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ABSTRACT

The aim of this study is to forecast the optimal cycling distance in 30 minutes
approximately for physically constrained individuals, especially those having a
congenital disease or elderly person. Data illustrations are collected from having 94
people who cycled in Ladkrabang by questionnaires. The research focuses on
forecasting optimal distances by exploiting Genetic Algorithm-Based Support Vector
Regression (GA-SVR) that will be employed to improve the accuracy of the numerical
study. We offer performance comparisons of our model against Multiple Linear
Regression (MLR) and Support Vector Regression (SVR) algorithms. The experimental
results demonstrate that GA-SVR outperforms more than MLR and SVR based on the
Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE). This

GA-SVR model is proven to be an effective approach to forecast cycling distances.

Keyword: Cycling; Health Exercise; Support Vector Regression; Genetic Algorithm;
Physically Constrained Individuals.
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M9UTDINAMNIT LA TZTUUAIN 9 AI8N1TABE 9 LALAIINNTLNYKUISTUNITODNILST
FBn1sevgusnedaansaldladunainfuiieatinkaslsadasiauwazlilaiivundd

[

sospankenindnsonnuiusinls 1¥auddn power zone n3adnsnisiuvesiile

(%
v =2

Wusmvunazduisaunsaldiuauialula
5 w19l : YULU19) 50UVIAIN
8 WY : AREY LINAIIUNTNYIUIIVBINITOONKTIIN power zone hsBlauIlalutanty

=)

UN9GIEN

VRPN

2 U : Recovery ANVIVUNLNLDY


https://www.pobpad.com/%E0%B9%82%E0%B8%A3%E0%B8%84%E0%B8%A5%E0%B8%A1%E0%B9%81%E0%B8%94%E0%B8%94
https://www.pobpad.com/%E0%B9%82%E0%B8%A3%E0%B8%84%E0%B8%A5%E0%B8%A1%E0%B9%81%E0%B8%94%E0%B8%94

o o

2 U : 3x6 @UTUA (@USUAdU 6 FuT 3 L1R) WeNnTedun1sYaIuYeInauLile

3 Y17 : Recovery A4 NBUNITODNLTIAUNIBLATLDE

JIEY 20 W1 HrenATeuInvIeiinatlesaiusaania lunseugusNNIEasle

AIUFNAIT

a 4 1

\ATBIRaNMaINIgadiuilagiiluaininaouantaf1aeiigu A1usy §ms
NIFHINAGY 1387 TOUNINLUVBIABRBUIT Anasvuzeaniiainie Tusuideduuld
v @ D2 o = ] 4
nnpen1segInIzRau iU sULAsUAUINT T eIz anveusazay iellu

2 L v oo w =i vy o w o w =1 '
madenidesnudimivaunesnindndaniseeniainigvesnuiasiagiionuysnniey

pg9fiuszansnanludlidenalden1evag

Calories

Flywheel |

Revolution |

Pgr.M!nL{tS I Speed |
Actual pulse

o A

UM 2.1 Megraminenuansteyaluniesdudnseuediun

2.2 lassvreUssamiiey

lasseUsanniiesanansatinyssenaldgrsuitaymlavainvaiesuuuy  188991n

lasseUszanniisaianuiaulamszssuulasaigannsaseuslaeindoayaiegi

Aoy °

waganunsatluussgnaldundymniiveyadnuininnuagldaunsamanuduiugain

3

doyalalaedie  nmsinlaseglszamiisunuidymusasuudesdiniseaniuulasaing

Uszamiieutunlaganiy AatuNIseonLUUlATITsUTEasN AL zaniuUgm

ac av ° = | a1l Ay Ay o ! Y]
YAy 9 IDWONIIYLASUNADUYU YILLAAEITANINUUD SU@LaEJLLG]ﬂGYNﬂuvLU

Y



2.2.1 FsInnasaanmasuusdu (SVM)

Fwnasannmesunedu (SYM) griauelae Vapnik [91 1Wuislunisdauennguiiodn
Uszian vieduunuszinndeyaiinsianldlusunsszinananiwlngendendnnisves
M dulsranivesaunisiieairaduntuenngudoyarigniioudignssuiunisaeuly
szuuidoud 1uasnsdunnguteya  Aerfeszurunisdndulaiifonin ssuuiiuvie
lawasinau (Hyperplane) sildlunisduunnguiayalagldaunisidunsdunisudstoya

(% 4

sonilu 2 nguueneenainiu  [10] dunesanmesiugduilsusuulunisiseuiilu

A o A = o Y 1A QA' < o o & U
nsrUINNSankuUItaesiminsaugnainlilae wangauiandumneu Ay 9
I3 s N = & Aa a o 1% ¥ o = 4:4 Yo s
wasannmesuuviuinlunsuuazsuhluldluausiunmsiiguuuusasidenlddnnese
LINLADSLUBTULUULUINGY
Funeosnlanine skusdudivivnisuuingudeya sxldssuruiiuimuigauiian
(Optimal_ Hyperplane) lunisuuangy nsasreszuruunldlunisudsngudeyaaiunse
afalavaneuuy uiaeliszuIuANNm sauNgaL e TERI LAY NEUNTSNITEEEIe

- v I Ay v = v
WNNgasEyIvasaznaunlnaiu unnanls

JUN 2.2 uansiegnaadussuuiiulunsudsdeyasenidu 2 Aaa



Inglvidszagvau (Margin) MXNNAIgATILUUayasening 2 Aana uazAIMog USLIaIEY

! a ! 5 o s (% A
VOUVDILADZAAAILYNLIBAIN INLNDIYNNDIN (Support vector) AU 2.3

Supportvector

Supportvector / S \

T,
e,
o
“,

X2
/
w.
v ¢ Xy —X_
X,
ey (x,—x_)cos6O
X1

Wix,+b=1
WTX, +b=0
WTX++b=—1

JUN 2.4 uansaunsTsuIuLAY
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AINUANNTTEUIUNU AD
WX, +b=1 (2.1)
WX +h=-1 (2.2)

dlothaunsh (2.1) avaunsi (2.2)

WX —Wx_ =2 (2.3)

W (X, — X_)=2 (2.4)

a U s

NNWBSNIRFARLITULRMAMBSUNG W wazdluunavindussesvau adisanilaann

’
(x, — x_)cos@=(x, — x_) w (2.5)
wlix. = |
WAL (2.4) luaunisd (2.5)
w' (X, = X_) 2
oy T s 1 S A AN 3 e AT
Nl )
2 [(x, —X)J
SR AAAA A (2.6)
Wi ( [, =x|
1y [(X*—_X‘)jﬁamma%mﬁmm&ﬁﬁﬁmﬁa’aﬁu w gleAn I\/larginzi
Ix. =x| Iwl
AU AL AT 09TE YD UAINI IO AN
Maximize ﬁ Ty Y,(W'x +b)>1 ynen i 2.7)

{ A v Ql' ! el' < o
T\]Wﬂ‘ﬂigﬂ/i’]ﬂ'ﬁ‘lﬁ’]ﬂ’]“UE)'U‘VIﬂ’lN‘I/l?j@‘i]"lﬂ{]ﬁyflﬁqﬂ’]i‘lﬁ']ﬂ’]éﬁ\‘]?j@ﬁ']ﬂﬁﬂLU@UULUU{]Z}J}%’]W]?W]W@@

gsiad
e (2.8)
W Jww w'w
1 o
Minimize EWTW Tag y,(W'x +b) =1 ynen i (2.9)

vidnusldanisanazgmea wlalaenss astuazunuaienisidiouly Karush-

Kuhn-Tucker Ingldigdnnainsesddaluiziuasutedninlneglusuwuuiiaunsald

Y
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'
v Y

ax ° & ) aM Y o & a v .
0NN @@'sﬁﬁ?‘!@lu’agﬁnq@L‘VT@J@Uﬂ‘Uﬂiva@JN"U@‘U"I N UUAD ﬂ']iL‘lJaEJusl‘WL‘Uu Lagrang|an

function vesteyniAuausadeulasadl

L(w,b,a)= % wTW—z:ioci[yi(WTXi +b)—1] Tawa[y,(W'x +b)-1]=0
wae o, 20 A1 i (2.10)

e a, A9 Lagrange Multiplier

Yi+ =1
wWTX,,+b>1

-(x;y—x_)cos6

X1
WTX, +b=1
¢ WTX, +b =0
T}’i—=—
W X;_+b<-1 WTX, +b=-1

JUN 2.5 uansmisiusaanadn y, =luagy, =-1

aL(wb.a)
b W= Yo% =0

W:Zyi X, (2.11)

b,
o, =3y, =0 (2.12)

wuaumsi (2.11) wag (2.12) luaunisy (2.10)

L(w,b, ) Z%WTW—Zai[yi (wW'x, +b)-1]

1
:Ezyiyjalajxl X; ZYiyJ'aianiTXj +Zai
1] (] i
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=Zai —%Zyiyjaiajxij (2.13)
i i

[

Feazladayymaiuguasaymisiueiail
Maximize Zai—%Zyiyjaiajxiij T Sy =0, <0 WA i (2.10)
i i i

nfinaItsiulguinsiusearafianusauustayalanieidunsa( Hard Margin )

ra v 1

Aensiiliifideyasgluuinaveunvenniiuwidmivurdymldarunsowsldde
Gunss seuazuidameismsuidamususeu (Soft Margin) [11] Tnedymaeusoude
msfioyneligatoyauigrauisasgluduiligniesld duiusdesdinasmuniiuys
dmsugansumanuRanatalagn siinsuUs Slack variable(§) fiaunisit (2.15) uag

(2.16) dai)

&
° T
[ ¥

JUN 2.6 uansleymvouuds (Hard margin)

gih'?i 2.7 wanaleymvausau (Soft margin)
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WX +b>y-¢& lefvuali y=1 (2.15)

Wx +b<y+&  lofmudly y=-1 (2.16)

PNAIAIUUAAT & >0 MRlATIET Ut uNeSANNADSUNTTUANTALLT U Y

' v a' Y a ° Vo o o .:4'
wusuenlinniigauazandefianarntunisviunelisinfign dsaunisi (2.17)

N
Minimize %||W||2+CZ§ gy, (W'x +b)=1-&,& >0 dwiui=12.,N  (2.17)
i=1

ISP

TaeAn C AaarAsndaudunisdnesdnsusiiruaUsuianNuRaNaTIn a1a1 ¢ JAun

a 1

gy lvilduvsuwaLauinlungtufelianteyanegnuilateevsesauliniuinnaie

WWaduladesifietnldenaagiinlimiin Overfitting  (andvoyatfunniiuluausinalinis

Y
weiana1n) aa1 C dedegvgiiiduveuiinnuniiureseuliliyndeyasgiuin

TavangenliiAnanudananlaunazliantlym Overfitting  wslsipasiiadosauiuly

° ° ° °
° e
o ¢ ° ° o 9 o o
o ° ° °
° °
o o ° o
AT C 1N AN ¢ tlag

JUN 2.8 uansitegensilSeuiisuseninamsimuaen C wnuazen C o

wladaymauguestymnismaingnae
Maximi L "% L N (218)
aximize Zai —EZ:yiyjoziozjxi X; 108 31y =0, 0<a <c YNAN | .
i ij i

szuniliiduingUszasdadnedudymiduusunnaeiunsedeuluvesen o, dodial

v 1 Gl ! U
UpgNINNIINY C
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MnfindnNansiaiglinannsauiedoyaldtedunsviedaduudluauniy
svoraliannsondsadoyaluligivu q WWkedunss indeinsudtagmlsenisudas
Usniladgadulmdudadu lngld Kernel Trick

