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TEETAWAT KAEWWUIT : THE IMPROVEMENT OF SUPPORT
VECTOR REGRESSION TO FORECAST TIME SERIES.
THESIS ADVISOR : ASSOC. PROF. NITTAYA KERDPRASOP,

Ph.D., 81 PP.

SUPPORT VECTOR REGRESSION/FORECAST/TIME SERIES

Currently, there are efforts to find new techniques in forecasting in order to
improve precision and speed. The improvement is achieved by using new technique
or a combination of techniques.

This research aims to optimize support vector regression in forecasting time
series by using the error to increase the accuracy of the model. The five datasets used
in time series analysis are the daily temperature of the Fisher River, monthly milk
production, the sea level pressure data at Darwin, carbon dioxide concentration at
Mauna Loa mountain, and the atmospheric pressure difference between Tahiti and
Darwin. The precision of the proposed model is compared against the traditional
support vector regression and the ARIMA models using the Mean Squared Error, root
mean squared error, Mean Absolute Percentage Error, mean absolute error and the
Correlation Coefficient metrics. From the experimental results, the proposed method

can improve precision of the support vector regression technique.
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2.1.3.1 MIUANZHAIYAUNRALAADHUN
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a Y 1 ~ A ~ . <
MINATIEHABAUNAYIATOUN (moving average) 11 UNITNEINT Dl
9 o ¥ X V) Y A A A Y ~ < Y A (= Y =
AUAINBUNU FIAUITONEINT b lunTanTuud Tdufeaanosnse Titiuud iy 1
[ d' S Yo -d'
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2010)
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1nou UM 3 month Moving Average
UNIIAY 12
ANUT 13
TRGH 15
Y 17 (15+13+12)/3=13.34
NHHNIAY 21 (17+15+13)/3 =15
T TRIAN! 24 Q1+17+15)/3 = 17.67

a ¢ Y v d' A z!' v b4 %
2.1.3.2 MFTAAISHAIIAURALUAADUND IIHITIUD

1 4
ISl o

023U UN (Weighted moving
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a < Y 1 ci 4
NI1TAUAIICHAIYANURAYLATD U

< s Y ] v a y A 9 ~ 9 = 9 &
average) Lﬂuﬂ’liWEJ’lﬂimﬂ'JElﬂ’lﬂ@u‘ﬂu’l Tﬂﬂuﬂﬂmnamayammﬂuummﬂ’mm HITIND

9}@' 1 d‘ﬁ} ] ] o w A ] Z‘; o 9; v g T A Y 4
Troemndmaunnmlaanudrgezssasas limniv Tasmoranihminduangweinsol

FINUALDY HAUNITAIAUNITN 2.2 HAZA 1N ITOUAAINITHEINT B IAAIN1T 1N 2.2
(Kapgate,2014)

Weighted Moving Average Forecast

__ XY(weight for period n).(demand in period n) 22)
- Y weights '

io  Weighted Moving Average Forecast fiosmonsal

A o 9 Y @
n ABVIUIUTBYAATIVA

=i J 9 ' A A A yo o
A1TINN 2.2 UAAINITNIINTUAIYAURAYLAADUNDINUIUD

1nou UM 3 month Weighted Moving Average (7-3-1)
UNIINY 12
ANAUT 13
TRGH 15
YU 17 ((15*%7)+(13*3)+(12*1))/11 = 14.18
NHLNIAY 21 ((17*7)+(15*3)+(13*1))/11 = 16.09
TR 24 (Q1¥7)+(17*3)+(15%1))/11 = 19.36
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Y o 1 = @ Y = ?z}/ 1 = ~ o ~
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1986)

Veer = Ay + (1 — DY, (2.3)
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214 dYNINNMINNANYMZI (Stationary time series)
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221 UsziAveseismn
a I a a 4 = (4% 4
91531 (ARIMA) nJumauﬂmmmmzwwﬂim’aammuaiﬂﬂuaﬂmgaz U
a o . a { 1 J
nualuil 1976 (Box and Jenkins, 1976) Tnsmaiiausnigniauaizon3iie1sul (ARMA)
] a 4 I U . .
Tagazutiamsunsizrioonili 2 daufe Autoregressive (AR) 1ag Moving average (MA)
{ ) 4 o [ A 1 o Aa a
Tagvoyanaziimnadnlueaosusuudesisnyuziic aeudeldlinswauunaiines

(%

9 1 v
i Taerann lfinaiin ARMA awnsoialdanudeyandansus lidield maia
a I A A Yo a a 4 A Y P
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ANUUUUEIFY
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222 SwuUesn
2221 @ Autoregressive (AR) YL AR(p)

[ 1

<3| { o T oA 2 1
giuu AR iihugtuunifua s mensaiinaila o Yuegiua

[

o ' Y o VA A 49! v ' o A
Funaneunt lagmMyuuannagauna Yt e t la q agyunumaunanna t-1, t-2, t-3,
Y

(2

.., t-p TagiiA p AeAmunamamas deeinsauaauiuauns lddeaunsi 2.4
Yt = 90 + ®1Yt—1 + QZYt—Z + -+ Qth_p + Et 2.4)

