg msdeusiemeianzastuveyaiiniunn
Aully naeyaiidssuniu
Kemel Function Wanduinasiualaluniaidsureyaniiuiinuaty
(input space) "Lﬂs‘]’aﬁyuﬁ'ﬁﬁqq i elnanusaasaduns sraule o
wanzautUTeyailerau fee19uas Kemel Function Aiten laun
3.1 Linear Kernel iangdmiuvayaiiiinnuduiusidaay
3.2 Polynomial Kernel wingdwisumoyafidaruduiusemmmu
33 Radial Basis Function (RBF) ivsngfuvesadifinrudugouuay

Tadudaau

wWuIARA1AYVOY SVR Aan13asalandu fix) iAuLseu (Low complexity) 3110

= ‘oA > o A ' °o W ' * !
Pamnifivzdulule luraesiiaimnuaaiamdeussning fix) dmsuunazveyaindousy

meluveuian € lngludndunasiluameinsunsiivveyadnasuynyn Javieanainy

\deaves Msieugiansinzaiuveyalniinniiuly wasiiuauasnsalunsnensu

fureyala lneguil 2.6 wanadunsdornumneidmnufjveanszuiunisannesuuy SVR

a % o ! ! A . ‘:gl’ ¥ ¥ & = ‘o o
Wislglunisviuneaneliles (Regression) Tnaninuseneutiuulmauisfandunisvinung
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|
— Prediction @Training data X

E‘Uﬁ 2.6 ﬂﬁ%‘U’J‘Uﬂ’ﬁﬂﬂﬂﬂﬁJLL‘UUL’JﬂLmaiﬁﬁanu

Fauaninieiaunsaduiuinianiunalveya ieduiindunisanaeendnves

lunaluuINaToU 9 l@URTIRINaT 3IaUUISEaUEDIEUTIVUIUNULEUONNDEVEN LARAS

¥
= a

& aa ' . L. a a ' \ d' . . L.
faunfisen E-insensitive tube wsa UsululmeAuAaIALAZoY (Epsilon-insensitive

& A oA ° o = * ‘A ! ¥ a
zone) ‘WumuLﬁuﬂnwqumaawwamummmmaaulmimlmamLﬂjwuawmwmﬂumi

e nanfe mnAvituigesluuTaedetuuanAIassluiiual € (Epsilon) azfionn
Junsihwenveusula nelurnlivuudiaesaslugnadnuainanuaainnisuding
o ¥ a ' > O a¥ A ¥ o ¥
gadmlunmunuveyassdluyaidn auguwnfdauianaingaveyaluduauanaes 1du
FUNUYR ANAUARIAARBY T¥1MINAVIIUEAUATIRTE FATaLATIRENIEUBN E-insensitive
zone azgniuiiurafianainuazuuudaesazgnalneniy wis1lnes C (Regularization
Parameter) G a1 0usaAIUANTZAUAINIINNIALUNISAAAMURANATIR WINAIUAAT C g
lunavgweteuanvernnaInlvunign deevilladym msiSeugiansianzasiuveys
Anfunniiuly vaegian C 61 agviluiuudiassganguuinlu uanaanil SVR deaunse
= ¥ - r-ﬂ‘ -'-N‘ ¥ dy ‘N‘Q a % d’l’l dIQQ r-:’ ! ¥
donly Kermel Function tileidsureyaaniiuiidunmdulnnaiedununifgs Javaeln
anunseasiinduonaseifidnvazlududaaulalunsduoyaiinnuduseu svwiulatna
SVR fiiumnglunisasnsuudtassndanudugeuuesiian lnsseulnavinuieianiig
a 4 Voo a ¥ o ¥ a a
AaaAGiaungluvaulen € WaUasiuns nsiSeusianizinnzasiureyaidniuiniuly
a U (% ¥ (% ¥ Aaa ¥ ! IS a a
warluvauzieniuanunsalsuaunaveslunalnsessuveyainiidssuniulaeesiiuse@ngam
Wesnnanunsadanisivveyailudaulnesdiussd@nsnn LazaunsamuauaNLaung

SEPINANUBLUEIVBINITNYINTUAUANUTUIDUYBILUUINF DI A D1 LN EL
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2.4.3 N1300N08A28DANBSSUIA suUILTIInaTida (K-Nearest Neighbors
Regression - KNN Regression)
Ns0n00ERI88aN0s UL ouu LT lna i qn (K-Nearest Neighbors

Regression: KNN Regression) iumaianisifsuguuuiiyaeu lunguuesdanessuitluly
dunsiaau (Non-parametric) ddlandnnisvesnnulnaiieduidasyerma devuiean
noiilas Tnsordeawasiogslugnvoyafln fleglnafugaveyaiinesnisweinsalundian
$1uau k 90 iitelrlunisfuamumaimeinsal uuiRnudnuas KNN Regression Ao Liledl
Yoyl sruvagynisaumanteyaluainaeufioglnafian k 9a aindutian
HadWsUes k gptuNAInARaY wiarnatswuunlsiiuin el duaiivhugndy

YayalvunszuuN13ves KNN Regression Usenaumedunauman fail (Nafees. et al.,2022)

1. msdend uiuienuu (k)
o Y = A yd‘ = ' ! o o
2. nuveiieuuIunlnanga k Inanenuuiug1veIuuUInadlagnse
a a ° = Yo = ¥ Y
N k daueeiiuly Luudieesealiuuiluniiag N1siseuIRNIZIaE iy
vayadniuniuly Avveyaidn Tuvaeinn k Zarunifuly agvinluen
wensugnusulnlnaanaisvesveyalaesiuuiniulyaugaydeniny
wuuglusgavidunYeIveyalaNIL YN
3. M3INTYEEU (Distance Metrics)
4. KNN Regression lyn15inszggniaseninsvayatiieniiiouuiuilnanan
lngszagmendeuly lawn
4.1 szegn1eluUgAdn (Euclidean Distance) msngfiuveyaninig
NILAYUUUANLINT
4.2 SzYgNIUUULNUERAY (Manhattan Distance) imsngiuvayad
IS ! a ¥
fipulududaaugs
4.3 szazn1auuuliupead (Minkowski Distance) tdunsddialui

annsauTuanlwesiniigauiuanvazveaya
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o ! o ¢ . N
2.4.4 N5 INaans (Prediction)
P =~ ~ i ~ ¥ A YooY o ' YR )
Watden k wouviuilnadigalawad 9211 NSNS URIRMUAIUI UL
AMaAE (Mean) ¥39AINANANUINENATLTZeEN1Y Walvidunineinsal aunisdmsunis

‘a o &
WEJ’]ﬂimNEULLU‘U@Qu

fx) = %Zi-‘:o yi (2.5)

e fix)  Ap Aviung

. = ' LY s d‘ ¥ o o d‘ . d‘ yd‘ o
Vi A ATNAANTUBILNBUUIUAINUN /Iusqmﬂﬂawqmmmu K g
mnfinslanisansdmdnsgegme 1w Inverse Distance Weighting (IDW) aunisagUsuidu

TE i
f(X) — kldl1 (2.6)

Zizla
log?l  di AesreenIvadiouuIaUN i 3NIAVeLaAlvY

KNN Regression flvefifslinaassusmaiivesta q uagausodnnisny
Wandunlududaaulalnense eealsiniu Uszdnsnimaes KNN envanaslelyiuveyaid

AT IUUNIN 1WeINUTINgNITNEENIT Curse of Dimensionality wanani N5y KNN

v
a =

noiITNfeNsIRanaveya tvaneas wu n13ky Z-score %38 Min-Max Scaling tielu

WABYAMAN YL IHANDNTINTEELNN90819aNAR

n i) u
x x x
< < <
> > >
) Target Point ° Y
[ ] [ ] o -
¢ 7 ® k=3 P BN
s ° ) ° oL e
1
[ ] ° @ (2 _-@® !
[ ] [ ] [ 2 [ ] @7 ! [ ]
° L2 ([ ] ° LS [ ] 'y ,bl LS [ ]
[ ] [ ]
° ° RN " )
[ ] i ([ ] ® \;’ i
[ ] [ ] [ ]
X Axis X Axis X Axis

q‘ Y v ac A Y da ¥4
E‘U‘Vl 2.7 ﬂ’]iﬂ@ﬂ@ﬂ@’)EJ@aﬂ@iﬁllLW@uU’WUWSLﬂﬁWEj@
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JUT 2.7 dwsunsnensainie KNN wanslmiiuiisgnueyadse (Rade) wae

AVOYAIY (IAFAWA) TIABINITVIIUIEANATNG TEUUILIINITAUNLNBUUILAINATIEA

U k 90 (U k = 3) FaanINLYRFLIRY INTUEIATNASNTUVBANDUUIUIIA 3 AN
' a A * ' ) Y = U oA g ¥ ¥

wanadeiiolyiduameinsudmivynduns arilaasidurfaznounuilunvesveya

lnesou Fadlaudangunazaiunsadudnwaeildudaaulas senslsinu wind noise

Tuveya Wisuuiwugaealialesuuin vilvamensuiaieula dsunisdenai k

Amunzan wagnsluwelansimindsdanudAyneussdvsnmassluwmg

245 MSEYUIWUUTINVATELULAS
mMaseuguuuTINmaeling (Ensemble Learning) Wumafiadidgyluanen

a ¥ d' d‘d ¥ di QI \ o a a s & ]
NSSEUFVRIATEY T MNeaALINE Az UsE AT A mTunTNeIN TS TMIN
V8Ya IAYIAYLLIAATUFIUIT MTTIUNAENTAINNLLAGVATEY 9 AALUIAEiUILAT0aN
YeRANaIAAiANLAaLAaYAY WaztlainauLdsnsdduiunsnensulafduile
Wisununaslulunala o9 (Single Model) Tunsguaun15v89 Ensemble Learning lataad
o [ = [y =) ' o e ¥ ' . . .
answiuenadulunalseinniferiurisuananeiunle 1wy Linear Regression, Decision
Tree, 30 Random Forest FsanunsanaunaIuiulnessianygy dusgiudaymuasdnune

19 = 1 ~ v o 19 ] & '
vaavayailylunisiseus 1y Ensemble VIMUNNTIUNANITANANTTUAINTAGYBY (Base

Learners) wianilivelvlanaawsgameuuuduaziinuudafiounindu natia Ensemble

Learning wuseaniduaunauvdniilasuaaien lawn (Khan. et al, 2022)

1) Bagging (Bootstrap Aggregating)
a d‘ i . ¥
Jumefiafigieanaiuwlsusiu (Variance) vesluga 1nan1sasnagn
VBUAYDLUUANIINYAVOUARNAD WA WAdHNLUARLDELAALFIUNYAYOYaURETU A1NTY
sunaanslaglyaade (@nsudyninisanass) visenislmaldsswiaunn dmsudyninis
UN
2) Boosting

P a ! |
Wumatiansieanand vadluma 1nen1sinlunagesuuaIfunaLilo

v '
U ]

Faunazlumaluuaznengiuunlvveianatnveslumansunu wagluaudiAyivveyai

Y

AIAN1SUAALUTOUNDUNUININTY Boosting HUseaniamgslunisdnnsiuveyaniaiy

Fugen waziiee1NIInAuA laun AdaBoost, Gradient Boosting, Way XGBoost
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3) Random Forest
WugUuuuRiAyued Bagging 711 Decision Tree tulunaiiugiu lne

wuauanlunisidendiwysluwnazinuavesnuly vilulunaunazauiannuuanniaiu
AINALVNITTINHATNSLAUMAINTAIBUINTU wazaINToanTeyn) N1TTEUIRNILLILI
fuveyatniunniuly lasy1aivsz@vzam

lag Ensemble Learning 1A% 048 on5and 1 viaU5uUJanadwsuaanis
a ¥ d' [ < ! v [ - ¥ A
IS8UFVRAATEN InwedgaudaasluwaruranefiluNauNauiy Weasalueaniay

! o a ‘9 ¥ a < a

wuudge wdes waranunsaUssgnalylavatnvanglulayvinisdygiuseAvguasinginis

UBUA
Y

2.4.6 Bagging Ensemble
n3zUIUN1TYesluAa Bagging (3UN 2.8) L3UAUAINAITATINYAVDY AL DY
(Bootstrap samples) 9143 B 4A Faupazyndziivunianiiuynveyanuaty unusenauniy
¥ A sv” o o ¥ ! ° Y = =
voyanaudenungila Mnuuazthveyaunasyn lUAnaeuLuUINaaueniy Tuuiansilead
n1saudonAudnyMe vsalulaazseu LeLiuANNaINay Yadliinaypenas ey
dielalunagosnanunula) TunBUAANIEABNIITINHAENEIINLUWaaITu iy Tyl

= ¥ = ° = ! d' =
ﬂ'ﬁiﬁ'ﬂmLﬁﬂﬂmqﬂuqﬂIUﬂﬁmcﬂ@\?ﬂqsﬂqLLUﬂﬂigLﬂ‘V\ NBIDATTNIALRAY IUﬂiﬂJsﬂaﬂﬂqiﬂ@ﬂaﬁJ

=4

IG]‘EJL%M%Wﬂﬁﬂ%@%aﬁi{uaﬁUﬁﬁﬁ’JLLiJS(;lJu (X1, X2, X3) wazawdsany (Y) enq%gﬂﬁﬂlﬂejm;m

ynveyavotamyn ntuiinaeuliina Decision Tree wnazALULYATOYATILANANSTY NoY

wrmmadnsnynauluUszinanaidudinougame nsruauntstitisanaudsnn

nsiinlunauureyalanng wasiiuauansalumsvieveyalylaftsdu Tuea

Bagging LiunagmsiiisuneunnsiUszansamm Ssmusaannts Matdougianislanzasiy
VN y

voyafniinniuly lneeslivedidey wazduduiiugiuddguewnadafidurounii wu

Random Forest IMaIUN9888n1NWIAALRYINY (Chou et al,2014)
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2.4.7 nalNNISEEUFHUUAIAULNDENTZAUANULNUEIVBLUUINEDY (Boosting)
Boosting t1uinafianisieuguuusiunatsluaa 7lasuainuideuesns
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aglvanud Ay iuiiegvveyaiiuuudnasinounutunensuia Fevielniuudiasdy
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A0 N19:80NTIUIUTBUTMLZEL NITATUANTUIAVBILIIATIUN LY I1RANENYEY
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WIAWRTEVENGEY NsSeuRnszaiuveyainfiuniuly (Yeh et al.2009)
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2.4.8 Random Forest (RF)

Random Forest (RF) Judaneisunsiseusvenaiesiieglunguuesnaila
N1sFeusRUUTINTaeluee lneimuinesenankuIAnved Bagging uarauludndula
(Decision Tree) FeilTngUseasnnantiiaiuAULUUg I UNITHEINTU LaganAIUEEIIN
Jayyn msiseugianiziatzasivveyadniiunniiull Adniiadululaes Decision Tree
dI ° 4 4 yQJ -~ ° ¥ ' v ¥
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8ane33u Random Forest #yaudavangdsensiamalnlasuanudeslunuideuasnis
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X1 X2 X3 Y

Yes Yes 19 Yes
Yes No 15 No
No Yes 28 No
No No 17 Yes
Yes Yes 22 No

S

nH wN e

ID X1 X2 Y ID X1 X3 Y ID X2 X3 Y
72 Yes No No 4 No 17 Yes 5 Yes 22 No
3 No Yes No 2 Yes 15 No 3 Yes 28 No
4 No No Yes ak Yes 19 Yes 1 Yes 19 Yes
O /Q\
¢ ® LN ® e
0\ N
o & - o
ID X1 X2 X3 Y
il Yes Yes 19 Yes
8 No Yes 28 No
4 No No 17 . Yes
¢ e g v o ‘e
@ & o @
ID X1 X2 Y I BX1 @ Y IDagXL | X2 Y
1 | YeSgPYes WS 1% Yes 19  Yes 1  Yes Yes Yes
3 No"glYes Yes 3 No 28 No 3 No Yes No
4 No No Yes 4 No 17 Yes 4 No No No

X1 X2 X3 s t
Yes Yes 19 Yes
No Yes 28 No

No No 17 Yes

S

bW

gﬂﬁ 2.10 9uUABUNI5YI1 Random Forest

Random Forest finumuniunea@nund uazveyadifiarians Inglunsdi
voyaunsensdienuluanysal auliuaazauly Random Forest 81938u3a1nH 08797
wanaeiu lnlunalnesudinEansalnnisnensaiiadosuasunela

Tuwna Random Forest @nunsaUsziiunnuddauesiauds lnlnedalusf® miunis
Tanavosunazaudnwuzaanisanauly LLﬁuawawyaagJa LU Gini impurity 138

Information gain Faduusslevulunisiasznaudnvusiamananisanaulavesluma
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wazteatuayunsi Yssdueuddgesiauds lunssuiunmsnaunisSeus laoensd
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nsfmLdonTiaunLayaeduuanaty awmaluumazauludndulafiinumnisuusteyanisiy
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2.5  AuaudAn1ena
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2.5.1 AIAULLYILIINDNITIULLIIDA
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finalnensamamLLULYRslATIAT LAY AT AN AU T UL

2) AMUNTUAQ (Porosity) TanAdsnsunndnawalaensanen1ny

9

£

udauss lngofisunguanniinrwanansolunissuussdamnm
3) 385Uy Fn1svamarannsusiinanon s i audy
PRI ﬁma@{aﬂmﬁmﬂﬁﬁ%mmﬁLLazmﬁﬂ’wuﬂmqa;ﬂmamﬂ
1) YuIALAZIUTNTBIRIBEN FraevsignuIAnilnAtdasngen
y39nszuen LilesanimgAnssunisnszaneusennaty
5) #SANLAY LO1aBE (Fly ash), nnsu (Slag), n3e@an 1wy (Silica fume)
foinamelasiasnaaauag s uLse
aauidanssmenssuusednluisaduiadinanuminsavesvanlunis
Sudminluswifaniiu wdaduiunuresnunmlnssuresiannoass viluuves
Tassasaniglu Anuuuy AIsmeL waesyiutesy fisenaifianysasiely n1sinsizan
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252 ANUNTUA?

ANANTUS (Porosity) munefsdnaiuvesuiinasgnsuiiioiseuiisuiy
Unnsriavesian Bulk Volume) Saduauiinisnmenmiiiidvinalasnsinoaussouzves
FlolnAiwetaounin veluniauudausimiena AUVUNIUA AN INWIAA DY LAY
Arwansalunsaetureaan Janfidaramsusgainduuiluniisdauudusei uay
fidnsnsiunnuvosasaiias Ssasmanaengnslsnuvedasiasddngnss msman
wsuFusngasnsasiunslalaseide nénvesensaiiia (Archimedes’ Principle) H1u
nstadniingiognsaeladeulufiuanansiu laun vagdu vasdon worrnsunsain
Tnenamavasintinazduiusiuuiimsgngudaiifognigludotan msfamanuwsuly
Snwardiduisiluviansdueu (Non-destructive) waganunsntalvlunisiisuiiioy
arunaumng 9 videideulunisudn wu Samauesanssinuluilelndes gumgfinisuy
vieansiiuunsiiauiiinanolassassgania luddassaaania Anunsudivesian
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1) swsuida (Open Pores) sWIUINSWeNARAUNINEUBNYDITAR WALl

audAglun1sAfauNvedl 91nA tazasiall

a

2) gw3uda (Closed Pores) susuiignasuseveg nigluiiiedanlnely

9 Y Y 9
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WounaiuRineuen Feluginanan1sTurUlngnse LLWNN@G]@F"I’J’]&JMUWLLUUTJN‘U@\TQJJ’&Q

lun1sussdiuanunsudivesdlelnfwesaouninlaenaly dnlynisinluguves

ANUNTUAIUTING (Apparent Porosity) @sagnauanizaIuyesniudafiveivalaiunse
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P(%) = (st;bwd) % 100 27)

£% '
o CY o

el W, A9 dntnvesiloeaileduul (Saturated weight)

3

(% '
I o CY o

Wd AD UINUNVOIFI081ULBLIIENN (Dry weight)
Vy, Ao Usu1nsue9@I0819 (Bulk volume)

P Ao AmAnunguiUsng Wusevas (%)
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e Pp A9 AURLILLLTIN (Bulk Density)
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V, g USuns5u989938819 (Bulk Volume)
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yonandl msiasrzranaly (Sensitivity analysis) sufumssasueuinisia wiu Sobol
¥30 Partial correlation Ssaszyiulslafidninananadnsunniian Faduveyaddny
1umsﬁmumaqm§m3muam LLasﬂismiqmﬁw N331aesEinsaUsEliuALLIUE1vDs
AUsEANTNIEd Ly Aedsvieeadulva aunmIfuInAIAILAAIAARDLINATT Y
vsamslumnaila Bootstrap

nMsUsefiumnaidedennuauiinislaaunsariilnainraiedia wu Aade B
UIUBNANANUDINATNS é’;utﬁ&mmummiﬁﬂu (Standard deviation) wagAduUszansAIY
wUsUs3U (Coefficient of variation: CV) Al inpnunszaeidedusine wenanil nsiansan
anesidulva 5th, 50th wag 95th W8 MUATI9ALE e U sUS U (Confidence
interval) fiagnousziumuunagiuiinadnsaregmelurasding1n nsiemendasuds
msmaaaaugﬂimﬂmwﬂu,ammyw FAlALNIN NIDNITNTIVADUNITINIZAUYDINITHINUA
f8 Q-Q plot wien1snedeuada ﬂ?iﬁ]ﬁ%ﬁ]ﬁ@Uﬂ’ﬁ@jL“ZTW“ZJBQﬂ’]iﬁT’m@Q HLALRALATANLaY
A1 Monte Carlo standard error n15Usziulon1avi NadNs A2 UNLN T T1vun 15
M329801 m’iajmju'nﬁauﬁ’m]/ayjaﬁa u,azmﬁmezﬁmmiwaqﬁaLLUiSuwmﬁgauLﬁu
w3 nsflodfyfirraiiunudeunenadns asnslsfiny nslamssasneuiaisla
‘-'5’1Lﬂu(ﬁ?’aﬂmizﬁﬁlﬂﬁﬂ]j@ﬁ?iizfﬂLL@SLLU’JVINU@ﬂ@ﬁLM@JWﬁM aun mmgﬂﬁyawaami
fstuansuanuasdunn mndmuslignassadnsilageuluuidofio uonnddnauads
y0sm3sans (N) dralnonsmenuuiugwesntsusaiu Tnevhluuusiilvle N > 10,000
afailelvnadnsves meulnadiadosnm iamﬁqmsmnaaumigjL%ﬁmaaﬂ’liaﬁ’waaqaéw

alnaue Wenmalian1sguiiusednsam warsenuaaulikueuTIuaIY
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maﬁau'gsuaqm%'aa (Machine Learning, ML) tduniaidend duszansanlunis
Uszifluanuduiusfidurausymieiaulsnig 9 08719590457 0819lARIY ALLLLEVE
IaJma%uagjﬁ’umnﬁaﬂé’aﬂa'%ﬁmﬁmmsam U'%mmszj”ayjaﬁl,ﬂmwa warduIuAMaNTRvD9
%@gaﬁmmm%’mmﬂﬁ ﬂ'1iLﬁ3Jmm%’uszjyawum%ayjaﬂﬂﬂg{lmmai’wLﬂuiumﬂsg%agaﬁum
Fu waznolminaunmelunsasidanaiiudy foiy varsndseddatiausdsns

N19iSeugrenAIes NYeUTuuTIanuiuuglunsiuenuautRvesianauniansly

AN519N 2.5

UISTMNYIVDY

M15199 2.5 agusuuiaesilylunisyiungluanuidy

Dataset Input ML
Ref. Highest Performance Metrics
Size Variables | Algorithm
Gupta et al. 35 Random
4 R? = 0.93; MAE = 1.85
(2021) mixtures Forest (RF)
ANN,
Ahmad et Boosting: R? = 0.96,
154 9 Boosting,
al. (2021) MAE = 4.16, MSE = 6.84
AdaBoost
R2 = 0.982; MAE = 0.5303; RMSE =
Upreti &
0.6863;
Verma 105 12 ANN
RAE = 17.55%;
(2022)
RRSE = 18.75%
RF: MAE = 3.45%,
Verma Deep RMSE = 5.94%,
61 11
(2023) Learning, RF | RAE = 64.32%,
RRSE = 82.97%, R? = 0.93
Random
Sathyan et
40 8 Kitchen Sink | RMSE = 0.046; MAE = 0.036
al. (2018)
(RKS)
Predicted/Actual
Regression-
Busic¢ et al. Ratio = 0.77-1.33;
63 5 based
(2020) Mean = 1.03;
(unspecified)
Median = 1.05




ar

M50 2.5 asuwuunaesitlylunisiuglunuide (me)

Dataset Input ML
Ref. Highest Performance Metrics
Size Variables | Algorithm
Huang et al. Train R? = 0.9694;
144 8 HLO + SVR
(2022) Test R2 = 0.9470
SVR-ERBF: R? = 0.958,
Saha et al. SVR-ERBF,
115 6 MAD = 0.488, MSE = 0.523, RMSE = 0.723,
(2020) SVR-RBF
MAPE = 9.381%
Train: Rz = 0.9766,
Zhang et al.
131 8 BAS-RF RMSE = 3.9769; Test:
(2019)
R? = 0.9735, RMSE = 3.9021
Kaveh et al. M5": Rz = 0.94,
114 6 M5', MARS
(2018) RMSE = 4.39; R? = 0.96, RMSE = 3.66

UnIdeduiuuinladisisansganmenadeniioantTuiayuduundasauaun
s33ua7 (OPQ) Mlvlunisneasns WesnndSununsueulasenleaniivddygnuaseeeng
Q’J’ ' a IS ¢ = ' ¥ a ! N
FUUTTEINALUIEMINNITREAYUTLUR Tanaluifinnizisounseanuasnisiudsunuas
anmgiiennia AaasunsidnveIneunInIlelndiuesiuey fudadenias iudsdnaiu
aruNanesansdanie d1sazatgdaniltay uazuiasy Mnseauiidudanilaudiunum
drAnlunsnseguifisendlelndwelswtu Anssausanlauiluiumnianiuaeuninile
nAwesAeansavary NaOH (uwdeulansenlan, SH) wazdisazate Na,SiOs; (anaudaing,

Y ¥ = " A a a o < a a o a
SS) snsgaumaaiivalifivsgansninlunsuSuusemnuslasadnaveaumnineilelng
wes lun1snaaesesnuuy nswanneulndnilelndwesddunssdidunouniseanuy

! a ~ ~ g = % a H Y - Y v & =
ayunauiwanzay Wesndesausenauidurouiolnlanan1niineants aeduis
° ¥ & ¥ ' g ¥ < = & &
JndunpimaaeINauialswu UL oALMIAUNANA AN UDILSEEn NN s ol
Lo = aa ' = N < = a ‘ =~
1 uLlUINISENeTEN1TR NI UUEURALTILN SANLALLDW TV Tlalndlues Aaunin
lnogsdiuszdnsaim smndiduasaadisluniseanuuuwasysuugsarunay Faiz Habib
wazAny (2023) lai3snstiinfnyiiemdnaiunauiimunzauian lnen1snaass 3 Jade
Tu 3 szv lawn 9n51@UYe9 GBFS (Ground Granulated Blast Furnace Slag) uag FA (Fly

Ash), ALY 1Y UV NaOH (Sodium Hydroxide) ﬁ 8, 10 wag 12 Imm%, LLazé’mwéau

a a A

A1582a18M0a15H 9N U LaINA LB 0.5, 0.55, WAy 0.6 NAGNTWUINEIUNAUN AT &R

q

Usznaumeansdainig 500 ﬁI’ﬁﬂ%@J/Qﬂ‘UWﬁﬂLNGﬁ A13LAN GBFS 20%, ININAIUANTAZANYAD

a1599ULalnaash 0.60 kazluansi NaOH 71 12 Tuais
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Afsar Ali hazAuz(2024) Ta@nwvndaalunaui wunzaulagnaisan 4 Jasely 4

YA lﬂLLﬁ Bentonite clay, Dolomite wastes, kaz GGBS (Ground Granulated Blast Furnace

Slag) i uansaany TngaulanisiUasunlasdnsnaiu NaSiOz: NaOH LagAm iy uves
NaOH HadwsTilauan I auNaLTivsNgaufansly GGBS 10%, Snsnaiudanilauneason
1N 0.55, @sazans NaOH 12 Tuans wazdanUseanu 425 ﬁiaﬂ%’u/gﬂmmﬁmm Favilanan
dndtueeeiteddy anuanmnsoluntsihauity uasfdsfuusedagean