Kerel Trick Aonsudasigilsiidafiasduioudtymioyalidadu (12] Feiladdy
Kernel fvianguuudil
Linear: K(Xi’Yi)ZXiT Yi
Polynomial: K (%)= (XY, +1)d
Radial Basis Function (RBF): K (X, y;)= el 50
Sigmoid: K(x,y;)=tanh(a-x'y, +b),Ja>0Ab<0]

g d,7,a wag bilunsfimesvesilanduinesiuaiaAtneidaliues fuaunaies

Y

X1 X1
W4 2)
T2l
(o} \\ Y vl
O 5 2. v V
\\ \;
E O _‘\
(o] 3
X3 X2
3) *1 Raead
Q)
'.
 J A
vY— ¥
e
v
X3 X2

U 2.9 uansgUuuunIsuUInguse Kemel si1sqlng 1) Linear Kernel 2) Polynomial

Kernel 3) Radial Basis Function (RBF) Kernel 4) Sigmoid Kernel

2.2.2 FsInnasaannasuusIua1nsunisannay (SVR)

TunsAinwisgnneiannmesuurdunldidulaesinauivanuatoyasanainiu K
(7 s

naY WAluNItvaITE NN TNLINABTTNTATULIIALUINIATIENAIINAN D DL TENINDUN

nnwesuazmLUs N uTamInzauiun s lelym[13] dunesaininosuusy
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FudmiunisaenesiidimunefenaanIsAuMANNFUTUSITAdUTENIBUNANINAES LuLlF
WA n (xeR")uazinUsioing (yeR) FefuaunsmsonnesvesIsnnesaNAes
wugudmiunisanney Ierateduaunisiaasinauveisdnnesaanmesuuviu [14]
Tngagfmunszoviduveuiinseunquantoyainiign uwiuse & lnoisdosnisuszunoe
ANNRANANAYBIgRT By ATIDELUBNYB LY

Tideyarnluusenauluarsien {04, ¥).(%, Y, ) (%, ¥ < X xR Tnedfi X fe
yunvesyiavesdoyatint dduiddunesnnnmefunrdudmiunisannes Wvanede
Fosmsfiazyniladdu f(x) 9Indr & fmnvau@srimnuianainliasinnniie & gl

nsdiifuitsifudaduarlisuuuudsd (12)
F(x)=(w,x)+b (2.19)

weX beR uaz dydnwal () Aenisminanauedaly X FwieenisviAieganves

I Frfuazannsndeuliymmananmngaudiaaan
Minimize %”W“2 gy, —(w,x )—b<e uag (w,x)+b-y, <e (2.20)

naNn1s (2.20) 1Hunsuszanaafleddu £ ainasuiu (x,y,) duAirsne  Tunsaifidu

Y

vaulnliansonseungundeyarianun asvinisiiudawls Slack€) Winsessudeyad

v
v A

Aawann fetuagladavinismeanmiannil

Minimize %||w||2 WL(:ZI:(gi +&) gy, —(w,x)—b<e+&, (Wx)+b-y <e+&

IGH E,E >0, i=1,..,n (2.21)

v

Tne7 C >0 Mndaymnsmainzanluaunis (2.21) sismsundeymdaignsly

Lagrange Multipliers sredeuly KKT s

L(W!blgi'éi*) :%”WHZ +CZ(§i +§i*)_zai (e+& -y +<W1 Xi>+b )

_Z o (6+& +y, - <W, X; > -b)- Z(nigi +7, &) (2.22)

i=1
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nndgmatugaunis (2.22) Reulvfe o,q,&,& >0 Wavhnsmeyiustdosves L

WeuAusmUs (w,b, &) azlaaasil

=2 ~a)=0 (22
f_QVIII = W_g(ai —a )% =0 (2.24)
oL -
oE =C - =5, =0 (2.25)

[

NAUNT (2.23)42.25) thluunurluaunis (2.22) asladaymaiualvainail

Maximize _%lezll(ai _ai*)(aj _aj*)<xiixj> _Ei(ai +ai*)+iyi (& _ai*)

i=L j=l1

1ng Z':(ai -a)=0, a;, & €[0,C] (2.26)

el (7,7,) LivsingluilduingUszasdvesdamaiug 9naunisi

(2.24) anunsadeulasatl

w= ZI: (o — o, )X, (2.27)

f(x) =_'2(ai —a; ) (%, X)+b (2.28)

(%
v A

lunsdfinudufiusvestoyatulinnududeuauliauisauvsioidunsalaas
wAteymlaeldianiau Kernel K(xi,x)=(CD(xi),d>(x)>1‘7iCI>:X SF e F AUTnldnyy
s Faduisannsaaiannisdunedannneiiinsatuiieruteioiwnainduns
nnwesldssaunsi (2.29)

f(x) = ZI:(ai —a K (x,X)+b (2.29)

Yal

A P Y I3 a s ¢ al v aaa
ile o uay o Ao MauaNTar K(x,x) Aairesiuailsnduildlunisuvasdoyalnilisnn

93U
Y
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2.3 VUABUITLTINUTNTIH (GA)

WWIAATRISad AU (UNsTsNAINeInIsangy) Hunnteyaniesssuganian
< Y ~ a (% A o y = o y
WuTwsls  vugipunsluiuRedsamuumnilividseulan  msdrTanuluail

= a U 1 aa ca v 1A U L2 d” =
vosivauinile wasnyinizluuymaymsuddin mulanuinivuazdnd vuiuniy uas

) a ¥ = o 1! 1 = o ca U 1 a L4 a6 )

nyinedirnuaseadeiuidliviiouiy mfudenanuiiunilud 13 al3d wuuumginig
nmatneaeglunmaynsuudiln Tasegurnfidvunaunaz usunneiuauavsnzay
vosUszLAvoIMTunLsazriiaAy aulud 1859 msiu ARuirilideALlamuraInaiy
osdillFInlaen1sAAERNlAEsTINTIR  (On  the Origin of ~Species) FsoSueLneiu
FTMUINFUDIETTINLAULUNTZUIUNIIAALADNYIETINYIF Lalilafnd]  “AudnIw
s35uRFRETIRTANLamIsaUS UM UaEN MR e LA AN ININD Y AT
A3TIRRY LavaenendnyENmIzasiol”

TunWITANUGNITY (Genetic algorithm w39 GA LJuAsMEsunuuITamuin1smng
5TTUMATeNTad MFIu FawnRetigmihulszyndldlag Holland (1975) uavgnitmuise
lae Inanu3n (Goldberg, 1989) ieasantamnnwuarulugiudymnlimesnss Fsdmn

a0

v ° A ~ I o ' v A4 X oaa Y =
m@\‘]ﬂqiﬂqma‘UV]LV]ENG]?QLLagllV’n']llLL@JUU']QQMqﬂﬂﬂaﬂuﬂqisﬁﬁnﬁlmﬁquu ?ﬁﬂqiLLﬂ{]ﬂJV’]ﬂ@ﬂqi

mAmeuTinalAgsiaNsageNsula FBAuMIAIneUTRe1antelaunIBIBugNITHTITneY

TuusenviSnnsdrsan

VEGETARIAN MEDIUM
FINGH LARGE REE

TREE FRiCH
FINCH

U 2.10 unflud (Finch) mugfiniamngg (§19849 : www.sites.google.com)

=

991N TUABUIBBNUFNTTULIING UL Y I TRUINTRWANILRNIE TN

' (%
[ =1 v A

dAgiethuuAdgymlidel
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A1319% 2.2 Ansiannzluisigaiugnssy

AFnn UGN

81 (Gene) Adululslunsagminegosvedlaslaley
lasluley (Chromosome) naunadnsdulUlvostiam

U52v7n35 (Population) nauvadlasiuley

nsauiuswuuldine nsfivszrnsusiolu(offspringlfinTuanniuneu

110177 1 fiu llasu(Crossover)

%

nsaunusiuulaldne nsnUsernTsusialy (offspring) MATUANTUNBULNES

[

FFEITY N1SNANENUS (Mutation)

q

nsARLEeN N1597ABAN Fitness w3aAaMumangaulunsAnangy
fnld

2.3.1 NILUIUNMIVUABUIBIIINUSNTIY

1) Aszrnsiausiu (Initial Population) BuannisguAnaudaduadneud
2eluTaULUATRIAIADUTULIMNIINIUVDIUSEU NS IMMUALTUAI NS 1InTuvian s s9d
° ) a i = v a A a o v Y]
garnautuazisenItasiuleadadasiulondsenoulusie Buiiesiony Gan1sinsanig

WUgNIIUAN SOV gTE I
NIENUIBLaYFIUEDS (Binary Encoding) iuniseenuuulasiuleuildsuen 1 uaz 0
Fefeuldnunanasfudarmadondulivseluildfeeisnisunusaidu 00110101011
NIUNUAIEIIUINITI (Real Number Encoding) Tdfiunaiaasilinedesiutoyaid
Usunansesenuuulasiulanlnglddnysidusmunuussraneu
NMIWNUAIENSISEsdUAEU (Permutation Encoding) tuniseenuuulaslalauiild
Dusauinlugsfeadldivleyanaduiounddinatiunamay wu Jamnisdadisunisnds
N1IWNUMEI18N1598309 (Rule Encoding) 13w n1sfndulansenisifiady
2) flandumnuvangay (Fitness Function) lutuneuillasluleuvisnunazgn
Uszifludrmnumngauvedlanialunisedsendearldaunsidmunglunisindiainuiigeg
I = :%’ (Y] 1
Ju dsaumsidmungasiued iuwsas Uaym
3) wWoll (Parent)  Tudumouilaziinnisfadenlasiulaulaeslasiulauniainii
[ A . Y 1 = [ I = aa 1 aal 1 3
WnzaNgeazgnAaien  (Selection) Tvillune-uil Fan1sdaidenivaledsigu suvalu
[ ! . . aa (3 U . aa v v v
dndu (Proportionate Selection) 35uasluasieiiu (Boltzmann Selection) 35n159n9UsU

(Ranking Selection) 35n13u3atu (Tournament Selection)uag 38N1TTNAIDE1UUUIRET
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a v o

169 (Roulette Wheel Sampling) ann#inamunvadwisfidenigafe 38n158nieg1auuuas

[ [
AR ILAR
Y
s

4) nsaduaneiiug (Crossover) Wunszurunisduiiuguuuendeina Faaziinis

]

o

v a o 1 < [y Y d"
aavdululasluleulngagAMRuAANNUIL U UTBINTEAUAISNUS AL AILIN TINTLUIUNIT

@ 1 dl' R

lunmsaduaneiusaziintuidedioainisdulunisaduaneiugiiitesnitmaruiiazdy

]

(=

Tunsaduaneiiug wu uuamudiazdulunmsaduaneiugie 0.7d6ddulunsaduane
fusho 0.65 aziinnsaduanetusiu maaduaneusdvans sy nisleiiudsuuuy
a;mﬁm(smgle-point) mﬂmiﬂﬁauLLUUﬁam@ (Two-point) LLaSﬂﬁlm’ﬁLU?ﬁ'aumeaﬂgﬂ
(Uniform)