A A 0w A
we  Yp AeAdunannant la g
A ~
0 AafnIm
A a Jd 5:; %
@4, D, ..., (Z)p ADYAVDINITINABT DI IMIN
A A A
£, AoAIAAIAAADUNIA t
v v ) o A o 9 < o o
f1deInIneInssitoya luIun 30 tagmvualia p il 5 daiy
aumsnlane
Y30 = 0g + 01Y29 + D;Y25 + B3Y57 + B4Y56 + BsYss5 + €3¢
2222 @ Moving average (MA) YEL) MA(q)
I { o [ { 2 Y 1
sUnuy MA duziuuuisfvuaamensainnaila 4 Iuegiuai
d' 1 9 o 1 " d' dgl @ 1 d‘ d‘
Aaanaeunauni Tagmruaiimduna Yy a1t a9 szyunumaamanaounnal
S A dy o & 5 Yo 4
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2.5

Yt = 90 + Et - elé‘t_l - ezgt_z — e qut—q (2.5)
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we Y Aemidunaniaitla g
0, Aomnad
04,0,, ..., Gq AvLAYeINIINmes 19N
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& AAAIMMIAAADUTNIAT t
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deamanensaiteyaluiun 30 wazmrualna qilu 5 aaiy
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ARMA(p,q) TagiinsmuIuaidun1sn 2.6

Yt == 90 + ®1Yt—1 + QZYt—Z + e+ @th_p + Et
—elé‘t_l - ezgt_z —_ qut—q (2.6)

v v ) o A ° v < '
m@mﬂﬁwmﬂimmagaimuw 30 uazm‘wuﬂiwm p nJu 501 q

i s gufuaunisiIdie
Y30 = 00 + 01129 + 02128 + D3Y57 + DyY26 + BsYos +
€30 — 01829 — 02828 — 03877 — 0,626 — B565
223 MIMUULITIN
F19133n Hie ARIMA(p,d,q) ilumaiiafiwaniuininersun Taeily
ansaldfudeyasynsuarifidnsasidlgTashinsudasdoyaeunsunandan Y, &
FHudoyaiilifialdifueunsunarilnt Z, Fuiludeyaiisia Tasldmsmamadeszning

Mduna luoynIuIa AN AIETUNIIN 2.7

Z, = viy, 2.7)

SWd=1w18Z, =VY, =Y, -V,
Sid=2018Z, = V2Y, = VY, - ViV, = (Y, - Y,_{) —
Y1 —Yi)=Y -2V, + Y,
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FWnosAINASIINTa¥U  (Support Vector Regression) 130 SVR
I A % { d { g o a a [
(Smola et al., 2004) Hu3Tasnilai lgnernseimnduavsiuiueie maiia SVR a5y
a ] = Y 1 A oA c'?zlz = 1 o
ANUUBNBENLIN Uzl 1Fod19uNnIna1e HoannmNneIns el ulAuLLuGIge Tag
ax ) J (5 o ?1’/ . = I @ ax o
ABMIFWNOTANNAOTINTAFUL MU0 Iag Vapnik Tuil 1995 iHlunisaauilasuainisamw
¢ ¢ = A ) ¢ o ) < v o
wosanmmoiuusdu lasunung ldauns lalesmauihmsutsdoyaoenilu 2 nquam
s ot o & D) s I A o
wosannaessnTatuive Idaums lanleSmaviuaumstlylumswernssiaumu

U d iy v
232 aUMITBENNDIANINADIIUNIATY

'
a

Aaideamsaenensainnindulsidimua Tasnisinag lddeyalueglu
U 4(x1,¥1), . (X, 1) € X xR Tagh X fedrdoyarind Taodhwued

FoamsAommlansu Feo Falsflugumulumswonnsaigaiiadsaunsi 2.8
f(x)=<w,x>+blasiw e X,bER (2.8)

Tao <, > a3 dot product

]
A o )

4
w AeAnhmtn N gaegiuauls x 1a o

1 I~ 1 {
b Aea luteadauiluained

1 = o v o U d d
2.3.3 TI?)!E)ﬂ“ﬂﬁﬂuﬁ1ﬂiﬂﬂ1ﬂuﬂ“ﬁWW®§ﬂ!]ﬂ!ﬂ@i

veteldasu (Epsilon tube) iWunenldlunmsmmndudwnesannmes

X g VAo w s VoA Y o s P
Futlumndraalumsadvaums lanlosmau Tasanaulavaz lditlusunosannaesno

9

v A ' = o =
Anegueniaolsaouauandlugiln 2.7

d . S
319 2.7 naaanyazveneolmaoy
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{ I 1 ] 1 ] o 1 % 1
Tagnian € (lo) WlumszezrinszniameelFaounaz doyad0619 Faia
A9dUNITN 2.9

|f|5={0 hlé| < ¢

i 2.9
[E] — & Tunsiibu (2.9)

& s Ay @ A Y A o =i
“]Nﬂ'l’ﬁllﬂ'lihlé’llﬂﬂilwauﬂﬂ@@ﬂl HAN W u@ﬂﬂq@lﬂﬂﬁﬂﬂ’liﬂ 2.10