Shemal V. wag Ankur b. (2020) ié’ﬁﬂ‘mmi@@ﬂLLUUﬁ?UNﬁNﬁUi%ﬂ@UﬁT’JS NaOH 14
Twans, ﬁma%wmam%mag 0.5%, §n37@7% NapSiO3/NaOH i 2 uazaiunauanssanzd
55% FA, 35% GGBS way 10% SF (Silica Fume) Tnssneanuinanusasiningdadunsssndingu

P. K. Arjun Raj wazmmy (2024) lavinmsanunlagly GGBS LLmI@Ialmﬁﬂu’S’aqgm

a

ovafilu-G8unn nsoufuaIsazats NaOH way NazSiog idusanseuuiisendanilay ifle
Lﬁuﬁwé’q%’ULLiaé’miﬁqqﬁu AnsAnwLanslviunslyarsantiies 1.25%, sn51a7u
NapSiO3/NaOH 71 1.5, waz NaOH i 14 Tuans (§naauvesanssany 90% GGBS way 10%
Dolomite) HeU5UUTIMAITULIITR ANUALINLLIIRT LAgAUAILNILLTIRAIDDE]

Y LY

EGRGN

Olivia M. waw Nikraz H (2012) 1938 03 iileAnwaniautinanavesaouninilel
Awesuazuaiuy et mind saelnvssidiudaded fuanenuantinnalaesisd
Usgdndnm

Bagheri A.llag Nazari A. (2013) lavinisAnenigafudasefidsnsnanerdadu
wssdnvesilelndnesiilunassaand C wazmiaruaniummaeuLUUn

uan91nil J3n1seEniULdILUsEANnans leiilpeanuuuLaziulszansnnns
naaos iuniddumadanisusulnmnganiianilydmiuniseensvunanvesTaguas
sufsreunIndiiin1seeniuuraLas wUszaUANA IS Y LT EIwA s AIntunIs
d1379aulsnneg senaduszuunaynislaneuvesdanlsnieg 93T YN THANNALT
mmzauﬁqmLﬁ@lﬁigﬂmamﬁﬁﬁéj@qmﬂuﬂauﬂ%m IO TV R PR T et SYRIC AT
N1INOUAUDY ﬁﬂﬁaﬁmimzqﬂ'ﬁww’]ﬁma%ﬁlwmgauﬁqmig N1999NLUUNITNARDY
fuflunisiagloniseanuudiuUsyaunans waznanisnageulnsunsussiiunisadn
Tuvaefi fansuuuudiasanisannesd fiusedninadmsunisdmes saszunagsn
Wﬁﬁ:ﬁL(ﬂ@%ﬁlﬁl@ﬁ%ﬁ’m%%gﬂauaaﬂﬁ]’mLL‘U‘URT’]@EN Fehuuushassnsanaesiiited iy
ARG UTUNANTNAFRY “LTip}W]ﬂ’]iW]ﬂl’lquﬁzﬁ?jmLLUU%@’]‘EJ%G]QU%EW;%Qﬂﬁ?ﬂU@%u Wy

ATIIEaNTIgAYRINITNeTBaTEYNTTUTBLNNAITULTIERgIEgA N13ANYIanUal
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FlrudanudAgyren1sesnLuUdIUNaN TNz aLLasn151Y3S N1508nwUY nINT wax

[y

n1seenkuLaIulsTaNnai iaiuUszansnmlunisnanilelndwesuasianilineive
wiaule leenald anuduiusi lududsauseminpeulndaiilo@uun 9199ln3sn1s
anaeeiiauTuluauisaaznouisuszdniamiugiuvesiaglaseiudui wenaind
Sn1sannevenavinluanud1Ayvestadeianiziiuase luvuein1958u3ve AT 09
(Machine Learning, ML) flawdunaiianisasnawuudiassiiviuuinnssuuaziiniun1ivin
Tudagtu wwimaranilvnisnevausswedinaanAuanyurdunn uaznaansvesluag
lasunisatiuayuainnsvegey natlansseugveaasesgniuilelunisaiansadnuuey
YodaIuraNAaUNIA neluiieuan1s3ITedmeaes wadisiudnisussenalydanaity n1s
= ¥ = . . ; v Yo a Y ¥ o ‘da ¢

ISgu3reNAIes (Machine leaming) M3 dalasunisiigauuainlvaainsfidusslevuosny
11N Freenawy 115l NISEUITRARATEY LaueansiuudmiuNITUTEIuANLLTLT VDY
IWuwagaiseeunsn Jelumanasauaiusaussananiltanuuguazmilonilunadus
n1sAnwIBuY §ilad15719ANAINTOVRY NITTEUTVRLATET TUNITANANITUEN BaE VRN
AaUN3A tnetauelnalln N15i5eugvenAses Wunmadenimunzaud msunisas
LUUTIAILAZNNTYIUIEAIAINLTILTIVDIABUNTH LA karAn lansiadeunislownun

3 =g ¥ a y = o < a
WUUTNa0elY N13138u304ATeY TUNSYUIEAMULTITS (CS) U09ABUNIATITUALAY
ABUNINANTTAULEY IAENUINNATANITIANNIANYA1ULUUTIABY RF (Random Forest)
aunsalvansnisvitueiuuugiunn lnkauys warane Yauunslumaianisisousves
w3adluNMsUsEaAINEMeIN9NaveIRBUNIAT lLAa N15tuluUTIaed N1SITEUIURY
s TunisesnuuuanmukarN1sasIUUTIaedlasunsiansanniaudfgy Weswin
<lg ¥ = ¥ a ' =g "\ ~ ¢ <
N5 919a0UNLY NM9SEUFTaLATeY noaununladulryuulunnisAInNITaIAILLT IS
PV - e o a - I = ¥ = oy ¥ N Y

vosTanilefuunund wenaindl insesienisseugrennies Salanangidueiesienidfey
lunseenwuukarimuIgnslunsAudnauaunauielnlnmdTulsdnluyig 25-
45 MPa TagloiasouraUsyatni oy (Artificial Neural Networks, ANN) 57317 UN5L 0 8
LUsunsy MATLAB uagdana3sunisviiiausuvunielnussgiaeadmunefnssyluys

28 Yu N5ANULALand AU ANLFURUS IS R a TUaNAUSENNS Taln dRs1aiu

¥ <

U/U09094, 911U laULEARLIABT/E5AIRY, BRTIEIU NagSiO3/NaOH, wagluals
= ¥ o U ! ! d‘ %, 9jO v W U ! dl e gj d‘
f NaOH @110 AU dna I uaIUNELN B L LA 1S IS ULTID AL UTNBINIT INTNINUAT
NAMUNIUUIT N5 NWUUNYIN NN SHALVBIFIUNAUTL MU AUAUNISUINAUYINUNE YinTn
AN1150YNUNERA LA DELUUTT LVIVAANITATNTUNU wazLIa1adlaae 9t useans

(Gunasekara et al,2021)
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A5ANMIUNITIVY

= a a a K a o d' U ¥ d"‘l ! U v

nsfnwnginssuvesdlelndwesiunounindunsvihnundurseudueyiudady
naeUsEN15 LgIeN1IvnaetaInsatIeRMdnaIuYedlelndiuasnadlnds ey
NANVBINIANYLUATILABNITTHYNITOBNBUVEIUHANTIVANZ ALY la NG e sAaULNEn
gy suud 3 Jade laun dnSnavedluarsfvesaisavareluieulansanlen, §nsiaiu
sevsleisndainauarlaiedlensenlen, wazdnauvesdmeveavaillunsinui ay
1UNTBN59BNBUUNING FINAUNITOBNLUUAILUTEAUNAN LINBAIUANNITNAGDY hazUIHa
"o v w = ¥ 3 = ¥ d' o ! a A ¥
mmassnvesreunin lasdunalagly nsiseuresniadtazzinuenaluaunmvdele
Tagla@aust n19ad @ 15U MAE (Mean Absolute Error), MSE (Mean Squared Error) Lag

RMSE (Root Mean Squared Error) iiausgiiiuanuuuugilunisvinung

3.1 A5N15N1599NLUUNISNARDY

nswensnaNtRvesian 1wy afdidnvesilelndiuesnouindslnuuuguasd
Aranadosiiu JusgiunmnmLayNInsEAIBTDIBYanIaaeddusann Tn1sRudy
fnflannisquinesns Fsenavilmeyenszansluatiiave nearlunsan wasrilnlung
wennsadiusyanamen madenteyaiuuguenalunsougEYNIInAeLA Wil
anunsoduanuduiusiiluiduaunsssemnsiuysla émalﬁﬁmmmm%wimwwzmzﬁm
fureyadnfiuaniiuly waznisweinsaifinaiaad ousiniuld inadea Bagging wie
Bootstrap aggregating L1namasaaymIdina1? TngananuuyUsusiuresnaanunisin
Tuwnananeiuugaveyaiaul welnlunaiaruadesnniu waglulmeaudumiy
Anussluveya uinnsaueIniiadeens unmafa Bagging anunsnanvedniniile Tngly
yaveyasasviatsyn vilunnsasalumaiiussAnsninuiniu nsouasanuuaugilunis
wennsal wenaniifineszydeulunimevaussiivangay uazdansfuaudustusil
dudaaulafio iy oARlUNMIANA Y 9AINANTENUABAMLLILE WAz UTzANS A MY
Tunaegnann msrzeravilulunaluausoasvousuuuuresoyaiiunaivla ian1s s

a ¥ [ ¥ a a ¥ L
LiEJ‘L!ELQ‘W"I%L’ﬂ’]%ﬁ]ﬂﬂU?JE]iﬂﬁﬂﬂVliJ’]ﬂLﬂUlU LLaquﬂﬂﬁqmﬂqﬂqiﬂiuﬂ’ﬁﬂigﬂ’]EJ“U@HGI‘U‘EJ\‘]
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voyalny dnvadaenananufduiusddgvsewsnisunnulaues awalvluealy

anysa wazluanuisadumnuduiusiunasslassenseungu Aeulndaaiunats Judu
& pRp v =~ > s P a a

madeniilassasuaziduszuu Gewsundymimaniilaeesliuszd@nsnim lnenaiugn
VA0 UU Factorial, Axial wag Center point W1nleriu iluAsauAguuinIvnaadlag
Laztd 8naN13d1599UdUNUFTEM1909T8019 9 FIUDINITOONLUUNULINDUAUDIT
WINEEL F11991NNNTERNKUUTIAILANIULUU auusgaunany waeluanunsndnsgnnanan
wazUjduiusndrAyusaiule lnglunewmeaeunnnsaindulile wasanunsausuasuls
Wedlvayalvnuiisdy n1siiuduugaveadwlglnluwaaunsoaeneuauLUsUT LA

Ao ¥ ¥ Yaa X a Y] v S v ga” a
sUsuungureuluyaveyalaftau vaigiieaiu n1slyniseeniuukuvessisinda Alved
paeUsenns wiu NsUseiiudatelaasnaliusednsSain wazn1snseanesEauTetknazUavey
PUANAA FIWIBLNLANMUUNTONDUAZAUYIIUHATNTINNNITNAGDI N1TOBNHUUWIANT
! ) P ¥ oy Ya o Y o a A O o ¢ ¥
PISNNNUNNINARRINSEEAmbaG vinlniuANuEesarAaUetuluNaans nsly
N1588NKULLUURBTISINTAINTT 10T way auUszaunaly wnun1saudIne1edmsy
luna bagging wsaswvalauievesndmau nsizidumalinidlasasuazasaungy
fufiveyassaduszuy Yeanyeaearonifiinaannisa vinluniswensaday
wuUgazUTeleNINBIUL (Rathnayaka et al.,2024)

N1INEILITNIURY INT wag CCD wamenunelminwuInislauia Taguchi-CCD
FIYILLNUANUNAINYAEVDINITNAGD AL ATBUARUNUTIN1TDRNKUUABETUTEAVEA N
Wn899u FFnstyeindivaugaveya NuveyandaunlsUusiuuIndu wagauise

o

unuveyaddaiTndudmsunmstinssesndinuuiiede awalvlaynveyaiiaios
waznszangfteeuminzan Mlnnenen1sinseniazinil Nsilnluieg bagging uuyn
v [ dl‘N v 1 g/ 4 ' dy [ - v
Yoy ayoefdlaseasanazlugwounaiviganninuulsusiukazdaym n1si3eus

o Y a a ! ¥ L ‘o A A ¥ =3
LQ‘WWSLﬂqgﬂﬂﬂUm@HaaﬂmuqﬂLﬂuvLﬂ aqma}mﬂqiwBqﬂﬁmuﬁ'ﬂquumuﬂ’]%azlej@ﬂ@‘lﬂll']ﬂsﬂu

wanantl wwnsdmadlyiiuiunisnaaesuasniimsauiiseswuuniluinelulaveya
a = PV o = ! o ¥ Yo a a a . o ! >
Wednluserupednu Janeusevdanunulaeenlivssdnsam wmalla bagging dselnnis
wensaudanuaiesuntu Inglanisdadulaanaulunalsau (Multiple decision trees)
LaNMIALRAY WosINIT Taguchi ag auuseaunaly w1iuwAlia Bagging 9891
WinANaInsavestunalun1sTuufduiusndugau vilulansaunisneinsauniaiy
< A a a = ¥ A o oA o ¥ = ao A
wI9Ngs JUszdnSan wazaunsafinulams Wesuliafiuanunmmemaill :1uideild

Inudmadia Bootstrap Aggregating L HATUAUNITOONLUUNITNAADY WUUTLlATIATI lawn

3 N3, aulszaunae wasnIauLUINIEUIA Taguchi-CCD MmwRuly
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N31aNIANARBTINTEANgE A NaNaTIUTINTAaelaud Ao 19Bdluns
a519luL AN a1u150n520ALAR N159BNLUUTNNIZANERBE 1NNz aNIzYeTrlumE
anusanIadugUnuuiiliduiaunse anauulsusu wazandynn N1SSEUFRNIZIAZIS
[y ¥ d' a ¥ a U d' a d' a ! U ! 3 a
duveyarniuiniuly 1o luvaiferfuigienanideeaiannsgudioe1uuun LAY

JUNBUFINTUNIANTIUNTTEI1 Bagging ensemble dasil (Parhi and Patro,2023)

1) @519 19vYakuUYRawnSU (Bootstrap samples) wanggn lagnisau
A0819INYAVBYAYARNAIENTANWUUTNTUINAY Teaglnynveyaeeenaieyn lngunay
YPAANITIAILILIVDIVBYALANANU Lara1aduaIngiule

2) Hnlunannnes (Regression model) kunAuUULAALYATOYAYAARATY
Tunawmailgnassdulaedaszainveyaluwnasyn wazanunsalylaiudaneituanasela 9
Aila tneanunsodnnseniuwuuvuiu Wnglgaveyaiiunnniaiu

- gj “ 19 v v ' P v
3) Wednlunanwanaiawas Tnlvunazlumalunmsnensuynveyanadey
~ ¥ '
viseveyalvy

4) HANTHYINTUIINNNLLAG TagAnuALderIeaadenIadmtn
YBINANYINTY Bagging ¥I8anAuKUsUTIUTUNTIUIY Tngnisiad enadwsanvang
luna vilvlumaaanegiinnuadgskazuiuginniuilameuiunislvlueaingiiidnain
VBRI

5) Usziliudssansnmuedliinanisynveyanadey lagmuinmiigin iy
A1IINTIAD90IANLRREVDIAINUARIALARBUNISIEY (Root Mean Square Error: RMSE), A1

duusz@nsnisnimun (coefficient of determination: R2) ¥aeAUszIUDY ¢ NvNzau



Data

1D X1 X2 X3 Y

2 ) Low Low Low 19
2 Low High  High 15
3 High Low High 28
4 High High Low 17
5 Low Low High 22

Subset 1 Subset 2 Subset 3

ID X1 X2 X3 Y

1D X1 X2 BXS Y

2 low High High 15 4 High High Llow 17 5 low low High 22
3  High Llow High 28 3 High low High 28 High Low High 28
4  High High Low 17 2 | low High High 15 low Llow Llow 19
1 Llow Low Low 19
Method 1 Method 2 Method 3

¢ v
o

/.\

s .\o

‘/ .\
N,

h 4

Average/Weighted average

A 4

Evaluation
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JUN 3.1 Tumaun15a374 Bagging uulny

AugUT 3.1 wanalniiua13snis Bagging Liwmaianissiuluwna Myaeiiiy
Uszdnsamvedunalagnisilnlunaviangdivuynveyagesiuanaeiu lieaseyalunai

fnnuudaunss deanunsalanadwsnisneinsuivainviate azneuauwitalureya
WUFIWTNINTU NTPUIUNTVBY Bagging AT NYAVUARNVAEYALAUNITHUVOLAIINYA

(% 1% (% '

vayanuatuluuinisihngu mslyyaveyafiunnaaiurilulafesaysaunsu (Bootstrap

samples) Mvanuang FaviglvlunaanansaSeuuaunuananeiuveveyals
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3.2 duNfgIuvasdym

ANUNAINUAE T VIR UANUEINITOIUNTNUIENaTBSlUNEG wazdInalraIu
wuuglunsnensalaesIundu Yefd1Anvesiuing Bagging Aoyisandyyml n15i3eus
wngiazasiureyainiinifuly wasiiinanuedioswazanuuiug1vedung lngandey

T,:uLmavrmaﬁaﬁﬁﬂmﬂsqmagaéaaﬁmewﬁ’u (Nguyen et al.,2024; Gonzalez et al.,2020)

A1IMARBILAZN1TAT LU aendinransiuesesilofiddlunsmnadns
fmnzauiandniudymitienves nstwuniseenuuummaassiionsvhuesidsdn
Womawadnslnglunessiiunmaassass dulauddumeannawasailuanglunis
fnduen lunsdid Sanmstaunismeinneanuudusaedlelndwestnglomaindd
ATuLLg1gs Tasianngn1simdnms Ensemble Leaming Method ulalumsamilanea
Asviwe mMsTutuveslumanansq fafidaueoune svyisassluaalnuiianiy
wdeunssuazuugunnd sy Jeamalnannsaeonuuuaurauvesdlolnaeslnogns
UsrAnsamuazuuugdetu luaull asinmsiansantuneuniseenwuuntmaaedagly
Fnseonuuunsvaaes 3 vl TR wauTeyauanmeiy Inearleisolnneuea vaamnd
(Taguchi Method) 15565@33@ 9 WUU M138BNLUUNITEDNLUYEILUTEALNANS (CCD) GL%{JI@Ha
15 wuy wazuuuRasRalauIa Taguchi-CCD (HTO) lyveya 18 uuy Fsagajauuluiinns
szymvauUaaiiAsresfiensdnuilunsnaaes Taedingussasaiiieraeluns
AuaadivanganlunisianulagauandanUslunssuunmaass N1590nKUUNS
Wﬂaawﬂ%ﬂﬁiwﬁ’umaﬁ%‘ﬂﬁmqﬁLLazmiaaﬂquéawizama’m W efnwinanis
Wasuwlameswudsne 3 daudslunasiauus 928 3 seiu nsesnuuuiieaslunisan
f\i’m’mmimamﬁﬁﬁLﬁmw{é'am%auuaﬁﬁi”uﬂu LLazﬁmaﬁzTayjauﬁmeﬁ Faazaanariiln

A1U150YINNIAIANITD RS @ IUNEUNL AL T AL

Tadeitasualnnnuudsusmostuny Suaedads unuadaderdudymigeenly
nsthaufoRess endivedidaiFesian mavuFuslunufinesnmshluuimnen uway
mjwmhimamaﬂﬁﬂ’mﬁﬁa iy mnﬁuqmmmmmzﬁﬁuﬁmm Fadunseeniuuns
yaaosinsandius 3 fuds fod fudsil 1 enuneuvesladeulansenlen dudsdi
2 Sanausznlaidendainauarlndeulonsenlen uazdudsi 3 Shsaiuveudane
youvan lngasamsoanuuunisvasesaziineasdeadsil (ngiad et al,2024; Y. Song et
al.,2021)
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1) N13AMUANITNARBY T¥N1TNARBIAINTTNINTUAENITEDNRUUAINUTEANNAT

aiunas 3 danusluwnaziinysasdsedu 3 seau nedsnindaelyfiusd M ai n1s

¥
=1

paNUUUAUUsTaNna1s a¢luiusd C, M uay G Lmu%aﬁiﬁﬁumiwammﬂué’mwémmq6‘]

2) msfmungfuTesans axiinslodaud wnuaRUTesENs NNl SR TIAILANeY
Wei=1,2 ..,

3) MsmUAYIIaTUATUNT UL Tefust t unurasadlumsusreunin Tay
arTannuudaswesilelnawesaounisly 1aa t = 7 Yu lneviinnsmageusiesnsay
4 nou nsepnuuUHazslunsRauAUNaNYeInaunInI oINS Nz ay Tneazyin
nMsnageuLaziUIsuTisuTuAilneenuuuhLieUssfiulsE v nmuaranuLLug1 v

NNIDBNLUUAIUNEN

3.3 NITNINUANIINAADY

nseenuuunmaaesingAnudadedidday szvransiuiumInnassadla  nnsih
Fnnseenuuu N3 wag nseeniUU@mLUTEALINa amhaiﬁﬁﬂauuaﬁlgﬁmﬁmsﬂismEJé'h
Suaa%agﬂaaéwaﬁwLamaammﬁ'ﬁwmiﬁﬂm wazannsamaiilallasdumaiieviunona
Tuauitlulavinmsneaeslaesnsiuseavsnm lunssuunsanei mslawisifinesuays
wlsindulavggnivuamuannfsiuilifisavesduilelndwetaounin deiin1sfny
maﬂiwusuawmmﬁLmagﬁuwmﬁﬁﬂﬁLﬂ?{auLLanaqﬁ”;Lmi 3 fauds fal (A Ahmad et
al.,2021; M. Saleh et al.,2025)

1) mnuuvuveslaesleasenlan (M) anuwssuvedlsiioulansonlenazgn
Fonsanluanuszsu Taun 10 M 12 M uag 14 M Ssaziduinudsiassalvananuudusees
Felwawosunnmaiulunusnsiauiley

2) nsraulaioudainanelaiisulansonlen (SS/SH) N15ANBI9ERaNT8IN
Sosnauveddafoudainauaslafoalonsenlunluaudniaiy lawn 1.2, 1.6, uag 2 As
Wasuwlaslusniauiardmananvesdads 3 mludlelndwes lown lodeudann (SS),

laweulansanlan (SH) waronsiaulameudansnaluieulansanlan (SS/SH)

3) FRT1AIUVD LTI/ UDIA? (S/L) ASANEIHALYINNISIUASULUAISRS 1ALV DI/

YAt uenawwes IneazlinnstudnsIa@Iunnuum fadl: 0.8, 1 way 1.2

= g = = ¢ A @ S ' s oA
ns@nwigauulunnTiesgnansenuresnsilasuudasluiuysinatdia wie

AU AT 9IS N1TUSULAIEIUNALYDIR LD LN AL TABUN S ALALHANTENUADAINLLT LTI
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Yotian Msfnwladenaudilsddgiieannudureuvaanmeast nedinslnuoyad
= °o  w o A A Y o A = a Y o v o ' =
Wganedmsunsvinneiiediala fudsiidenianuiieivesiunisusudnsiaunay 39
g laU1IAAIUANNTEUINNNTERSRaN LI amINza wazanauliuueulunIaaes
= dl/y b Ud‘ ¥ v b dIQU dl

ns@nwillamuauiwusuanielvanunsaananuluwuueu fMuusndrdgaiudsznisign
a ° Y] Y] ! Yoo Yo a s

WWondmiuniseanuuudnsiaiunal lawn Auwuvuvesluieulansenlen (NaOH
molarity, M), 8as1aiusemnalatneudamnanuladedlensenlan (SS/SH), Lagdnstaiu
52111990 UTeImaT (S/L) Ineuwnassiawlsasgnusziliuluauszau Ineyiavesiauys
wanillagnimueegisseunsuliielniulataninuaiunsalunisiauvesaiunauilolng
wostngluvhluaunauianuudaiull msvihaunumnzaududsdfydmsunsrasuas
n1sdauuulagluneddyanunerginuiniiuly nmsidendiudsivarlesnaunavielunis
PONKUUAILNANALNI0IANTInNeuaziRLIALLwMS T T et e lanuseasBunlunn 19
1 2 MyvenUUUNITVAaRNUY 33 Wawnanasealagniunly Inellaiunauiuanmaiu 27
wuu waznaaauludyagi inludisteunanamun 108 dreensilyluniswauiluna n1sly

MmesHAzALUITIgNAMUAT W NENNA UG mBlUL (Khan et al,,2024)

A15719% 3.1 FawUstun1sAnY

. & AU
AALLUINUY
1 2 3
A: NaOH (M) 10 12 14
B: SS/SH 1.2 1.6 2
C: S/L 0.85 1 1.15
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3.4 35019

[

nsflvayafianuisaunuagsveieulanismaaelnesinsoungudud sdfey
pe1sBslunsasslunanAneeL Uy Bagging NdAnuunudlazidetioln n1smaassiileisnis
auguiuu taun 35 Taguchi, CCD wagdslausn Taguchi-CCD (HTC) S4aunsnasaveyad
fAuvaInraty ATeUARUSEAUYeITadeLarU)duiusianNn1eiuNIsNIE e Ivesueys
1 dQJ ° v q_ll Yo dI v ° v o v
agaaseunguilvinlundulalailunailaauisadrlulsnwdudiunureyawazaiuise

Wy NIUNANS LAY 1LIUEN WY NYIWBINITNAGY Y InNdnlumala) seinisdeniues

' '
=

aa aa ° ‘l = a Y] = ¥ A
ANgANUAAETS wazinan1sneINIvatluamaIHuRae Ty easeluwasuidl
ANuLNuggs lmaganiedazgnirlulylunisneinsuveyanaaeuiluilluyaidn uag
AN YIANUIED YTV IHANINEIN T lARADAY YD IRRULUNTINAR IR AT 3.2
LARINTOURUIANYDINIT S BUgHULTIN Inglumalln Bagging Lluaiunilsvainszuiunisin
T Fanszuaunisiivszneunignisuuiveyanisuaaeseenduyneosn1a 9 dmsunisin
wagnegouliiaa laglyn1seenkuun1snnaswuuwinneiseaiiuguuuy wnunLansly
s ¥ Ay ¥ = < ' !
Wi veyaiilaainnisesnwuuwinresvafingliuuazgnuutoendugailnaig ¢
gULLU‘U@WLiEJL%aﬁqmﬂmmmimaamuu Taguchi, CCD way HTC (lau3n Taguchi-CCD)
5 o ¥ ! ' dn/ i a a

ntuazdgeveyasaswmailulalunisidnlune wazdsza@nsnmueslumalzgnnadeu
ALYAVBUANAFBUTNLENDBNUINNMINTIUIU 9 3@ Bagging gnuanlyiuluinanivauyn
(Model 1, Model 2 way Model 3) ImmmaﬂmLmagﬂrﬁﬂmamiaaﬂLLuumimamﬁLme
il ( Aydogmus et al.,, 2015; Golafshani et al. 2024)



Bootstrap Aggregating DATA
' |
I
I Taguchu (9 point) ~ CCD (15 point) : rid (18 point)

bagging bagging bagging

Boosting Boosting ‘sting

Adaptive
bagging

Random Random om
Forest ‘Forest orest
Bestl = Best ' h
|

JU1 3.2 NrUIUNTImLT Bagging ensemble
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3.5 niseanwuuknnnaissamulunisnaass

NN90BNKUUNINARBILUULINNBIS BALANFULUY (Full factorial design) 1Ju38n13
dl % 5 o 2 a o % i ! i dl
Alglunisuszanamisiulsudn wazsufduius spraduszuu lnenisasalunaiiaseungy
Tuns@nwil lalwvn1sepnuuunuy 32 wWnneisea (Raza et al,2022; Esmaeili et al.,2021;
lkeagwuani et al.,2020) @sUsznaumiy 3 Uade lneunazdadegnuseiiiuly 3 seau 380151l
ATYANITNARBIVINUA 27 JULUUYDIEIUNANADUINER Aehandlumisnen 3 faeens
NAdeUgNNIENlAENITHAN AN NALIBEN AUNALVISNITORNKUUNITNAGEY 3 LUU laun
DUTYLT 909210 L9 (Orthogonal L9 Array), A1509ALUULUUAIUUTZENNAS LAZLUU

NauHa1ulausn Taguchi-CCD (HTC)

a = < ° U o LY '
1IN 3.2 fﬂi@@ﬂLLUULLWﬂV]@LiEJaLG]ZLIEULL‘U‘UH'WITUﬂ’ﬁﬂﬂ%u%ﬁ@ﬁ’luﬁdﬁm

Mix | Method | A:Mol | B:SS/SH | C:S/L | MK(g) SS(g) SH(g)
M1 C1, X1 10 1.2 0.85 140.25 90 75
M2 Test 10 1.2 1 165 90 75
M3 c2 10 1.2 1.15 189.75 90 75
M4 Test 10 1.6 0.85 140.25 101.54 63.46
M5 C9, X2 10 1.6 1 165 101.54 63.46
M6 Test 10 1.6 1.15 189.75 101.54 63.46
M7 C3 10 2 0.85 140.25 110 55
M8 Test 10 2 1 165 110 55
M9 c4, X3 10 2 1.15 189.75 110 55
M10 Test 12 1.2 0.85 140.25 90 75
M11 Cl11, X4 12 1.2 1 165 90 75
M12 Test 12 1.2 1.15 189.75 90 75
M13 C13 12 1.6 0.85 140.25 101.54 63.46
M14 C15 12 1.6 1 165 101.54 63.46
M15 C14, X5 12 1.6 1.15 189.75 101.54 63.46
M16 X6 12 2 0.85 140.25 110 55
M17 c12 12 2 1 165 110 55




= a <@ ° LY (J o ! '
HITNN 3.2 ﬂ’]ﬁaaﬂLL‘U‘ULL‘V\Jﬂ‘VlaLiEJaLﬁmg"dLL‘U‘Uﬂ’Wiﬁ‘Uﬂ"liﬂ’]%ﬂﬂﬁ@lﬁ?uwﬁm ($9)
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Mix | Method | A:Mol | B:SS/SH | C:S/L | MK(@ | SS( | SH(g)
M18 Test 12 2 1.15 189.75 110 55
M19 c5 14 1.2 0.85 140.25 90 75
M20 Test 14 1.2 1 165 90 75
M21 Cc6, X7 14 1.2 1.15 189.75 90 75
M22 X8 14 1.6 0.85 140.25 101.54 63.46
M23 C10 14 1.6 1 165 101.54 63.46
M24 Test 14 1.6 1.15 189.75 101.54 63.46
M25 c7 14 2 0.85 140.25 110 55
M26 X9 14 2 1 165 110 55
M27 C8 14 2 1.15 189.75 110 55
Toedl X fie MIvAaeINeNsHIBeRaan L

Avg A Alagy

nsoonuuuTeyaLislassasaiionisuan Mevnidsmoldeuenisauiiosauuy
quily Tasnisdsaiiuiivesnafimesvisunegadusruu KunsesnuuuNIMAaes
Falaseasna lw ouseeieannluds vnd uagnsoenuUULU@ILUSTANNAN Wi
Pelnansoiinnenveyalnossaseuaquuazidedalaniniu Tnvanusaduufdusius
sevmatadenaraudiiusuuulindaaulaosdiszavsnm ﬁywmnﬁaﬂqm?mgaaéwﬁ

,

NAgNsINATEUARNYIAIVRIFILUTNMUA FBMsvaTianinsanszgveyalnegadiiae

9
[V '
(Y S a

1 ! % a I ' = ) o a
']VNWUV]QUV\!G] aQNaIVINLﬂallﬂ’]qllLLGUQLLﬂi\‘]lﬂﬂGUULLagﬂ'gf]llLL@JUEJ']SLUﬂqivnquJ@GUU
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3.6  N1s5PRNLUUEINUSTANNa1SUNISNAaDY

1ASIET19UB9INTRDNLUUB VALY SZAaUNa1B T U s Nty uas1ansateluany

PONKUUNITNARBANDATIUUUTIADUTIAIANITA tngaunsad sl duiusserinedady

nanefuarauduTusLUUlIGLaUln 0819l UTEANE NN AIENITNANNAIUTENINARIN

MoL3wa (Factorial points), AN (Axial points) ka¥3ANINA1S (Center points) aduUsyay
dy a g ! a a a d' v .