5) mananeug (Mutation) lunszuaumsduiusiuuliofemadaasllell
Ananlashuleugureulaslilemien nanaeiugaznistuidediommsdulunsnateiug

a0
an

Initial Population

Fitness Value

Parents

Crossover

Mutation

as

Solution

5UM 2.11 uanaduneulsidaiugnssy

wesninaanuiazidulunisnaneiuglagazivuaauiiazsiduvesnisnatewuslidan
Wowe W 0.01 MsnaeiudlnaegULuums N1snaeiugLUUIALAENITNAIETUSKUY

aau
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6) Wouluvn1snganisvingu ludunsudaziduiinivuanisduganisinaugy
AvuAliEugANI5ULEeATU 100 SRUNIRAUAANTIUTOUIDAIAINMIEaY (Fitness

Function) ldanunsanaunle

2.4 NFIAANNYNABIVRINITHEINTA]

ANSUSELIUUSLANTANUBILUUTIABITLHENIINIT L LTANTRANAIANLANTUVDINT
a v

nensalyadeyanagdeulagissuifiguamadnsnunassiuanlaainnisnensallagiis in

AN 2 3%

2.4.1 snNdasUaIAInaIALARBaUNIasaa9LaaY (Root Mean Squared Error:
RMSE)

< ) adag Yo ::1' a a a ¢ =2 YU ! !
Wunilsludsnldvesngalunisussilivysyansnwvesnisnensalasazldinden
WeNsaineaInAasaAlrulagldsgeemauugada (Euclidean distance ) ialuagldsand

desvatrnaaAfeumMaetadslugienniaingt nsng1nial Lagn1siATIEinIsanney

RMSE = f%Z(Y« -v) (2.31)
t=1

2.4.2 LUa‘ELG'fmﬁﬂ"]ﬂmﬂLﬂgauﬂuu‘jﬂjmgﬂ (Mean Absolute Percentage Error:
MAPE)

INOATIVADUNANITVIAGDS

JurA1inmugniesnenIsnennIaifii inanuuInvesAIALARIAARBUYDINIS
¢ o 1 a a 44' = a Yo = ~ aa '3
WYIMNFEULNYUNUATIVIY Iﬂﬂlﬂﬂ@lﬂi@ﬂ%m’]ﬂ f\NL‘Visz\]ﬂﬁUﬂ‘Uﬂ’]‘JLUiEJULVI‘EJU’Jﬁm‘JWEﬂﬂim

WeniunsaNsiUSeu s UISwensalvaleis

Y _yt

Yi
lnefmualiiiuds y, Aetayadse Mwds ¥, AeAnuAaaAdeuLaziLUT N Ao U

MAPE = lzt”_l (2.32)
2

Toyarane

L

2.5 ueiNg29949
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[

A. Zander, E. Passmore, C. Mason and C. Rissel [15] ¥1n15@nwidenan1nd1519
AInTeAu danseau uazguassalunistudnseuluvydasorgnulasansdaaiunistu

Inserunimualmungniteny Ionisaeliglng$iuiu 17 aunidleny 50-75 Y15

v q

Y]

TUSWNSUARASUNISTUINTEIU 12 FUANY F95UDINANENTVNWENITUUINTEIU 1NTI18971U

Y

(% (%
= =

wadndnstudnse Wi aunm@indieau @uamdniidty nausslovimadeny uazns
LESUATINAIE1U) LLazqmﬂwwiWQﬂwaﬁaﬁﬁu

S. Titze, B. D. Geus, P. Krenn, A. Bauman, P. Oja, B. R. Nash and T. Kohlberger
[16] AnwnAsfuauduiussemnenstiudnseruivaussananilanazvaoniden naan
msfnwludlng fevhamdadiavssoninvesitlaasvasadonitusgsashiauouay
Haduddsalataznasadeauisduituiiesannstiuinseu

ad o 6

Tuniidovarsaulaiisdwnesannmesuusdudmsunisanaey (Support Vector

=) A

Regression) tUusendldinennlyminisneinsavseiiiofinysg@nsnainnisnensaids

v ]

a1u1saunllUssyndlivaaaugy aun1sunndineitadelsn wenantiu1auifeds

nawelas e indseananmnsnensalagldiadeiugns sunanUssgndlgiuisdmw

NOSHINLADILUTTUFIVSUNNTONDDY

o

TnowedamluildlumsweinsalasduismsiessinisanaoaiBemmaniay 5 dm
wosannwesuurludimiunisannsy I5dnnesaanmeswusdudmiunisonnesduns
Arszinuannegszninsduneieglusiuvunninesiuiuysaufendnnsfiung
Seudveaiaios [17] F3ilieuuiugngs [18-21] uel SVR fdositalunisldarudesanngld
Fastmunamsfiwedans 9 Ifunsauislilduuusass SVR iflussansam dadus
39.@U8I8 Genetic Algorithm-Based Support Vector Regression (GA-SVR) lansla 35134
#ugn3TH (Genetic Algorithm : GA) TunsAumnamisiflnesly SVR fimunzas  GA-SVR
annsathluvszgnaldifeuddyminisnensalndeiilelinussansanansmensalds

anunsniluUssgndlavanesiu

C. C. Yang and M. D. Shieh [22] s 1u3dediaupIsdnnosninmoskuvsdud1msu
NsaRnLeNRUILUUTIaRITIAIANTTAINITABUANDINIIeTHRlYREUTIAA (consumers’
affective responses : CARs) d@wiun1sesnuuunandiag Usenisusngaildesuiese
Mog1andingdiue Usen1siaenandnuuzvamansiug (product form features : PFFs) ¥

=3 14 a o 1% £ £ v
nsiiudeyan1susziiulagsausinnuuuasun uuiassgnas1adulaegly SVR uayly
ad ~ v ! a s a 5 o a = a a
TB(RCGAMNBAUMIAINIT MO InNNTaudn 3nduriin1siTeuiisuusednsamnng

MUNIENIN Support Vector Regression with real-coded genetic algorithm (SVR-


https://www.researchgate.net/scientific-contributions/Adrian-Bauman-38289457
https://www.researchgate.net/scientific-contributions/P-Oja-2084011543
https://www.researchgate.net/profile/Bill-Reger-Nash
https://www.researchgate.net/scientific-contributions/T-Kohlberger-57959837
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RCGA) Support Vector Regression with 5-fold cross-validation (SVR-5FCV) back-
propagation neural network with 5-fold cross-validation (BPNN —5FCV) wan1suaaedlag
Iyadoyavulnsdnilofonazadmaosinilinandliiiuil SVR - viraruledngy BPNN
UaNINH RCGA dnsumsiiiauszansnmmsfiwesluds SVR fazminsenisldiuaielu

NN59ONHUUTULUUREANIMUINATINITG cross-validation (CV) #ildhauu

(%
[

M. H. Zangooei, J. Habibi and R. Alizadehsani [23] mATeesunaieatung

| Y

NadelsanalsanlifnsarulsauzSaiiuy Isadgu Tsatuaninu lsaiansdalanalsalisasu

Yaa

dniav Tngariddemaiulsariiamaquestnsannsnensainussgndld s SVR aufy
Non-dominated Sorting Genetic Algorithm Il (NSGAIl) nam15ineANgnseieuiuls
3u 9 Maefinisfnwnn wu nsnensallsafudieiTaugenl AWAIS Naive Bayes uwae
BNNF ansnennsailsaugi3asinuusiedsdumensl RAC LDA uae Fuzzy-GAL niswensal
TsAuugeisaugendi Hybtid system Naive Bayes waz SYM nnsnennsallsaladasu
SniauseI3auenT BNND Weighted 9NN uaz PCA-LSSVM 91n35fivunldmennsallsa
daequlodunlSouisumiausiugilunisneansalnudn 35 SR $auAU NSGAI Saaiu

wluglunsnennsalgendnicay o

X. Tang, L. Wang, J. Chang, J. Chen and V. S. Sheng [24] lAlaualuudnassiuy
weunauiiliinefindeulasdainnisuandesdeyaiinqueie (fuzzy information)dnany
FAVRUUIIA89U9 GA-SVR tag Autoregressive Integrated Moving Average (ARIMA) Tu
msviwesuisiaduan (Producer Price Index : PPI) a1nnsideuansliiiuiaen PPl i

AIANITALLABLUUT A BINANNAIU I A IUIIUEINNIINAIAN IABLUUTIABIDU 4

M. L. Guo, D. Li, C. Du, Z. Jia, X. Qin, L. Chen, L. Sheng and H. Li [25] nswe1nsal
nsasasiivuuiuresflesduisdutuvengadung  anmsAnuineunihiliinlii
ARIMA wae33 SVM. Tumsnennsaimsesnasluthsiungagadnn lunuideifaiiaues
GA-SVR Tngld radial basis function 18u kernel functions wazlU3euiieuds SVR wuu
S 33 GA-SVR wazis Back Propagation Neural Network (BP Neural Network) Wadws
fldansliiuin GA-SVR Tanuwsiugilunsneinsaigsgauarldinatiosas Faduisng

UsganSnnlun1snennsalanIinn1sasIasnauI kLY

Y. S. Kao, K. Nawata and C. Y. Huang [26] n15AIAN15ainIslanassuueslseina

\esanndeyaiidnvarliiuduivililiansonenisallasgiuiugdigisnisnensel

i
v = a 6

LWUULAN AYHUTITNISLAUBNTOUNITAIANITAAIUNISHANNEIUNA18TT UTenaunle


https://www.researchgate.net/scientific-contributions/MeiLi-Guo-2163841239
https://www.researchgate.net/scientific-contributions/Dianjun-Li-2034445329
https://www.researchgate.net/scientific-contributions/ChaoBen-Du-2092802703
https://www.researchgate.net/profile/Zhenhong-Jia
https://www.researchgate.net/scientific-contributions/Xizhong-Qin-70041247
https://www.researchgate.net/scientific-contributions/Li-Chen-2056557117
https://www.researchgate.net/profile/Lei-Sheng-4
https://www.researchgate.net/scientific-contributions/Hong-Li-2163670508
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Ensemble Empirical Mode Decomposition (EEMD) Autoregressive Integrated Moving
Average (ARIMA) SVR uag GA laluis EEMD-ARIMA-GA-SVR 1ANan1sAn® N3
nauNaunanedsfavetuansa UL dofeufunanisaianisafisau q wuinls
AakugfiAng1 szuuiBrasnanuiinanudiduiiugiudmiunsiansmdsnuuarnis

AMuUUALlEUNe

S. Liu, H. Tai, Q. Ding, D. Li, L. Xu and Y. Wei [27] LLUUﬁi’Waaamsmmmiai@mmw
dhdmfumsmsiesdn i nsdnetliiiauesuamsleusaiidonia realvalue genetic
algorithm support vector regression (RGA-SVR) Fadummsmes SVR ViLMmﬁzamﬁqm
MniFaimnsineiivmngaufigaulfifioassuuuiiass SVR wuvdaesildifieviiune
foyanmuamiimgiAssdniiifisusmnnlsnudnfies Yixing lulsemedu wanis
NAaoIuaadliLiud RGA-SVR  fisz@nSarmuileniauuudnass SVR  wag back-
propagation (BP) LuuRaiy TneBeanAnnataLnasy RMSE WazAn MAPE Luus1aes RGA-
SVR illdsunisfigatindrinfunuamedifiszavsomlums manmssinuamihdniunis
AR