. 1 %
figaves - |lw[? + C Xi_; (§i + &) (2.10)

yi—<w,Xx; > —b < e+ &
Tagh {<W,X;>+b—y; < e+ &
Ei)fi* 0

Taeh C AvAined (Cost)

\Y

d
2.3.4  aUMIUBIAINTIUD

1 A A 3 A 9 4
INFUNIT 2.10 @IW1TDININT W “I/lmlmmaﬂ‘ﬂqﬂT@ﬂi%ﬁuﬂ1imaﬂa1ﬂi1u%

. a (Z £ 1w 14

(Lagrange function) TagagiimsinuaamlsluaunisdsiEeonindigmainsiud (Lagrange
. . & Y o A

multipliers) @ 1A asdun1sh 2.11

] 1
1 #* o
L= SIWIP+C) (6 +E) — ) (i + ;&) 211
i=1 i=1
1
—zﬂi(f +§i — Vi< w,X; > +b)
i=1
1
_Z“?(f +& +yi—<w,x; > —b)
i=1

Tagien N, 1N, G, 06 5umdnaaniug
1 l 1 1 «
Taofmualimidrguainsusiaminniguésaaunisi 2.12
E3 E3
oci( ),rlg ) >0 (2.12)

' % .
Tagi O(i( ) Husron Q 1ag o
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ax VA 3 A 3;} o Y o 4
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' o 7 a v o A Y =) A Y v o A
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2.14 uag 2.15

dpL = Yt (af — ;) =0 2.13)

0L =w-=Y!_(a;—a))x;=0 (2.14)

afi(*)L = C—a —1n; =0 (2.15)
(*)

A *
Taonnaunsi 2.15 laulaud rlg )= - a

9 ' ' [
MMTNENMIN 2.13, 2.14 uag 2.15 Tunuluannisn 2.11 a2 ldwadnsasaunsi 2.16

1l * *
_ . a: — a: a: — < X: X: >
Agaga | 2 i=1(a l)( 4 ]) v (2.16)

l * l *
—eYi=1(a; —ai) + Y= yi(a; — a7)
ot Y (ay—a;) =0 uaz a;, a;€[0,C]
MU 2.14 aunsoutasldauns 2,17
— \l
w = Z-zl(ozl- — af)xi (2.17)
dounu w T F(x) 92 | dnadnideaumsi 2.18

Ax) =3t (a; —af) <xj,x > +b (2.18)
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v @ 1

o v P A Y,
ANTUINEINTMIAIAIRUINTIUT IanwzaunTomannisved lawlesiwauiie 15luns
I Y
WOINT0L e
¢ 4 ) ¢ dat )
23.5  1AdSHaNIF I UENNOSANNABISINTAFU
Yy 7 R o ¢ = o
M3 lFaesualudniunilalumsmgsnneiannmosinsasy lagaiuiso

[ v [ v Y
sl lidludunsa1d Foahldamennsain lduiudibiu Tasmsvildedluiia

u

P
N

E4
qetiu Taovimsualas x; 15u § ondrediutu deamsuias (X1, Xo) 910 2 4@ iy 3 43

Foozoglugyl Py, xp) Tavsmuald d(xy, Xo) = (62, V2x12x,, x2) fludy

P { A o { % P A o P
Tasaumsnesuanionlfanindnsnean 2.3 Fuaes wanioulslunsad e Tuaasnnose

o o A @ A . . .
NARBITNTAFUINDNYINTUDYNTUNAIND Radial Basis Function
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M990 2.3 naasaumsinesaniionls
Kernel K (x,x;)
Radial Basis Function 2
exp (—y|lx —xl|") ,¥ >0

1
\/llx_xi” +1

Inverse multiquadratic

Polynomial of degree d ((xT_ xi) 1+ rl)d
Sigmoidal tanh (y(xT.x;) + ),y > 0
Linear XT. X;

a d' d' Y1 d
24 !ﬂﬂuﬂ@uﬂi‘ﬂ‘ﬂgﬂiuﬂ1§Wﬂ1ﬂ§m@1§ﬂi?»l!')f,n
24.1 madinlavsia
maiin'leusa (hybrid) w3835M3MauraU (Zhang, 2003) iHuuunfalni

A' QI ] o 4 ~ a d‘l 9J Z/ =
mm‘wm’nmmuaﬂumiwmmm Tﬂlel!,L‘Ll’Jﬂ@‘Vl’ﬂ"ll’ﬂllﬁﬂuﬂiﬂJL’Ja'luuiJ’ﬁ’JUﬂizﬂf]Uﬁll’fN

k) q

A < a Y [N a Y v = [ A
JYoyany ﬂyngﬂuLﬁmmuuazhlmﬂmwmuwamuaﬂ T@ﬂmﬁmﬂﬁ@ﬂﬁhﬂﬁ‘ﬂ 2.19

a

ye = L + N; (2.19)