NN ATOUARUIUTINIINAaRtlnay1aliusednSan wWasesynandn (main effects) waz

ﬂﬁé’mﬁuéswdw%%’aéw 9 (Yao et al.,2024)

(-1,1,-1)

oy

(-1.-1,1) (1.-1.1)

E‘Uﬁ 3.3 lAS9A319UDINITOONLUULUUEIUUIZTEUNANS

U 3.3 uandlviiun gaunavelia gnunumegedivies (C1-C8) flaguiiiasm
Y9gNUIAN Bagamianiuansinisraniuresiadelusedus nans uazge wielelunisfinu
NaVEN WarUfAURUSTE MR ILUSA S 9AKNY WARAIERARI1TY (C9-C14) %qé‘?qagjmu
LULNLYDIRNLIAN YaanToguanmilaannuinveiFeaiiorionsaadueninauuula
Faau uarlmveyafiufuisafudnuazeesinouauss AUINGTN LAAINIEIATLAS
(C15) Feogmsanansvosgnuian lufienmadouiaiiosnimesssuuiasUssidiuaufianann
Tu911ased lenseenuuuluy audszaunans lnedl 3 Jads laun Mol (A), SS/SH (B) way
S/L(Q) ‘?;QLLG]Ia%ﬂﬁlﬁlﬂgﬂﬁWMUWIﬁ’ﬁizﬁuﬁﬂ (-1), nana (0) wazgs (1) loAnw1dn3naves

Jadewailosnaduseuuy



dl ¥ '
A13197 3.3 nMsnnasslaglyn1sesniuuaIulseaunand
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CCD, P =3, L=3
Mix Design Mol | SS/SH | S/L | MK(g) | SS(g) | SH(g)

A | B| C
M1 C1 1 | -1 | -1 ] 10| 1.2 |085]|14025| 90 75
M3 C2 1 | -1 1 | 10| 12 |1.15]18975| 90 75
M7 C3 1 | 1| -1 ] 10| 20 |085|14025| 110 | 55
M9 ca 1 | 1| 1 |10 ] 20 |1.15|189.75| 110 | 55
M19 C5 1 | -1 | -1 ] 14| 12 |085]14025| 90 75
M21 Cé6 1 | -1 1 |14 | 12 [115]189.75| 90 75
M25 C7 1 1| -1 |14 | 20 |085]|14025| 110 | 55
M27 C8 1 1| 1 | 14 | 20 [115]189.75| 110 | 55
M5 C9 «a [ 0| 0 | 10| 16 |1.00| 165 |101.5|63.46
M23 C10 « | 0| 0 | 14 | 16 |1.00| 165 | 1015 |63.46
M11 C11 O | -a| 0 |12 | 12 |100| 165 90 75
M17 C12 O | a| O [12] 20 |1.00| 165 | 110 | 55
M13 C13 0 | 0| -a |12 ]| 16 |085|140.25|101.5 | 63.46
M15 C14 0 | 0| a |12 | 16 |1.15|189.75|101.5 | 63.46
M14 C15 0O |0 | 0 [12] 16 |1.00| 165 |101.5|63.46
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3.7 N1399nKUUNNIlUNTIINAGDY

9U50LF RN (Orthogonal Arrays) TunsnaauunIng Juedosiemanniily
dmsunaununismaaesesaduszuy Tnsvaelvannsanaaeunaredadsuazy fauwus
sznataielaesiussAvinm anesiuiunIvaaesiiuesnINIseRNLULLLULYINTNG
Soadtuzuuy ensadsanmednssdoudadounsseduresunarade ilelnunazyan
QNNAADUBYNIALAA psvesEdsRaa Nt auesyyaudadendniiinanarndsda laun
AMUUTUYDY NaOH, SAs1aIuasnszAuae uazdnmaruvesudwmoin (S/) lnsunay
Jadegnrmualneglusedusi Uiunans uaggs Tovosmnnilamsensadiainuuy Lo
Lﬁaagwqmmauqaﬁﬁ’m}m%@gawawqmaéwuﬂmsw Tngousstieanuuundniu 3 dady

=Y

A9 A, B uay C funazvaded 3 szau Lﬁ@lﬁLLﬁ%dﬂmsmmaaqﬁmmamaLLasigjﬁaﬂa Tap)
74 9 uevewmTIugaAszduTaTeilud iy fanendndssanusveunieaniluns
Fupamastadtluenss L9 § annsndanauaresunayadslnesadasy wseuefiansnn
Uffuiusfienaiintu Tnsunasaeduulumssuansdelads wazumazuninanadegaasziy

oy % S
vaadadenlvlunisnaaesnazase sukuumseaniuuly

A19197 3.4 uanInILlATITINUBI8LSY L9

Taguchi, P =3, L=3
Mix Design Mol | SS/SH | S/L | MK(g) | SS(g) | SH(g)
A B C
X1 1 1 1 10 1.2 0.85 | 140.25 | 90.00 | 75.00
X2 1 2 2 10 1.6 1 165.00 | 101.54 | 63.46
X3 1 3 3 10 2 1.15 | 189.75 | 110.00 | 55.00
X4 2 1 2 12 1.2 1 165.00 | 90.00 | 75.00
X5 2 2 3 12 1.6 1.15 | 189.75 | 101.54 | 63.46
X6 2 3 1 12 2 0.85 | 140.25 | 110.00 | 55.00
X7 3 1 3 14 1.2 1.15 | 189.75 | 90.00 | 75.00
X8 3 2 1 14 1.6 0.85 | 140.25 | 101.54 | 63.46
X9 3 3 2 14 2 1 165.00 | 110.00 | 55.00
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3.8 fﬂiaaﬂLL‘U’ULLU‘UNﬁ&INﬁ"I'Uﬂ’J‘IJUS%ﬁﬁJﬂa’NLLE‘IZVI’]Q%

LUINENTDDNLUUNINARBILUUNANKNATY (Hybrid Taguchi-CCD: HTO) lafunns
Wandulasnns3Iu10Aes33113 11n3 uaw Central Composite Design (CCD) (il aifil
UseAvBnmlunseanuuunismaass nedimneiioaneiuiouBesuasioisesoya
Fesnifnnnmsguiiesnuudaiy nseusrislvansoaseunquuealaes e UAgy
LAYALAA LLAMSEIAMIIIN aNe 9B sdmTuNNTATI9LUUSa0d Bagging G9raeLady
Fnanmlunsnsadeuufduiusszninedade naeraunisszyanIsnouaussiivanyay
fian Wil Faaunsansadudvinandnvesunazdade Ufduwusszninady sauds
anuduiusidsludaaulunssuiunisidnulaegaiussaniam Snviadameiuni
wladsdniAeafudnuagnmevhanunuiuresdadens nsUszgnalsiun1sidougues
A3 04 ﬁﬂ%@%ﬁﬁi%ﬂi%ﬂ@UﬁT’lEJRT’]U’JU(;II’JBEJINV?QMNQ 27 4@ (M1 §19 M27) Falaa1nnis
gONWUUNISAABIRUULINIaEuawiy (full factorial desion) tnefidadusuau 3 fuus us

v a o ° o ¥ Aa o
asﬂf\]%m 3 9¢AYU @MNIULUINIE HTC Lﬁjuwa'ﬂqﬂﬂqswﬁqumaiﬂa"ﬂﬁlﬂﬂqﬁaaﬂLLU‘UV]@J"U']U'JU"Q@

'
a

Yaya 18 4n Wnnswiules T35nnT wae nseenuuvaIuyszaunal aglan1maass

9

'
v [

Vanun 18 foens saildafinanslunsied 3.5 (Varghese and Philip,2016)

#15197 3.5 Hybrid Taguchi-CCD @M3UNIS08NLUUAIUNE

Mix | CCD | Taguchi | Mol SS/SH S/L | MK(g) | SS(g) | SH(g)
M1 C1 X1 10 1.2 0.85 | 140.25 90.00 75.00
M3 c2 10 1.2 1.15 | 189.75 90.00 75.00
M5 c9 X2 10 1.6 1 165.00 | 101.54 | 63.46
M7 c3 10 2 0.85 | 140.25 | 110.00 | 55.00
M9 ca X3 10 2 1.15 | 189.75 | 110.00 | 55.00
M11 | C11 X4 12 1.2 1 165.00 90.00 75.00
M13 | C13 12 1.6 0.85 | 140.25 | 101.54 | 63.46
M14 | C15 12 1.6 1 165.00 | 101.54 | 63.46
M15 | C14 X5 12 1.6 1.15 | 189.75 | 101.54 | 63.46
M16 X6 12 2 0.85 | 140.25 | 110.00 | 55.00
M17 | C12 12 2 1 165.00 | 110.00 | 55.00
M19 c5 14 1.2 0.85 | 140.25 90.00 75.00




AN9971 3.5 Hybrid Taguchi—-CCD ASUNTORNLUAILNEL (Gia)

65

Mix | CCD | Taguchi | Mol SS/SH S/L | MK(g) | SS(g) | SH(g)
M21 | C6 X7 14 1.2 1.15 | 189.75 | 90.00 | 75.00
M22 X8 14 1.6 0.85 | 140.25 | 101.54 | 63.46
M23 | C10 14 1.6 1 | 165.00 | 101.54 | 63.46
M25 | C7 14 2 0.85 | 140.25 | 110.00 | 55.00
M26 X9 14 2 1 | 165.00 | 110.00 | 55.00
M27 | C8 14 2 1.15 | 189.75 | 110.00 | 55.00
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3.9  AISYINUNYNE

Tudumeunisiuena n1sesnwuunisvaaesddunedylinaiauisaninnisn
naanstnosauiug nelumalinesaunsnssyanuduius e UsnuLazA L UInY
lpegstmau Felaenaluwad anuduiusmanidnddnvazwuuludugaay (Non-linear)
nseenuuuliaaiduniseenuuuiilinnumime LHeanmaein1sAukIugTunIsUsZI0

' < P A ¢ B o ~ A o Y, v
AIAULT 5P eeTlalndwes wenanll n1simuUseansamveslunadaladinisly
#ann13 Ensemble Learning Method @911 siuluinaraigfinenadininiesuwsiuiniegiu

= ¥ o < ' i o fa o a & Y Y a a
Weaslunaniinnuudunsuasiinadnsnuuuguingau lnenaluuad dn1suseidu

Y v ¥ ! ¥ = @
AuEsaveuUIIaeslun svienaansinelgaveyausauduveyanageu dedn
ATUNSlAENISHENTBLAUNYADBNIINNITOBNKUUNITVIAGDULLINNE T EALAN tHalY

Jugaveyanaaou wumeiiiiinguszasaiiessfiuanuaiunsalunisdtaeseyatvuees

LUU1A84 kAR IR0 UANNRINgIlUNITHENSUNaANSIINYaYaTIRUUT I luAeTaU]

NoY é’auamiuigﬂﬁ 3.4 (. Abdulkadir et al.,2021; A. Jankovic et al.,2021)

33=27,(P=3,1=3)

I

i I ] |
|
\

Experimental Data J

r

1

. . 1

[ Design Experiment }

Taguchi CCD HTC
(9 point) (15 point) (18 point)

A

Model

Prediction } - = 9 point
I

Evaluation

d‘ ¥ o U
E‘UVI 3.4 “UE]?;IJ@ﬂ?i%ﬂﬁ@ﬂﬁ?ﬂi‘Uﬁﬂﬁﬂ@‘UiNLL@%ﬂ’]i‘V]@ﬁ@‘U
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Ul 3.4 lutuneunisesnuuunismnaes lasinisdmdenyaveyasesanyavoya
wuuwinnedeauity Sesznoumeiinun 27 uuu Tneveyadsnangnuusesniduaesaiu
loun gavegadwiuilnuuudans wassavayad miunaaauLUUTaes (Testing set) d sy
yavoyailniu lngnuusseseeniiu 3 nquauisnisesnuuunismaass laun 38 Taguchi,
Central Composite Design (CCD) wag Hybrid Taguchi-CCD (HTC) Imaﬁmﬂagaéaaﬁgﬂamﬁ
gmilulelunisifnuuudiaesnisneansal aauvoyadn 9 yafmdegnlyiileuseiiy
‘Ussﬁw%mwmmmeﬁaaﬂumwﬁmwaé“wémn%agaﬁhjL%Qﬂisﬁumiﬂﬂmﬁau (Li et
al.,2023)

3.10 VBYANIINAEGTIU

Lmeqﬁqnénﬁﬂﬁammsﬁaujjl,a‘wwmzmﬁu%mgaﬂmﬁmnLﬁu"LU LAEINITO
Wmﬂsajwaé’wéuwgagaiwﬂgaéﬂqﬁ%%'aﬁa FaduesrUsznoudfyiidmwanannuudunss
LAYATULIUE1TBIUUUTIA0 (Ahmad et al,2021) veadieesilimdeargmitlulaly
NIZUIUNITAN I@&J%Qﬂ%’mﬂ&jmﬁaﬁlumﬁagﬂqmei’wamsm 7 118 lALLINIUUTIIWUY
Bagging ﬁm%’u{faagammaaumfuﬂizﬂaug’mﬁﬂmu 9 freen9 F9lANNTOONUUUNTNARDS

ANUNLARILUANSI9N 3.6

- -
F13N 3.6 N1TNPRBANDNAFDU

Mix Design Mol SS/SH S/L MK(g) SS(g) SH(g)
M 2 10 1.2 1 165.00 90.00 75.00
M4 10 1.6 0.85 140.25 101.54 63.46
M6 10 1.6 1.15 189.75 101.54 63.46
M 8 10 2 1 165.00 110.00 55.00
M 10 12 1.2 0.85 140.25 90.00 75.00
M 12 12 1.2 1.15 189.75 90.00 75.00
M 18 12 2 1.15 189.75 110.00 55.00
M 20 14 1.2 1 165.00 90.00 75.00
M 24 14 1.6 1.15 189.75 101.54 63.46
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4
< ¢ a

3.11 N9AIENAIRE19NRIANTYUTIUAAIUAN (Control Type: CT)

Tumsfnwnil Welmfiunmdieudievdssansnmidanavesilolndiuosneuings
futanuasgiluanuneass Jdlaviniswdsuiessesas (Cement Mortar) uieluidy
sqmﬂ'%smmmmwﬁum (Control Type; CT)

é’;umamawa%ﬁmuamizﬂauéjmgu%mu@?ﬂa%mLLauﬁUismw 1 (Ordinary
Portland Cement) n318311%1931U (Standard Sand) uazth I@aiﬁgé’mﬁéaumammmmgm
ASTM €109 Bsrimmusluladnsauyudiamnnonmemidu 1 : 2.75 uagdnaiuine tan
Usganu (Water-to-Cement Ratio: W/C) iU 0.66 g 18agidenaunananinsouandss

AN519N 3.7

dl ¢ Y ¢ a L3 ¢ L3
$19799 3.7 N1INADBIUBIANT ﬂ”umuumﬂaimmum

Mix ID Cement (g) Sand (g) Water (g) (/L)

cT 740 2,035 490 15

3.12  unaUlUNITOBNLUULAZWAIUILULAS

1) nseenuuuling fvuslassasisedinng uazssyninesisidu

2) manaaouliing naaouluaaii oA TnesAAT gan AN TAAEUT
oonuuula

3) msufulgdlanaa luudnnis Ensemble Learning Method Tumsufuugsluiaadi
oouue WeiiunuudsunsauasUsEansamussnisviuneg

4) n1sUszdiudseansnn Jauseansnmvedumanusulsdlug wasiUSeuiisuiu

' ' 1%
aaa o

luaLiy WerAIANULL NI ATdn n15ugIvanluneliiunitazisloulvreinis
Auna FIMNIEANINDANDIINITNL AV lanadnsTIlnaLALi uNaLRaeTIgaNTIN
e

5) LUUT180INNAMAFIARNT aUNIT0AND8LT LAWY 19918 (Simple Linear
Regression) 11387113 8A11A53LAS1EndUUSEANS n1sanaseiduias aeilofi lalun1sAnu
AMUFURUTTENIILUSTATE wagdILUIAIY HIUNITATIENNI ST LaU agnauia

v o & a i 4 A de YA = o o ° Y

Auduustl Myleszunisanassiduasesdenluiednwimuduiusszmneiauds

daszuranemAuAILUIAUNIaNAaNS taeluinaNk1unNIsHnausuaLlumAlAnNISanneLie
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N13AIANTTAULUILUINTORAANS TRaA1LSUIINANUAUTUSTENIvaY AL
¥ Aa a ¥ [ ¥ gj o % ¢
wazveyasen Ninsinureiiuluveyanisiineusy anduansadilulylunisainnisa
wwiluwlueuian vioA1ANIsUNAANSIINVOYAT NN lIABININNDY SIuvsaanIalyly
nsiesznandluanysnvesveyaluefinla wuudiaeNIsiTeusvauAIas (Machine
Learning Models) gnisnlyiieviiuigaindssunsesn lnuseannveyailaainnismaass
Tnglun1snaaosid lalyluudnass Bagging Regression (BR), Gradient Boosting (GB) Lay
Random Forest (RF) wluasaaiiolunisiasizuiaznensamadns (H.X. Li et al.,2020)

yonanuuusiasssanaleiinslynuusians K-Nearest Neighbors (K-NN) @iy
danesfiunuvluiduniines dmfuninseusuuuiyaeu (Supervised Leaming) 7
annsaUszgnalylavidlunusuunUszinn (Classification) uwasuaanes dwsunmsvimie
Tugtiuumsnnnes K-NN agyiinsfiarsanqnveya K yaiieglnafianainveyayeiln lagly
s¥o¥N19 19U Euclidean distance Tumsnanulnaifssoswoya antuisiuimaiiade

YDIANAANTVBIVeYaNa K 90 Wislydupwiuieesyalvu Brew and MacKenzie, 2007)

¢ A

ANuLuugatliag K-NN Jusgiunisiiienanisniines K Mvunzas wagnisiieniendu

¥
% =

sreeVeTidennaediusTsuyIAvesaya wenanildlivenfeludndunesinisasvaunis
Tuwasenaduninisarmiu vilnmsngaudiureyandenuduseuselududuaulad (w.

Xu et al.,2023)
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3.13  LWUUIABINNAUAAIERNS

3.13.1 WUUINARINITANNDELTLEU
LUUT1ADINITONNB LY 9LE U(Linear Regression Model) 31nN15A1U8U
JLYLUNTENILAUATINATIINVaYandunala wazaidwialaanaunIsaunse lag
lEunselasuagyiilnen e nsenIgaveaiuaunslag T ALoETIan Fanuay
S a a a Y oA ! ' a o * gy ¥
EauRTganiigaasiauidanssegniaaiiongaaingaveyandunala (Saha, et
al.,2020)

y:b0+b1x1+b2x2+"’+bixi+e (31)
e b Ao AduUTEaNSURIRILUS
x Ao fwls
e A9 VBRANANM FEUINATNANNNITUIINFUNITAUAIDI

Tunuudnaedn1sannasldwauaun1sia nwusldula unsni waneda

%

ANUFURUTTZINNIA L UTDasERaEALUTANU TUNSINELNIIN00ELTUAUDYNBUY MDY

forsaniugundifgy wu arududaauvesauduiusszneiills N19NTEeRIves

o

maﬁmwamﬁlﬂuﬂﬂﬁ WaTANEANLENDVIANULUTUTINTRIBRANAA LUUAY F9rand]

pglunsasaaznsinuannsanaeesiin ULl Laseiala (Zhang et al.,2019)

3.13.2 WUUI1a94 Bagging

nsaulganisnensunilasLuug g msuilelndesnaulndni
faunmenateysenis nglanizegdudasnnnginssuvesiannianuduyouas

A a &£ ¥ ao A Y o I ' a .
ANuwUTUTINIAaTuluveyanaaes 1ideillaUsudsennuudawnssveunailn Bagging
Ingnanuniussidsuisniseanwuunisvaass Juea laun 38 Taguchi, Central Composite

Design (CCD) uagkuamabausalnuiTisening n1nd v audsvaunans ieaselung

nsneInsauAIiIassavesilelndwesaeulndnfidfuvmduianwdn n1sesnwuunis

'
LY

=~ ¥ A o =t ' Ay e -
NAABILUUNTIATIATINNANTITI8VINNITRININITAUAIDY U 3x3 WIM@JE‘ULL‘U‘UWLLUU@U

q
(%

wazvagluanunsanseunguiiuinisnaaeslneeihe veyanlylunisnaaesusenaunieyn

Y
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amaLTe nglunszuaunsiiinislemaia Bagsing tileanmuulsusiuvesiuusians
LasuAMUETEsVeINITNEINTOl T dEgaudIUInuUTIaIaIeN Failmnadad
Usgans nmduiievlunisvinuneaiiidfunsdurianismaassionn 35n1s58anann
‘UixﬂE)‘UGT’JEJﬂ’]ﬁﬂﬂLLUUﬁ’]ﬁ@QﬂﬂﬂaﬁJ‘ﬁug’m%aﬂEJ(;]J’J@EJINLﬂu@ﬁizﬁ]’]ﬂﬁ‘u Ims"l%sqm%ayjaﬁeju
deng mﬂi]’ayjaguaﬁu LAY AN TNEINTAVBIMABLUUUS A0 AR BTN Y B9

PIYLNLANUULL UG AU TINUALAUNUNIUYBINITAAINITOND DY

1) mm;m%auua D= ((X1, Y1), (X2, Y2),eee(Xny Vi) ﬁﬂszﬂauc’;’sai’f@aﬁaﬁﬂmu n a]im{fmﬂa i
ﬁmﬁagwqmyaaﬂaimi 3 YA Toun D,, D, D; Tnglamaiinnismeans 3 wuu loun Taguchi,
CCD, HTC mudndiu Tngausiesauuuiinisiunaingnveya D dwiuunasnsd lasfign
%ayjauﬁasmﬁmmmﬁﬂﬁ Dy, § 9 fmw13 (Taguchi), Dy § 15 0819 (CCD) waw Dy & 18
Fre819 (HTC)

2) mﬁﬂﬂmuimmaﬁugm (Base model) h; UuLLG{asé’aaéwqgmaLLm5U D, sufisnun
Tuauns 3.2

h=AD) (3.2)

3) 34 f unudane3tunsiseugnlylunsilnaduliaaiantiy

4) iledlnduleaivaioumasadu msiuieaaniedmsureyaluu x aglaannis
FAINANITVIUI8IN NN IUA @IS UATEHYBINISTIUI8TUT A0 08 (regression) NS
o ¥ ~ ¢ = o Ay ¥ a
uneganie 9 svduatadsvemanisitueainynlueailadnduin aufissyluaunis
(3.3)

P == h(x) (3.3)

el M AB I1UIUNINUATDILLLAE baY hi(x) ABNITNIUI8YBILULARN i-th

dmTUT0YAL X
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3.13.3 WUUI1a84 Gradient Boosting

n151% Gradient Boosting 11U ufi nsanand Taen1sdnduluiaalugidy
Supou Feumaslumaszriown lwvoRanannanlumanewmiieiunissiunavedluea 3
UsgAvsnmanniulumsiansiuteyafisinaonisvihune e nsifeunyanmsazasaluing
mw‘l’ﬂ‘msJ‘ﬁufﬁqLm%qﬁuﬁaaﬂmﬁugmmiﬁaug flazsiieamveinnaalunsviune luna
ssUsvanateanduimng F*(x) T,mEJmiaﬂﬂaﬁsﬁ’ummqmﬁaﬁmmmLL&JﬂLLElef; b W,
FX) snuauns 7 3.4 (Alhakeem et al.,2022)

F(x) = argminEx,ycb(y,F(x)) (3.4)

waagaululnnazysuunnsUsulsmamsiueInnIsAInnNIsanau Wielnla
nsUsulssiiinduesnaesiuasely msiasusiveawnazauluasgnaiunulagdnsinig
a ¥ . = ' Y (% a a ¥ L% ¥ P a
1S8ug (Learning rate) Fewigvasiunsiiin n1siseusianziazasivveyaidniiunniull

lngnsusutminvesunazgIunisiseus

3.13.4 LUUA1a99 Random Forest

Random Forest 1Jusnuilsianssaluna fasremulunisieaulanansdn
Tuszgmnanisilndy wazdwansvinnevemuluunasimneasioiuauuaudlunis
v Bilnelnausasddenuduiusicluiuauuasladudaaulueyaln Tngazan
A" Mean Squared Error (MSE) ﬁLLﬁiastumﬁammmmemaﬁmmzamﬁqmﬁm%’umums
ugluteannee (regression) Mu@LN1T (4) (Gupta et al.,2021; Khodaparastiet al,2023;
Mai et al.,2021)

1
MSE = -1\72?':1(}11- — f)? (3.5)
neil v, AD AN939
il fe mdvihwelneauluiiueazlnue

Random Forest 1duisniiuszansamlunisviuisludsnnnes wazlulsesansning

LLG?NLmiﬂwqmﬁuaagaﬁwmﬂwms (Liu et al.,2024)