H..Ahn, S. Kim and J. K. Kim. [28] @3190UU31809015U58LUaN 1181199170010
nsuanseanye@utn nsAnea@Iulngldas Multiple Regression Analysis (MRA) Artificial
Neural Network (ANN) Waz Support Vector Regression (SVR) wsfiaanuusiugalunis
yhungAeutna IfleUuUTwsanEamsnensaivealuUsiassmsIuausiuUIaes
GA-SVR neld GA iilaifindszansaimmisfimesinesiuares SVR Jumefiuadidenldde
Radial basis Function (RBF) L‘T‘Juma%maﬁﬁw’bﬂwmaé'mu'i'%’a [29 , 30] WiensI9d0U
U52an30Maeuuudiant GASVR 151UTIUsugndeyadswenIsnouauenislund

WAYENIIZN B THANIUBUUANSI T huUTIa8e GA-SVR WWSauLguiukuuinaas MRA,

ANN wag SVR fiugadayaifedni wuin GA-SVR dUszavsamimvilend3sou 4
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Tuunilagimgufunsngg unldlunisasrsuudiassainilanauiltuuniounii Tng
9za5UNEAIUIIINNTY 03U18T8N5aT1UUTNIa0AIEITTNNESALINABDSLUYTUA MU

axd

NsanneYNANNEUAUTUABUITBUGNITULALITRY 9
v i o v
3.1 Jayaninly

MsfdunuTesMTlATinsAnsIEe I meInsalszar eI sudnseuile
aunmlagisinmesnnnnosiardudwiumsnnnosnaumanufutuneuisideiugnssnlae
iAfelddutumudunouded

LnsiruaUsErnsHagnausiegIs

2 msanaesestienltlunsiinszs

3.MINUTINTIVTEYR

4.m33nns¥ytoya

YoulmveIMTIAzsiUsznouludelsznins de aufitudnseuamineiodeedly
Assvmamuaskazeglulvaatanszds Tun1sAnuideluadsidnuiisatunisinged
sroymsivnzaslunistudnseny Wesnluwnaianseisiinadmiuinseueemane
whsleztundeuvesauitudnssmsnilnefiendueglungaymuuas

naushegnailflunsideldu auidudnsorurninefiedvedlungumamunsiay
ogflulamannnsgiia $1uau 105 fedy  msdennguiegrdlusuideaded fiteasiu
Toyanngitudnsemiifuaulvenegluwraiansyts TasldiBnsdunuunsidensiedng
wuunadunsulsznaufiae

fupoud 1 1 sdenietiauuuianzas (Purposive sampling) tialgasaniuiifiay
THlunsaeununguid g loud auntudnseundurnlvefiendooglunsammumunas
wazagluunaianseds

Fumeudl 2 In1densegrsuuulam (Quota sampling) tieruasuauiaetsd
U aetfiudwau 105 4n

Fumeudl 3 Wn1sdensegauuaznIn (Convenience sampling) Aensidiluuan
LuvasuaIuINNguiaegsiildtuualiugaluduneud 1 way 2 THasuaudiuiu

WUUADUANNTIUIU 105 g
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3.1.1 n1sas1ansasiienldlunisiae

wipaflefldlunmsifunuradeyandsdl Ae uuvaounu Fudunsmusadoya a1
puittiudnserumlnefiendoeglungammamunsuazedluinaianszds Tneg 3duadnedy
Tngn1sAnwAuAiteIn wnilsdouaziend1sn1e q lnednwaraosuuvaaunuwUsaanduy 2
du il
dwdl 1 uwwuasuauifudeyadiuyanavesauiitudnseiu léun
1. wiet Wuwuuaeunueiinuaiela (Close - ended response question ) lagld
seRuMTIntoyaussnuudiyel® (Nominal Scale) lauA inAvneg uag LnAnes
3.1 nATe
3.2 WA
2. 978 Juwuvasuamuinuaieiln Open-ended Question lagldszdiuung
9931871 (Ratio scale)
3, Isnusedamlunuuasvaiusiinuaieln (Close - ended response question)
Ingldszaunsinteyauseinnuindysl@ (Nominal Scale) lawn
3.1 ludl
3.2 1 Wsnsey
4. thwin WuuvvaevomeiaUaisilla Open-ended Question Tagldsduanas
9%31d7U (Ratio scale)
5. dugs unuuaeunuyiaUateila Open-ended Question ngldsgiuung
9n31d7u (Ratio scale)
@il 2 wuudeuanuienfunslddnseny
6. wuvgeuaABIfuUsTINvesdnsemduuuudeuauviinUaneTn (Close -
ended response question) lagldszaumsindeyauszianuiudyd® (Nominal Scale)
Toun
6.1 Mountain Bike (Inse1ULFDNL)
6.2 Fixed Gear (3nsp1uuts Luulisiiies)
6.3 Road Bike (3N381UTUUUALUNINIEU)
6.4 Stationary Bike (¥nspnuluilaiua)
6.5 BMX (3nse1uIun)
6.6 Utility Bike (§nsenuiirly duuaathu Juludrenann)

6.7 B«
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7. wuuaauaaigivemsvedlsanastudnsenuanizinilsausedns {u

wuvasuauviiauanela (Close - ended response question) Ingldszaunisindoya

Y

L%

UsgLanuuUyal@ (Nominal Scale) leun
7.1 iy
7.2 N34
7.3 ugas
7.4 aivsv

8. uuuasunuiAafUszssmslumstusnssunfuuuasunuianmilesvie
Indfnvesszozmlumstudnseudstimhoduilamns Wuuvvasvanusiavareile
Open-ended Question lagltszaunnsidnsadau (Ratio scale)

9. wuasunuAnfunalunstudnsewifiwvaevawidnniosnie
Fasrinveaatlunstudnseuddimioduund WuluuaevaiuefinUateda Open-
ended Question ngldseauunsnensndiu (Ratio scale)

10. wuuaeunuREIfUSITIMawiuvesiilaguannsvitos Fulmioifuaduie
wiidunuvasuaurinvaneitn (Open-ended Question) lagldsyausnnsidnsiaiu
(Ratio scale)

11. Wuvdsunaieafiunginssumstudnsenuvespiuvuasuinluisdunsi
Hudnseuinds Sadunuuaevnuwiavateidn (Open-ended Question) Tneldsesiu
111518995787 (Ratio scale)

Bansmiamnmieaiesile
1. dhuuvasuauildvinisadstuliionnsgiivinufansanaugnios uaslv
Torauouuziisida

2. uAlwSuussuuuasuaumusiuz1ve 813NN

3. thuvvaeunufiuulgud iidsmyasvaeummilomss

4. whlvUduusauuuseummmui LUz deaniny ntuthiausenassi

USnwnsiaaeudnasaulaneusulsntunauiluneaedld

mMafiusIuTndeya

[ '
[ = 1 1% v

nsfnwITelunssliidladnuideyatguniuaztayaniuni Wetieainemnudila

a o

fugulunsidedigesnuuuaeuny naendutitlviladeyanauysaigwulaeiuvasiiun

[

Ygavoya fall
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Q

1. Yeyaniiugil (Secondary Data) +Jun13 AUMIUoYaINBNAT I15ENTAAINTE
91983l HaATBAe o MAeItosnfunasdoyanisdumesite eusznaunisad
INTGRITRRH

a

2. foyausuadl (Primary Data) Judeyaiildarnuuuasuanuivdoyanngy
Freene 9110 105 AU Fsazdudumaiuniunudeyaanngusiegmuildivualiay
asummsaulagveauiniionnnguiedwiiuauiuinseusnineendeelu
n3unnEUATUazeglulnaInnTE s
NsIANsEINYayaRAN1TIATIZYIVOLA
1. a59deUleya (Editing)  {3T8n579@RUANANYTNVDINITROULUUABUA
Tngusnuuvasunuilliauysaloan
2. msasstia (Coding) — WuvvasUAMTIgnFeaSEuTesudl u1aasvianuiils
Mviue s9alTasemi
3. myUsznanadeyanassiaud Idhuntuinlaeltiedeslilasaeufiomes Lile
msUszinanateyadililusunsudiiasuiiemsidomsdsaumans (-

Studio )

[
a Y

T1Adeiisivoyanaus 94 988 AIn1519 3.1

Y Y

A13197 3.1 feEgtaya

Sex Age Weight Height dis30min | freq hr
1 27 88 181 12 3 115.8
1 24 76 173 25 3 117.6
1 35 76 170 10 2 111
1 26 68 180 15 3 170
1 25 67 169 15 1 168
1% sex WNUNALASAIRUALA 1 ABLINATIY 2ABLNANES
197 age uNUDIEHIUA 20 9 80

1% weight  wnutwein

Wi height  unudiugs

9 dis30min wnuszeznalunistiuasuzoumd

14 freq wnuaudlunsiudnseuseduniv

197 hr LNUDRIINT AUV LAV NLBY
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3.2 YUABUNITAZINULUUINGDY

1
asd o o A | ady o A

Fmhunltluanddedd 3 FBameiufeisnsinszionnesidanvan Sunesaanmnes
WUITUEIVSUNNITONDDY LAY IDTNNBSALINLADSUUITUF NS UNITONDDYNAUNATUNUTUN DU

ya o 1 (% s

B iugnIsN FeIdegatulunisAnuisdnneiaineesuusiudniunisannes

Y 9

a o

naunE LUt uneuIB Isitugnssalnevinsulsdeyaseniiu 2 daudeyateyaillidmiy
Anstulasfmunduaudoyaidiu 80% vesteyanimun tasdndrunilsfoduvosyadoya
nadauIzgnuUInamiiu 20% vasdoyativun Fuis 3 Afindnuntarldyadeyaifeaty
Favun fukwntAsesagui 3.6 doufagdwanlulusunsunrsiiastinda Packages Ais iy
Foreudeuszneuluse

1 e107  Tddwmsulunszuiunis SVR

2. GA g wiunszuIuns GA

3. Readxl  lddmsuindnlugann Excel

4. geplot2  lafdmsunanansiu

lithrarwel071
librarviggplatd)
lithrarvi readx1)
lihrarwGad

5UM 3.1 uang Package 1141

3.2.1 N1TIATIENNTANADELTINYAM

Tunsiasizideyaatnuuuasuniy §3delfirdeyanimearanduiusifion
ANUFUNUGTEIINILUSTAURUR WU S
nMATIERdeya
1. M siiioadsaunisannesnseaunIsnensaidasefiinaneraily
nstusnseulnemeanduiussEnInafuU e (Response , Dependent variable , Y)

wazFuwUsau (Predictor, Independent variable, X ) u1nn3%ilesa laed Correlation

'
L% £ (% (% (% [ 6 =2 ! o/

Coefficient () %39 Arduuszansandunusidusivsdneainuduiusdeadulszans
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€ ISP I = = a0 v gj I v gj
AVFNNUTUISUANDYTSWIN -1.0 88 +1.0 Famndlalng -1.0 TunLIgAUINFILUIYIIEDY

v v 6

eduusiuegrannluBanseiudumndianlng +1.0 Surneaud fuusisaes
finnuduitusiulnenssegnann wasmndanluy 0 Fumuneaudn fulseasadalidl
ANUFUNUGADAY

2. dddsidenirluimszsiifienuuusiasimsadamanslagld nns
‘5Lﬂi’13ﬁmiamaswwﬁ]m (Multiple Regression Analysis )

3. 398l Wunsu R-studio ntelunsiiasient

" . .
e .