TagN Y Aemdunanne t

[

A A 3 a g A
L Aedivilsznevniianyuzdhmduduinnat t

A o

v ! 13 a {
N fleduilszneuniiansme iithusudunnart

Z\}I Y o 9 9 a a d‘ a a
Tutuaeunsn ldaimsaiiaTuaalasns ldmatine1suuilosnmaiinels

=

a Y 9 A I a g a ) A
3Jmmﬁmmiwwﬂlm°1u6ua:ua‘vmaﬂymmﬂmmmu Iﬂﬂl!ﬁllﬂﬁﬂ\‘iﬁhﬂﬁﬂ 2.20

ec =y, — L, (2.20)

TagN € AeAmaiamasuNna t
A 1 [ dl
y Aoardunainant
E = 1 .d']ll 9 o 9 a a dl
t ABAT laninmsnensal laglymatineisunnan t

Z}; ~ Y o a A ' = Y o 1
Tuduaoun 2 laiunaiawnsevigdlseamienulslunisiuieainiu

(2

d' d‘ a A ] =1 a 2 YA 9 d'd [}
ﬂa1ﬂlﬂaﬂumﬂ\1iﬂﬂﬁ/’lﬂuﬂlﬂi’ﬂ"lﬂﬁlﬂigﬁﬁfll‘lﬂﬂuﬁ1u1iﬂ]!ﬂi1zﬂqﬂﬂiuﬂl’E]‘JJﬁ‘I/]ll ﬂnguliJ

U

I a Y [ A
gy Iﬂﬂllaﬂ\iﬂ\?ﬁuﬂ'ﬁw 2.21 1og 2.22



16

e = f(€r_1,€r_2, v, €rp) + & 2.21)
e. =N, + & (2.22)

! J v A (<] a { o a 1
Taen  f Aesnduvesan idhugaduninense Tnamatianiedis
Uszennineunnan t
A ' A 1

& AAIMNUAAIAINADUGY

AT A o a Il {

N; fasnldoinmswernsel laeldimaiianiediedszanmiionn
pant

Jd o {
llgljﬁﬂﬂ1§ﬂ1§w&ﬂﬂimﬂﬂﬁﬂﬂ1§ﬁ 2.23

9. =L, + N, (2.23)

~ oA

A J SN Y a 9/ A a
NAUNITIN 2.23 A1 yt ﬂ@ﬂ'l‘W‘c’ﬂﬂim‘ﬂllﬂi]Wﬂﬂﬁ‘wftﬂiﬂﬂﬂlﬂha‘m\laﬂﬂmz

U

[

o A - { 1 a3 a Vi : ! = !
WuFudu Ly vazdoyaniidnyus liidlwgadu Ny $a01nmsnaasanuiidwnsaiun
Il o Y
anuinla
242 asavelszannfion
2421 1sz3@
' . . IS
Inseviedszamninen (Artificial neurol network : ANN) 1iu
TassenlFlumslszananadoya Tas@eunuunisiaueesszunInssiisdszamues

AAa

daaIa laeldnvuzagln 2.8

Weights

Activation, Output

Function

Inputs

319 2.8 naaaTuaalasaineissannimeon (Gershenson, 2003)
1ng1i 2.8 damilszneunanvesInssiiedszanmiiiondo Foyari
9
U o Y] . d o U . . .
(Input : p) AN (Weights : w) Weanvunielou (Transfer Function or Activation
9 = [ o A v 9 o 9 ?xl/ o
Function) ttagvuayaosn (Output : y) Taslnann1sinaune TUUBYAUUNININUU UV U

[

J 9; @ Y o 1 A & o Ay YA Y = [
vanhminudnih lwuileddsuoieTou Fawaansn ldnedeyacen Taslaunisasaunis

=h.

2.24
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y = f(wp) (224)

1 a 9 = | d' A 9Y v J v = 1 dy
ua Iagdnaudlroziananuurinmulvnudensulaeisenaiiion

Y [ [
lutea (Bias : b) aniuaumsildsadudeaunsi 2.25

y=f(wp)+b (2.25)

2.4.2.2 Uszanveslasevailszaniney
2.4.2.2.1 MaBauiuuuiddnaeu
I ~ YR A [y J @ ) A Y
WumsFeuisainisasivaeunadnsnuminouie 14
] o [ % [} L $ ] [ o 1l o
Tasesheinmsdsua Tasrminmaanin ldun luasanudieev Tassinedszaineuaziing
[ @ i Y o A Y A 49! @ (] (] 9 1 = ~
Usudune linadnsn 1dua1a899u 10813 udnan1s Iaseinslszameunaiuisougn
T A [ o [ Y ~ Y 4 9 = <
H3FTUAAN ) 1INMIA1599A17039A13 Tasdoyanldlumsnensalszneudis @ anunds

< <3| £ Y 9y P
yagenud yavasuvad Wudu TasdudumsSouiuuuiigidndeulunsinaoussdl

= I ' a 1 = v a A o A 1 1Y =
Nﬁﬁ‘W‘ﬁ“ﬁ\iLﬂuLLiG})’u@@N €] FIUAASTUAVSUANHUSNUANA NN U Iﬂﬂnﬂ15uﬂ@ﬂﬁu@1ll