73

3.13.5 suidgudsmsmanivunsaniign

sufouiBnsmaTivzauiign (Optimization Procedure) lafinswan
wuuiasaileatuayunsdindulauuuiiarsamaieinam (Multi-Criteria Decision Making:
MCDM) ﬁm%"umﬁLﬂiﬂxﬁ%@iﬂawﬁmmmmmmmzam 1n15U1738 Simple Additive
Weighting (SAW) saufunadia Min-Max il svdnnuLAnA1 e mUIE TaLaTaLNa
voyavesiuUsddyiad Taun Mdsdn armmuiuun sseznandunuduudei woy
Wosiwus Anuwgusly SAW $3uifu Min-Max Normalization Aen1sasna s iaidesu i
ansaSeudiousaulsan q fdvuseanasfieniseiule Inetminvesshulsasneu
Aruddydusing arunisusuaine Min-Max saelvsudsyndadianamifu vilvnisuan
azuuusn iy auveseuaunasy I ANAL AL A ALY IgRTHANAB LN

1A8NTUNDUNITARUNITAIN

1) nMstmuaideulvveulwanaznIsAansasuaya (Boundary Conditions
& Data Screening)
nsmmuad eulvreumadunszuiunisassgenadeniidulula
(Feasible Set) lumgufinisdnaulautumaneinne vnedonadeniivanfikiunamusd

AVIUA NIAIMUANANNLIIINNINTFILNIANTTY YBNIMUATBILATINT ¥38YDINAN4

(%
)=

wallans 4 Auaudnag
: c aturv cy
1.1 ANANULTews9iAT luueen INU;NIUAN

CStrength = LCS,min (36)

1.2 mMANURILLLEAN LR8N INEUNTUAN

CDensity = LD,min (37)

1.3 mssezamawmdaialiiu inumgeEn

CFinal < LF,max (3.8)

1.4 aneviukuuiiasluiu inaumgaan

CPorosity < LP,max (39)
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Strength AR ATNIAIDA

pensty P ADIUMLLUUYDIADUNTA

¥
a

e P ANTTETLIAINIINOAIFUE

AB AUNTY

Porosity

a6 86 08

= ' o ' v ° a '~
Ao AnuATeULLN YedwRazAaLUT mniruady 0 aziiealud
Fouly
nsAnnseslifigayainaiielnnsinszraziuuntlugnasauinieveys
aly ! ¢ ° P ! ¥ @ ay
Pladulymunaminasgrunsimuaieulvveuiswiglnannsadnn seansuauilumiy
NANIATIIUEBNIINNTAATIZMINATITANIAY 0 A UN15NTEY N15RRNLUUHLNAIY

= ! = ¥ ‘Ao
EJ@WEJUIUﬂ'ﬁLa@ﬂIGULQW’]gLﬂm"mﬂ/]‘ﬂ']l,ﬁu

2) msUFuussvinguvaya (Normalization)
dlesannfulsunagiiinuisuasyisnfunnasty 1wy fdssneaoy
Tus 20-50 MPa vnurfiauwguegluLa 5-15% msthuiouiisulagnsedsluaunsn
virla Sudunewinisusvansgulveslugaafeafuseyang 0 fs 1 Tasly Min/Max

Normalization %qawmiquaamﬁuammzﬁ

n3iifl 1 Ageasnan (Benefit Criteria) dmsudiaudsiinesnisageaalaun fAdede
WAZAUVUILUY
N' _ Xi—Xmin
L

Xmax—Xmin

(3.10)

ﬂ’]ﬁ']?jﬂﬁ]%i@ﬂ%l,l,uu 0 mqqqmﬂm%uuu 1 ﬂﬁi%%’ﬂﬂﬂaﬂﬂgﬂLL‘UaQGHiJéJG’Iﬂ’Ju

NSAIN 2 AvnAamaR AIUEEEIR (Cost Criteria) dmsusanlsnnaanisaisign laun
TEELIAMNDAITINLALAIIUNTY

N; = Zmax=Xi (3.11)

Xmax—Xmin

lagdl  N; A APNuNsIuInsgIu (0 89 1)
X; o Amasadnle
X Ao Avhanlugnn
min A8 AWNEALUYATRUA

-~ 1 v
Xmax A0 A1E9EALUYATRYA
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Aanazlanzkuy 1 mgegnazlaasiuy 0 ANsemanangniUasnudnaiu
n1susuussiaguludnwaesidinluauesfiganatedu 1 uazagafiga(Benefit Criteria)

naneLdu 1 eaunsalSeuiisuadnusialaenss

3)  NISAIURUALIVUNLAZAITATUIUASLUUTIN

Tukuudnaesil nadwdsdanudrAgmiiy Fadmvun dmtdnmiiu

1%
o

0.25 (25%) UminvesdmsusnazALUs AzkuuTIEmTULAaransHaunounsaAwIle

faduNs tnedaunisnail

Scoretotal = (WCS : NCS) + (WDen J ND ) + (WFmal ’ NFinal) + (WPor ' NPor) (312)

en

1087 Score,y, AD ANATUUUTINYBIYAVDLA
Wes D ANUIMENY0IMIULUSURILTI8R

Wpen A0 AMUNIMLNYBIMILUTUDIAINRUILUUTIN

(%
a

Wring A0 AMNMUNT89MLUTY0IANNudesisyevauan

q

Wpor A9 ANIMENT0IAILUIVO LU UARINUNTY
N f9 a9niun1susugnu (0 89 1)v03usisn

Nes P9 A 9nnuni1sUsugiu (0 89 1)383A8nNuiuLs I

(%
a

Nrina Ao afinaunisusugu (0 i 1vesnnuuieinssuzdugn

q

Npor A8 AWNIUNNTUTUTIU (0 §19 1)T0UBTUARIILNTY
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3.14 N15INATNAFDUNA

A5TANE ANULNUET @1U150YINTUNEAINIaIo R lAae 19l UsEANS AN H1U

N15a519¥AveYadnIunNIsAngou Lagn1saaey ethurusziiiuluing

AAueaIaeRouRAswuuduy s lyinvwinvesmnunaiaafoulngluaulafiams

MAE = =37, |y; - 3] (3.13)

AIAILARAATOURALUUTBYAY W zdmSUSsuTguLilaveyailainaniaiy

MAPE = (13n, 'yliy‘if")xwo (3.14)

[y

InidesuIAIMmILARIALARDUARIdeRdY Tuaud1A A UAMILARIALARDUTUA ALY

1 ~\2
RMSE = \/;Z?zl(yi ~-7) (3.15)
mdulsEavansindulanansdnaiunusUsUTIuveweyadstiaunTnesuelanlglung

n )2
R =1-ZE0 G160

el y;  fo avidunnlaaie (Observed value),
y;  fe mdlueavitungle (Predicted value),
y,  fo aadevosanidunnlaviaviun (Mean of the observed values)

n 0] Juuveyavisnun (Total number of observations)
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3.15 Asaslantylun1sive

3.15.1 gUnIUNITNAADY

LASD9LBN b

winsleuavgUnsaumlylunisinSeuiiess MlAsIEn Lazn1snadeuy

1) X-ray fluorescence (XRF)
2) X-ray diffractometer (XRD)
3) Tensile Test

[

4) Tanasiadl

3.15.2 asasdanlylun1sindlelnayes

= o g % =~ A g % = Y ! A K
ww3aadlanlalunismssuans wenkulunswisummaes Wislslunisnagau

TreyinnsnaaaulunIsSULSIon

1) 1P39TINLANUALLILR 2) WASD9NANETS

JUT 3.5 Aseelledeans JU 3.6 LASOINANANT
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3) WNNTLYNTUNU

JUN 3.7 umanses

a4) LLUUV@@‘%U\‘]’]UV}NQﬂ‘UWﬂﬂsU‘lﬂ(ﬂ 50 1.

R

O

g L

- - xR § . Lk
E‘UW 3.8 LLUUV@@%UQqUVﬁQQﬂU’]ﬂﬂ

5) LASAINAFBUNAITULTION

e
0
0
3
]
3
:

|

JUT 3.9 LAT0MARDUMAITULSIEN
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3.16 25N15NAABY

JUNDUNITVAAILAASIUAINT 3.1 Tneisnvazdunninaluil

Metakaolin Tuaveslwdeylaasenlod asazans ls@menudamna
(10M,12M,14M)

| |
'

pauludasiaiu
(1:1.2,1.1.6:1,1:2)

.

4 X
pearuiisvuzl
(S/L: 0.85, 1,1.15)

!

131 7 1)

i

EGERR LG

v

a3l

JUT1 3.10 Tumaunisvinalelnaies

ansazansdanlauilylunisdunssalelnawesUseneunsansazareluioyle
asenlen (NaOH) wazliieydaing (NaxSioz) Sunieulagisnsesil

1) nswnseuansazarsleioulansenlen (NaOH) 3uRInANSHANTDILT g

NaOH futhazen wazniulaentu andulaseisliduman 24 0 Wielwlnansazansi

[V v 1

TPNULYLVURIUADINTT BILHT8NENTAZAY NaOH NAuLa 10, 12 wag 14 luans

2) SRS euaNsaratgeanlay Unaisazaiy NaOH Miassulinaunu
ansazany NapSios menisniulvndwdunan 30 uil Inelednsnaiuves NapSiOz ne
NaOH 1y 1.2:1.0, 1.6:1.0, wag 2.0:1.0 Aua1suvaIUSLINT

nawmseuarsaratgsanlaunuduneuilidunssuiunsidndmsunis

Y] = a = ! wa a a ) an ¥
dupsevilelndwes FainanenmaudinasUsgdnsninuesianile
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U 3.11 Aindsluiin
3) WANSALANUANN LUHNANAI L UDINALANS
4) LAULAS DINANAIEAIINLSAHY 140 r/min £ 5 r/min 10uk3an 30 Juni

(%
a o

Ansluneuns wareramauwstumuwuNaluesasway wanTandniunauasiuens

U7 3.12 mInauasazany

5) wgaLAsoeNa waziUdsuausaduaiusiuiunats 285 vmin + 10
/min 10ULI81 30 W
6) newaseanaduan 90 Fundl luwis 15 Jundl wsninyeansiifinveuens

nanashisuuiuAlue a1l dauinananay
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gﬂﬁ 3.13 Welans

7) LS B INANAIBALEIUUNANT 285 rmin 10 rmin lWIAN 60 Fund]

8) n&sanuaNansmimasuuasisonls Tnouuanswdu 2 $u

9) luduusnlhansinauuasmadluluuvaeun 25 us. (Uszanaaies
?Jaqmmqmuwéa) LLgaﬂisﬁq 32 a%3 1w 4 seU IfﬂEJLwiaziawzv‘imumﬂ%ﬁuuazﬁu way

¥ 4 4 < ' ' P v 1 '
noaNTElMasa 1 ¥oeneudavenseyvewmely

(n) iauﬁ 18y 3 () sa‘uﬁ 2 1ay 4

U 3.14 gUuUUNSNTEN
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o v g g SOV PSS TR g v
10) Wanseyaaiannyes Inuesannivielaasludndu a1ndunsens
witlouduusn Wenseyaasaluluinisanasiausenuasunslauiivsey vmilouiunn

YOIAUATU NTUABUUUFIDYNNAFDU Q%Gl@\‘iﬁ'ﬂ%lﬁ%ﬁ]ﬂ?%ﬂﬂﬂﬁ’] 2.30 W

. —

U7 3.15 M3nsenaluauase

11) ‘Viﬁﬂ%’]ﬂﬂa@LLUULﬁ%‘UL%‘?JUiEJEJLLa’J ﬁWIULﬁUI’JIUﬁ@QUN%‘u‘UUFﬁU 24

FUIA39YINI500AkUY ket lluNlungE 1A UASUSEELIANNNDINIS

JU 3.16 MIULTUIY
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12) NSNAADUANRIDNYDITUI UG IDEN

13) WaATUDIENAADUA LT MNUALIATI98 19T I T NUAL TAYWIAYDIR 1814

VGEIY
JUN 3.17 Mm3dauaginduany
14) ihneunegeuluidlveynsagainaisvasilunageulasiafsuwunalvduds
TURID979819

JU 3.18 MInaaeufaaTuLsien

15) NUUTAALLTITAAIBWIINALEALD JUNTLIIFIDENAANITIUR WsaUTUTN

[ !

MAITULTITNFIgAUDIIIDL N TUNURATAN BN TIUR Yayaruiaunsilagsuiaueeiign

= LY - S a4 Y o da! ' a o ¥ oo ¥
“?JQM&J’]EJ?YJ'W’J']Lﬁu{?ﬁ\‘ﬁ/lLM&J’]S&&WIQGWW@Lﬁ'u‘Vlllﬂ'ﬁ%EJ%W’NLQ@EJG]'@@Q']ﬂﬁ!WU@HﬁVIaQLﬂﬁﬂ,ﬂ
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3.17 n153As1zvasadsenaunIneE

N53ATIEMeIAUsEnoUMUNElY A NNI5UBINTSIA BLUNTBISIE LB Ny (X-Ray

Diffraction, XRD) &4.inannn1sisaddnensenuiasideiivuiioniungn lagguwuuueinis

Beauunguannszuanizasiiudnvazianzyeunazans lneltunaunisneaaudiail

1)
2)

3)
4)

5)
6)

wsui0e9 Wanafesadlurenisesgunnlaniiesaaud
wispuKeens laununsvannanasafsksiiesslugunsalladosnduuuas
Sau iielvlaiuiafiseusasiinnumnuueiiaue

Ansasosns UseneugunaniladesnannfuganisiessnuaginiuiniesxRD
Fnsiesen sndunisiassresauszneumanalnesinimnsifines dil
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4.2 n15ATIENVYA (Data Analysis)
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Relationship between Density and CS
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Correlation Plot: A, B, C & Density, CS, Porosity, Setting Tirlnée
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HTC Distribution Q-Q Plot (HTC)
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3D Surface Plot of Actual CS
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3D Surface Plot of Actual CS
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Mean(|SHAP value|)

SUN 4.22 anuddyuesanvay SHAP vaadadedlelndiuesumanledu

nsdndufunnuddyraswiauiniea SHAP fiwandluguil 4.22 nunduds B
A1 SHAP Ladguuuaduysnigeiign sesaunde C uag A nsdndusuiluandyiiun B 1
Faviunedi d8nsnauni aanenadnsvesluaalunisaianisaiaiidads Fardu N1
Wasuudamewhuls B mamazhlnanddedailuearmeiinsdsuudasinnims
Wasuuadutimaumiifugesiauls C vide A win C uag A axiinanonisvhuemuiu u

NanTENUTvuIaanNEasuiU B
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4.2.10 BNUNIN SHAP

SHAP wanslmiufuUsBunauaasffidnsnanoniiasdafivinuiele
aendlslunniiosnsveya Insunagyn WNUAIYEY SHAP dmsudiudsiasvayaaniznily
518113 #Y099ALAAINIA1YBIAINUT U TATUNUIALLAY X LAAITIANIILAZTUIAYEY

NANTENUNINDANSYIUNY

High
B:SS/SH i : 8 1 ] T O POt v
©
>
C:S/L $ : SO e o o 4§52 v
=)
: 2 L3 4‘-6
A:Mol i s 3 ° g § §ede 3.401 le._)

T T r T T Low

=15 -1Q -5 0 5

SHAP value (impact on model output)

gﬂﬁ 4.23 Nl SHAP wpA SHAP Lade

a

Fauansluguil 4.23 naml SHAP miseuan SHAP 1nde uandlmfiuaiadediidvdna
wndigafie B 5e3a%nfe Cuag A N19n032918521189A7 SHAP 195U B finaevisludie
msvanuazay agneulyiiudmansenuiifinuguisuasiuey fuuiunnenidsdad
yuela lumenssiugiu C uaninisnszaiedaiiuaunauaglnanuouinnai vevenis
Svdnaluseduiunans dwdu A wugduuuiidaaunaiaiuusuluaids (molarity) 7
93y (9nduns) Fuuwalundiaglnan SHAP iuay Feusdannisifiuauivutuyes NaoH

e luvinluaniassnanas
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4.2.11 aeundawssndnaluwnazianls

WA lAlTNaN LT AYdnanan1TYITUNeAINa 8 ATeluLAE
pe139ls Felmluts SHAP summary plot ikag Partial Dependence Plot (PDP) PN @095 I
¥ a = dl d’j L ! a o L U a
YayABaNTNaNYUiY 1ng SHAP 91888U18ANE1ARUeIR L UTHaE IANIaINaNTENY
Tusgaunisvituesediess TuveN PDP WAAINANIENURNAIWIAL (marginal effect) ¥4

wRaziUsnaAYIWIsasTadlunaiiaaIvesiUstuUasuly Tnensaaaindsdulinei

~
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~
N

Partial dependence
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| | | | | 1 | |
10 11 12 13 14 1:2 1.4 1.6 1.8 2.0 0.9 1.0 11
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JUT 4.24 Aaudeussiifinaluwnaziiuys
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a [ A ! LY a o o ¢
HANNTIATIZVAY A1AULDTINENa luwnagduUslugu 4.24 uansauduius
sEvemLUsBunananiuamMasdailunavitung laeassanfauusdulyesi wuan B:SS/SH
wanauululiuuesnaiiowiion B gelu azneulnwiudsunuimd dyvesdndiu
Sodium silicate m@ Sodium hydroxide nan1stiaUsEaNTAINUNT81 Geopolymerization
LAZNIEsHALLT s aIlATIATI98 N-A-SH Yaus?l CS/L wanImnuduiusidauan
Uiy wATUTUITUesNIT Tneusti1nIsiiudnTauveIesdmeundwmalnigsn
d’{ ! ' ! o ord U v ‘d‘ v a = ' o v OI
gausespaaLdunesly d195u AMol wupnuduiusiidugusyd Tnedinfiddnsgnsn
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339 12 T Rt uianuey wandlmiuiinuuuuyes NaOH dnansenuialuids
UINkaraunaNsEUINNTSara1egankazergiunludisen sl Wefiarsansiuduna SHAP
zwdududnvazlaian1weINansenuveIunardILUslnesdniau FlinudiAgyne

nsinuagasHatlarn1sUTUUT aunauiaiiuauURdnavesilolndwes lunsidouas

ASIYIIULDTY



119

4.3 NTNEINTAUAIAITULIEAYRIAUNINT B lNAWNRTIYNTSISEUIVBILATEY

mﬁLﬂﬁsﬁ‘disﬁ%%mwmaamei’ﬂaaqmsﬁauimaam%a UAUNIUUY
vLﬂyLLﬂl miamamﬁqmyu (Linear Regression - Li), Random Forest (RF),
AdaBoost, K-Nearest Neighbors (KNN) k@ ¥ Support Vector Regression
(SVR) Tun1snensaiaridsdnety 7 Yuvesnouninilolndiues lnslvveya
NAADIINGATHAY 4 9a FeUsznoumsiiuUsdase 3 dalu 3 szdu Tasfuua

(%

' a M = ¥ = ' aa o
ﬂ’]WWiW@JLmaiﬁuaﬂﬂ’]ﬂiﬂug%mLﬂiﬁ)ﬂuLLmamﬁmu

A1514 4.3 WISAMDT NS IYYINUNgNE

Models Hyperparameters

Linear Regression (LR) LinearRegression()

KNeighborsRegressor(n _neighbors=
13)
SVR(kernel='rbf', C=10,

K-NearestNeighbors (KNN)

Support Vector Regression (SVR)
gamma="'scale’, epsilon=0.1)

RandomForestRegressor(n_estimat
Random Forest (RF)
ors=16, random state=1)

GradientBoostingRegressor(n_estim
Gradient Boosting (GB) ators=30, learning rate=0.1,
max_depth=3, random state=42)

BaggingRegressor(base estimator=

Bagging Regression (BR) RandomForestRegressor(n_estimat

ors=12), random state=1)
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4.3.1 N15A5298UUTTANTNINVBILUUINABIN2895 K-Fold Cross Validation

K-Fold Cross-Validation tfuinaianisa uia08136 1 7 il eUseiiin
UszAnSamuasuuudiasinig 9 Immmqsqm%agaaamﬂu K ﬂfrj;lIEJla‘El viaefiFunan "folds"
dielulansussidufiundefionntu aruduanmadnsvasnisly K-Fold Cross-Validation
funuudaesiia 5 wuu Taglunsdil gaveyagnuuseanidu 10 folds lelalunssuiuns
prvdeuLUUlIINARNEYDY K-Fold Cross-Validation finaggninuniadeifiolvlanifdie
UsgAnsnmiiinanfien Gﬁqsﬁwamaﬂﬁﬁmﬁ]Lﬁmﬁ'ﬁumﬂmnmq%@yjaﬂumﬁmmsmwmaau
Fsafaden mssiiuanssznaumeninig q AlnainnismmadeunuuTanuaagiing
K-Fold Cross-Validation Ingluunagngu azgavaaeuiaslnazuuuaiefdian 4 L a1
Rz andananafiuslevulunisuseifiuanununiu wazanuaiunsaluniinszatves
LUUSIR0aTUATEYALDETNHASNEUBININTINABULUY K-Fold Cross Validation sinaggn
tinadediolvlaaidaussansamfiesnife Susanoaifienaidatuminlsnisuus
ynvayadugainuazyanadouiiivsndudien

nsUszifiudszAninmvasluinanisiiougveandes 6 3ULUY taun Linear
Regression (Li), Random Forest (RF), K-Nearest Neighbors (KNN), Support Vector
Regression (SVR), Bagging (BG), Way Gradient Boosting (GB) 1 olyimada K-Fold Cross:
Validation (k = 10) glnlammmuss fidosuaraansddsmnnsquuumeyaaiuandly
unazwaarnniu Rz vie manuuiugestuea Wodanailna 1 Tasluunas nquay
gnvageuLarlviazuuLeuidTa 1w a1 R duussAvinisdndula a1mna 9 wiandaely

MyUszEivANEMUNILYBILUUTIABIarANN@In s lunsTR LU UYATeYREBER1S 9
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AN5199 4.4 N15M5I9@U K-fold Ae R?

K-Fold LR RF KNN SVR BR GB

—_

0.2263 0.7644 0.7580 0.5389 0.7214 0.7057

2 0.1484 0.9400 0.9326 0.6587 0.8646 0.7818
3 0.6965 0.8366 0.8177 0.8539 0.9043 0.9478
4 0.3385 0.8069 0.8170 0.5093 0.7145 0.7746
5 0.1605 0.8857 0.8975 0.7556 0.9215 0.8663
6 0.2174 0.6917 0.7121 0.4830 0.6197 0.5781
7 0.5192 0.7021 0.8179 0.7534 0.7708 0.7457
8 0.3940 0.8902 0.8987 0.6815 0.8815 0.8234
9 0.2795 0.8831 0.8386 0.6990 0.8707 0.8612
10 0.3372 0.8986 0.8853 0.7103 0.8934 0.8954

A9 4.4 LEAIAIAZLUY R? 91Nk K-fold cross-validation @115
lauaan 199 1w LR, RF, KNN, SVR, BR, wag GB lagLnaz19Un1svadaukagnIsinnziuuas
gnvidluwmaz fold nan1snageunandlmiiuiaanuudsusiuiinidluen Rz voslumauis
#1 19U Linear Regression (LR) tlay Support Vector Regression (SVR) §siaiulinanity
wUsUsauvesveyainesnwin lneaaniz LR Jaauyfnmiuduiusidudauddumanyan
o U > U U Kd‘ U ¥ i a L dl -~ dl = !
dwnsunisiumuduiusndureunaslududaauiinuluveya aaed SVR fanuligne
wfiwesiuiunmwaznmsususnanuautfsuns Jalnnudymiugaveyaiidnioly
auna Feviiinnsviuneflumangay Yusgiunisnszangveseyaluunas nau Tunis
naunu lanayA333 19U Random Forest (RF), Boosted Regression (BR) Lag Gradient

. 9 ' P a D = < '
Boosting (GB) @1311305n1¥1AY R? NgalagAaiiinngl Feua¥ieanuudaunsauagaig
VUNIUADBARIINNITEUAI8N HadnaalliuugIAudIAyveInsly n1seeniuung
A ¥ N aa ! g 44' ¥ LY o % =
NAADIIlATIETIN Yie Bsauuuuwudy Welniulavweyailvlunisineusudinaudu

AUNUNRYDveaaLe BavyigiiuaNUuLeliowazUsyansamlumsinevedung
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fn1sUsefiudeuiisulumanisioug vouas 09 avn tauwn Linear

Regression (Li), Random Forest (RF), K-Nearest Neighbors (KNN), Bagging Regression(BR),

Gradient boosting (GB) waz Support Vector Regression (SVR) Tnelaadad Tn R? uaz

d 2 a a ¢! o o U a ¢ a !
RMSE wiiaInuUse@nsnnlun1snensunn1asonvadla maiuasaoulndn a1 R2 way RMSE

Plannyaveyaiinaeu uazvadeu uandiwiuisnuanisavesiumauwnazdtunsviueg

NalAae19uuen

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

O P N W b U1 OO NN 00 O

R2

0.92 0.89 0.91 0.88 0.91 0.89
0.83

0.65

Li RF KNN SVM BR GB

B Train @Test

UM 4.25 mailSeuifiaunsinuneauulansavesidnae R?