dis30min . (;H o
05
height 0o
05

e . . .
-10

o .
s . ..
4 @ > > & N $
& o é\Q‘\ é}f & @ A
& E S
&

5UN 3.2 hanaAanduiussendnwmuysengeg

3.2.1.1 vinsuddeyaainlune Excel

Filter
* sex age Disease weight height type sysptom distance(km) time(hr)
11 27 7 33.0 131 2 2 12.0 0.50
21 24 ] 76.0 173 1 ] 50.0 1.00
31 35 o 76.0 170 2 0 40,0 2.00
4 1 26 o 68.0 180 2 0 30.0 1.00
51 25 o 67.0 169 2 0 30,0 1.00
6 1 25 o 100.0 178 2 o 200.0 2.00
T(1 34 1 113.0 179 2 1 35.0 1.30
8 1 26 ] 83.5 175 2 ] 70.0 2.00
91 30 ] &40 178 2 1 70.0 2.00
10 1 35 o 80.0 175 2 0 100.0 4,00
11 1 37 o 70.0 174 2 0 50.0 1.75
12 1 37 1 62.0 173 2 1 25.0 1.00
13 1 33 o 75.0 168 2 1 50.0 1.30
14 1 30 ] 63.0 164 9 ] 23.5 0.76
15 1 35 ] 35.0 167 2 ] 50.0 1.30

5UN 3.3 uanansdnindeyalulusunsy R
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n
o

— Actual

distance
B

0 25 50 75
Population

SUN 3.4 UanslaynsreenI9a
3.2.2 AYNNOSALINNDI RNV TUFINSUNIS NN DY

Tasgelusunsy R Wesnnldmbwdideyalulusinsuuaigidelaitoyaimuin
lfuasTnwosanmesLNTTUd S UNIIaA088 (Support Vector Regression : SVR) &4

anansauansraanslanagun 3.5

Call:
svm{formula = disl ~ sexl 4+ agel + weil + heil + freql + HR1, data = (datal))

Parameters:
SVM-Type: eps-regression
SVM-Kernel: radial
cost: 1
gamma: @.1666667
epsilon: @.1

Mumber of Support Vectors: 8@

JUN 3.5 wanInadnsanTs SVR

1AEATTNNDIANNADI LUTTUAMSUNNTAN00Y TUIUTHASURAIUITAUMAINISITWDS
P Y ° ¢ a Y v A& o ' I a .
Mnzauld anunsadmuaesiuanuzauiudeyals lundivusdupesiuasie Radial
=}

Basis Function (RBF) l#i@1Cost (C) fA»l A1 Gamma (¥) f® 0.1666667 Lag A1

Epsilon (¢) A9 0.1 #97U2U Support Vector y19ua 80 @2

3.2.3 ASINWBSALINLABSLUBTUFINTUNISONDDUNAUNFIUNUTUADUIT LT

WUFNIY
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a Y

A1NNTNLAANYILAEINUITTNNOSALINI DS WUBTUA NS UNISOARY  AzlAlndl

£
Y A

3§ Ao Cost (C) Gamma (7) uav Epsilon (¢) a3 failiinasie

o w

N151THB5NE1ARYD

nd1Anyed
n1sneInsal gId83edeen1snazAumA el ITiaiugnssy  uaslunisAum

A

d
PN v o i cal a a v aa A vee !
NERUIEEU LLa'J‘U%u’]ﬂ']WEJ']ﬂimVl‘léﬂ,ﬂL‘UiEJ‘UL‘VIEJ‘Uﬂ‘U'Jﬁ @ueﬁ/]lﬂﬂﬂﬂqm']ﬂ@u

ANEMes
st
FupeuisinmosnnnwesumdudmiumsnanosnaunauiuiuneuiBideiugnas (GA-
SVR)

1. FuandmuadisuduluUguYes  Ce lage C Aeriasiday
WU DIAUTUAMUAUSNIUALEANAIR 7 ABAINISITMDIVINIATULADSIUATIAY
Juegfummmngan & winssszduveuiinsounquandoyauiniign  Inetmuad
UszvInshe 50 uagivuaa C de18g5ening 0.0001 fs 3 A1 » HAeg5enine 0.001
2 uag ¢ HAegsening 0.01 09 2

2.-1hen C, 7,& 9l thidguuuinaesiddunesmnninesuusdudimiunsonney

3. drunmAn fitness function Tnellusidilimuac fitness function Jn9Ine1
RMSE

4. MvUANIIUgANIIIEIvealUsknsulasluATILsNAMUANTSNEY 10 58U 01

1%
o o

gavihnlalfial0 azigiuneuseluudmnasy 10 seuuaiaglaan C,ye winzauiign
5. msaidastalgusudeliiiunis  Anlden (Selection) aduanuwug
(Crossover) Wz Tauaneius (Mutation)
6. aglousznnsulninniudailudnes lunuudnaes SVR
d' o ° 1% Ql' £ o vV & [J
7. devhasudnuauseuwasla C,ye ngauiigauaianuuazlaluiuuinass
dmsunennsalszagnienistudnsenuievilumeineinsalssesnig

8. WdeyanlddmiunadeunnadoukUUTIABY

msﬂ%’uﬂqqmﬁwﬁﬁ%’wm%mnﬂLmaﬁ‘LLm%uﬁm%’Umimaaawauwawuﬁu%umaui%l%a
Wugnssu (GA-SVR)

Tuduresnsusuugsaiulutuneunsngidelévinsie 10 sou fmstadiar
wlngiUTeudlouiuitaug udimntuiaing 50 50U 100 58U war 500 FOULAYATIVERU

AU IVBINITNEINTAIDNASI



3.3 LWUIIUIAY

SUN 3.6 WEAAILHUIUITEAILALSUAUAIBNITUIIN DY

Y

wWUUIAB b USsUiB AL U b N SHeNNSal

Input data

Y
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AR UUTIADIAUAAYINEN

v

Training data

set
I

MLR SVR GA-SVR
Distancing Distancing Random Initail

model model value for

ﬁvf parameters
’ (Cre)

Forecasting Forecasting

values values J/

Update the

SVR model

l

Evaluate fitness
function

Set condition
for 10, 50,
100 and 500
iterations

Selection,
Crossover
and mutation
of
parameters

|

Generate offspring
parameters population

1

Validation data

GA optimize
value of
(Cr.e)

J

Distancing
model

J

Forecasting
values

Perfornance evaluation (RMSE and MAPE)

End

5UN 3.6 UHuaLAY
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NAN1528LaZAUSIUNE

= &

Tuunilazuianishananasanidu 2 du drunuilsfrenanisidonazniseilsiona
neNTUsTernamnzaulunsdudnsenukaNan1sIgkazNI8 AU U NaTaIaNTINNS

YFulgadnnnsiiwmesnisnensalssesnsnmunzaulunstudnseny

4.1 wan1sIeuazN1TaAUs1ENITNEINIalsEazn1emuzanlunistuInseu

=

Tudauiezusznaulusie 3 38luniswennsalssoznienisdudnseudsusnie nns
AinginisannosiBansgas (Multiple Linear Regression - MLR) 337iaesAaisdnmesn
nnwasluyTudniunInney (Support Vector Regression : SVR) kagisgavinueiodm
wa%mnmma%um%uﬁm%’umiaﬁmaEJmamawuﬁu%umau%’%@aﬁuqmsu (Support vector
regression-Based Genetic Algorithm : GA-SVR) 21nuuudaesdinsvaesisusnazglann

NYINTAIVRIMABETIAIFUN 4.1-4.2 wanasiiee1emneInTainte

predic2 rang sex age weight height dis3@min fregq hr
1 14.347384 1 1 27 88.8 181.8 12.00000 3 115.8
2 15.952448 2 1 24 76.8 173.8@ 25.00000 3 117.8
3 14.5@3ee3 3 1 35 76.8 179.8 19.e0e0¢ 2 111.@
4 16.137438 4 1 26 68.90 180.8 15.00080 3 178.8
5 16.876175 5 1 25 67.8 169.8 15.00808 1 168.@
6 13.839619 6 1 25 1@8.8@ 178.8 5.80008 7 195.@
7 1@.81@3909 7 1 34 113.@ 179.9 13.458154 4 145.8
8 14.743816 B 1 26 83.5 175.8@ 17.50000 6 175.@
9 16.846291 9 1 3@ s&4.0 178.8 17.50000 5 198.8
18 13.617404 18 1 35 86.9 175.8 12.50880 5 2e4.8
11 14.346516 11 1 37 78.8 174.8 14.28571 2 175.@
12 16.168679 12 1 37 62.8 173.8 12.59008 5 118.@
13 14.642756 13 1 33 75.8 165.8@ 19.23@77 4 168.@
14 15.895900 14 1 3e 83.8 164.8 15.46@53 3 198.@
15 13.154827 15 1 35 85.80 167.8 19.23877 2 158.8
16 14.793693 16 1 39 76.9 170.8 10.00080 3 1es.e
17 12.458858 17 1 38 83.86 165.8 16.08608 1 191.@
18 12.941881 18 1 33 89.8 165.8 12.59000 3 198.@
19 12.362043 139 2 3e 79.8 158.@ &.00000 1 114.@
28 15.275345 28 2 2e 43.8 1567.8 15.00e00 3 128.@

JUN 4.1 vthasuannadiag R ngInsaifialulusinsumieds MLR

predicl rang sex age weight height dis3@min freq hr

1 12.344150 1 1 27 88.2 131.0 12.020000 115.8
2 14.269358 2 24 76.2 173.8 25.208008 117.86
3 12.821283 3 35 76.8 1790.8 10.00808 111.8
4 15.233827 4 26 68.2 180.0 15.020000 179.9
5 14.656181 5 25 67.8 169.8 15.80808 168.8
6 10.801334 6 25 1@e.9 178.9 5.08000 195.9
7 13.115592 7 34 113.9 179.8 13.46154 145.8
8 13.906957 8 26 83.5 175.8 17.50800 175.9
9 14.627894 9 E1:) 64.8 178.8 17.50008 198.8

18 12.843726 1@
11 14.393235 11
12 15.e31ze4 12
13 15.424661 13
14 15.564520 14
15 11.877256 15
16 14.379312 16
17 18.582971 17
18 12.599271 138
1% 8.345604 19
20 14.554943 28

37 78.8 174.8 14.28571
37 62.2 173.8 12.50000
33 75.8 168.8 19.23877
e 63.2 164.8 15.46853
35 85.8 167.0 19.23877
39 78.2 179.9 10.20208
38 83.8 165.0 10.00808
39 80.2 165.9 12.50200
e 78.8 158.8 &.00808
28 43.2 167.0 15.20800

3
3
2
3
1
7
4
6
5
35 20.8 175.8 12.58808 5 2e4.8
2
5
4
3
2
3
1
3
1
3

[ e e I I A e
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4.1.1 WaaNsNIAINTUSHNTUISTNNEIALINLADILUVVUAIMSUNISONN DL ENNEIU

AUTUABUTTLTINUSNTTY

TuNIEUINNTATIMINLERINSYINDT 10 souldnadsgul 4.3 laedidiuau

Support Vector 3712U

ar

Call:

Farameters:

SN -Tepe:
TM-Eemel:
Cost:
Zamma:
eps1lon:

Bps-regress lon

radial

1.515713
0, 1104122
0, 2965441

Munber of Support Vectors:

47

svmf formla = dis30min ~ sex + age + weight +
height + freg + hr, data = (datatr), tvpe
kernel = "radial", cost = 1.515713, zamma
epsllon = 0.2945641)

"Eps-regresslon”,
0. 1104122,

sU# 4.3 uansn1svinen 10 seu

predic3 sex age
1 12.144977 1 27
2 21.836B28 1 24
3 9.996087 1 35
4 15.158133 1 26
5 14.91571s6 1 25
B 7.181434 1 25
7 13.311281 1 34
8 17.349815 1 26
9 17.222387 1 3se
18 12.649305 1 35
11 14.428838 1 37
12 12.757341 1 37
13 19.380120 1 33
14 15.563458 1 ze
15 18.928250 1 35
16 9.98881° 1 39
17 9.977384 1 38
18 12.558729 1 39
12 &.151565 2 38
28 14.848687 2 28

weight
&88.
76.
76.
68.
e7.
lae.
113.
83.
4.
ge.
7e.
62.
75.
63.
85.
7a.
83.
ge.
7a.
43.