Q

' Y ) v
waansn 19 11 axmiwiednaeuas adazarunsovr i lFuensiiavos 1a Fedonuoans

=1 Y =1 A A [} o d' ] = 9
l,iEluqilllfﬂﬂllIﬁﬁﬂﬁ@uﬂﬂhﬂ’ﬂmmu81@\1&146\1"1]']ﬂINTL!ﬂﬁPJﬂ’CTE)L!iJWLm’J

2.4.2.2.2 maBaudnuulidiginaey

=

I 1A o ]

fumsizous Taen lilimaenldnFouiien TasTaseiiees
o ! F v Ay YR 1 ° o 1 v dY o
hmmsvaiesInssaduammaansi 148 391as1092nsIa Iy UBIHAdNT A I8R 1B

18 dedrugudesns Insavisdseanenaunsanenussiaa1g 9 91M5a1339017
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9 oA v v Y ~ 9 P 1 ' Ay 1 o 29 Y
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' < o o Il : . ]
Tmihunszuuieghnsdiudzelasainellises q wieavesnisizeuiuun liliddnaou

A 9 A I ' v A ~ I o v A
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U

243 TUABUIBITINUFNIIN
?1‘1 a a o I a a d L A 9 A
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2.4.3.1 wladlviegluguuulaslaulaw
TynmindesnsmdimeuszdesgnuiacldeqlugduunTas TuTawy
(Chromosome Encoding) Tﬂﬂgﬂ!tﬂﬂ“ﬁ‘ﬁﬁh@1ﬁqaﬁatﬂmaﬂlgmam 1% Chromosome

A=0111000110110110 fludu

Jd

2.43.2 MITUNUE

Q

mM3dURUT (Reproduction) ilumsaenguilszanniInilasns

] a a Jd v . .
Aadennndszmnanlasnsdsziumelanduaiumangau (Fitness Function) lag

]
'~

I a v A v IR o JAA ' =
LﬂuI,Luilﬂ@’lllﬁnﬂf‘lﬁﬂﬂm@ﬂfﬂﬂ‘wuﬁ G]N’dTElW‘L!‘]; nmmmmzaumﬂmmmiamaiammz

v 1 a {q o Z‘J Y o a '
auuguinnd Taedsnmsnldlumsaa@entiuiidrenunaisds 1wy Roulette Wheel,
. <3| Y
Tournament, Ranking 11uau

2.43.3 MSHaNEU

MIHaNdY (Crossover) 1unmsilas Tulouvesdszannsildun

A o w T A o oA I ¥ 1 a A1 A
nInMsFuRUgINIugnuiohmsnauduie 19 1ddszanns lndduun Taedssnisndenga
= v o Il = ?1// o A T Y o ' = = i
ARMIGUAILHUIINIHaNBU N Ias T TaunogrindiuriamsnauguIngunaLas

9

{ ] v o v = o oA o o
Tas Tu Tauiegnasduisnsnaudunneuny Guaansn lanedugnauusn 9nuinig

1 (2

aduTaonms i las TuTgsuneguimunismanaudunindunivag Ins Ty Teunoguas

[

o Il ~ = 1 Y 3 A
mgmmmmauﬂumﬂﬂuwmzhlmﬂugﬂﬂuwam

2.43.4 MIDABWUSE

Q

o J . I I 1
Manaenug (Mutation) 11l unszuiunisaedInmsHangu lag

]
o =

9 o ~ ~ < 9 ] ~ 1 ~ = I A
mahoun lauhmsnasuulasfissanioasumsnlasuauiiesdunernin 0 tu 1 vse

110 11w 0 Taomsgu Tasd s Idanmanareiusaevi IdldanyaeIna  #'ldwolugu

1 =4 ~ L 1 d'
woud #9019 5z Towl lumsvamnmunsay

W

2.43.5 MSINNUVDITUABUIBIBINUTNTIN

Q

?1‘1 ax a o 3 I axdqg Y 1 o A
TunpuIsIiugnI suduiludsnlsnmmaeunmunzau Taons

YA = 9 1 9 9 @ m Y A < o 9; ] 1 Y
19$75m 30 Iananundeduuazmndd luldamnmuizaunazimaiusi lviauniieg laan
MADUNNUZ AN HIDIUNIIZATUTOUNANIUA

244  mandasidausuuliaeiios
I [N A . Id
msudasnvidauny lideiiieg (Discrete Wavelet Transform : DWT) 11lu
as & 1 [ I @ A [ = B )
Fmsnilslumsmisdygraeenidudyagrunnudguazdygraanuida Tagnisi

'
IS 3 3

dyn i liiudansesnnudgaazanuda Taenannisinduygranndygyiulu
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9
1 v o