RMSE
8.41 8.51
5.87
4.37
4.06 3.91 4.02
313334 L 334379 368
Li RF KNN SVM BR GB

B Train wTest

5U# 4.26 Mswl3euilsumsviuneanundalsweussdnnig RMSE
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MNHaN1TIATIENYsEAnS nmvasliaalun1 e INIAIANLALLTSR
vosilolndeslngledatin R? uaz RMSE WU RF Wwaw BR uanskadwsiiusuguasdai
arnauogefian Ty RF Inan Rz Tugn ousy uasyavagoy Ay 0.92 uay 0.89 mud1dy
uazA1 RMSE milandl 3.13 gaflneus way 3.34 Tuveyamsvageu wansdsamannsaly
nsviunenalad Tuvasd Gradient Boosting (GB) Afiuszansamgs Tasan R2 Tu woya
NAAay WU 0.83 waz RMSE agluszdusinauiy aonnassiu BR A1 R2 uay RMSE
Tnatdeety wansdmuunudiuaziadesnimaasduimauuy ensemble learning lumng
nduiu Tanea Li wag KNN Tunadwsiisnfian tne Li fian Rz dnannvisly ganiseusy (0.42)
LAY YAMAAY (0.65) N30UAT RMSE g9anfl 8.41 wag 5.87 vaizdl KNN LAAIDINTT 113
Bouganzazaiureyainfiunifuly dawu (2 = 0.91 dwiu yan1seusy uaifies
0.2 dw¥u yamadoy  uawdl RMSE gaila 8.51 dwidu niseusu SwuansdsnisiBougianiy
voyafln lngluausaUssananaveyalualad fedudeazlan RF, BR uaz 6B idulweadi
wanzaufiandmummensaaAumLLSnvesilenAiue sainvayamvaaes luaa
WUy Ensemble 8873 RF ua BR dUsgAnsamniianiluaiuauuiuguagnisania

4 & A9 Y g o= < ' e v ow = a ‘¢
AAALAREY FITLLAUNIAIULTILNTIVULAA LN THEINTUAIN 98 AVBIT L LNELUB S

4.3.3 n15Us2IUUSZANS ANV ILUUINAD LD UIE AN LTILTIVDILTIDA

UsvAndamvadaaa lndumsussidulasFeudisuanidadailaanns
naasstuAliAayinue Yssavsamueaunazlinauandlusuiuy n51mnszane (scatter
plots) d1muTayAYAN LALYANAGOU NIBUAUATITILATAINTITYIUY UATYDULIAAIIL
De9LuU +15% LouanseAUALIILET NTWINTEANLLARL A THILANIAYILELRUS TEMI19A)
dsdaiilaannisnaasstuafiaanisalaanlung ﬁm%’uﬂgmm%mgaﬁmmwmaau e
UssdiununaslunaanmsangnsaaiiisalalnaiRssiuaniannuosiiodls 2naud
ihduuansdsailieariuisangaveyaiin auauuissduniuansailuaariuiean
ynveyanadoy duUsEAmuanaaunsannosduau dwiuyein vasiiaussddnans
LguéyﬂﬁﬂuqmmﬁﬁﬁﬂﬁmmLﬁﬁﬁuémmaaaﬁﬂ (y = Lguqmﬁﬁwﬁmumamwmm
AAALAREY +15% TDUALD19EY Belaiurismaruuugifisensule nqnveyadiule
oglnalaudideuazegmeluvouiun +15% wforTlunaiiruusuggauasinuauso

o QIIQI
Tun1sviuneia



Linear: Train & Test
y=0.42x +4.10

RF: Train & Test
y=0.90x+0.71

R?=0.42 R?=0.92
10 10
@ Tain Points @ Tain Points
4 Test Points 4 Test Points
== Best Fit (Train) == Best Fit (Train)
=== +15% === +15%
81 --- -15% 81 --- -15%

=== Diagonal Line {y=x)
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=== Diagonal Line (y=x)
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Experimental Experimental
KNN: Train & Test 5VM: Train & Test
y=043x+3.91 y=079% +1.51
R?=0.42 R?=0.89
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Bagging: Train & Test Gradient Boosting: Train & Test
y=0.90x +0.71 y=0.90x +0.71
R?=0.97 R?=085
10 10
® Tain Points ® Tain Foints
& Test Points 4  TestPoints
—=— Best Fit (Train) —= Best Fit (Train)
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JUT 4.27 nsvhweauulanswewsamewuudaetUiouiiou 6 luwa
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SUT 4.27 (n) Tanma KNN uag Li fianauusmusis (R2 = 0.42) lnsiaunisannosd
Arwdust wansiennuduiusiuroyativiiues uastinagveiddatigdlasinana
Huae 4.27 (@) Twea RF fseAvinmgs Taglann R2 = 0.92 uavaun1snsnnnasie v =
0.90x + 0.71 Awhusalngoglumis +15% wanadanuusuginagnslyaulafvaly

sqmﬁﬂuawmaaugﬂﬁ 4.27 (A) wae (9): Tama KNN lamn R? = 0.42 wag SYM Afluszdvdam

7 Tnella R2 = 0.88 uaw 0.89 MUY gﬂﬁ 4.27 (3) ua (2) Bagging fuUsyavsawasanln

Y 9

o w

dums y = 0.90x + 0.71 @ BG ln v = 0.90x + 0.71 gl R2 = 0.97 uaz 0.85 ALE
weanslunalvawinglnaaugauad y = x uaslinndsavufisadnuos sy
i RF way BR uansnuuiugilunsinglasnalunailalewuusay seredaau tne BR
LﬁquLmaﬁLL@Ju&]’ﬂLLasL%a5@15mﬂﬁﬁjmﬁm%’umiﬁwmSﬁwé’ﬂé’miuﬁqm%auuaﬁ MTATIENAe
nsMnsEane (Scatter plot) wandlvifiuainanisnensaian RF was BR duwilunlnaldes
FUAIINNTNARDIT3 Imaqmﬁgayjaéauimgaavjliuﬁmmﬂmmm?{au +15% WadWowalt
fusundane3su RF uay BR nussdvdamiinlunmsnernsainidisnvesdlelndiuesnon
Tnde

wamimaaqLLaﬂﬂmﬁmﬂmmamsﬁaugﬁuaqm%q TANULINANUBY1UINIUANS

=

o ' o U U a a ¢ a o ‘NI " ! a ¥ U
Muneanaednvesdlelndwesaeuniafiony 7 1u laglunad luly@uau aunsadu
¥ Ao ¥ Yo ! N P v & 2 % d' v o

sUsuuveyanduraulafnIluwaduay deiu nisidenlylunaimunsauiudnuaeves
nineaesdadudsdrglunaiiuanuuuugivesisyiiuie Tuussalumanivun RF uay
BR wannan1svinunglaffan laen RF 4a1 RMSE finiga waglunavinuieiiuuuginan
1eTUYAINABIALAADU +15% A1NATTTI NITIATIZRLHUAINNITZANE Gatuduinluna
RF ua BR anusadusiilunvesuayanaasslnesnawugl lnefinaainaiouiisadnues

Lanafandld@AyreinTly dana3Budugs Wen1sviunenuuudl wagwuzinlumawuy

(%
o o

ensemble WanzaNpg 1 Bd@wTuNsInulAgeIiungAnssiiandureu wulunsd

9993LalnauasAaulnan
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4.4  A158519 Bagging Model lagluniseanuuunisnnass

A158319 Bagging Model Tnglan1seanuuumsnaasstaglynisesnuuy 3 wuu laun
Taguchi G’ﬁaﬁﬁwuauﬁaga 9 99, wWUU CCD 9113 15 90 Uaglhuunayl Taguchi-CCD 3117y
18 9a gnandunis Inensiiasenaza auulud auanunsnvesunaslunalunis
wennsaniuUsidasn Tnglagnveyadmiunsiinduiassaveyad miunsmaasulasu

A¥NITINTUNUTULN 4 U wazIALadY

Taguchi experiment Taguchi experiment
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Hybrid Taguchi-CCD experiment Hybrid Taguchi-CCD experiment
s H .
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gﬂ‘ﬁ 4.28. NM5YNUNIANLLTIILTIDANIBNITODARUUNITNAADS (N) N1TBBARUULUY Taguchi
Gumsqmalw; (V) NF99NLUVLUY Taguchi ¥a3yanagay; (A) CCD Guawmmlw; ()
CCD v29y¥ANAdaay () Taguchi-CCD wuulausnvesynasalyl (@) Taguchi-CCD

wuulausnveganagey

wluNYeIAINITHEINTNAIRIRUSANE SR Tuunazlung Tusun 4.28.(n) N3
PRNLUUNITNAABILUUNINTVBYANITOUTH @31903LAA Linear Regression (LR) Lan s
Useandnmluseaudiunats vaglung Bagging Regression (BR) AUsz@nsnmanan LR 7
Wun1sviuneuuulaunss lua Gradient Boosting (GB) WamSWaadnslagsiudif unaziung
' - P o v ¥ - ~ 1 ' '
YRANANTNYINTUAAAIU TUN 199 5aUYIN Random Forest (RF) Anuiafiesuasnin us
famauanatienuunenelunisnensa lugun 4.28() veyanismageuliiea LR day
¥ ‘& ‘a =~ = ° !
WUSUTINUNG uaikansnan1sneInsanavuluu1ansal Tuwa BR daisainaueunnniiay
= ‘A A A ¥ o a a A ! oA
LanafaN1sHeNIUNGetola GB SinuaniUsedninminfeynotiios lagnanismaaey
wanswaluaifngaimdnues Tuvaed RF fuszandamatulunsdi uansduiuiiaay
wdgslunisnensaluvanensdl lugui 4.28(m) N1580NUUUNIIVIARBILUUUSEANAIUNANS
Tuna LR demsuansusz@ninmszauiiunans wnneziimuadoslussaunis unddmy
ANUWUTUTINEYUI Laaa BR wansmuaiauafingy wseuvsdianuaunsalunisialy
o Al ' ‘:1' = ¥ o Y o v “da
LAZALLNUEINFINTT LR vaue? GB Tuwiluun13vineunaeiu BR Inguaninadwsid

a ¥ I~ ° & ¥ o ‘da ' A o« o
Laﬂﬂ’imwiuﬂmmmmayja RF llﬁ’J'uJall']Lau@mqﬂsﬂuuagiwmaav\lﬁm@ﬂ'J’]LlIE]LV]‘EJ‘Uﬂ'UNaﬂ']i
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a a2

naaaslukuy N7 Tugui 4.28(9) Tuiea LR wansauadnavenavuluyareyanagaey

lutaa BR dUszdnsand wansdennuaiuisalunsialuniivsedniamainyailngyn
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AE0U GB INaanstnatAeInyu BR TnganInadnsNil@nesn1nLkuazianunuUsusiuluung
nstfn Tugu 4.28() n1seenuuun1snaaed wuu HTC Tuiea LR H939n15wensaiinag
Junsouiunaansnvullelidnuiuveyaiudy wurzdmmuauwlsusiueginiu luna
BR wanamnuadesnan axneudsusednsnmanudansslunsdaiulvey GB uaniwanis
S ¥ s ~ A ) aa o Aw a ' Ao ' 'Y
e NIUNR Ingluainisnensageaiandieisuiunnis wiunsaddlnfainineyuls
RF wansmuadianenfdy lngdnuiuveyaiunndumeiiuauatesiasUssdnsnines
luina Tuguit 4.28() laea LR wansUszansamszaudiunasuaziiannuanesnadulunis
S A = ~ ) aaa? 1 Yo ¥ P
wensandowSeuiieuiunsaiiiiveyaues luna BR anwwalad deneufsniuaiisaly
n1svatuanyadn GB daduadnaualussduiia nauduaiauaiusalunsneInsud
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4.4.1 nSUITEUNITNIUIBNE

nsandunalaglynismeasdlusuuuunia luunazanaziinisasneliuvau
Puun 4 3 lagazinnal WWasiaduea lugliuunegie vieiiunnuudeiiouasaiy

v [y
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a0 maFeufieudsgdniameedinaalunsvhuisaidsdelafiansamadanisidous
youndesEuUszan taun Bagging Regression (BR), Gradient Boosting (GB) w&g Random
Forest (RF) Tnelyununisvaass Taguchi, Central Composite Design (CCD) Wag Hybrid
Taguchi-CCD (HTC) il eassgavayadinsunsiinuagnismaaoulunisUszsidulueanis
vungeindsdaegsiiusavsam

TunmsUsuidiunansnennsavesiinng Tofdandn 2.a1 laun A1snues
AR RS AoUDIAIINAaIRLAA Y (Root Mean Square Erfor: RMSE) waza1duuszans
nsadula (Coefficient of Determination: R?) UszAn3nmgsgauasdanaisunaious
yo91A3as (Machine Learning: ML) luszezmsiindu lasunisusulmmnzanlasnisuuae
%@yjaaaﬂL‘ﬂuﬂq':uéasmmuwumwmaauwu Taguchi, Central Composite Design (CCD)
way Hybrid Taguchi-CCD (HTC) e?faﬁﬂﬂzjmﬂ@iumﬁmmymﬂaﬁLL@ﬂG{NﬁuaéN%’mﬁm o]
Iumamsf%augmmm‘%aqamﬂizmm laun Bagging Regression (BR), Gradient Boosting (GB)
wag Random Forest (RF) ”Lmygﬂﬁﬂmﬂizqﬂﬁ%ﬁuﬁuLLmumimamﬂgmmgULLUUL‘W@
UssiiuuasilSoufloulssaninmeaunazinadalunsnensueidsavesdlelnauwes
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Model
Training data Method
LR BR GB RF
Taguchi  9.52 3.46 3.01 3.07
RMSE CCch 8.43 3.15 5.99 3.02
Hybrid Taguchi-CCD design 8.06 3.35 5.56 3.3
Taguchi  42.68 91.59 94.87 95.12
R? CCh  37.47 91.73 70.13 92.41
Hybrid Taguchi-CCD design 42.69 90.81 74.62 91.09
M54 4.6 YaviaaeURTTTedFynnana
Model
Test data Method
LR BR GB RF
Taguchi 5.44 3.01 3.55 3.92
RMSE ¢ aW— T 3.47 4.9 a.71
Hybrid Taguchi-CCD design 6.48 3.79 4.92 3.06
Taguchi  60.75 90.72 87.24 84.43
R? CCD  59.95 87.81 75.68 77.54
Hybrid Taguchi-CCD desien ~ 58.61 85.47 75.50 90.50

NVOYALUATITIT N 4.5 war 4.6 FuUTeuisulsedniainvedluna

Linear Regression (LR), Bagging Regression (BR), Gradient Boosting (GB) Wa¢ Random

Forest (RF) TunsnennsaiAIANUAIULsInuesdlelnduesniglanisesnuuunisnaaes

WUU Taguchi, CCD wagkUuna Hybrid Taguchi-CCD WuU191NN15ATIENNANTTU TSI

lualuLAazN15eNLUUNITNAGDY bALN Taguchi, Central Composite Design (CCD) uag

Hybrid Taguchi-CCD wualunailuusednsninasan aA1Auuaugl R2 geign wazan
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RMSE #nfign lunagnsduananstuidnuesnudnumzvosavonaiilslnuaznaaoy
melan1seanuuuuuy 103 luna R uansUszAnsngedigalugeiln Tagluan R2 gadls
95.12% wazA RMSE A1fl 3.07 59931778 GB waz BR 3adseglusyiuainuuugiia
Turaueitluganaaey Tuaa BR wansmadwsifian laglvan RMSE shandl 3.01 uag R? geds
90.72% uansdianuam1snlunsviuelad dm3un1I0enuUTLUY AuUsraunans
Tunadifiuszavsnmaiianlugailnde RF Tngln R2 geanil 92.41% uax RMSE fandl 3.02
Turaug?l BR Seaslvalnalfes anlugamaaeu BR Saaslvial RVSE s1fian (3.47) wag R?
asfian (87.81%) lunquil TunsoonuUULUY Hybrid Taguchi-CCD, TainadiluyszAnsnn
awaeluyailndsaadu RE aaean R2 9 91.09% uaz RMSE 7 3.30 lugavadou RF Suaning
Ffiamauitu Tngluan R? gedis 90.50% wag RMSE il 3.06 lana LR uansUszandame
flanluynyaveya lasanizan R2 lugaineylusis 37.47-42.69% way RMSE gils 9.52
(Taguchi) aznoufsmnulusnzavastunaduaudmivvoyafiarudusouarlndy

Waau Tuwawuusaulaun BR wag RF ndnuuuugiiaziadosuiniiganitugaidn uasyn

NOFEDU
RMSE
7 ¥ Ccb HTC
6 5.56
5 Taguchi E 49 411 ﬁ 12
3.92 LT 3.79
4 386 37 e 3.47 33533
3,01 5,01 o] 31ml3.02 L1 T [ s06

3 11 L_a 11 L.

1 1 11 L1 | -

1 1 1 1 1 1

1 | | 11 11 11 1

2 1 | - | 11 11 11 1
1 1 i 1 i 1 1 ':I 1 . 1] .

1 1 1 1 o | 11 1

1 11 1 |} 11 1

L 1 11 11 1 1
0 1 1 1 1 1 1

Train Test Train Test Train Test
F1BR @GB FRF

E‘Uﬁ 4.29 ﬂ'ﬁ‘l/?’]'h!’]ﬂﬂ']’]llLL%\‘]LLNGU@QLLNET@ RMSE 910115980 UUN1TNARDN
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4.29 warUM 4.30 WA RMSE kazA1 R? ANAEIAU d§IMSULNUNSNAGEUY N7 WU

luina Bagging Regression (BR) wansnadnslnfaan lagian R2 gadia 91.59% dwsuyailn

v A

uay 90.72% dwsugamaaeu Snitedeian RVSE sitanlugmnadou deuandlmfiuan BR
dulinafifenuuidedeunsiiussansnmasannelanisesnuuumannaosuuy nnilu
NTElYUBILNUNITNAABILUY WUUUTEaNaIuna luina BR SeasfivssAnsnrmmidonn
Gradient Boosting 1a¢ Random Forest Tnglaen R? 4909 91.73% dmiSuyailn wag 87.81%
dsuganadou wewvailan RVSE aglusedushvisaesyavoya uandlmitun BR iulawea
Avsnzaufiand mun17eenkUULUY auUszaunaty dmiULHUNITVIAABILUY Hybrid
Taguchi-CCD (HTC) wuailuaa Random Forest (RF) udnswaniswennsailamiieniluna
3u Taglaan Rz galla 91.09% drmsugailn wag 90.50% dusuganadoy asnoudsany
uiugmazanuannsolunistiluvedinnaladuesisd Tasdian RMSE gl 3.30 dufy

o w
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La‘wwmzmﬁ’u%auﬂaﬂﬂﬁmmﬁulﬂ nsUssdiudieuiiteulaglaluma Bagging Regression,
Gradient Boosting hei¢ Random Forest LLamIVTLﬁuﬁ n1seRALUUNITNAaRILUUlaUSA
Taguchi-CCD aufuimnaiia Bagging A RMSE G‘ﬁ‘ﬁqm wazmadulszansnisindula (R2)
qqﬁqm TneTanalinan RMSE wnfu 3.01, 3.47 uag 3.06 LazA1 R2 AU 0.91, 0.88 wag
0.91 dw3U35 3, auvszaunans uaglouda Taguchi-CCD muddulilenaaeauiuyn

VoYM
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Actual vs Predicted Values (Best of HTC) Actual vs Predicted Values (New BR model)
90| & Tan R:Train =0.91 L 901 o Tain R*Train = 0.90 .
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JUN 4.31 qumaawm/]qmmmmufuqLLiﬂumswammemaaqmwﬂwmmmimh
AUSUIBNTONLUUNITNABDIRNEY: (1) N1T88ALUY Taguchi; (U) CCD; () HTC;

(1) wuushaes BR Tu

‘d‘ ' | gj = ' o U d‘ ' = o U
NFUT 4.31 wunlaanisngInsaviavsaiianuwiuglussauiuianeladmiu
Yaveyarn lagafingnsalaainynisinisnseaneireenmuikuulnadiuiaunieyugay
AR Neluyailnuazganaaey JanddedssansnmiinvedlunalunisiiasngAnssuves
vaya luaa New Bagging Regression (New BR) imundulvy wanausz@nsangsgaiile
= v ax ¥ = ' A Y ¥y Ya o ' a !
Weuiudnand s Tneaniglugnveyanegeudsninneinsalaiiniulnafisaiuanazeesns
1N viaeneg lnalaunLeWHaANAR UITRIANAIN1TAYBILIAR LN THEINTUVBYANTT
nagauiluaeLiuIney MsUioufisuUszansnmvetnaziruntsmaaedunsneInso
AN1aa8n andunisiegleaduusednsnisanduls (R?) dusunaeidnuasyanaaou &
Tuea BR Tnuiulven R2 gegaluganaaeu wansdeaussauglunsasuuuinaaianunse
Tyamuiureyalnalnog1auuugn LIMUNENIINAaRILUY YT kae HTC lvnadnsif
1Y) ' ' Y e o= a A ' '
LATALAANUTENINYANNLAZNAROU WAk HTC wanslumiiudsanuadiesnuinnii aiu
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aulszaunans wuvzlvan R2 geluyaidn wnuszdnsamanasdnuegluyanaasy Ay
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IUﬂWiﬁﬂ{JJ’eJﬂﬂa laun (n) n139nUUY Taguchi (1) CCD (A) HTC (1) wuus1aes BR wuulv

v o a

lnglyvayain HTC luwnagnsmazuansaningwailaainnismaaswaudiled A

WUUTIARWINNEEUUTEARAY KAYAIAILARIALATOUAFUITY dIMTULAAZAIDENY

BR-Taguchi (Training data) BR-CCD (Training data)
80 80
60 60
E Experimental E —— Experimental
= 10 --- predicted = 40 —--- Predicted
n ¢ Residual n + PResidual
6] ]
20 20
. * * * * ad *
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N BR del (Training dat
RF-HTC (Training data) ew BR model (Training data)
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JUN 4.32 A5 NUTEUBUNANIITNARDIEINTURUUT 10D IUALYAY DL AYBIVOY AT b7l

LANANaTY (n) NN599NLUY Taguchi; (U) CCD; (A) HTC; (1) Luudnass BR Toag]
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lunsdin1seusuveya JUN 4.32 (n) BR-Taguchi Amiviunedwwsluslnaidegsiuen
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UsgdnSam 5U 4.32 (9) uuusiaes BR Tny ﬁﬁﬂg’msﬂjaga HTC WAAINANTITHEINTAIT
wughgs Tneanivihune eeueaInLAReY JAussuaznTEELUUEL Wanadauuudans

ay Yo v A ' a ‘a @ '
VllﬂiUﬂ’]iUiUWlEJUE]EJNW LLagﬂﬂqqmaqﬂquﬂIUﬂqﬁwEJ']ﬂﬁﬂJV]LLSUQLLﬂiq

BR-Taguchi (Test data) BR-CCD (Test data)
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New BR model (Test data)
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——- Predicted
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4.4.4 A5USEUIBUNISNIUIE IUNISNARBINANE WU

n153eusveLAseslun1siulen1Masdnees Juaulaglaiinis

a a a a gJ’ a a ¥ N ¥
Wiguguuszansainvesluinarsaiuinallani1sisgusveiaios a1ulayn
ANTNAABIBBNLUUNITNAABILUY Taguchi, Central Composite Design (CCD)
way Hybrid Taguchi-CCD (HTC) &eniseanuuuinaiiiignlszasaiiioly nans
= ] o o v w =i a Yo e
Wiguieuaussaugadlinansyiueninaedn auiwandduy a5199 4.3 wanslmdiua
UsednsnnveunaianisiseusvatasaanimuIdy Welyn15eenkuunsnnaasiuanaig
fu Inedinsussdiundluyaveyailn wasynueyanageu KuRITinnean taun MAE, MAPE,

RMSE wag R? iNodeyouanuliug taganuauisalunsinuieussunazlimg

M159 4.7 agUuseansnInnsvineuuedlinaimunuynueyan1sHNa UTHLAENTVAOU

BR- BR-
BR-CCD BR-CCD RF-HTC RF-HTC New-BR  New-BR
Metric  Taguchi  Taguchi

Training Test Training Test Training Test
Training Test

MAE 21571 25115 26761 33436 25102 2.6385 25742 2.0303
MAPE 309  349%  4.10% 5.06% 397% 4.21% @ 3.89% 2.79%
RMSE 3.07 3.92 5.99 4.9 3.3 3.06 3.35 3.27
R2 95.12% 84.43% 70.13% 75.68% 91.09% 90.50% 90.10%  93.50%

N S0 ¥ 2 o Y v ' o ¥

M137197 4.7 FinruwnlunfidennaeiiuseninnisesniuunmaaenilaswEs
Falunazausauzvatling log luna New-BR luaianuuduggegaiasauainsaly
n3lUALT N saigauuynvayanaaey (R2 = 93.50%, MAE = 2.0303, MAPE = 2.79%)
= A o > aly ! ] ' oA a a =
Feua¥tanuannsalunisinungveyanlumgiiuiineuey19iuseansam Tuvaed RF-
HTC uansauusuggaluyavayailn (R2 = 91.09%, MAE = 2.5102) uazdiauaissluyn
nAADU (R2 = 90.50%, MAE = 2.6385) dgoUi9AUANARTENINNITITEUT ALY
d7U BR-Taguchi uaz BR-CCD uuazdUszansnmdInin wadinesdnuuuuunisyinungd

donAaBIiUYeYadTe Iy BR-Taguchi Tve1 MAE uwae RMSE Aauasi Tuaaueii BR-CCD §i

Ao !

ANuLUsUTILIINAMaglangluyaveyaln wenanil Smunynveyanilfmesnsuegnind
wislunwaner Ukl sUTgulunisviung Tuvasiyaveyavuinlvguigiiuadiesam
wagAuuNUIvelnalafina enelsfiniu n1slan1seenwuuNINAABITIaINNaIEY e
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4.45 MSNTZAYANAUAANALARDY

N13N5¥918Y0IAAINLAAIALAG DY (Error distribution) anTuiaan1si3oug
voaaias e 1 gnihuilrluntsweinsalaidsde lnewFeudisunananufanatn 20
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Developing accurate and robust predictive models for the compressive strength of geopolymer paste is chal-
lenging due to the complex behavior of materials and inherent variability in experimental data. This study
presents an integrated approach that combines bagging ensemble regression with advanced design of experi-
ments (DOE) techniques to enhance model performance. Three structured DOE strategies were applied: Taguchi,
Central Composite Design (CCD), and a novel hybrid Taguchi-CCD (HTC) method. These designs were used to
systematically generate experimental data, replacing arbitrary 3 x 3 sampling with well-distributed subsets that
more evenly cover the design space. ble learning algorith luding Bagging Regression, Gradient
Boosting, and Random Forest—were trained on datasets obtained from each DOE method. Results showed that
the HTC-based bagging model achieved superior performance in predicting compressive strength, with the
lowest Root Mean Square Error (RMSE) and highest coefficient of determination (R?). On the test dataset, RMSE
values of 3.01, 3.47, and 3.06 were recorded, with corresponding R* values of 0.91, 0.88, and 0.91 for the
Taguchi, CCD, and HTC approaches, respectively. The best-performing model, trained on HTC-generated subsets,
achieved the highest prediction accuracy with an R* of 0.93. This integrated framework improves prediction
accuracy, reduces overfitting, and enhances model generalization. The study demonstrates that structured
experimental design si 1y hy ble-based hine learning models. The proposed meth-
odology offers a reliable and scalable tool for modeling complex material systems, providing valuable insights for
both experimental optimization and the practical development of high-performance geopolymer materials.

Geopolymer paste

1. Introduction

Accurate prediction of material properties, such as the compressive
strength of geopolymer, strongly depends on the quality, distribution,
and representativeness of the experimental data. Random sampling,
although commonly used, often introduces sampling bias, uneven
coverage of the design space, and overfitting in predictive models due to
its inability to capture complex nonlinear interactions [1-4]. Bagging
(bootstrap aggregating) mitigates these issues by training multiple
models on bootstrapped datasets, reducing variance and stabilizing
predictions across different samples [5-8]. This ensemble strategy en-
hances both predictive accuracy and model robustness, even when un-
derlying data distributions are limited or biased [9-11].

To further improve model generalization, structured experimental
designs such as the CCD and orthogonal arrays have been adopted. CCD
systematically combines factorial, axial, and center points, enabling
efficient exploration of factor interactions and response surfaces with

* Corresponding author.
E-mail address: prasert.a@sutaeth (P. Aengchuan).

https://doi.org/10.1016/j.rineng.2025.106279;

fewer experimental runs [12-17]. Orthogonal array designs, as used in
the Taguchi method, provide balanced representation of factors,
ensuring broad coverage of the experimental space and minimizing
aliasing effects [18-21]. These structured approaches increase data
reliability, capture complex variable relationships, and reduce experi-
mental noise without requiring exhaustive combinations [22,23].

Integrating these designs into ensemble modelling of bagging offers a
significant advantage over random sampling. The proposed HTC
framework leverages the strengths of both methods, expanding data
diversity and improving experimental coverage. This integration en-
sures a stable, well-dispersed dataset, enhancing both prediction accu-
racy and model interpretability [24-26]. Moreover, it requires fewer
experiments to achieve comparable insights, making it both effective
and cost-efficient. Bagging further supports this by averaging multiple
decision trees trained on structured subsets, reinforcing stability and
reducing overfitting [27].

Therefore, this study employs bagging in conjunction with Taguchi,
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CCD and the HTC method to build predictive models that are both robust
and generalizable. Well-distributed experimental designs not only
improve the ability to model nonlinear behavior but also reduce vari-
ance and mitigate the limitations inherent in random sampling ap-
proaches. The steps for performing a bagging ensemble are as follows:

Create multiple bootstrap samples by randomly selecting samples
from the training set through bootstrap sampling. This generates
multiple subsets of data, where each subset contains different com-
binations of rows, possibly with duplicates due to sampling with
replacement.

Train a separate regression model on each of the bootstrap subsets.
These models are independently built based on the data in their
respective samples. They can be used with any regression algorithm
and are trained in parallel, each using a different data subset.

Make predictions from each model once all models are trained and
then predict the test set or new data.

Aggregate the predictions from all models by calculating the
weighted average of their predictions. Bagging helps reduce pre-
diction variance by averaging the outputs of multiple models,
thereby improving the stability and accuracy of the regression model
compared to using a single model trained on the full dataset.
Evaluate model performance using the test set by calculating metrics
such as RMSE, R? or other relevant evaluation metrics.

As shown in Fig. 1, bagging is an ensemble method that improves
model performance by training multiple models on different subsets of
data to create a robust ensemble [28,29] that provides varied pre-
dictions reflecting a broader understanding of the underlying data.

Results in Engincering 27 (2025) 106279

Bagging creates multiple training subsets by randomly sampling the
original dataset with replacement [30]. Using different datasets yields
diverse bootstrap samples, which enables models to capture varied as-
pects of the data. This diversity enhances the generalization ability and
improves overall prediction accuracy. The key advantage of bagging is
that it helps reduce overfitting and enhances the stability and accuracy
of the model by leveraging multiple models trained on different subsets
of the data.

This study aims to develop a robust and generalizable predictive
framework for estimating the ¢ ive strength of kaolin-based
geopolymer paste by integrating the Bagging ensemble method with
structured experimental designs using Taguchi, CCD and HTC ap-
proaches. The primary objectives are to overcome the limitations of
random sampling by leveraging structured design of experiments to
ensure comprehensive and balanced data coverage, reduce model vari-
ance and overfitting through the application of Bagging on well-
distributed data subsets, and compare the predictive performance of
ensemble algorithms across different experimental designs. This
framework is particularly valuable in scenarios where experimental re-
sources are limited and the number of physical trials must be minimized
due to constraints such as cost, time or material availability.

2. Methodology

Machine learning (ML) offers an efficient alternative, enabling rapid
evaluation of complex relationships among variables. However, model
accuracy depends on appropriate algorithm selection, sufficient data
volume, and a manageable number of input features. Increasing input
complexity requires more data and introduces additional modeling
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challenges. Consequently, numerous studies have proposed ML ap-
proaches that improve the precision of material property predictions as
shown in Table 1.