DD DO E0 00 0NEa 5000055

height

181.
173.
178.
188.
169.
1758.
173.
175.
1758.
175.
174.
173.
165.
164.
167.
178.
165.
165.
155.
167.

[ o R I T B o T B I v T B Y B

]

dis38min freq

1z
25
la
15
15

5
13
17

1z

15

la
1la

8
15

.geaaa
.@aeaa
.oeoaa
.geaaa
.@aeaa
.oeoaa
.456154
.Seeaa
17.
1z2.
14,

Secoea
Se0ae
28571

.Seoea
19,

23877

46853
19.

23077

.Baeaa
.Geeaa
1z2.

eoae

.Baeaa
.Geeaa

L e N T N N e R L LA (= R FT R T )

115.
117.
111.
17a.
163.
195.
145.
175.
193.
284,
175.
11a.
16@.
19a.
15@.
189,
191.
19@.
114.
12@.

000000000000 &dnS

SUN 4.4 MUNADLAAINAFIDE1AINYINTUN LA LUTUTLATUA283T GA-SVR

v

Welarraansveia 3 WuamaniuIshuiwansslensiuseuiieuiioguun

1ivesusaziuuTaesdagMuualidudunTuunudeyaass  @ianuuuuidnasinis

AnTgvianneeldaman  (MLR) @dgiunuiuudiassdnnesainmesiausdudmsunig
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08y (SVR) LAEALALNULUUIIa8ITNNOIAINAB TULBTUE IS UNITONDUNA UNEIUAY

TUNDUIBITINUGNTTU (GA-SVR)

= Actual MLR =— SVR =— GASVR

distance(km)

0 20 40 60
Population

SUN 4.5 1WSguiigue 3 75

N394 uananatumsauadagldnauiamesiu OS Intel Core i5-5200U, 4 GB
RAM, 64 bit anuaansAilaszindisdwnesaannesiurdudmsunisanaes tdaes
= = o a = = o 2 VYl adwy ¢ I3 N o w

TgauaziinindranedouUSeumeuiv azmulddnisdnnesnannesiuriudmsuns
ORNRUHANNAUAUTUA T BTUENTTH IA1TIN YR AR ARG R UM R RR L fITIgARD
1.529 Fadnmesannmesiuiudmsunisannsslirisinvedinaanfoumddedadefe
1.622 wardsmylinsnzviannseidsnyaalviaisinvednainiadeuidsdedndefe 1.630

s & &1 = ¢ A 7 ax < Y1 ad v I3 I3

wazkanulasiudmAaInARouANYTalladeven 3 AsiulainTEdunesanme sy
yFudmsunsannesliilesidudnnainnfouanysalindeniiande 0.110 Anduy 11.0%
WIsdnneiannmesuuriudmiunisonneenaunauiuiuneuiBidiugnssuliuesidud
AmanAdeuaNysalafefs 0.113 Aalu  11.3% waglsnslnsizvianaesidanaali

WesiuiAnanindeuanysaliadeds 0.12 Andu 12%

A1519% 4.1 wansmalUIeuieu 14 3 35

Method Time (minutes) RMSE MAPE
MLR 0.010 1.630 0.120
SVR 0.001 1.622 0.110

GA-SVR 0.35 1.529 0.113
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VRIINAINAENEVDIN59E1 10 ounas Tudusialuasyiinisiiiegt 50 100 wag 500

soulsdinassguil 4.6-4.8

Call:

cost = 1.2

Parameters:
SVM-Tvpe:
SM-Eemel:
cost:

gammas

eps 1lon:

Mamber of Supp

svi{ formla = dis30min ~ sex + age + welght + helght + freq +
hr, data = {datatr), type = "eps-regression”, kemel = "radial”,

11957, gamma = 0.09922216, epsllon = 0.2309335)

EpS- TEZIESS lon
radial
1.211957
0.09932314

0, 23902328

ort Yectors: 44

JUT 4.6 uanaN13vne 50 s0U

Call:

Parameters:
AWM -Type:
TM-Eemel:
Cost:

ZANNA
eps1lon:

v formla = d1s30min ~ sex 4+ agze + welght + helight + freg +
hr, data = (datatr), tvpe = "epi-megression”, kemel = “radial”,
cost = 1,204484 ) zamma = 0,07818789, epsilon = O.04721787)

eps-regresslon
radial
1.204484
0.07818780
004721787

Mumber of Support Vectors: 70

sUN 4.7 uansn1sviren 100 seu
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Call:

swi{ formla = d1530min ~ sex + age + welght + height + freq +
hr, data = {datatr), tvpe = "eps-regresslion”, kemel = "radial",

cost = 1, 891269, zamma = 0. 4358175, epsilon = 0.02312502%
Farameters:
SVM-Type: eps-regresslon
SM-Eemel: radial
cost: 1.891249
gamma: 0, 4338175
epsilon: 0,02312582

Munber of Support Yectors: 72

5U# 4.8 uansmsiie 500 seu

W99nNYE1 10 50 100 wag 500 seuuddtauansmiensnazladgun 4.9 lael ()
wnun13vingn 10 seu (b) wnumsingn 50 50U (o) Wnumsagn 100 seuwas (d) ununs

Mg 500 50U LAy AEUELAILNUAINEINTAI TN O SALINLH BSLUBTUFINSUNITORDDE

HALNAUAUTUABWIBIT UGN ITH (GA-SVR) IvidniFuunumass

(a) 10 iteration

== Actual == GASVR

(b) 50 iteration

== Actual == GASVR

distance(km)
o 8 b

=

distance(km)

=

0 20 40 60
Population

(c) 100 iteration

= Actual == GASVR

0 20 40 60
Population

(d) 500 iteration

== Actual === GASVR

distance(km)
& 8

=

distance(km)

0 20 40 60
Population

0 20 40 60
Population

U 4.9 Wisuiflsunisvhen 10 50 100 wag 500 SoU

v
L4 1A

NIFumANENeiieIBTaiugnTTa (GA) asiiummsiiwesie 3 mimanzauiigelu

M99 10 50 100 wag 500 50U wandlalunsned 4.2
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M15199 4.2 LEAIAINNSITLADS LS AL

Iterations C £ y
10 1.516 0.110 0.297
50 1.211 0.099 0.290
100 1.294 0.078 0.047
500 1.891 0.049 0.023

4.2.1 a@yUna

nnssuTIndeyainsrozndudnsoiuvesudazaululunainnszdy
nssmIIUAT laeTusndoyadisuuUasuam wuusaesmsneinsaignadistulagld
wadafiunndriuauuuy Widuuudiassnsiesizinisonneeidangas. I5dnmnesn
NARBSLUTTUAINTUNITONNDELAZIDTNNO TALINLAD LN VT U T UN TN DN ANNAIUAY
funouiifeiugnssu nsiienuuuiiaesiinignlnenisiaussavinmussuuuiiaesiag
MsinpuAaIALAReUTEY RMSE waz MAPE Tudu GA-SVR agld GA wiadummsniines
0@ (C,e,7) wazdrarmiwesluldlunuudiassdnnesaaninesiusdud1msunis
anoosifioy SuUs UL IR0 MAZYIET 10, 50,100 WAz 500 FBU wazindaRanatniiion
UszAnsnnvesiuusiaesuaiilaie n1vigs 500 aswihlmAndeRnnansanfadiansn
yosrpandouididesadnie 1,314 uaz Wedldudananndouanysaliads 9.1% us
dlasainnisvien 500 seuldnanlunismuwamediusunsuiniu 10.02 uafl ieufunis
¥gh 100 sau Felalumsiunmedusunsiniios 2 wifl uwilmurainnaeulndiies

AU fatun1TIug 100 seufiieanawad a¢lelildinalumseuiamnnifuld

A15199 4.3 LEAHANNTINAIAANNLARBUNUNA AT I UN1SANUIN

Method Time (minutes) | RMSE | MAPE
GA-SVR
10 iterations 0.35 1.529 0.113
50 iterations 1.03 1.501 0.108
100 iterations 2.00 1.389 0.094
500 iterations 10.02 1.314 0.091

wuudnaeamsnensalszeeslunistudnseuinanineinsiuiiynganunaierinungsses

o w

nmstudnseuvesyrranidediiammeninviedaeny Inenisinudegadmsunis
NaEaU karaunsadlslitniuinssuiInualnInnInAITULdINseIUASIas AN AR LY

30 Wi wuuaesiidigisananuideesnisduthedmsudniideddadmuguainsianie

| | a Aa I3 Iaa v
LLagﬂQUaQLaiﬂJ?ﬁJQWWWWLLazﬂ'ﬂqﬂiLﬂu@%WﬂﬂﬁﬁJ
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AINMITANRUNANITIVELNYINUNITNYINST AT LHLN ML FUAUNSUUINTEY Lagls

5.1 #5UNaIRY

Pansngauaulanisesniameunduviligenvigaunsaieanindeneiiiugely

pRpR]

TunAdeifidedadonnseenmdsnisiednsevegiuiidadugunsalesniidsneiau

aa Y o w

ynioanunsaltls InssnAsedauluiiyananidedidanswhussmeviedgsengidesan

Ya o

yananguildedlaiuanldladuiay {3deviniswensalszegnanisdudnseud

Y
¥

ngandmiuisazeu Taelusuitedinsfinosiiddyldun wma 018 dmin daugs
mnudlumstudnssuseduamiuazsnsnmsiduvesirla lagifusaunndeyaainnsi
LULABUN LY ARATIND TR 20-80 T

nnteyaszogmanisiuinseuvessazauluwnainnszda njunmavnuas Tasaihg
fuvumsnensalmemadafiuandeiy 3 38 laudiBnsienesinsannesdmga
(Multiple Linear Regression : MLR) 28dwwasalinmasiusdudmsunisannes (Support
Vector Machain : SVR) UWag Genetic Algorithm-Based Support Vector Regression (GA-
SVR) ludwmedis  GA-SVR  Wiisdumeudeiusnssy  GA)  wmaelunisuuuss
Amnsimes v 3 @aldun (C e ) Mavhnsing 10 sauué’aﬁﬂmiﬁaﬂﬁ’sLLUUﬁﬁﬁqmmﬂ
3 Amemrinmnmanieudieiinnuesiiranndeutifidenads  (Root Mean
Squared Eror: RMSE)  uaziUeiifusenraimindeuauysaliads - (Mean  Absolute
Percentage Error: MAPE) Hadwnifauuudians GA-SVR Tdauusiuggeiianaintiuia
wuuaeslyhen 50 100 wag 500 leusuUsmANuusuglumIneInsal nadnslide
msvhan 500 seulmnamanieuiiigafesnuesiamaindouiididenadefe 1.314
wandofifusmamnndouauysoliadefio 9.1% widesnnmaien 500 seuldiaainis
funnvedlaunsy 1002 wit WenBsuifleutumahe 100 seulsinannssuinmes
Tsunsu 2 wifiudfaarueaaedoulndidssiu dulaifimnusiduiiasdosmnishenis
500 A4
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M151970LATDUNAYY YI987g 20-40 U 91u7u 18 Ay