FITUMANAINNTIINAUYITYYIUGDH 9] HAINKHAWANIWD NNUUININMTITINT Y I

3

Tagwaansn laegyh Iddyanasuniuiiiasaslnsndinsgiuuuvesdyanasay 1318

245 TUMIIBTMIAUHMZANNFANVUNGNOYN A

Q Q
9

TupouITHIA MU IzaNNgauuungueynia (Particle  Swarm
. . . < ?z}; a A
Optimization : PSO) (Eberhart and Kennedy, 1995) ifJuduaoulsnismaiitmunsay
d R UV " 44
gavesiynl 33503 laussiuaalanannmsdunamandouivessunlumseonn
1 = 1 o d' (4 d' =2 A [ d‘ A
91113 Tagra1unIzlnms aadyanadomsNUMaUeNDIHaINToIMITHaziInIsAaun
v 9 H
llfwmasermsiu MnuuafAaaIna1 s IuAsUAT AN ANNFAUUUN U YNNI IR
v X ~ y . 0 A A v o ¢
gnasevuin Taelinslgeynia (Particle) S12uNAaoUNMMIAURIHaaNT VDI Q¥
dy Ay £ o dyd Y A [ v I3 A 1
TununAum (Search Space) cmmmgmﬂumlﬁ*sm"lmmauﬂuumu,agwaawmﬂmmm
' o U o oA Z; o v J
911113 lagaymauaazaazgngudunias uaulumsdum niusginmsauminaans
[ o, { 1 1 o ] { { 1 ..
TaguaansNUAazoYNIAKIILHNIILHIINANgAaIUYAAa (Personal Best Position)

Q E]

= d' 1 o 9 <3 Qy = = o T Aaa 1 1
%uﬂ@u@ﬁ%@HﬂWﬂﬂﬁﬂiﬂuwuﬁiﬂﬁu%$ﬂﬂ1ﬂ%GUQWHWHQWQﬂ@ﬂﬁﬂﬂﬂﬂﬂﬁ%ﬂﬁ&@ﬁ%

' o

A ° Aad oA 1 Aad .- o 1
ayMALAzIaINAINDUNANGATEN N UHUINANGaaIna (Global Best Position) ttag 111

9 [ E4 v
hinlFnu daisthiznouddymludiuvesdaeuiiiummzau (Local) 18
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20

rf-d' [ 1 [] o =) @ as a
nain1glumsiaaanuuuudiues luaalialrenurainvaieds laslunsesuie

ad o ' A A T -dyd Il o Y9 a =i
’J‘ﬁmmmmmmmmmaaummwmmmu,musmmﬂmﬂaﬂziwaylafdum 10 5180130

o 1A 1A P v
Mnuaa193westoyanazan lavnmsnensaives lunanua1s1eh 2.4

A 9 aa v ' o
M3190 2.4 udasdeyaauuan 19 umsiamanuuindwesTuaa

A193 9 Anensal
2 22
3 2.9
5 5.1
6 6.2
7 6.8
9 9
10 10.1
11 10.9
13 12.5
15 15.3

2.5.1

MNNNADIVBIMANUADIANAD UM AITO AN

1 d' 1 dl o QU d’
ATINNADIVDIAINNNAAAAADUNIAITDIURNAY (Root Mean Squared

I . o 4 2 a @ ]
Error : RMSE) [{uasimsdasianuaaamasunuuings g setonldiued1aumn

IMaY

v Y '
Tasliaunsaaaunian 2.26 lumsiamanuuiug191nI5n13He a1 RMSE n'lanaties

v A Y = ] o
uamaﬂmﬂaﬂﬂﬂzumwmmummﬂ

RMSE = \E YO (Y, — Y,)2

Tasn  RMSE A0a1510Na09U0481A 101N A0 U300 R a0y

n
Yt
Y,

A o 9 Aq ¥
AR MDY AN 19

]
1 a A

AoA1sINna1t 1a 9

3

A v Ay Y oA
Aamn lavnmsnensainna t la 9

NNVoyaaNNAAINAITING 2.4 zAuIma1 RMSE laainsed 2.5

(2.26)
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{ ° 4 ¢ ¢
M3 2.5 mimmmmmﬂmmﬂﬁaummmiwsnﬂimﬂgfmj”a 10 519M3Aemnmal RMSE

aw3a(Yy) amennsal(Yy) (Y, — Y,)?
2 22 0.04
3 2.9 0.01
5 5.1 0.01
6 6.2 0.04
7 6.8 0.04
9 9 0
10 10.1 0.01
1 10.9 0.01
13 125 0.25
15 153 0.09

1
= |50

=,/(0.05)

= 0.2236

1
RMSE = \[E (0.04 +0.01 + 0.01 + 0.04 + 0.04 + 0 + 0.01 + 0.01 + 0.25 + 0.09)

L oL .
252 AU IAnaUENYsaNnde

J § o C4 ! . .
AnaIANaeUdUYTaIRaY (Mean Absolute Deviation :

MAD) #3590

3 A { v 0 4 { A a % % A -
(Mean Absolute Error : MAE) 1ifluasfin1sdasianuaaiamaountondnisnie #3375l

FreuondIvLIAvBIAuAaIanaauIld Tasiaunsasaunisn 2.27 lunistaainu

I an A4
UUHPIINITNITUYN

A YA

AN

ANATUBDYLL

9

1 P
MAE = ;Z?ﬂ |Yt - Yt|

{ U 4 o 4 {
Tagii MAE fAominaiamdouduysoiinge

A

o 9 Aq ¥
UGN 19

1 A k) = ] o
ﬁmaﬂmﬂam"lmmfmmmuEnmﬂ

(2.27)
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NNToyaaNNAAINAITING 2.4 zAuima1 MAE laasaisieh 2.6