This study focuses on three input variables to reduce experimental
complexity while ensuring sufficient data for reliable prediction. The
selected variables relate to mix ratio adjustments, allowing for practical
control over the formulation process and reducing uncertainty. This
study controlled key variables to minimize uncertainty. Three critical
factors were selected for the mix proportion design, including NaOH
molarity (M), the sodium silicate-to-sodium hydroxide ratio (SS/SH),
and the solid-to-liquid ratio (S/L), each evaluated at three levels. These
ranges were carefully defined to ensure sufficient workability of the
geopolymer mixtures while avoiding excessive stiffness. Adequate
workability is essential for proper casting and compaction without
requiring intensive effort. Through balanced selection of these variables,
the mix design promotes both practical handling and reliable strength
development, as detailed in Table 2. A 3° full factorial design was
employed with 27 different mixtures, each tested in four replicates,
resulting in a total of 108 samples used for model development.

Preliminary experiments were conducted to define suitable factor
ranges, ensuring that the geopolymer paste exhibited adequate work-
ability and avoiding excessive stiffness to minimize equipment risk and
facilitate handling during mixing and casting. It is crucial to have data
that adequately represents the range of possible experimental conditions
to build strong predictive bagging regression models. Three different
methods were used in the experiments. The Orthogonal L9 of Taguchi
Method, CCD, and HTC generate diverse data covering various factor
levels and interactions. The main objectives are to address the short-
comings of random sampling by using structured experimental designs
for balanced data coverage, reduce variance and overfitting via bagging
on well-distributed subsets, and compare ensemble model performance
across different designs. The best-performing model from each design is
selected and averaged to form a final, robust predictive model, ensuring
high accuracy and generalizability across the full experimental range.

Fig. 2 illustrates an ensemble learning framework where the bagging
technique is part of the model training process that involves splitting

Table 1
Summary of selected models from the literature used to predict various concrete
characteristics.

Ref. Dataset Input ML Algorithm Highest Performance Metrics
Size Variables
311 35 4 Random Forest R® = 0.93; MAE = 1.85 MPa
mixtures (RF)
[321 154 9 ANN, Boosting, Boosting: R* = 0.96, MAE =
AdaBoost 4.16, MSE = 6.84
33 105 12 ANN R® = 0.982; MAE = 0.5303
MPa; RMSE = 0.6863 MPa;
RAE = 17.55 %; RRSE =
18.75 %
34 61 11 Deep Learning, RF: MAE = 3.45 %, RMSE =
RF 5.94 %, RAE = 64.32 %,
RRSE = 82.97 %, R* = 0.93
351 40 8 Random Kitchen ~ RMSE = 0.046; MAE = 0.036
Sink (RKS)
[36] 63 5 R i Actual Ratio —
based 0.77-1.33; Mean = 1.03;
(unspecified) Median = 1.05
[371 144 8 HLO + SVR Train R* = 0.9694; Test R* =
0.9470
38 115 6 SVR-ERBF, SVR-ERBF:R” = 0.958, MAD
SVR-RBF = 0.488, MSE = 0.523,
RMSE = 0.723, MAPE =
9.381 %;
391 131 8 BAS-RF Train: R* = 0.9766, RMSE =
3.9769; Test: R> ~ 0.9735,
RMSE = 3.9021
(401 114 6 M5/, MARS M5 R?= 0.94, RMSE =

4.39; MARS: R? = 0.96,
RMSE = 3.66

Results in Engineering 27 (2025) 106279

Table 2
Variables for the proportion of the composite.
factors Levels
1 2 3
A: NaOH (M) 10 12 14
B: SS/SH 1.2 1.6 2
C:S/L 0.85 1 115

experimental data into different subsets for model training and testing
using a full factorial experiment design. The diagram shows that data
generated from a full factorial design is split into different training sets
based on the orthogonal array of the Taguchi experiment, CCD and HTC.
A model is trained using these subsets, and its performance is tested
using a separate set of 9 mixtures. Bagging was applied across three
different models (Model 1, Model 2 and Model 3), each trained using
different experimental designs.

3. Data and preparation

Accurate and reliable prediction of the compressive strength for a
metakaolin-based geopolymer paste depends remarkably on the exper-
iment. Three factors that affect compressive strength are identified by
assigning three levels. These have been identified as key contributors to
the geopolymerization process, directly affecting the microstructure and
compressive strength of the material [41-44]. These parameters are
easily adjustable during the mixing and formulation stage, making them
practical for optimization in laboratory and industrial settings. NaOH
concentration is set at 10, 12, and 14 molarity. The levels are 1.2, 1.6
and 2.0, representing the proportion of SS/SH. The S/L levels are 0.85,
1.0, and 1.15. Metakaolin is a dehydroxylated form of the clay mineral
kaolinite [45]. Its chemical composition is important for understanding
its properties and applications, as metakaolin contains a high percentage
of silica and alumina, which are essential for improving construction
performance as shown in Table 3, determined through X-ray fluores-
cence (XRF) analysis.

Fig. 3 shows an X-ray Diffraction (XRD) pattern for metakaolin,
which is a dehydroxylated form of kaolinite. XRD is used to identify and
characterize crystalline materials by analyzing the diffraction of X-rays
as they interact with the crystal structure of a sample. In Fig. 3, the
horizontal axis 20 value corresponds to the angles at which X-rays are
scattered by the crystal lattice planes in the material. The range is
approximately 5° to 90° and covers the typical angles for detecting
various crystalline phases in materials. The vertical axis represents the
intensity of the diffracted X-rays in counts. The higher the peak on the
vertical axis graph is, the more it indicates a strong presence of a
particular erystal structure. The sharp peaks in the graph represent
specific erystalline phases of the material. Each peak corresponds to a
characteristic of a certain mineral or compound. The intensity and po-
sition of these peaks at specific 20 values help identify the crystalline
phases present in the metakaolin sample. The different colors corre-
spond to the different phases detected in the sample. Quartz (SiO2) is
represented by red peaks, which are one of the dominant crystalline
phases present in the metakaolin sample, indicated by the strong and
sharp peaks. Other minerals like kaolinite, microcline and hematite are
also present, but appear as less intense peaks in smaller quantities.

3.1. Mixing Procedure

The procedure for making the geopolymer paste, which is formulated
using metakaolin and an alkaline solution, is shown in Fig. 4. The pro-
cess has the following steps.

e Step 1 procedure for the preparation of the alkaline activator: So-
dium hydroxide pellets were dissolved in predetermined amounts of
d d water to prepare solutions with concentrations of 10 M, 12
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Table 3
T}le h ical ofthe k li
Component Chemical Formula Weight Percentage ( %)
silica Si0: 56.474
Alumina ALOs 38.494
Calcium Oxide Ca0 0.250
Sulfur Trioxide 505 0.375
Zirconium Dioxide 2102 0.063
Chromium (1) Oxide Cr:0s 0.038
Iron (III) Oxide Fe:0s 2.020
Titanium Dioxide TiO: 2.097
M and 14 M. The alkaline activator solution was sub ly

o Step 2 mixing metakaolin and alkaline solution: Metakaolin and an

alkaline solution are the two main components used in the initial

mix. These materials are mixed according to the proportions. The

ingredients are categorized into low, medium and high factors based

on NaOH molarity (Mol), the SS/SH, and the S/L ratio.

Step 3 stirring the mixture: The mixture of metakaolin and the

alkaline solution is thoroughly stirred using a mechanical stirrer

machine. This step ensures a homogeneous blend of the materials
and their integration.

o Step 4 molding the paste: It is poured into 50 mm cube molds after
the mixture is homogeneous. The mixture was placed in two layers,
each is compacted using a tamping rod to ensure proper packing and

inimize air voids or inconsistencies in the sample.

formulated by combining sodium silicate with the sodium hydroxide
solution. All preparations were carried out at an ambient laboratory
temperature of 28 + 2 °C, and the resulting mixture was allowed to
equilibrate for 24 h before use.

Step 5 demolding the specimens: After 24 h, the molded cubes are
demolded and reveal solidified specimens of the geopolymer paste.
This period allows the material to harden enough to be removed from
the molds without losing its shape.
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Fig. 3. X-ray Diffraction pattern for metakaolin.
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Fig. 4. Mixing procedure of geopolymer paste.

e Step 6 wrapping in plastic: The de-molded specimens are wrapped in
plastic. This step is crucial for curing, as it prevents the evaporation
of water and maintains a controlled environment for the specimens
to further solidify and gain strength.

o Step 7 compressive strength testing: The compressive strength of the
specimens is measured after 7 days of curing: It is valuable for early-
age strength assessment, quality control, and rapid construction
decisions. Four samples from each mixture are tested to determine

the average compressive strength and indicate the durability of the
material.

The process of making geopolymer paste involves careful control of
ingredients, mixing, molding, and curing to ensure the material achieves
the desired mechanical properties. Compressive strength is a key per-
formance metric that is tested at the end of the process.
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4. Design of experiment
4.1. Full factorial design

A full factorial design systematically estimates main effects and in-
teractions by constructing comprehensive models [46]. This study
employed a 3° full factorial design with three factors evaluated at three
levels. This approach generated twenty-seven experimental composite
mix combinations, as shown in Table 4. The specimens were prepared by
thoroughly mixing according to three experimental design strategies.

Structured data design for distribution avoids the pitfalls of random
sampling by systematically exploring the entire parameter space
through structured experimental designs, such as the orthogonal arrays
used in the Taguchi method and CCD. This approach ensures a more
comprehensive and reliable analysis by effectively capturing factor in-
teractions and nonlinear relationships. These methods achieve uniform
representation across the input space by strategically selecting data
points that span the full range of variables, thereby enhancing model
robustness and predictive accuracy. The compressive strength was
measured after 7 days as the average of four specimens. Higher SS/SH,
S/L ratios, and molarity showed non-linear effects on compressive
strength, where inappropriate values could significantly reduce
strength, deviating from the overall trend. This reduction is attributed to
imbalanced alkalinity that hinders the dissolution and polycondensation
processes during geopolymerization. Mix M11 yielded a compressive
strength of 40.41 MPa, which was lower than that of the other mixtures.
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low, medium, and high levels. The Taguchi method employed an L9
orthogonal array to represent a balanced sampling of 9 different mix-
tures, ensuring an even distribution of experimental runs across three
factors at three levels each. This amray is designed for three factors
denoted as A, B, and C, with three levels to ensure balanced and unbi-
ased experimentation. Each of the nine rows represents a unique com-
bination of the three-factor levels to avoid overlap or bias across the
factor combinations in this L9 orthogonal array. Each factor can be
observed independently while also considering potential interactions.
The three columns of the orthogonal array correspond to the factors, and
the rows reflect the specific factor level combinations for each experi-
ment. The design layout in Table 5 follows the L9 configuration.

4.3. Central Composite design

The structure of a CCD is a common approach in experimental design
for fitting models. It efficiently explores the interactions between mul-
tiple factors and nonlinear relationships, by combining factorial, axial
and center points [50]. CCD covers the experimental space effectively to
identify main effects and interactions between factors [51].

In Fig. 5, factorial points are represented by the yellow points (C1-
C8) at the corners of the cube. These points correspond to combinations

Table 5
L9 orthogonal array of the Taguchi experiment.

Mix Taguchi,P Mol S8/ S/ MK S5  SH
Design =3,L=3 SH (®
4.2. Taguchi experiment A B C
X1 1 1 1 10 1.2 0.85 140.25 90.00 75.00
Orthogonal arrays in the Taguchi experiment are statistical tools X2 1 2 2 10 16 1 165.00 10154 63.46
used to plan experiments systematically [47]. They help in testing X3 1 3 3 10 2 115 18975 110.00 55.00
multiple factors and their interactions efficiently, with fewer experi- X4 2 1 2 12 1.2 1 165.00  90.00  75.00
mental runs compared to a full factorial design [48]. The orthogonal = Az 3 12 16 1151 A997a 10lod 6340
a . 5 X6 2 3 1 12 z 0.85 140.25 110.00 55.00
array allows for the organization of the factors and their levels, so that = B s 14 15 115 18075 /0000 7500
each combination is tested in a balanced way [49]. The provided X8 3 2 1 14 16 0.85 140.25 101.54 63.46
orthogonal array table identified three key factors affecting compressive X9 3 3 2 14 2 1 165.00 110.00  55.00
strength, which are NaOH molarity, SS/SH ratio, and S/L, each assigned
Table 4
Full factorial design for Mix proportion.
Mix Method A: Mol B: SS/SH C:S/L MK(g) S5(g) SH(g) Avg. CS(MPa)
M1 c1, X1 10 1.2 0.85 140.25 9 75 73.04
M2 Test 10 1.2 1 165 9 75 62.37
M3 c2 10 1.2 115 189.75 92 75 74.46
M4 Test 10 1.6 0.85 140.25 101.54 63.46 65.54
M5 C9, X2 10 1.6 1 165 101.54 63.46 72.21
M6 Test 10 1.6 .15 189.75 101.54 63.46 80.47
M7 c3 10 2 0.85 140.25 110 55 67.83
M8 Test 10 2 1 165 110 55 73.93
M9 C4,X3 10 2 1.15 189.75 110 55 82.66
M10 Test 12 1.2 085 140.25 90 75 56.17
M1l Cl1, X4 12 1.2 1 165 90 b 40.41
M12 Test 12 1.2 115 189.75 90 75 54.49
M13 C13 12 1.6 0.85 140.25 101.54 63.46 63.17
M14 C15 12 1.6 1 165 101.54 63.46 66.72
M15 Cl4, X5 12 1.6 115 189.75 101.54 63.46 83.53
M16 X6 12 2 0.85 140.25 110 55 70.84
M17 C12 12 2 1 165 110 55 77.21
M18 Test 12 2 115 189.75 110 55 79.57
M19 cs 14 1.2 0.85 140.25 % 75 65.58
M20 Test 14 1.2 1 165 9 75 56.56
M21 C6, X7 14 13 1.15 189.75 920 75 64.95
M22 X8 14 1.6 0.85 140.25 101.54 63.46 60.29
M23 clo 14 1.6 1 165 101.54 63.46 81.88
M24 Test 14 1.6 115 189.75 101.54 63.46 76.83
M25 c7 14 2 0.85 140.25 110 55 73.43
M26 X9 14 2 1 165 110 55 85.88
M27 c8 14 2 115 189.75 110 55 83.05

C = Experiment from CCD, X = Experiment from orthogonal array L9, Avg= Average.




168

N. Singhata and P. Aengchuan

Fig. 5. Box design of the central composite design.

of factors at low, medium and high levels to allow for the examination of
the main effects and interactions between variables. Axial points are
represented by blue points (C9-C14) and these points are axial points
located along the edges of the cube, which extends beyond the factorial
design to capture nonlinear effects and provide more information about
the response surface. The red point (C15) in the center of the cube
represents the center point. A CCD was implemented with three factors
denoted to systematically study their effects as Mol (A), SS/SH (B) and
S/L (C) corresponding to different combinations of levels, including low
(—1), medium (0), and high (1). Table 6. illustrates the mix designs for
each of the 15 different mixtures in the CCD.

4.4. Hybrid taguchi-central composite design

The HTC approach integrates the strengths of the Taguchi method
and CCD to achieve a more effective experimental design that avoids the
gaps and biases often present in random sampling and comprehensive
data coverage. It is useful for fitting a bagging model, which allows for a
more detailed exploration of interactions between factors and the
identification of an optimum response, making it ideal for identifying
the main effects of each factor and their interactions and any nonlinear
relationships in the studied processes. It also improves the understand-
ing of factor interactions. In machine learning, the dataset consists of 27
different mixtures (M1 to M27) following a full factorial design with 3
factors at 3 levels. The HTC of Table 4 combines results from designs
with 18 data points, as shown in Table 7.
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Table 7

Hybrid Taguchi - CCD for Mix Proportions.
Mix CCD Taguchi Mol SS/SH S/L MK  SS(g) SH(g)
M1 Cc1 X1 10 1.2 0.85 140.25 90.00 75.00
M3 c2 10 1.2 115 189.75 90.00 75.00
M5 co X2 10 1.6 1 165.00 101.54 63.46
M7 c3 10 2 0.85 140.25 110.00 55.00
M9 c4 X3 10 2 115 189.75 110.00 55.00
M1l C11 X4 12 1.2 1 165.00 90.00 75.00
M13 C13 12 1.6 0.85 140.25 101.54 63.46
M14 C15 12 1.6 1 165.00 101.54 63.46
M15 Cl4 X5 12 1.6 115 189.75 101.54 63.46
M16 X6 12 2 0.85 140.25 110.00 55.00
M17 C12 12 2 1 165.00 110.00 55.00
M19 C5 14 1.2 0.85 140.25 90.00 75.00
M21 Cc6 X7 14 1.2 115 189.75 90.00 75.00
M22 X8 14 1.6 0.85 140.25 101.54 63.46
M23 Cc10 14 1.6 1 165.00 101.54 63.46
M25 c7 14 2 0.85 140.25 110.00 55.00
M26 X9 14 2 1 165.00 110.00 55.00
M27 cs 14 2 115 189.75 110.00 55.00

4.5. Test data

Itis common to evaluate a portion of the data for testing purposes by
excluding some data from the full factorial and using it for testing. It can
assess the generalization ability of the model and how well the model
predicts outcomes on data it has not been trained on, as shown in Fig. 6.

Fig. 6 illustrates the overall workflow of the experimental design and
modeling framework adopted in this study for predicting the compres-
sive strength of metakaolin-based geopolymer composites. The process
begins with the generation of a full factorial experimental dataset,
consisting of 27 different mixtures derived from three input parameters
(P = 3) at three levels each (L = 3). These data points are subsequently
divided into a training set and a test set. The training set is used to
develop models based on three different experimental design strategies,
including the Taguchi method with 9 mixtures, the CCD with 15 mix-
tures, and the HTC with 18 mixtures. Each subset is used to train a
separate machine leamning model, and the trained models are then
applied to make predictions. The models are evaluated based on their
ability to predict the compressive strength of 9 unseen test data points.
The test set remains constant across all modeling strategies to ensure fair
comparisons. This approach allows a systematic comparison of predic-
tion accuracy and model generalizability across different design meth-
odologies. Test data consists of 9 different mixtures from designs, as
shown in Table 8.

Table 6

Central composite design for mix proportions.
Mix Design CCD, P=3,L= Mol SS/SH S/L MK(g) sS(g) SH(g)

A B Cc

M1 C1 =1 =1 8 10 1.2 0.85 140.25 90 75
M3 c2 = =1 1 10 1.2 115 189.75 90 75
M7 c3 -1 1l ik 10 2.0 0.85 140.25 110 55
M9 Cc4 -1 1 1 10 2.0 115 189.75 110 55
M19 C5 1 =1 =1 14 1.2 0.85 140.25 90 75
M21 c6 1 =1 1 14 1.2 115 189.75 90 75
M25 c7 1 1 =1 14 2.0 0.85 140.25 110 55
M27 c8 1 1 1 14 2.0 1.15 189.75 110 55
M5 co - 0 0 10 1.6 1.00 165 101.54 63.46
M23 C10 « 0 0 14 1.6 1.00 165 101.54 63.46
M1l Cl11 [ -« 0 12 1.2 1.00 165 90 75
M17 Cc12 [ « 0 12 2.0 1.00 165 110 55
M13 c13 o 0 B 12 1.6 0.85 140.25 101.54 63.46
M15 C14 o o « 12 1.6 115 189.75 101.54 63.46
M14 C15 o 0 0 12 1.6 1.00 165 101.54 63.46




169

N. Singhata and P. Aengchuan

Results in Engineering 27 (2025) 106279

Experimental Data
33=27, (P=3,L=3)

Training set Test set

C

Taguchi

Design Experiment (9 Mixtures)

CCD Hybrid

(18 Mixtures)

I !

Evaluation

Fig. 6. Experimental data for the training and testing set.

Table 8

Experimental test.
Mix Design Mol SS/SH S/L MK(g) $5(g) SH(g)
M2 10 1.2 1 165.00 90.00 75.00
M4 10 1.6 0.85 140.25 101.54 63.46
M6 10 1.6 115 189.75 101.54 63.46
M8 10 2 1 165.00 110.00 55.00
M10 12 1.2 0.85 140.25 90.00 75.00
M12 12 1.2 115 189.75 90.00 75.00
M18 12 2 129 189.75 110.00 55.00
M20 14 1.2 1 165.00 90.00 75.00
M24 14 1.6 115 189.75 101.54 63.46

5. Machine learning

Machine learning models were implemented to predict compressive
strength using experimental data. Machine learning enables accurate
and efficient prediction of nonlinear relationships between variables. It
also enhances model generalization and reduces the need for extensive
experimental testing [52,53].

5.1. Bagging regression

The data used for experimentation includes all combinations.
Bagging is employed to reduce model variance and enhance prediction
stability by leveraging the strengths of multiple models [54], making it
particularly effective for predicting strength values across the entire
experimental range. In this approach, multiple base regression models
are independently trained on bootstrap samples generated from the
dataset, and their predictions are aggregated by averaging, thereby
improving the overall accuracy and robustness of the regression task

[5

o Given an original 3 dataset D= ((x1, y1), (X2, ¥2),-..,(Xn, ¥n)) with n
data points to create 3 new datasets D;, D5, D3 by using 3 experiments
including Taguchi, CCD and HTC with replacement from D. Each
bootstrap sample D, D,, D3 has 9 (Taguchi), 15 (CCD) and 18 (HTC)
size respectively.

o Train a base model h; on each bootstrap sample D; as in Eq. (1).

h; = f(D;) 6V}

where f represents the learning algorithm used to train the base models

Once all base models are trained the final prediction for a new data
point x is obtained by aggregating the predictions from all the models.
For regression, the final prediction y is the average of the predictions
from all base models, as in Eq. (2).

R

M
y=23 h(x @
=1
where M is the total number of models, and h;(x) is the prediction of the i
th model for input x.

5.2. Gradient boosting

Gradient boosting focuses on reducing bias by training models
sequentially, where each model corrects the mistakes of the previous
one to make the ensemble better at handling difficult to predict data
points [56]. It constructs a strong predictive model by iteratively adding
base learners to minimize prediction emrors [57]. The model
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approximates a target function F (x) by minimizing a differentiable loss
function ¢ (y, F(X)) as in Eq. (3).

F'(x) = argminExy(y.F(x)) 3

Each new tree focuses on the residuals from previous predictions for
incremental improvement. The contribution of each tree is controlled by
a learning rate which prevents overfitting by adjusting the weight of
each base learner [58].

5.3. Random forest

Random forest is another ensemble method that builds multiple
decision trees during training and averages their outputs to improve
predictive accuracy [59,60]. This helps account for linear and nonlinear
relationships in the data [61]. It minimizes the Mean Squared Error
(MSE) at each node to determine the optimal branching for regression
tasks as in Eq. (4).

z

X 2
MSE = N i—f) )

where y; is the actual value and f; is the predicted value predicted by the
tree at each node. Random forest is an effective method that works well
for regression and offers robust performance across various datasets
[62].

5.4. K-nearest neighbors

K-nearest neighbors (K-NN) is a simple, non-parametric supervised
learning algorithm used for both classification and regression. It prediets
the output for a new instance by identifying the K most similar training

ples based on a di metric, typically Euclidean distance. In
regression tasks, the K-nearest neighbors (K-NN) algorithm estimates the
target value of a new data point by averaging the outputs of its K closest
neighbors in the training set. The proximity between data points is
commonly calculated using Euclidean distance[63], although other
distance metrics can also be applied depending on the nature of the data.
As a non-parametric method, K-NN does not assume any underlying
distribution for the data, allowing it to model complex and nonlinear
relationships. The performance of K-NN regression is highly influenced
by the choice of K, the distance metric, and the presence of noise in the
data. Due to its simplicity and effectiveness, K-NN is widely employed in
various engineering and scientific applications for predictive modeling.

5.5. Support vector regression

Support Vector Regression (SVR) is a supervised leamning algorithm
that is an extension of Support Vector Machines (SVM) designed for
regression tasks. Instead of finding a hyperplane to separate classes, SVR
aims to fit a function within a predefined tolerance margin (e-insensitive
tube) around the actual data points. The goal is to minimize prediction
errors while keeping the model as flat as possible. SVR introduces slack
variables to allow deviations beyond the margin, penalized through a
regularization parameter. The kernel trick enables SVR to handle
nonlinear relationships by mapping inputs to a higher-dimensional
space [64]. SVR balances complexity and error tolerance effectively
[65]. Itis widely applied in time-series forecasting, financial modelling,
and engineering systems.

5.6. Linear regression

Linear Regression (LR) was applied to model the relationship be-
tween input and output variables. Linear Regression is a supervised
leaning algorithm used for predicting a continuous target variable
based on one or more input features. The model assumes a linear rela-
tionship between the target and the predictors. The goal is to minimize
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the sum of squared differences between the predicted and actual values.
y=PFo+thxi+PpXe+ ...+ fxi+ e ®)

Where s coefficients represent the effect of each independent varia-
ble, x is the independent variable, ¢ is the difference between the pre-
dicted and actual values

5.7. Hyperparameter tuning

The hyperparameters for various ML were tuned on the three ex-
periments of Taguchi, CCD and HTC, and then applied to search for the
optimum ML hyperparameters. The performance of the selected RF
model is supposed to be confirmed by assessing its performance on the
test set. The hyperparameters were checked on the 70 % dataset using
10-fold cross-validation. In each fold, the 70 % dataset was randomly
split into 10 subsets, with 9 subsets (training sets) used for rechecking to
validate the optimal hyperparameters of ML The ML model with the
smallest RMSE for the validation was selected in this parameter.

6. Data analysis

The experiment consisted of 27 mix designs, with four specimens
prepared per mix to evaluate the 7-day compressive strength. Early-age
strength is critical for quality control and enables decision-making about
rapid construction [66]. However, 7-day compressive strength mea-
surements often exhibit high variability due to the rapid hydration re-
actions characteristic of early geopolymerization processes [67], posing
significant challenges for developing accurate and robust predictive
models. In this study, three input variables and one output variable were
considered. Bagging was applied to structured subsets derived from
Taguchi (36 data points), CCD (60 data points), and HTC (72 data
points) frameworks for the training data. The testing data comprised
nine previously unseen data points, each representing the average
strength value obtained from four specimens. The data was designed to
test conditions evenly across a range of variables, thereby providing a
balanced experimental setup for analysis, as shown in Table 9.

6.1. Heatmap

The correlation matrix heatmap presents the Pearson correlation
coefficients among the three input variables and the compressive
strength [68]. The correlation coefficient values range from —1 to 1,
where values close to 1 indicate a strong positive linear relationship,
values near —1 indicate a strong negative correlation and values around
0 suggest no linear correlation.

In Fig. 7, values around 0 suggest no linear correlation of variables A,
B, and C suggests that there is no linear relationship. Variable B has a
strong positive correlation with compressive strength (r = 0.37), sug-
gesting it enhances strength. In contrast, A shows a slight negative
correlation (r = —0.06), implying a weak or non-linear inverse effect.

6.2. Monte Carlo simulations

The statistical evaluation of predicted compressive strength using
Monte Carlo simulations provided key insights into the distribution
characteristics and reliability of three experimental design strategies,

Table 9

Statistical description of input and output features.
Feature Type Unit minimum maximum Mean STD
A: Mol (M) Input - 10 14 12 1.66
B: SS/SH ratio Input - 1.2 2 1.6 0.33
C: S/L ratio Input - 0.85 1.15 1 0.12
Compressive Output  MPa 40.26 89.13 70.11 10.81

strength (CS)
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Fig. 7. Correlation matrix heatmap for the MK paste dataset.

including Orthogonal L9, CCD, and HTC. The statistical evaluation of
predicted compressive strength incorporated four principal indicators.
The mean of simulated values, standard deviation, and the 5th and 95th
percentiles provide a robust assessment of model accuracy and distri-
butional behavior.

In Fig. 8. the distribution characteristics of compressive strength
values varied notably across the three experimental designs. Fig. 8(a)
The Orthogonal L9 design, comprising 9 mixtures, showed the highest
variability, with a wide distribution spread and a slightly right-skewed
shape. In contrast, Fig. 8(b) the CCD with 15 mixtures yielded a histo-
gram closely resembling a bell-shaped curve, suggesting an approxi-
mately normal distribution, and reflecting improved precision through
broader coverage of the design space. The HTC design, Fig. 8(c) incor-
porating 18 mixtures, demonstrated a relatively symmetric distribution
with a moderate spread, appearing slightly flatter than CCD but closer to
normality than L9. Notably, the standard deviations of all three designs
were relatively comparable, indicating a similar level of dispersion
despite differences in distribution shape. These findings highlight that
while L9 offers simplicity, CCD and HTC provide greater consistency and
reliability, with HTC achieving a favorable balance between experi-
mental diversity and predictive accuracy.

6.3. Histogr il

andaq ile plot

The compressive strength values were analyzed using a histogram
and a quantile—quantile (Q-Q) plot to assess the normality of the data
distribution. The histogram provides a visual representation of the fre-
quency of values within specified intervals, with each bar indicating the
density of data points falling within a particular range. The Q-Q plot
compares residuals to a theoretical normal distribution, and alignment
with the reference line indicates approximate normality.