age weight height | dis30min freq hr
27 88 181 12.0 3 116
24 76 173 25.0 3 118
35 76 170 10.0 2 111
26 68 180 15.0 3 170
25 67 169 15.0 1 168
25 100 178 50.0 7 195
34 113 179 13.5 4 145
26 84 175 17.5 6 175
30 64 178 17.5 5 198
35 80 175 12.5 5 204
37 70 174 14.3 2 175
37 62 173 12.5 5 110
33 75 168 19.2 4 160
30 63 164 15.5 3 190
35 85 167 19.2 2 150
39 70 170 10.0 3 109
38 83 165 10.0 1 191
39 80 165 12.5 3 190
AFIRA 39 113 181 50.0 7 204
ﬂ"\@i"'\sm 24 62 164 10.0 1 109
Al 32 78 172 17 3 160
muLﬁﬂoLuuum5§1u 5 13 5 9 2 34
M35970LATDUNANIYI01Y 20-40 U F1uu 14 AU
age weight height | dis30min freq hr
30 70 158 8.0 1 114
20 43 167 15.0 3 120
37 70 172 10.0 2 165
30 63 163 11.0 2 114
33 46 150 13.0 2 112
35 74 154 9.0 2 111
29 46 152 12.0 2 115
28 52 170 17.0 3 145
28 50 160 13.0 3 190
30 52 153 12.5 2 114
32 52 160 11.0 2 112
37 52 157 7.0 2 185
39 76 158 11.0 3 160
39 55 163 12.0 3 100
ARIRR 39 76 172 17 3 190
AenEA 20 43 150 7 1 100
ALadn 32 57 160 12 2 133
fHuldeauuanassu 5 11 7 3 1 30

ar



M3teLATeuNAYIY Y981y 41-60 U 91u3u 31 AU

age weight height [ dis30min freq hr
44 75 175 12.5 1 165
50 74 171 12.0 2 165
50 92 173 11.0 1 102
53 74 163 11.7 2 100
42 90 175 10.0 3 168
44 76 172 12.0 2 165
47 68 171 15.0 3 155
54 96 174 9.0 1 150
49 72 180 14.0 2 160
55 85 170 11.0 5 99
47 68 168 15.2 3 188
44 89 172 15.0 3 168
47 75 170 14.3 4 104
53 72 173 10.0 3 162
49 61 168 16.0 2 157
43 70 175 12.5 4 199
49 68 169 11.0 3 152
55 65 166 16.0 5 99
56 80 175 15.7 3 180
45 74 168 11.3 5 205
55 70 170 18.0 7 99
56 60 168 15.6 1 170
49 80 170 10.0 2 115
50 78 177 12.0 3 160
52 62 170 15.1 2 101
49 60 165 16.0 3 103
43 76 170 12.5 2 160
50 81 180 13.0 3 170
49 65 173 13.7 3 185
57 74 174 10.0 4 150
58 70 186 11.0 2 170
AFIA 58 96 186 18 7 205
AsNEA 42 60 163 9 1 99
Aade 50 74 172 13 3 149
fhudaouuinnsgiu 5 9 5 2 1 33
MINTBYAYRUNANITI9eTY 41-60 T IWIU 9 AY
age weight height | dis30min freq hr
42 88 165 5.0 1 149
41 81 165 7.0 1 145
41 56 157 12.0 5 170
45 54 168 13.0 4 160
50 65 160 9.0 1 102
56 56 157.5 11.0 1 120
43 58 160 12.0 2 90
57 65 156 11.0 3 98
58 66 173 9.0 3 100
AFIHR 58 88 173 13 5 170
AGNEA 41 54 156 5 1 90
ALade 48 65 162 10 2 126
mmﬁmmummsgwu 7 12 6 3 2 30

48



M15970LATDUNAYIBY 1Y 61-80 U §112U 10 AU

age weight height | dis30min freq hr
75 48 170 11.3 4 87
78 59 162 9.5 3 92
63 95 165 9.0 2 93
66 65 169 11.0 7 95
57 67 174 12.5 5 100
70 75 175 10.0 2 90
61 76 178 12.5 7 110
69 69 173 10.0 6 90
62 87 171 11.0 7 92
70 89 167 9.0 2 89
AGIRA 78 95 178 13 7 110
AIGER 57 48 162 9 2 87
ALade 67 73 170 11 5 94
aautﬁmmummgm 7 14 5 1 2 7
MINTOYaVRUNANNIYIN0TY 61-80 T 317 12 AY
age weight height | dis30min freq hr
67 50 157 9.3 3 92
65 55 151 11.3 4 92
74 58 161 6.3 3 87
71 58 156 7.0 6 89
80 52 157 5.0 4 85
69 60 160 10.5 2 92
70 54 158 7.5 3 90
79 52 152 6.0 3 86
62 60 158 7.2 5 102
68 67 154 10.0 4 93
77 66 156 6.0 6 88
63 58 161 7.0 4 95
ARIRG 80 67 161 11 6 102
AGIER 62 50 151 5 2 85
ALaAE 70 58 157 8 4 91
sHhHudinouuinassiu 6 5 3 2 1 5
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Abstract The aim of this study is to forecast the optimal cycling distance of 30 minutes
approximately for physically constrained individuals, especially those having a congenital
disease or elderly person. Data illustrations are collected from having 94 people who
cycled in Ladkrabang by questionnaires. The research focuses on forecasting optimal
distances by exploiting Support Vector Regression based on Genetic Algorithm (GA-
SVR) that will be employed to improve the accuracy of the numerical study. We offer
performance comparisons of our model against Multiple Linear Regression (MLR) and
Support Vector Regression (SVR) algorithms. The experimental results demonstrate that
GA-SVR outperforms MLR and SVR based on the Root Mean Squared Error (RMSE)
and Mean Absolute Percentage Error (MAPE). This GA-SVR model is proven to be an
effective approach to predict cycling distances.

Keywords Optimal cycling distance; Health; Support Vector Regression; Genetic
Algorithm; Multiple Linear Regression.

Mathematics Subject Classification 6211; 62P05; 62J99.

1 Introduction

Human beings are becoming increasingly interested in exercising nowadays since there are
various forms of exercise, either with or without equipment. The merit of exercising is keeping
the body healthy, but overexertion can lead to injuries. Settling with knowing exercise limits is
recommended, and also it can contribute to reducing risks of adverse effects later on. Cycling
is a popular exercise for people of all ages, yet some groups have limitations with physical
activities i.e. somebody with high blood pressure, an elderly person with diabetes, or groups
at risk of developing coronary artery disease. Adequate designs of exercises combined with a
healthy diet can reduce the risk of developing the disease [1, 2]. Physical activity is prompted
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for adults aged 18-64 years by performing moderate-intensity aerobic exercise for at least 150
minutes per week, or sets of 30 minutes, five times per week [3]. Much of those with physical
limitations can only be flexible 2-3 times a week [4]. According to research and markets [5], the
world’s leading source for international market research reports and market data, it is stated
that fitness equipment sales have gone up to 170%. Since gyms are required to close, it prompts
many people to buy exercise equipment, i.e. exercise bikes, treadmills, and rowing machines.
In a stationary bicycle, there is usually a screen displaying stats, i.e. the person’s heart rate,
distance while cycling, etc. It will be better if we can forecast the appropriate distance for
each person. This is consistent with the current situation due to the widespread disease of the
coronavirus outbreak, making people unable to exercise in a public space such as exercising at
home is an alternative.

For earlier studies, exercise can be beneficial effect on the elderly person [6] and cycling
reduces the risk of various diseases in both children and adults [7]. The most common
forecasting techniques are the Multiple Linear Regression (MLR) and the Support Vector
Regression (SVR) methods, which are regression analyses between vectored inputs and output
variables using machine learning principles [8]. These methods provide high accuracy [9-12],
but the SVR has limitations in its functionality since the user has to configure the parameters
accordingly to get an ideally powerful SVR. Therefore, people prefer to use the SVR with
other methods to get more efficiency, Yang et al. [13], have developed a model that predicts
consumers’ affective responses (CARs) for producing a form design. The predictive performance
of the SVR with RCGA (SVR-RCGA) is compared to that of SVR with 5-fold cross-validation
(SVR-5FCV) and a back-propagation neural network (BPNN) with 5-fold cross-validation
(BPNN-5FCV). The experimental results using the data sets on mobile phones and electronic
scooters show that SVR performs better than BPNN. MLR methods have been proposed by
collecting data from cyclists on a cycling track as a sample for forecasting the distance of a
stationary bike.

To find the appropriate parameters in the SVR, we propose the Genetic Algorithm based
on Support Vector Regression (GA-SVR). GA-SVR can be applied to solve forecasting a wide
variety of problems and even enhance it, i.e. Zangooei et al. [14], displayed the diagnosis
of disease by the prognosis of four diseases, namely breast cancer, liver disease, hepatitis,
and diabetes by utilizing SVR and NSGA-II. The results of the accuracy compared to other
methods have found that the application of the SVR method with Non-dominated Sorting
Genetic Algorithm II (NSGA-II) has higher accuracy than any other method. Tang et al. [15],
proposed an unprecedented hybrid model based on a fuzzy information granulation that is
integrating models of the GA-SVR and Autoregressive Integrated Moving Average (ARIMA)
in the predicting of the Producer Price Index (PPI). Their research showed that the PPI value
predicted by this hybrid model is more accurate than that predicted by other models. Guo et
al. [16], forecasted the loud traffic of Xinjiang in holidays. All of the previous studies can be
referred to [17, 18] and other related references. Numerical comparisons of this paper between
MLR, SVR, and GA-SVR with measurements of RMSE and the MAPE are discussed in section
3 of this paper. In this paper, we are keen on the optimal cycling distance in 30 minutes so
that users might utilize it as a guide to avoid excessive exercise effects that are possibly causing
more peril than nifty.
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2 Materials and Methods

The variables mentioned above are used for modeling both SVR and GA-SVR methods. There
are 94 data in this study, divided into two parts, training data, and validation data. The
numbers of training and validation data are divided into 80:20 ratio respectively. This split
data is used in MLR, SVR, and GA-SVR methods to compare a model performance.

2.1 Previous Study

In 2019, Yotharak at el. [19], had been created the model using the MLR method with
the following variables: Cycling distance in 30 minutes, gender, age, weight, height, cycling
frequency, and heart rate. All of these variables are found having correlations since of the MLR
method. The data can be divided as follows: male aged 20-40 years, female aged 20-40 years,
male aged 41-60 years, female aged 41-60 years, male aged 61-80 years and female aged 61-80
years and are then forecasted to get a total of 6 equations. This is because when using the data
before sharing to forecast, the accuracy is increasingly low, but after the data is divided, it can
be forecasted with better accuracy but is still not decent. Our past study used MLR attempts
to model the relationship between the more explanatory variables and a response variable by
fitting a linear equation to the observed data. Every value of the independent variable x is
associated with a value of the dependent variable y. The multiple linear regression model be
shown below

Yy =ap+ a1y + asxs + ...+ apT, + b (1)

with ag as intercept, z1, s, ..., x5 instead of ages, weight, height, cycling frequency, and heart
rate, successively. y be a distance for 30 minutes, ay,as, ..., a5 represent coefficients of the
model, and b is a forecast error.