A ° A ¢ 9 Y 4
A139N 2.6 NMIANUINANUAAIANADUUBINITNIINTAVDYA 10 T19N15A8NAUN MAE

a3 Yy) amennsai(Yy) 1Y, — Y|
2 2.2 0.2
3 2.9 0.1
5 5.1 0.1
6 6.2 0.2
7 6.8 0.2
9 9 0
10 10.1 0.1
1 109 0.1
13 12.5 0.5
15 153 0.3
MAE = %(0.2 +01+01+02+02+0+0.1+0.1+0.5+0.3)
1
= E(LS)
= 0.18

253 ﬁmamﬂmﬂmﬁeuﬁﬁfaammﬁﬂ

1 4 o w { Id [
AMANUAIAAADUASIADIRAY (Mean Squared Error : MSE) Wunsia

o 1 d‘

manuamamasu Tagnsiamanuaaamasuienawdlninlwauniaes lunisiaan
[] ) ax dyal Id' YA 0 Y 1 d' Y =1 ] o =1
AMULLUGIINITAMT NN lananisauaad Tuaan laazinnuuiudriunn Tasiaunis

AaauMIN 2.28
1 _—~
_ 1¢n . 2
MSE = ~ 1Y —Y) (2.28)
Tasn MSE AomianunaanasuUiidiaeinae
A o 9 = Y
n AR MDY AN 19

]
a A

aA1seinm t la o

<
)Y

Ay Y oA
a1 laanmsnensainna t la 9

<
)Y
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MNYoyaduNAAINAITING 2.4 zAutmal MSE Taaemsied 2.7

=i ° A Y Y 4
AT NN 2.7 mimmmmmﬂmmﬂaaummmiwsnﬂimﬂlaya 10 shgmsaanun MSE

a3 Yy) amennsai(Yy) (Y, — Y,)?
2 2.2 0.04
3 2.9 0.01
5 5.1 0.01
6 6.2 0.04
7 6.8 0.04
9 9 0
10 10.1 0.01
1 109 0.01
13 12.5 0.25
15 153 0.09
MSE = % (0.04 +0.01 +0.01 + 0.04 + 0.04 + 0 + 0.01 + 0.01 + 0.25 + 0.09)
1
= E(O'S)
= 0.05

254 AIANAAIANADURIAITOUDABNLVUTINAGIY

A

1 o o d' - .
A1AIINAAIAAAOUNAITDURDINVVVTINAFIU (Normalized Mean

I VAW ' 4 o w { [
Square Error : NMSE) dlumiiaautasnnnmanuaamanaeusiasaeunas lunisian

] o as dya A Y v Y 1 A k) = ] o =\
ﬂ’ﬂllLllluEﬂiﬂﬂi]‘ﬁﬂﬁuENﬂWlulﬂiJﬂTL!E]EJLLE‘T@N’HI?JMQ‘V]Ulﬂi]%iJﬂ’ﬂmLiJu‘c’ﬂiﬂﬂ Iﬂﬂiﬂ"fllﬂﬁ
AITUNITN 2.29

1 *
(8%n)

2 _ 1 n ) 2
5 —(n_l)*;(ai—a)

Tagh  NMSE flomanunaaianaouiaiaoundonuuussiagi

NMSE =

i—1(a; — pp)? (2.29)



A o 9 Aq ¥
n AR MDY AN 19
a; fAeAwsenaItlaq
- A v = G
a ADANRAYVDIAII
A Ay Y oA
p;i  Aeminldvinmanensainnatlaq

MNToyadNNAAINAITINN 2.4 dzAuIaA1 NMSE Taaanisiai 2.8

{ ° 4 ¢ ¢
M13197 2.8 mimmmmmﬂmmﬂﬁaummmiwsnﬂimﬂgfam”a 10 s19m3aemnmal NMSE

24

avse(Ye) amensal (Yy) (a; —a)? (a; — pi)?

2 22 37.21 0.04
3 2.9 26.01 0.01
s 5.1 9.61 0.01
6 6.2 4.41 0.04
7 6.8 1.21 0.04
9 9 0.81 0

10 10.1 3.61 0.01
11 10.9 8.41 0.01
13 12.5 24.01 0.25
5 15.3 47.61 0.09

1
8% = @ *(37.21 +26.01 + 9.61 + 4.41 + 1.28 + 0.81 + 3.61 + 8.41 + 24.01 + 47.61)

1

=18.1

1

= 0.0001526
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255  mguysoeulesidunvesnnunaamnaou

U

o @ 3 o 4
MduysaveulosiFuavesnunalanaou (Mean Absolute Percentage

U

Error : MAPE) ifludianuamanaeuiivilaslfeglugduuuveanlosidud lunisfan

[
1A

] o as dyal Y v Y 1 A Y =\ ] o & a =\
ﬂ’ﬂllLlllufﬂinﬂil‘ﬁﬂﬁuENﬂlelﬂiJﬂTL!E]EJLLZ‘T@N’JWI‘JJL@ﬁﬂhlﬂi]%llﬂ"ﬂmlllufﬂiﬂﬂ ¥ Inal