The distribution and Q-Q plots in Fig. 9 illustrate the normality
characteristics of compressive strength data under four experimental
designs. Fig. 9 (a, b) shows the greatest deviation from normality, with
uneven distribution and tail departures. Fig. 9 (¢, d) improves symmetry
and linearity but still shows minor tail deviations. Fig. 9 (e, f) closely
approximates a mormal distribution, exhibiting smooth curves and
strong Q-Q alignment, most comparable to the reference Fig. 9 (g, h),
which displays near-perfect normality. These findings suggest that HTC
and CCD provide more statistically robust data for predictive modelling,
with distribution properties. All designs follow trends similar to the full
factorial design (FFD), indicating consistent response behavior. Among
them, HTC most closely aligns with FFD in both distribution shape and
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Q-Q plot linearity, followed by CCD and then Taguchi, which shows
slightly greater tail deviations. These consistent patterns across designs
support the robustness and validity of the experimental approaches.

7. Results and discussion
7.1. Evaluation of prediction

Ensemble training enhanced the reliability and robustness of ma-
chine leaming algorithms in predicting the compressive strength of
geopolymer paste. The comparison of models for predicting compressive
strength evaluates the performance of three different machine leaming
techniques using experimental designs with Taguchi, CCD, and HTC.
These designs aim to predict compressive strength efficiently by
generating training and test datasets to evaluate the models. The key
metrics are used for comparing the MAE, MAPE, RMSE, and R?, as shown
in Eq. (5), 6,7 and 8, respectively.

S o T
MAE—ngLv. ¥ (s2)
1o-be—yi
MAPE= (=S 2 X)x100 6
("; v )xl ©)
RMSE = //1 3 vi)? @)
—\/n;(ywy.)
RZ=1- E:‘—l(y’ *)7.)' )

Ty
Where y; is the observed value, y; is the predicted value from the

model, yy; is the mean of the observed values, and n is the total number
of observations.

7.2. K-fold cross-validation

This section highlights the risks of random data sampling when
constructing predictive models. A subset of 70 % of the data is used to
train a machine learning model, and 30 %is used to test its performance.
It was used to demonstrate how sampling variability can influence
model accuracy. The key concern lies in the fact that some random

ples may not adequately represent the overall data distribution,
which in tumn leads to the development of less effective models. This
issue is particularly critical in smaller datasets, where unevenly
distributed samples can compromise the generalization ability of the
model.

Table 10 presents the R? obtained from 10-fold cross-validation for
various models, including LR, RF, KNN, SVR, BR and GB, where each
fold is tested and scored across various metrics of R%. The results show a
wide range of R values across different folds for models like linear
Regression and SVR, which are more sensitive to variations in the
training data. This variability is due to the inherent limitations of LR and
SVR. LR assumes linear relationships, making it unsuitable for capturing
the complex, nonlinear behavior typical of geopolymer data. SVR is
highly sensitive to hyperparameters and feature scaling, and it often
struggles with small or imbalanced datasets, leading to overfitting or
underfitting depending on fold composition. In contrast, ensemble
models such as RF, BR and GB tend to maintain higher and more stable
R? values, indicating better robustness against random sampling bias.
These findings underscore the importance of using structured experi-
mental designs or stratified sampling methods to ensure that the data
used for training is representative, thereby enhancing model reliability
and predictive performance.
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Taguchi Distribution
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Table 10

K-fold cross-validation with R*.
K-Fold LR RF KNN SVR BR GB
1 0.2263 0.7644 0.7580 0.5389 0.7214 0.7057
2 0.1484 0.9400 0.9326 0.6587 0.8646 0.7818
3 0.6965 0.8366 0.8177 0.8539 0.9043 0.9478
4 0.3385 0.8069 0.8170 0.5093 0.7145 0.7746
5 0.1605 0.8857 0.8975 0.7556 0.9215 0.8663
6 0.2174 0.6917 07121 0.4830 0.6197 0.5781
7 0.5192 0.7021 0.8179 0.7534 0.7708 0.7457
8 0.3940 0.8902 0.8987 0.6815 0.8815 0.8234
9 0.2795 0.8831 0.8386 0.6990 0.8707 0.8612

s

0.3372 0.8986 0.8853 0.7103 0.8934 0.8954

7.3. Tree branch construction across bootstrap subsets in experimental
designs

To evaluate model performance, k-fold cross-validation was con-
ducted. Among all models, BR, GB, and RF demonstrated consistently
strong performance. These three algorithms were therefore selected for
further analysis. The optimal performance of each algorithm was
assessed using datasets generated through Taguchi, CCD, and HTC
methods, resulting in distinet experimental distributions.

The performance of each model was evaluated on the training and
testing datasets. The model with the best predictive performance was
determined based on the lowest RMSE and the highest R? values, indi-
cating the smallest prediction errors relative to the other models. Fig. 10
and Fig. 11 show the RMSE and R? values, respectively. BR demon-
strated the best performance, achieving a high R? of 91.59 % on the
training set and 90.72 % on the testing set for the Taguchi design.
Additionally, BR exhibited the lowest RMSE on the test set, which makes
it the most reliable and efficient model for the Taguchi design. In the
CCD, BR again outperformed Gradient Boosting and Random Forest,
achieving a high R? of 91.73 % on the training set and 87.81 % on the
testing set, along with relatively low RMSE values. Therefore, BR is the
preferred model for the CCD design. For the HTC design, RF out-
performed the other two models, achieving a high R? of 91.09 % on the
training set and 90.50 % on the testing set, demonstrating excellent
accuracy and generalization capability. The RMSE values were also low,
with 3.30 for the training set and 3.06 for the testing set.

Results in Engineering 27 (2025) 106279
7.4. Performance of the models

The new bagging regression model constructs an ensemble model
using the bagging technique, enhancing the robustness and accuracy of
compressive strength predictions for metakaolin-based geopolymer
paste. The relationship between actual and predicted values is assessed
across different experimental design methods used for compressive
strength prediction. These comparisons highlight how closely the pre-
dicted compressive strengths align with the actual values for each
experimental design method. The diagonal dashed line in each plot
represents the ideal case where the prediction values perfectly match the
actual values. Data points closer to this line indicate higher prediction
accuracy. Blue points represent the training set data, while green points
represent the test set data. The R® values in each figure quantify how
well the predicted results align with the actual values. The proximity of
the points to the dashed diagonal line indicates higher accuracy of the
model in estimating the experimental results.

Fig. 12 presents the predicted versus actual compressive strength
values for the best-performing models developed under different
experimental design strategies: Taguchi (a), CCD (b), HTC (c), and the
integrated New BR model (d). In Fig. 12(a), the Taguchi-based model
achieves a high level of prediction accuracy, with R = 0.92 for training
and R* = 0.91 for testing, indicating good generalization and consistent
performance. In Fig. 12(b), the CCD model also yields a strong training
result (R* = 0.92) but shows a slight drop in testing performance (R* =
0.88). In Fig. 12(c), the HTC model maintains balanced performance
across both datasets, with R?> = 0.91 for both training and testing,
reflecting stable predictive behavior and minimal variance. In Fig. 12
(d), the New BR model developed by integrating the strengths of models
from each experimental design achieves the highest test performance
(R® = 0.93), despite a slightly lower training R* of 0.90. This suggests
improved robustness and adaptability when predicting unseen data.
While all models show reasonable accuracy, the New BR model out-
performs others in terms of generalization, making it the most reliable
approach for predictive modeling in this study. As the Taguchi, CCD and
HTC models showed similar performance, the New BR model yields
comparable results. Its key advantage lies in improved robustness for
unseen data, as consistent data trends across varying distributions help
maintain reliable predictions within the bounds of the original models.
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Fig. 10. Compressive strength prediction with RMSE experiment design.
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Fig. 11. Compressive strength prediction with R* experiment design.

7.5. Comparing the prediction and experiment

This section presents eight graphs that compare experimental pre-
dicted values and residual errors between predicted and actual values
from the training and testing datasets for different models. The best
performance of each machine learning algorithm, including BR, GB and
RF, during the testing Phase, is achieved by splitting the data into sub-
sets based on the Taguchi, CCD, and HTC methods. Additionally, the
New BR model is compared to the best-performing models from each
design approach to assess its predictive capability under the same
experimental conditions. Multiple line plots are used to compare the
experimental differences between the actual and predicted values forthe
different models and datasets in predicting compressive strength and
residuals. This comparison enables a detailed evaluation of the New BR
model against top models from each experimental design approach.

In Fig. 13(a), the Taguchi method shows a strong correlation be-
tween predicted and actual values with minimal deviation in the
training set, indicating its excellent generalization capability. Fig. 13.
(b), representing the CCD method, shows a slightly wider spread in the
test set, suggesting some variability in its predictive accuracy. Fig. 13(c),
illustrating HTC results, shows the predicted values well-clustered along
the ideal line for training and test sets, indicating stable and consistent
performance. The New BR model in Fig. 13(d) demonstrates the best
generalization, with test data tightly clustered and minimal residuals.
While all models generally follow experimental trends, residuals in
Fig. 13(a) and Fig. 13(b) also align well with the experimental patterns,
but exhibit slight variation in certain regions, indicating more fluctua-
tion in prediction errors. In contrast, Fig. 13(c) and Fig. 13(d) show the
smallest and most evenly distributed residuals, highlighting better
fitting and stability for these models.

Each of the 9 mixtures was tested using 4 samples, and the average
value was used to facilitate interpretation. Fig. 14(a) and Fig. 14(b) still
follow the general trend of the data but show slightly higher and more
scattered residuals. Fig. 14(c) demonstrates consistent predictions with
low residuals that reflect aceuracy and stability. Fig. 14(d) shows the
smallest residuals and the closest match between predicted and experi-
mental values, which indicates the highest generalization ability. These
plots help assess how well each model can generalize to unseen data. A
closer alignment between the experimental and predicted curves in-
dicates higher predictive accuracy. Among the models, Fig. 14(d) shows

the best fit with minimal deviations, which highlights its superior
generalization performance on the test data. The New BR model pro-
vides the highest accuracy and strongest generalization on the test
dataset. Table 11. provides a comprehensive comparison of the predic-
tive performance of the developed machine leamning models across
different experimental designs and data splits of training and testing
sets. This includes key evaluation metries such as MAE, MAPE, RMSE,
and R? which reflect the models’ accuracy, consistency, and general-
ization capabilities. The results show a consistent trend across all models
when combined with structured experimental designs. Notably, datasets
with fewer samples tend to exhibit higher variability in prediction,
whereas larger datasets contribute to improved model stability and ac-
curacy. Nonetheless, the use of diverse experimental design methods
facilitates a more comprehensive sampling strategy. This exposure to a
wider range of input variations during training allows the models to
generalize better when predicting unseen test data, thereby reducing the
risk of overfitting.

7.6. Error distribution

The error distribution for different machine learning models was
used to predict compressive strength in MPa by comparing four models,
including BR (Taguchi), BR (CCD), RF (HTC), and the New BR model.

InFig. 15, the error distribution of BR(Taguchi) is negatively skewed,
indicating a tendency to underestimate the target values. BR (CCD)
shows a slight negative skew, while RF (HTC) displays bimodality and
mild overestimation. These distributions indicate that each model suf-
fers from some level of systematic bias, which could impact predictive
accuracy. In contrast, the New BR model, constructed using a bagging
ensemble approach, effectively averages out individual model errors
and their biases, canceling each other. As a result, the New BR model
demonstrates superior generalization performance and more balanced
predictions compared to the standalone models. The New BR Model
exhibits a nearly symmetrical, namrow emror distribution centered
around zero, signifying reduced bias and variance, which contributes to
improved aceuracy.

7.7.. SHAP feature importance

The application of SHAP analysis offered comprehensive insights
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Fig. 12. The best model of experimental vs. predicted compressive hs for various experi 1 design methods (a) Taguchi design; (b) CCD; (c) HTC; (d) New
BR model.

into the model’s internal decision-making process by quantifying the indicates the value of variables, while the position along the X-axis
individual contributions of input variables to the prediction of shows the direction and magnitude of its impact on the prediction.
compressive strength in metakaolin-based geopolymer paste. The SHAP As shown in Fig. 17, the SHAP summary plot indicates that the most
feature importance plot evaluates how much each input variable con- influential factor is B, followed by C and A. The wide dispersion of SHAP
tributes to the model’s output. This is quantified by the average values for B across both positive and negative directions demonstrates
magnitude of SHAP values across all predictions. its strong and context-dependent impact on predicted strength. In
According to the SHAP feature importance ranking shown in Fig. 16, contrast, C exhibits a narrower distribution around zero, suggesting a
variable B exhibits the highest mean absolute SHAP value, followed by C more moderate influence. For A, a clear pattern emerges that higher
and A. This ranking indicates that B is the most influential predictor in molarity values (red points) tend to produce negative SHAP values,
determining the model’s output for compressive strength. Consequently, implying that increased NaOH concentration generally reduces
changes in variable B are expected to cause greater variation in the compressive strength.
predicted compressive strength than equivalent changes in variable C or
variable A While G an'd A also' affect the prediction, their contributions 7.9. Partial dependence plots
are relatively smaller in magnitude.
To gain a deeper understanding of how key features influence the
7.8. SHAP summary plot model’s prediction of compressive strength, both SHAP summary plots
and Partial Dependence Plots (PDPs) were employed. These two
The SHAP summary plot illustrates how each input feature in- methods provide complementary insights. SHAP reveals feature
fluences the predicted compressive strength across all samples. Each dot importance and the directionality of feature effects at the individual
represents a SHAP value for a specific feature and data point. Dot color prediction level, while PDP illustrates the marginal effect of each feature
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Fig. 13. Multiple line plots comparing experimental results for different models and datasets of train data (a) Taguchi design; (b) CCD; (c) HTC; (d) New BR model.

on the average model prediction across its value range.

Fig. 18 provides a compl 1y view by lizing the average
predicted compressive strength as each feature varies, while all other
features are held constant. The PDP for variable B reveals a non-linear
trend where the strength increases with variable B up to a certain
point, after which it slightly declines or plateaus. This aligns well with
the SHAP plot showing a wide range of influence for different variable B
values. The variable G shows a mild upward slope, suggesting a gradual
increase in strength with higher S/L ratios, consistent with the moderate
SHAP contributions. Lastly, for the variable A, PDP confirms the SHAP
insight that increasing molarity of NaOH results in a noticeable decrease
in predicted strength, reinforcing the negative effect of higher concen-
trations. These insights are ial for material formul
and optimizing mix design in future geopolymer research and
applications.

8. Future directions

The New BR model using a bagging ensemble approach outperforms
conventional models across all experimental designs. The study
confirmed that compressive strength distributions across Taguchi, CCD
and HTC designs effectively eliminate the need for arbitrary sampling
while ensuring even coverage of the experimental space. Training
ensemble models on well-structured subsets significantly improve pre-
diction accuracy. This method provides a robust framework for

predicting compressive strength in regression tasks. The integration of
experimental design methods with ensemble learning offers a promising
direction for predictive modeling in geopolymers and other composite
materials. The use of new precursor materials may introduce production
and process control limitations, making large-scale experimentation
challenging. Incorporating advanced ensemble or deep learning tech-
niques may further enhance model robustness and accuracy. Future
work should explore the application of this methodology to larger
datasets to support scalability.

9. Conclusion

This study presents a metakaolin-based geopolymer plate design
using a balanced distribution and comprehensive analysis of
sampling techniques, employing Taguchi, CCD and HTC methods. These
designs were coupled with bagging-based machine learning models,
including BR, GB, and RF, which were trained on bootstrapped samples
to mitigate the limitations of random sampling. The following key
conclusions can be drawn:

o The correlation heatmap reveals that variable B exhibits a strong
positive correlation with compressive strength, suggesting its influ-
ential role in strength enhancement, whereas variable A shows a
slightly negative correlation, indicating a weak inverse effect.
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BR-Taguchi (Test data)
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BR-CCD (Test data)
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Fig. 14. Multiple line plots comparing experimental results for different models and datasets of test data (a) Taguchi design; (b) CCD; (c) HTC; (d) New BR model.

Table 11

Summary e for developed models ling to training and testing data sets.
Metric BR-Taguchi Training BR-Taguchi Test BR-CCD Training BR-CCD Test RF-HTC Training RF-HTC Test New-BR Training New-BR Test
MAE 2.1571 2.5115 2.6761 3.3436 25102 2.6385 2.5742 2.0303
MAPE 3.09 % 3.49 % 4.10 % 5.06 % 397 % 4.21 % 3.89 % 2.79%
RMSE 3.07 3.92 5.99 4.9 33 3.06 5.56 4.92
R? 95.12% 84.43% 70.13% 75.68 % 91.09 % 90.50 % 74.62 % 75.50 %

e Monte Carlo simulations demonstrated that the Hybrid Taguchi-
Centered (HTC) design yielded the highest mean CS with moderate
variability, closely followed by the CCD design. These results high-
light that while the L9 design provides experimental simplicity, CCD
and HTC offer improved precision and reliability, with HTC
achieving an optimal balance between diversity and predictive
robustness.

Distributional its confirmed appr normality across
all designs. Q-Q plots showed good linearity, particularly in the HTC
design, whichmost closely resembled the full factorial design (FFD),
affirming the consistency and reliability of the experimental
response patterns.

Concerning the best performance of each machine learning algo-
rithm during the training phase when bagging splits the data from
the design into subsets, the New BR model demonstrated the best

performance in Taguchi and CCD designs, while RF proved to be the
most suitable for the HTC design based on predictive accuracy.

o Compared to models based on Taguchi, CCD and HTC designs, the
New BR model exhibited the most stable behavior and the lowest
prediction error under identical conditions. Residual plots confirm
that the New BR model achieves the smallest and most evenly
distributed errors, indicating superior robustness and consistency.

o The error distributions of BR(Taguchi), BR(CCD), and RF(HTC)
revealed systematic biases. In contrast, the New BR model showed
nearly symmetrical and narrow error distribution centered around
zero, reflecting reduced bias and variance, which resulted in
improved accuracy and robustness.

o The SHAP feature importance plot revealed that variable B had the
highest mean SHAP value, indicating its dominant role in influencing
the model’s output. Variables C and A followed, with comparatively
lower contributions. This ranking suggests that changes in variable B
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cause more significant variations in predicted strength than similar
changes in C or A.

The SHAP summary plot provides a global view of feature effects,
showing that B had the broadest SHAP value distribution across both
positive and negative ranges. This indicates that its effect on
compressive strength is both strong and context dependent. Variable
C displayed moderate influence with values clustering around zero,
while A showed a distinct negative trend, where higher molarity
values of NaOH (represented by red dots) were associated with lower
predicted strengths.

PDPs complemented the SHAP findings by illustrating average trends
across the dataset. The PDP of B displayed a non-linear pattern;

B:SS/SH i s .
c:s/L

A:Mol I &

initial increases in B improved strength until a slight decline
emerged. For C, a gradual increase in strength was observed with
higher S/L ratios, while A confirmed a clear inverse relationship, as
strength decreased with increasing NaOH molarity.

The model performance across all experimental designs demon-
strated that the hybrid approach, integrated with bagging, significantly
improved prediction accuracy, reduced residuals and enhanced gener-
alization by ensuring a diverse and comprehensive data distribution
through ensemble sampling. The model facilitates mixed design opti-
mization, enhancing its robustness and predictive capabilities. The
proposed method significantly reduces the need for arbitrary random
point selections, simplifying the experimental process. It also increases
modelling efficiency by minimizing the number of required experiments
while maximizing the quality and informativeness of the data. There-
fore, the proposed approach is a prototype for conducting experiments
with a small dataset size, enabling model development for predictive
purposes under limited experimental conditions. This study introduces a
bagging-based modelling strategy that employs a minimal number of
experimental runs, guided by structured experimental designs. Re-
searchers can select appropriate base models and apply the bagging
method to improve prediction accuracy. The proposed framework serves
as a proof of concept, d rating the ad ge of bagging in
aggregating predictions from models trained on datasets with varying
sizes and distributions. This diversity enhances the generalization
capability of the model, particularly when applied to unseen test data,
by capturing a wide range of data patterns. The study proposes a pro-
totype approach for small dataset experiments, enabling predictive
model development under constrained conditions. A bagging-based
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Fig. 17. SHAP summary plot with mean SHAP values.
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strategy is introduced, employing a limited number of experimental runs
through structured design methods. This framework allows researchers
to select suitable base models and leverage bagging to enhance predic-
tion accuracy. The approach improves generalization for unseen data by
integrating models trained on datasets with varied sizes and
distributions.
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ABSTRACT: This study develops an Artificial Neural Network with Gradient Descent (ANN-G) model to predict
the compressive strength of geopolymer mortar based on fly ash and silica fume mix proportions. Accurate
prediction of compressive strength is essential for optimizing geopolymer mixes and promoting sustainable
construction practices. The research employs the Taguchi experimental design to optimize the geopolymer mix for
target strengths of 30 MPa, 35 MPa, and 40 MPa. The ANN-G model predicts compressive strengths of 26.92
MPa, 35.15 MPa, and 40.35 MPa, demonstrating its accuracy and efficiency. Results show that the ANN-G model
outperforms conventional ANN models by reducing prediction errors and improving reliability. This approach
streamlines the mix design process, reduces the need for extensive experimental testing, and enhances prediction
accuracy. The ANN-G model offers a practical tool for designing geopolymer mortars in construction. Future work
should focus on integrating larger datasets and exploring hybrid models to improve prediction stability and extend
the model’s applicability in real-world construction scenarios.

Keywords: Artificial neural network, Gradient boosting, Taguchi experiment, Geopolymer mortar

1. INTRODUCTION

Geopolymer concrete serves as an alternative
binding agent to reduce the use of ordinary Portland
cement (OPC) in construction. It decreases energy
consumption and CO: emissions as a binder [1]. Fly
ash enhances concrete properties, particularly
compressive strength [2]. Estimating compressive
strength based on mix proportions provides
significant benefits for construction and material
design, accelerating the design and decision-making
process for predicting the strength of concrete or
geopolymer mixes [3]. Accurate prediction of
compressive strength ensures efficient material usage,
minimizes waste, and reduces overall project costs [4].
This approach helps achieve the desired strength
while avoiding overdesign, which can lead to
unnecessary expenses. Additionally, it supports
sustainability by integrating alternative materials,
maintaining performance, and reducing the
environmental impact of construction [5].

A well-structured experimental design ensures
reliable results by systematically covering all factor
combinations, simplifying complex systems, and
revealing variable interactions. It reduces
experimental workload, lowers costs, and maintains
statistical accuracy. Additionally, it optimizes
processes by identifying key factors and supporting
informed decision-making across various fields. The
Taguchi method of experimental design efficiently
analyzes complex variables using orthogonal arrays
(OAs) to minimize experimental runs while ensuring
statistical reliability [6, 7]. Each row in an OA
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represents a unique factor level combination, guiding
experiments and measurements [8]. This method
streamlines experimental design while providing
robust results for systems with multiple variables and
intricate interactions [9]. Developing predictive
models based on experimental data offers numerous
advantages, including enhanced accuracy and
reduced reliance on trial-and-error experiments [10,
11]. These models enable the consistent achievement
of desired properties such as compressive strength.
They also provide insights into the influence of
variables and activator concentrations, optimizing
mix designs. Artificial Neural Networks (ANNs) are
widely used for predicting geopolymer concrete
strength [12, 13] due to their ability to model complex
nonlinear relationships between inputs and outputs
[14]. ANN reduces experimental workload and
captures intricate variable interactions, making it
essential for mix design optimization [15]. However,
selecting the optimal number of nodes and hidden
layers in an ANN is challenging, as it depends on
problem complexity and input variables. Improper
selection can lead to unfitting, reducing model
performance [16].

Combining ANN with the gradient descent
optimization algorithm provides an efficient solution
by iteratively adjusting parameters to minimize errors
between predicted and actual values [17]. This
enables  ANN to better learn complex patterns,
making it a powerful tool for regression problems
[18]. Gradient boosting further optimizes geopolymer
mortar properties [19], allowing precise mix design
optimization with minimal experimental effort. Its
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ability to capture complex relationships between
input variables and target properties makes it valuable
for advancing sustainable concrete technology [20].
When integrated with ANN, gradient boosting
effectively handles noisy data, addresses feature
interactions, refines predictions, and reduces errors,
supporting sustainable construction by minimizing
waste and promoting eco-friendly materials.

2. RESEARCH SIGNIFICANCE

The geopolymer mortar mix proportions derived
from the developed contour plots were
experimentally validated. The selected mixture
requires balancing three input variables, and the
proposed method effectively determines mix designs
for fly ash and silica fume geopolymer mortar within
the 30, 35, and 40 MPa range at 28 days. The
experimental design was developed using the ANN-
G regression model and the Taguchi method. This
study demonstrates that ANN-G serves as an effective
alternative to Taguchi, offering improved prediction
accuracy and reliability. By reducing testing costs,
this approach establishes robust regression models,
paving the way for future studies to explore additional
factors and advanced prediction techniques.

3. MATERIALS AND METHODS

Various mix design formulations were developed
to synthesize fly ash and silica fume-based
geopolymers, aiming to understand the effects of
different component proportions on the properties of
the resulting geopolymer mortars. Silica fume is
commonly used in concrete to enhance its properties,
particularly by increasing compressive strength [21].
Typically, silica fume (SF) replaces 20% of the total
binder content [22, 23]. The composition of the
binder material was analyzed using X-ray
fluorescence (XRF) and is presented in Table 1.

Table 1. Chemical composition of Fly ash (FA) and
Silica fume (SF) analyzed by XRF

Formula Components H(Y, /:‘ )Sh Si.lic(na/nt)inne
S10: Silicon Dioxide 3053 98.34
ALOs Aluminum Oxide 1481 -
CaO Calcium Oxide 21.08 025
SOs Sulfur Trioxide 722 0.14
Fe:0s Iron (III) Oxide 144 0.04
Na.O Sodium Oxide 5.51 072

In this study, experimental binders were prepared
with varying percentages of FA and SF. The binders
contained 96%, 94%, and 92% FA, with the
remaining portion replaced by 4%, 6%, and 8% SF,
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respectively. Alkaline activation solutions were used
to assess their effects on the properties of geopolymer
concrete. Sodium hydroxide (NaOH) solutions with
molar concentrations of 6 M, 8 M, and 10 M were
used, along with sodium silicate-to-sodium hydroxide
(SS/SH) ratios of 1.0, 1.5, and 2.0. All mixes were
activated with a constant liquid-to-solid (L/S) ratio of
1.0 and a fixed binder-to-sand ratio of 1:2.75 for all
geopolymer mortar formulations.

3.1 Taguchi Experiment

The Taguchi experimental design is a systematic
and efficient method for studying the effects of
multiple variables on a process or product. It focuses
on optimizing mix designs for concrete and
geopolymer production. The Taguchi method
employs an orthogonal array (OA) to minimize the
number of experiments while ensuring an effective
exploration of factor interactions. The key features
are summarized in Table 2. In this study: A (%FA)
represents the percentage of fly ash, while %SF
denotes the percentage of silica fume in the binder
mix. B (SS/SH) refers to the sodium silicate-to-
sodium hydroxide ratio. C (Mol, M) indicates the
molarity of sodium hydroxide (NaOH). The technical
properties of various mix proportions were evaluated
in the prediction process and verified through
empirical correlations using mathematical equations
derived from a limited experimental dataset.

The L9 Taguchi design method was used to
predict compressive strength. NaOH powder was
dissolved in water at concentrations of 6M, 8M, and
10M for 24 hours. NaOH and Na:SiOs were then
mixed, followed by the gradual addition of FA, SF,
and river sand at low speed. The alkali-activated
solution was blended and added to the dry ingredients,
starting with 30 seconds of low-speed stirring,
followed by 30 seconds at higher speed and scraping
the pot sides. The mixture was then stirred at high
speed for 60 seconds and poured into 50 mm cubic
molds. The mortar specimens were cured in water for
28 days before testing. The mixing proportions of FA,
SF, fine aggregates, and the alkaline activator are
shown in Fig. 1.

Fig.1 Process of geopolymer mortar
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Table 2. Mix design using the L9 orthogonal array

Mix A B c FA  SF Fine LS NaSiOs  NaOH

No. Design  (%FA) (%SF) (SS/SH)  (Mol) ©® © Agg(‘;)ga‘e Ratio  (g) ©
1 M1 96 4 1 6 7104 296 2035 1 370 370
2 M2 9% 4 15 8 7104 296 2035 1 43167 30833
3 M3 9% 4 2 10 7104 296 2035 1 49333 24667
4 M4 94 6 15 6 6956 444 2035 1 43167 30833
5 M5 94 6 2 8 6956 444 2035 1 49333 24667
6 M6 94 6 1 10 6956 444 2035 1 370 370
7 M7 92 8 2 6 6308 592 2035 1 49333 24667
8 Ms 92 8 1 8 6308 592 2035 1 370 370
9 MO 92 8 15 10 6308 592 2035 1 43167 30833

The influence of the three input variables on
compressive strength was assessed. Regression
analysis was conducted to examine the relationship
between the inputs and the outputs.