2.2 Data

This study examines the analysis of the optimal distance for cycling. The instrument used for
this data collection is questionnaires, which is a collection of data from people who cycled at the
“Happy and Healthy Bike Lane” in Ladkrabang, Bangkok, Thailand, with a total of 94 samples,
aged between 20-80 years. Table 1, represents examples of the data collected including Gender
(let the number 1 reflects the man, 2 with the woman), Age in year, Weight in kilogram, Height
in centimeter, Dis30min is the distance for 30 minutes (kilometers), Freq is cycling frequency
(times per week) and HR is heart rate (beats per minute) which is recorded at the moment of
most exhaustion.

2.3 Support Vector Regression

This part will recall tools of the Support Vector Machine (SVM) that is useful for our main
discussions. For developing a Support Vector Regression (SVR) model, the Support Vector
Machine (SVM) should be evaluated. In SVM, the largest margin between one class and
another one is used as the basis for deciding the optimal hyperplane, and the data vectors at
the edge of each class are called support vectors [20], hyperplanes are split into 2 types. Figure
1(a), shows a hyperplane capable of dividing two classes of data correctly, the Hard-Margin
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Table 1: Sample information of people riding bicycles

Gender | Age | Weight | Height | Dis30min | Freq | HR
1 27 88 181 12 3 | 1158
1 24 76 173 25 3 | 117.6
1 35 76 170 10 2 111
1 26 68 180 15 3 170
1 25 67 169 15 1 168

method is used. Figure 1(b), shows a hyperplane that cannot properly divide the two classes
of data and use of the Soft-Margin method [21].

(2) X, (b) X
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Figure 1: (a) hard-margin SVM and (b) soft-margin SVM

SVM is proposed by Vapnik [22], who thought that theoretically, a linear function f exists
to define the nonlinear relationship between the input and output data in a high-dimensional-
feature space. Such a method can be used to solve the function concerning ?tting problems [23].
The SVR uses the same principle as SVM for classification, but regression problems. The main
idea is always the same: to minimize error, individualizing the hyperplane which maximizes the
margin, keeping in mind that part of the error is tolerated [24]. In the case of finding a linear
relationship between the input vectors of n (X € R") dimensions and the output variables
(y € R)of the training data set [8], the SVR regression equation is similar to SVM hyperplane
equations because the SVR equation is adapted from SVM. The SVR model is displayed as
following

flx)=wTz+b, (2)

where w and b denoted as a weight vector and a bias, respectively. This leads to an optimization
problem that minimizes the objective function as

1 4
minimize 3 [|w?|| subject to y; — (w'z;) —b < e, (w'z;) +b—y; <e. (3)
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It is implicitly assumed that there is a function fthat approximates all the pairs (z;, y;) with
¢ precision. In the case where this is not possible, or a specified error can be tolerated, slack
variables &; & can be stated according to the formulation [25] as following

!

minimizc—;- lw|*+C Z(&, +&) subject toy; — (w'z;) —b < e+&, (w'a)+b—y; <e+&, (4)
i=1

where C'is a constant which is a parameter for determining the error quantity. In some cases,

we cannot directly find the value w. The equation (4) above can solve the dual formulation

by applying the Lagrange Multipliers with the Karush-Kuhn-Tucker (KKT) condition. After

solving the equation for the value of w, then nonlinear hyper-plane regression functions can be

formulated in equation (5) as follows

1
f(z) = Z(a,- —a})K (z;,x) + b, (5)

where «; and o are Lagrange’s multipliers and K (z;, ) is a kernel function [25], employed in
cases of nonlinear regressions, can be exploited and relegated input vectors to higher dimensions
feature space. The kernel function commonly used in SVR formulation as

Linear: K (z;, ;) = 27z, (6)
Polynomial: K (z;,2;) = (yalz; + r)d (7)
Radial Basis Function (RBF): K (z4,%;) = e lwisl®, v>0, (8)
Sigmoid: K (2;,7;) = tanh(yayz; +7) (9)

For kernel functions, the parameters v, r and d in equations (7) until (9), are constants
depending on their suitability. For forecasting process, the input data i.e., a distance for
30 minutes and related factors, for instance, gender, age, weight, height, cycling frequency, and
heart rate, severally. The forecasting part, SVR model utilized the Radial Basis Function (RBF)
kernel function from the previous research [26], which suggests the RBF is usually superior to
other kernel functions. The calculation procedure will call the function in R programming.
The forecasting result has gotten a cycling distance in 30 minutes. This research evaluates the
forecast error values with RMSE and MAPE. We offered a GA-SVR method, (C, £, ~) as crucial
parameters, improve values to achieve a better and highest accuracy than SVR method.

2.4 Genetic Algorithm-based Support Vector Regression
To optimize model based on GA-SVR, a GA is needed to optimize the parameters (C,e,v) in
the SVR model where C' as a penalty coefficient, v for a kernel function coefficient, and ¢ is
the insensitive coefficient, which has the following main steps [27]:
1. Constructing the chromosome assemblage (C, £, v) and formulating the fitness calculation
function of the genetic algorithm;
2. Determining the parameters of selection, crossover, mutation, and so on in the GA, and
setting the iterative termination condition of the algorithm;

3. Initializing the GA and generating the initialization population;
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Calculating individual fitness in chromosome populations;

Generating next-generation chromosomes through selection, crossover, variation, etc.

Exercise for 30 minutes is a suitable time for exercise, the focus is on using time as one of the
limitations in cycling distance forecasting as a guide for those interested in knowing the amount
of cycling distance for 30 minutes in kilometers (km). In addition, for those with underlying
medical conditions, this model can be used to reduce the risk of injury from excessive exercise.
The modeling process for cycling distance of forecasting to compare with MLR, traditional
SVR, and GA-SVR models as shown in Figure 2, which is summarized as follows.

i

(Input Data). Call data sets consisting of gender, age, weight, height, cycling frequency
per week, heart rate, and distance;

. Separating (1) into trained data (80%) and validated data (20%);
. (MLR and SVR). Apply for the same data sets to build the cycling model in optimal

distance with MLR and traditional SVR methods. Finally, we can find the forecast data
of two methods;

. (GA-SVR). Three parameters are (C,e,~), for random initial values case, then apply for

it for updating the SVR model;

. (GA-SVR model). As for the GA-SVR model, random initial values of the three

parameters(C, e, y)then apply them to update the SVR model calculating the fitness

function by employing RMSE:

a. The stop condition for the calculation is the maximum number of rounds (10, 50, 100,
and 500 rounds of repeated sequences). If they do not reach the maximum rounds yet,
continue with the calculation inside the loop and through the selection, crossover, and
mutation processes;

b. The results are parameter sets of a new population. These parameters can be put
through an update again to see if they reach the maximum rounds in the set condition;

c. If so, bring them out of the loop to get the most optimal parameters. Then, put the
obtained parameters by utilizing a GA into the SVR model. The obtained result will
be the GA-SVR cycling distance model;

d. To find data forecasts of the GA-SVR method.

. (Measure Performance). To compare the effectiveness of the three models with RMSE

and MAPE.

3 Results and Discussions

This part is the main section of creating an effective machine learning model that uses the
OS Intel Core i5-5200U, 4 GB RAM, 64 bit for programming of R numerical simulations.
To evaluate the performance of the forecasting models, RMSE and MAPE were occupied to
evaluate testing performance, which is defined by
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Root Mean Squared Error (RMSE):

1 n . .
RMSE = | = (5 —y0)* (10)

t=1
Mean Absolute Percentage Error (MAPE):

Yi — U

1 n
MAPE = —
Z Y

n
t=1

. (11)

From equations (10) and (11), % and 7 named actual and forecasting values, while n
indicated the length of the validation subset. This research compared the performance of the 3
models with RMSE and MAPE error measurements from the validation data, MLR, and SVR
as shown in Table 2.

Table 2: Comparisons of the efficiency of MLR and SVR

Method Time (minutes) RMSE MAPE
MLR 0.010 1.630 0.120
SVR 0.001 1.622 0.110

We found that the SVR method had given more accuracy than MLR. The results are
decent for acceptance, but the group study was compulsory to be examined with limited health
conditions, so the efficiency needs to be improved. As a result, the GA method was used to
combine with the SVR to achieve the closest forecast, the comparison results are shown in
Figure 3.

The figure shows the performance comparison of the 3 methods with the GA-SVR method is
close to original values. In MLR, the correlation of variables was examined before the forecasting
process, then the variables relating to each other were taken in forecasting both traditional SVR
and GA-SVR shown in the next page. Based on the training data showing the comparison of
forecasting performance of 3 models using validation data. It is obtained that the GA-SVR
method achieved the best results. Therefore, this method was utilized to test the number of
cycles by repeating for 10, 50, 100 and 500 iterations, successively. A radial basis function was
applied for a kernel function, and for optimal parameters in the GA method, RMSE is occupied
by calculating the fitness function and determining populations with 50 sizes.

In Table 3, the three parameters (C,e,7) are values of the GA-SVR process iteration is
utilized to forecast the optimal cycling distance. In Figure 4, (a), (b), (¢) and (d) are shown for
each of 10, 50, 100, and 500 iterations, respectively. Further, GA-SVR algorithms have been
implemented into a computer simulation code written in R programming.

The three parameters (C, , y) were obtained at each iteration. Afterwards, these parameters
were added into the SVR model. The operating time frame for the GA-SVR method calculation
is shown in Table 4, tests with validation data, in seconds and classified into some of 10, 50,
100, and 500 iterations, with the result of 0.35, 1.03, 2.00 and 10.02 minutes respectively.
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Figure 2: The modeling process for forecasting cycling distance

Remarks are gained that as the number of computations iterated increases, the computation
time increases with the GA-SVR method. For comparing between 500 iterations and 100
iterations, we found that 500 iterations have given a lower error value with 10.02 minutes,
while 100 iterations have taken time only 2 minutes. Consequently, it can be concluded that
100 iterations are the most effective. The RMSE and MAPE values of the model are calculated
as seen on Table 4.

4 Conclusions

The data is gathered from the cycling distance of each person in Ladkrabang, Bangkok by
collecting information with the questionnaire. The forecast model is created using three different
techniques namely the MLR, SVR, and GA-SVR models. The best and most effective model
is selected by measuring the tolerances of RMSE and MAPE. In the GA-SVR section, GA is
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Figure 3: Comparisons between actual and forecast

Table 3: Iteration comparisons of GA-SVR parameters

ITterations c e o
10 1.516 0.110 0.297
50 1.211 0.099 0.290
100 1.294 0.078 0.047
500 1.891 0.049 0.023

needed to find the optimal three parameters (C,e,7), insert them into the SVR to improve
and replicate them for 10, 50, 100 and 500 iterations and measure the error to evaluate the
best value. The results 500 iterations yielded the lowest error, RMSE is 1.314 and MAPE
is 0.091, but 500 iterations took the program’s calculation time of 10.02 minutes, compared
to 100 repetitions which gave the program computation time for only 2 minutes, but with
similar tolerances. Therefore, the iteration of 100 times is sufficient as well as it will not fill
in a variety of times to calculate. The forecasting cycling distance model mentioned above is
intended to forecast the cycling distance of a person with physical limitations or the elderly
by taking a sample for testing and can help cyclists set limits on how many kilometers each
ride should be cycled in 30 minutes. The model also reduces the risks of falling ill for people
with physical health limitations and helps to promote good health and well-being as well. The
reader is hoping to develop calculating the cycling distance of 30 minutes by adding to the
display screen of the stationary bike in the gym for further research. The results would be even
better if we could forecast the suitable distance for each person.
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Figure 4: Plots between actual and forecast data sets
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