The compressive strengths of the specimens at 28
days were used as a measure of their mechanical
properties. Hybrid ANN-gradient boosting models
were developed to calculate mix proportions for
model validation. Three geopolymer concrete mix
designs were prepared with targeted compressive
strengths of 30, 35, and 40 MPa at 28 days.

3.2 Machine Learning

The present study utilized an ANN and a gradient
descent algorithm to predict the compressive strength
of mortar samples.

3.2.1 Artificial neural network

Artificial neural networks (ANNs) are a key
application of machine learning for solving
regression problems due to their ability to learn
complex relationships between variables from
training data. In this study, regression models were
applied to predict the compressive strength of an
alkali-activated solution based on FA and SF at
various mix proportions. An ANN consists of three
main layers: input, hidden, and output. This study
developed an ANN with three hidden layers to
evaluate the compressive strength of FA- and SF-
based geopolymer mortars using experimental data.
Each layer consists of interconnected nodes. A multi-
layer perceptron (MLP) architecture was employed to
enhance prediction accuracy and data processing. The
MLP consists of multiple layers of neurons and
utilizes backpropagation to optimize the network by
adjusting weights and biases. This architecture
enables the model to learn patterns from the training
data and make accurate predictions. In an ANN,
signals propagate forward, with each neuron
computing a weighted sum of inputs, adding a bias,
and applying an activation function to produce an
output. The learning process minimizes prediction
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errors by comparing predicted and observed values
through a cost function. Equation 1 defines the weight
and bias updates.

where w; is the weight, x; is the input, b is the bias
term, n is the number of inputs, and i is an index
ranging from 1 to n.

3.2.2 Gradient boosting

Gradient boosting is a powerful ensemble method
that enhances predictive accuracy and can be
integrated with an ANN. It optimizes predictions by
sequentially training weak models to correct the
errors of previous iterations. This approach improves
model accuracy by addressing specific weaknesses in
ANN outputs and capturing complex feature
interactions that the ANN might overlook, thereby
enhancing overall prediction performance. The
general form of the gradient boosting model is
mathematically represented in Equation 2.

OL(y, F(x))

I E0) @
|: OF (x,) :|F(\')=Fm—1(\‘)

where L(y, F(x)) represents the loss function,
typically based on the mean of the target variable.
F(X) is the prediction made by the previous model,
with m to m-1 to indicate the prior iteration. m
represents a weak learner, determined during training
to minimize the loss function. x denotes the input
features or data.

Fig. 3 illustrates a hybrid approach that combines
ANN and gradient boosting techniques for predictive
modeling in the context of compressive strength
prediction. The process follows these steps:

e The three input variables—%FA (fly ash
content), SS/SH (sodium silicate to sodium
hydroxide ratio), and NaOH molarity—are
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recognized as critical factors affecting the Table 3. ANN parameters
compressive strength of mortar.

e The ANN processes the input data by Model ANN3
computing a weighted sum of the inputs. Hidden layer 2

e The _result o_f this sum is passed thrpugh a Input 3
Rectified Linear Unit (ReLU) activation 2 n
function, introducing non-linearity to model Neurons in the hidden layer 100.100
complex relationships in the data. Learning rate 1

e The Stochastic Gradient Descent (SGD) Output 1
ba‘ckpxopagatu?n algoutrhm 1te1.'a"nvc.ely Epodhs 100
adjusts the weights and biases to minimize
the error between predicted and actual Loss MSE
outputs. . . Table 4. Gradient boosting parameters

e The processed signals from the hidden layer
produce the ANN output, representing an Parameter Value
intermediate prediction. Max depth 8

e To refine this prediction, the gradient Min samples split 5
boosting technique is applied, which builds Min samples leaf 5
an ensemble of weak learners sequentially. Max features 3

e  The residual error from the ANN output is Learning rate 1
reduced step by step using these weak Epoch 5

learners through gradient descent.

e This combined approach results in a highly v
accurate prediction of compressive strength. 06 accuracy

e The hybrid model leverages ANN to capture
non-linear patterns and gradient boosting to
correct residual errors, enhancing overall 04
predictive accuracy.

054

031
This hybrid methodology leverages the strengths 02
of ANN and the residual error minimization of
gradient descent to enhance predictive performance. o2
001 - R——
3.2.3 Parameter 0 2 20 60 Py 100
The performance of an ANN model is influenced
by its network architecture and parameter settings. Fig 2. The loss versus the number of epochs for

The parameter values used in the neural network
models are provided in Table 3. The gradient boosting
model is constructed by correcting the errors made by
the previous model. The parameters used in this
experiment are listed in Table 4.

training data

Input l SGD |

backpropagation | = = = = - -
» | Gradient
\L Output | descent
F(X)
H@ﬁ_" Zwixi+b —>| RelU @ f—»@

| - — e
I Sum function  Activation function Gradient
j boosting

Fig.3 A fully connected artificial neural network and gradient boosting

90
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Fig. 2 illustrates the relationship between the loss
and the number of epochs during the training phase.
As the number of epochs increases, the loss gradually
decreases, indicating that the model is learning and
improving its predictions over time. A stable and
lower loss value towards the later epochs suggests
that the training process is converging effectively.

324 K-Fold Cross-Validation for  Model
Performance Comparison

K-fold cross-validation is a resampling technique
used to evaluate the performance of different models
by splitting the dataset into K subsets (or folds),
providing a more reliable assessment. This section
presents the results of K-fold cross-validation for two
models: ANN and ANN-G. The dataset was divided
into 5 folds to represent the different subsets used in
the cross-validation process.

Table 5. K-fold cross-validation

Error Error Error
KeRol,  odal Valiel  Value2  Value3
1 ANN 06316 3544 27561

ANN-G 0.7329 -3.4431 0.9851
2.6603 55313 3.6994

2

ANN-G 24423 1.9035 22725

3 ANN -0.4589 -4.6349 23637
ANN-G 0.8368 -3.3392 0.7502
4 ANN 0.3383 -3.8377 36726
ANN-G 0.7618 -3.4142 0.8258
5 ANN 8.5089 6.9998 6.4609

ANN-G 1.6913 2.2056 1.6668

Table 5 shows that ANN-G generally yields lower
errors in some instances, suggesting it may
outperform ANN in specific scenarios. Additionally,
random sampling plays a crucial role in model
development, as fluctuations in the training data can
impact prediction accuracy. To ensure the creation of
a reliable predictive model, the experimental design
must be carefully balanced and well-distributed.

4. RESULT AND DISCUSSION

The compressive strengths of the specimens at 28
days were used to assess their mechanical properties.
For model validation, three geopolymer concrete
mixes were designed with targeted compressive
strengths (CS) of 30, 35, and 40 MPa at 28 days.

4.1 Mix Design of Geopolymer Mortar

The contour plots demonstrate the intercomrelation
among the three selected inputs: the percentage of FA
and SF, the Na2SiO3/NaOH ratio, and NaOH
molarity, with the target output of compressive
strength. These contour maps can therefore be used to

design mix proportions for the target 28-day
compressive strength of geopolymer mortar. Contour
plots visualize how variables interact and influence
the target compressive strength, helping to identify
optimal parameter ranges for desired outcomes and
making the design process more efficient. The color-
coded zones make it easier to identify suitable
combinations of input parameters to achieve specific
target strengths, thus reducing the need for extensive
trial-and-error experiments.

10
<28
30
32
34
36

38
38

RS R-%-1

20 I R O B |

EEELEEN
W oW W

MOL
3

Hold Values
SS/SH 1.5

924 930 936 942 948 954 960
%FA
Fig 4. Contour plot showing the compressive strength

To determine the required values of %FA and
MOL to achieve compressive strengths (CS) of 30,
35, and 40 MPa, the plot displays FA (Fly Ash) on the
x-axis and MOL (Molarity) on the y-axis, with a
constant SS/SH ratio of 1.5. The color gradients
represent different ranges of compressive strength, as
shown in Fig. 4. The regions corresponding to CS
values of 30 MPa, 35 MPa, and 40 MPa are
highlighted on the color-coded contour plot.

e For 30 MPa, the strength corresponds to the
boundary between the blue and light green zones.
The %FA range in this region is approximately 92
to 94, with MOL values between 6.0 and 6.5.

eFor 35 MPa, the strength corresponds to the
boundary between the light green and darker green
zones. The %FA range is approximately 92 to 94,
while the MOL values range from 8.0 to 8.5.

eFor 40 MPa, the strength comesponds to the
boundary near the transition from the darker green
to the darkest green zone. The %FA range is
approximately 92 to 94, with MOL values ranging
from 9.5 to 10.0.

Table 6. Experiment from the contour plot

Target %FA SS/SH SH Exp ANN ANN-G
(\MPa) n
30 92 15 6 3033 2598 2692
35 92 15 8 3499 3311 3515
40 96 15 10 4014 3984 40.35

91
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Table 6 shows the experimental results and
predictions based on values derived from the contour
plot. The comparison includes the target compressive
strength, experimental results, and predictions using
the ANN and ANN-G models. The parameters
considered are %FA, SS/SH ratio, and NaOH
molarity. The explanation is as follows:

¢ For a target compressive strength of 30 MPa,
the experimental result was 30.33 MPa, closely
matching the target. The mix parameters were %FA
of 92, an SS/SH ratio of 1.5, and NaOH concentration
of 6 M. The ANN and ANN-G models predicted
compressive strengths of 25.98 and 26.92 MPa,
respectively, slightly lower than the experimental
value.

¢ For a target compressive strength of 35 MPa,
the experimental result was 34.99 MPa, nearly
identical to the target. The mix parameters were %FA
of 92, an SS/SH ratio of 1.5, and NaOH concentration
of 8 M. The ANN and ANN-G models predicted
compressive strengths of 33.11 and 35.15 MPa,
respectively, which were very close to the
experimental result.

¢ For a target compressive strength of 40 MPa,
the experimental result was 40.14 MPa, showing
excellent consistency with the target. The mix
parameters were %FA of 96, an SS/SH ratio of 1.5,
and NaOH concentration of 10 M. The ANN and
ANN-G models predicted compressive strengths of
39.84 MPa and 40.35 MPa, respectively, which
closely matched the experimental value.

The experimental results closely match the target
strengths, while the ANN predictions show good
agreement with the experimental data. The ANN-G
model demonstrates better prediction accuracy
compared to the standard ANN model. ANN-G tends
to align more closely with the experimental results,
especially for higher target values. This suggests that
the contour plot values and ANN-G predictions
effectively guide mix design.

4.2 Data Analysis

4.2.1 Performance of the Predictive Model

Test data is crucial for evaluating the performance
of a predictive model. To ensure that the prediction
model provides reliable results, out-of-sample
validation was conducted using entirely new data not
included in the training data. This ensures the
reliability and effectiveness of the evaluation by
validating the model's accuracy and generalization on
unseen data.

Table 7 provides specific mix designs along with
the associated predicted values and errors for both the
ANN and ANN-G models. The comparison between
the ANN and ANN-G models for predicting
compressive strength shows that ANN-G consistently
yields more accurate results with smaller prediction
errors. In most cases, ANN-G exhibits smaller errors
than ANN, demonstrating better prediction accuracy.

92

The ANN-G model shows superior prediction
accuracy compared to the standard ANN model.
However, both models exhibit small prediction errors
relative to the experimental values.

Table 7. Comparison of compressive strength

% Ss/
Exp FA M SH Prediction Error
€ a B ¢ awn A aw '“éN

3033 92 6 15 2598 2691 435 341
3083 92 6 10 2914 2984 168 098
3439 94 10 20 3592 3515 -153 075
3451 9% 8 10 3572 3699 -122 249
3499 92 8 15 3311 3465 189 035
40.13 96 10 15 3984 4035 029 -0.22

4.2.3 Performance evaluation

The chart and data provided compare the
performance of two models, ANN and ANN-G, in
predicting the CS of mortar

ANN and ANN-G Model

40

—— Experiment
--~ Predicted ANN
Predicted ANN-G
* Residual ANN
+ Residual ANN-G

Cs (MPa)
8
'
]
:

\ ¢ $ ’

o 1 2 3 4 5
Sample index

Fig 5. Multiple line and residual plots of predictions

Fig. 5 displays the actual measured values for
each mix design. The blue line represents the
experimental compressive strength, while the green
dashed line shows the predictions made by the ANN
model. Although the ANN predictions generally
follow the experimental values, they exhibit larger
deviations. In contrast, the red dashed line represents
the predictions from the ANN-G model, which
closely align with the blue line, indicating better
accuracy and improved performance compared to the
ANN model. ANN-G consistently shows smaller
residual errors and aligns more closely with the
experimental values, with its residuals tending to be
closer to zero. This suggests a better fit to the
experimental data. The gradient descent optimization
in the ANN-G model improves its ability to find
better weight values, leading to greater prediction
accuracy. Overall, ANN-G proves to be a more
reliable model for this application due to its higher
precision and more favorable error distribution.
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4.2.3 Normal distribution

The observed outcomes of the experiment are
plotted against the theoretical quantiles of a normal
distribution. The L9 Taguchi experimental design
was used, with three samples for each run.

Probability Plot of CS Values

]

Sample Quantiles
8

20 -5 -0 -05 00 05 10 15 20
Theoretical Quantiles

Fig 6. Probability plot for the L9 Taguchi

experimental design

Fig. 6. The normal probability plot for the 9 data
points from the Taguchi experiment shows that the
blue points align closely with the red line, indicating
that the data from the Taguchi experiment
approximately follow a normal distribution.

4.2.4 Histogram

The histogram, with the aligned normal
distribution curve, analyzes the distribution of data
and represents the observed frequency of data values
divided into intervals.

Normal Distribution of €S Values

Histogram
Normal Cistribution

Mean = 33 10, Std - 5.25
Actual Data

0.081

0.06+

Density

0.047

0.027

30 35 40 45 50
cs

Fig 7. Normal distribution for the L9 Taguchi
experimental design

A theoretical curve based on the mean (33.10) and
standard deviation (5.25) of the data shows a well-
distributed dataset, as seen in Fig. 7. The histogram
aligns closely with the normal curve, suggesting the
dataset is suitable for parametric analysis. However,
the right-skewed distribution and the gap in CS values
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between 20 and 30 indicate low data density in this
range, which may lead to prediction errors.

4.2.5 Relative importance of parameters
This highlights the significant contributions of

three factors—%FA, SS/SH ratio, and molarity
(Mol)—in influencing the compressive strength (CS).

SS/SH 0.23

0.28

Features
3
>

Mol 0.50

0.1 0.2 03 0.4 05
Relative (normalized) importance of parameters

Fig 8. Relative importance of parameters influencing
compressive strength

In the context of a Taguchi L9 design, Fig. 8
represents the calculated contribution of each
parameter to the variation in CS. This analysis helps
prioritize the parameters based on their influence. The
molarity (Mol) parameter has the highest relative
importance (50%), indicating its significant impact on
CS. The percentage of fly ash (%FA) has moderate
importance (28%), but its effect is less pronounced
than that of Mol. The SS/SH ratio has the lowest
relative importance (23%) and, consequently, the
least impact on the response variable.

4.2.6 Main effect for compressive strength

I i
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Fig 9. Main effect plot for compressive strength

Fig. 9. The main effect plot for compressive
strength shows that increasing the percentage of
silica fume (%SF) initially lowers the response but
later enhances it. Molarity (Mol) strongly boosts CS,
particularly between 6-8 M, with slower growth
from 8-10 M. The SS/SH ratio negatively impacts
CS, while higher NaOH concentration improves it.
However, CS decreases as the Na.SiOs/NaOH ratio
increases.
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5. CONCLUSIONS

This study evaluates the use of ANN-G as an
alternative to the Taguchi experimental design
method. The results demonstrate that contour plots
are a powerful tool for visualizing and estimating the
compressive strength (CS) of geopolymer mortar
before conducting experiments. These plots provide a
solid foundation for mix design, enabling efficient
parameter selection and reducing trial-and-error
efforts, especially when combined with the predictive
power of ANN-G.

* The experimental results closely align with the
target compressive strengths, indicating an effective
mix design. The ANN-G predictions show good
accuracy at 35 MPa and 40 MPa, although there is a
slight underestimation at 30 MPa.

* ANN-G outperforms ANN in terms of smaller
errors and better residual distribution. The gradient
descent optimization improves the model's predictive
capacity, making ANN-G a more reliable choice for
this application.

* The observed values are consistent with a normal
distribution. Any small deviations from the line
indicate slight randomness or experimental error, but
they do not significantly affect the assumption of
normality.

* The histogram curve reveals a well-distributed
dataset, which is suitable for further statistical
analysis and modeling that assumes data normality.

* The molarity (Mol) parameter has the highest
impact on CS in this experiment, with a relative
importance of 0.50.

This approach develops an ANN model with
gradient descent to predict three target compressive
strength levels: 30 MPa, 35 MPa, and 40 MPa. This
combination enhances prediction accuracy while
simplifying the development process, making it a
practical choice for creating robust regression models
for complex problems. ANN-G consistently
outperforms ANN, demonstrating lower residual
errors. Future work should consider incorporating
other ensemble approaches, such as a hybrid ANN-
SVM model, and testing the model on larger datasets
to explore alternative optimization methods that
could further minimize outliers and improve
prediction stability.
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Abstract

In this study, central composite design (CCD) experiments were applied to balance data sets for
predicting compressive strength (CS). Three parameters were analyzed for the molarity of NaOH, the ratio
of Na2SiO3 to NaOH (SS/SH), and the solid-to-liquid (S/L) ratio. The performance of Taguchi, CCD, and
hybrid Taguchi-CCD designs was compared using various regression techniques, including Linear
Regression (LR), Bagging Regression (BR), Gradient Boosting (GB), and Random Forest (RF). It was
inditec.! by the findings that the CCD design offers more predictions of pressive strength.
This method is proven to be the most effective and efficient approach for predicting compressi gf
Keywords: Prediction, Central composite design (CCD), Geopolymer concrete

1. Introduction demanding applications [9, 10]. The performance and
Geopol uses industrial byprod th of geopoly can be significantly
reducing the need for energy-ints li h; d by optimizing these variables. However,
calcination, and significantly ing CO2 ging and predicting the i ions b
making it a better choice for eco-friendly construction  different ials can be complex, i ing the risk
[1-3]. Metakaolin, a highly tive p lani ial, of design flaws or inefficiencies. Diverse mixture
is used in te to its gth, durabllity, ~ designs present several challenges, complicating the

and overall performance [4, 5). It is obtained by
calcining kaolin clay at 600-800°C [6, 7). Metakaolin
is selected as a partial replacement for cement in
concrete due to its significant performance and
environmental benefits. As a highly reactive pozzolan,
it improves the mechanical properties of concrete by

optimization process. Quality control becomes more
difficult with diverse mixturgs. as slight variations can
lead to significant changes in the outcome. This can
result in difficulties in determining the ideal proportions
of each component.

The experimental design should allow for

analysis, improving efficiency when dealing

g P gi,

permeability, and enhancing resi to chemical
attacks [8]. Its fine particle size also improves
workability and surface finish, making it an excellent
choice for Inable, high-p in

with multipl bles [11-13]. A full factorial design
has significant effects on experiments. However, the
comprehensive nature of a full factorial design can

also lead to a high number of experimental runs,
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which may require more resources and time, and can
then be used to develop predictive models. CCD
allows for examining primary effects and some

unlike
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geopoly posites. The prediction is based on
the Central Composite Design (CCD) method,
idering three key par at three levels: the
larity of NaOH, the ratio of sodium silicate to

interactions without testing every
a random design [14-16]. This setup helps detect both

sodium hydroxide (SS/SH), and the solid-to-liquid (S/L)

main effects and | 1s, Includi ratio. The esti d p gth values are
relationships within the process. Adding points to a  compared using four regression models: Linear
complex model enables a targeted | s} of gl (LR), Bagging Regression (BR), Gradient
i lationships, ~enhancil by Boosting (GB), and Random Forest (RF). This
capturing more variability [17-19). ML algorith pproach b accurate  predicti without

xtensi physical i { significantly

analyze experimental data to create predictive models,
llowing hers to simulate various conditions

without performing phy p ing
redundant tests [20]. Choosing the right regression
model for predicting outcomes depends on several
factors related to the data and the problem. It can
select the most suitable regression model for
predictions by analyzing the data characteristics and
pplying these principles. Reducing the need for
physical i by predicting based
on data, thus saving time, resources, and costs. By
identifying key factors influencing results. Design

experiments with ML prediction aim to reduce the
number of required experiments while still providing
valuable insights into how various variables affect the
output. Therefore, integrating experimental design
with predictive modeling enables efficient identification

reducing testing time, cost, and resource consumption.

2. Methods

This study evaluated the predictive capabilities
of various i | design by using
CCD for ig the experi of geopoly
concrete to enhance model accuracy, stability, and
reliability in predicti pressi gth. To
design the experiment by varying these factors across

three levels, the central composite design is shown in
Table 1.
Table 1. Factors and levels

ofaiibitasbios: ol iables whllebalrits
the need for exhaustive testing. This bined

Factor Low | Medium [ High
NaOH (M) 10 12 14
SSISH 12 16 2
SIL 0.85 1 115

runs, conserves

and enh model y. Training
machine | ing models on d data allows
untested scenarios to be reliably predicted.

Consequently, this strategy improves both the

efficiency and precision of rial This
study aims to reduce the number of required
by applying a hine leaming (ML)

approach to predict the compressive strength of

2.1 Central composite design

Central composite design is a more complex
experimental design that Includes factorial, axial, and
center points. In this context, CCD is applied with
three factors denoted as A, B, and C, each at three
levels: low, medium, and high. CCD is commonly
used to build predictive models for responses. In this
case, it is utilized to predict compressive strength
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based on the experimental factors, as shown in Table
2. 2.2 Test data
Table 2. Central composite design The 9 data points are utilized to evaluate the
ID | CCD, P=3,L=3| Mol | SS/SH | SIL predictive performance of the models. Testing the
AT e accuracy of a model is crucial because it involves key
pi and data points that can be used as input
Lo I ] R B 12 | 085 variables and expected outcomes for model validation.
62 | =1 | 1 10 1.2 145 This setup is used to evaluate how accurately the
model predi p gth based on
C3 |« 1 -1 ] 10 20 |0.85
different binations of input as shown
C4 | 4 1 1 10 20 |1.15 in Table 3.
s 1 lalal1al 12 |oss Table 3. Experimental Test
D Mol SSISH SIL
Ccé 1 -1 1 14 1.2 115
M2 10 1.2 1.0
c7 1 1 -1 | 14 20 | 085
M4 10 16 0.85
cs | 1 1 1 (14 20 [1.15
M6 10 1.6 1.15
co|-a| o0 0 10 16 1.00
M8 10 2 1.0
Cio|a |0 ) O |14| 16 |100
M 10 12 1.2 0.85
ci1| o0 |-a| O 12 1.2 1.00
M 12 12 1.2 1.15
ci2| 0 |a | 0 |12| 20 |1.00
M 18 12 2 1.15
Ci3| 0 0 |-a| 12 1.6 0.85
M20 14 1.2 1.0
Ci4| 0 0 a | 12 16 1.15
M24 14 1.6 1.15
ci5(0 (0|0 |12 16 |1.00

3. MODELING METHOD
Various machine leaming models were then

applied to predict outcomes based on the
factorial points consist of 8 experiments (rows 1 to 8) . Lo A

Xp: gression model was fitted to
representing combinations of the low (-1), medium (0), ¢ data, utilizing Linear Regression (LR), Bagging
and high (+1) levels of the three factors (A, B, C). The

Regression (BR), Gradient Boosting (GB), and
axial points are i d in 6

P Random Forest (RF) in combination with the
represented in rows 9 to 14, These axial points

The experiment involves 15 runs based on a
central composite design for three factors. The

experimental design methods, Taguchi and CCD, to
include - & and + ¢ values, which extend the range  predict compressive strength.

of the design space and facilitate exploration beyond
the initial levels. Finally, C15 has all factors set to their
medium values. Overall, CCD consists of 15 points.
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3.1 Linear regression

Linear regression Is a fundamental model used
to predict a continuous response based on a linear
relationship. This statistical method models the

p a t variable and one or
more independent variables, particularly in
geopolymer studies fi d on rial composition.

For small datasets, linear regression aids In identifying
trends by fitting a straight line through the data points,
which the best imation of the

relationship. It can be employed to predict material
properties based on experimental factors, thereby
creating a predictive model from the experimental
data.
4.2 Bagging regression

Bagging is an ensemble method that generates
multiple models using different subsets of the data

and aggreg: their pi ions. This pi
invoh ing p samples by Iy
lecti bsets of the tal data with

replacements. Multiple base regression models are
then trained on these bootstrap samples, and their

predictions are aggregated, usually by ing, for
regression tasks.
4.3 Gradient boosting

Gradient ing is a sequential bl

method that builds models iteratively, where each new
model aims to correct the errors made by the previous
ones. The process begins with training an initial model
on the experimental data, after which the residuals
from this initial prediction are calculated. A new model
is then trained to predict these residuals, and its
predictions are added to those of the previous models.
This process is repeated iteratively until the accuracy
of the prediction model improves.
4.4 Random Forest

Random Forest is an ensemble method that
constructs multiple decision trees. At each split in

28 - 30 May 2025, Avanl Khon Kaen Hotel & Convention Centre, Khon Kaen

the tree, a random subset of features is selected
which helps reduce the correlation between the
trees. By utilizing different subsets of data and
featt the final prediction is obtained by gi

the predictions from all the trees.

4. Results

The performance of the CCD method with 15
data points will be evaluated. The analysis will focus
dicts the 0 gth

on how each model p

variable using training and test sets.

CCD experiment
. o $
=" s FR : H
é ® H g PO | L
n
" : o . L)
. i s H -
055 .
H y
8" P
) o
2 4 6 8 0 ©” "
Train data
a
CCD experiment
)] .
g ! g .
£n . .
E . .
T
s ¢ e $
E s
@ . L L]
3 °
= I |
50 L]
72 3 ISR T 8 9
b Testdata
[ ‘IR @BR oGB ORF @ Exp
Figure 1. Compressi\ gth predi with
experiment design

In Figure. 1(a), the LR model shows moderate
performance while stability is present, and variability
persists. The BR model is more consistent with better
generalization and accuracy than LR. The GB model
performs similarly to BR, showing stable performance
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across different data points. The RF model is more
consistent as well. In Fig. 1(b), the LR model exhibits
improved consistency on the test set. The BR model

28 - 30 May 2025, Avanl Khon Kaen Hotel & Convention Centre, Khon Kaen

In figure 3. The CCD, factor B (Na2Si03/NaOH
ratio) consistently exhibits the most substantial effect
on compressive strength, Factor C (S/L ratio) shows
a | infl while factor A (Molarity of

well, indicating effecti ization from

training to test. The GB model performs similarly to

BR, showing stable results but with slight variations in *

certain cases.
Main Effects Mot for €S
it A
»i L) WO} N v wm
& .
. . . (' . /.‘
] \ f /
\ / /
i n \ ! /
/ —J
- . /
" [}
- L _ !
- - Ll “ “ " L - .-

Figure 2. The effect of compressive strength

NaOH) has the least impact in all cases.

5. Conclusion
ccb more [

p

between factors. the regression model used for

prediction can capture more variability in the data.
This leads to a more accurate and robust model, as
the additional points help to better estimate the
relationships between the factors and responses. The
unbiased distribution of added points helps in
covering the factor space more comprehensively. This
ensures that the experimental design accounts for a
wider range of conditions, improving the ability of the
model to generalize across the factor space. The

parameters implications of this study suggest that the utilization of
In Figure 2. The trend observed in the molarity ~ the CCD design can 0 h predicti
of NaOH (Mol) displays a slight p drop at deling in ial science, p lly guiding future
12, resulting in a V-shaped curve, The significant h and ical appli in optimizing
increase occurs when the Na2SiO3/NaOH ratio rises terial formulations for improved structural integrity
from 1.2 to 1.6. In terms of the SIL ratio, a steady = The study i only three variables at three

and significant increase in CS is observed as the S/L

ratio increases.

levels. Contrit 1s to the d p
reliable and efficient predictive tools in the field are

of more

aimed to be made by refining the parameters and
methodologies used in this analysis. Future studies
should explore expanding the number of variables,
testing additional experimental designs such as Box—
Behnken, and incorporating hybrid ML models for
enhanced robustness.
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