AUMIAIANNITN 2.30
1 Y-V
MAPE = =71 ,]100 x —
n<t=1 Y,
t
Taofi  MAPE femduysaivestlefifuduesnnuamamaou

| (2.30)

o ¥ g 9
n ApduToyan 149
= J a A
Yy  feawishnatlac
V4 A An Y 7
Y, dAeaiilaammisnensaiinartla g

9 a A o 1 Yo =
mﬂﬂl@u‘]aammmumiw‘ﬂ 2.4 32AUIUAT MAPE ]lﬂﬂ\igni']\iﬂ 2.9

{ ° 4 ¢ ¢
M13191 2.9 mimmmmmﬂmmﬂﬁaummmmﬂmiméﬂjay‘a 10 519M3Aemnmal MAPE

amsa(Yy) amennsal (Yy) 1100 * . ; . |
t
2 2.2 10
3 2.9 3.33
5 5.1 2
6 6.2 3.33
7 6.8 2.85
9 9 0
10 101 1
11 10.9 0.91
13 12.5 3.85
15 153 2
MAPE = %(10 +3334+24+3334+285+0+1+4+091+385+2)
1
= E(29.28)
= 2928




26

J

256 MAHANNUS
1 @ o 4 . . I VoA Y
Amandauius (Correlation Coefficient : R) tfluainldlunmisuen
[} [} 4 1 1 1 4 1 a 1 4 [} 1 ] o
ANMUFUNUTTZHINAITDIA TUNLADAI9TIAZAININAITNINT AL 1UA1TIAAIAININUEN

ast dyq. A YA ' a Y = 1 o =P T 1
iﬂﬂi]‘ﬁﬂﬁuENﬂWlulﬂiJﬂ11I1ﬂLLE‘T@N’JTINL@Q‘V]]IQi]%llﬂ’ﬂmmumiﬂﬂ I@IEJII?]WJQ?%W’JN 1 uag

-1 FaaumIaaaunsi 2.31
n
Yi=1(ai*p;i)

R = (2.31)
no.2, [y 2
\[Zl—lai *\[Zi—lpl
Tagi R AoAranduus
A o 9 q 9
n AR MDY AN 19
a;  femvennatla g
= Ay Y 7
p;  fAemilaninmanensaiinaitla g
NNVoYAANNAAINAITINGN 2.4 dzAumA1 R Taaansieh 2.10
M13197 2.10 MIFIVANUANIANAOUYBINITNEINTBVOYA 10 TIONTAIINUN R
' a ' o v 2 2
awsa(Yp) amennsai( Yr) a; p; a; * p;
2 2.2 4 4.84 4.4
3 2.9 9 8.41 8.7
5 5.1 25 26.01 25.5
6 6.2 36 38.44 37.2
7 6.8 49 46.24 47.6
9 9 81 81 81
10 10.1 100 102.01 101
11 10.9 121 118.81 119.9
13 12.5 169 156.25 162.5
15 15.3 225 234.09 229.5
R 44+87+255+372+47.6+81+4+ 101+ 1199+ 162.5+229.5
V819 xv/816.1
8173
~ 28.62 * 28.58
= 0.9992
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257  maaiAnaeUFIing
[ A o v . Id as 1 A
Amnalamndouduins (Relative Error : RE) 11u3511A1A1MA QAR O U

A

dy = 1 A o 1 a 1 ) 4 Y
WUITU IﬂElﬂ'limEJ‘]Jﬂ'Iﬂ"J'IiJﬂa'Iﬂlﬂa@uﬂﬂﬂﬁlﬁxﬂulmagﬂ'I‘V]‘V]'lﬂWi‘WEl’lﬂimllﬁ&’llﬂa\ﬂ“ﬂ@

o
J 3 J v 1 I o a ya’ J 1 J {
Tuztlesidud Tumsiamanumiudnnismsiiseni latianfoonaasii Tuaan laved

A Tasdaumsaaaumsi 2.32
RE = vl 100 (2.32)
Yt
Jaoii RE  femamamaouduing
Y, Aedwieiinatlag
?t Ao ldnnmInensaifine t 1a 9

9 a { o 1 Yo !
mmmagaaummumanﬁ 2.4 3MUIUAT RE llﬂﬂ\W]'li'N'ﬁ 2.11

A15190 2.11 ﬂﬁﬁwmmmmﬂmmﬂﬁaummﬂﬁwmﬂm‘fﬂfaya 10 i'lElﬂ'li@glj’JEllﬂmcﬁRE

1A 32 ? - Y
avse(Ye) amensal(Ye) u * 100
Y

2 2.2 10
3 2.9 3.33
5 5.1 2
6 6.2 3.33
7 6.8 2.85
9 9 0
10 10.1 1
1 10.9 0.91
13 12.5 3.85
15 153 2
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258  AIANUAANAIANAIFIHUBINITUIY

ANNUAANDIANIATFIUVDINITHIUY (Standard Error of Prediction :

[
1A

I 1 { 1 Aa Y] [] ) =Y ya’
SEP) uanlflumsnaaeuannuianaia lumsiasanuwivdninisnmsiseain 1oy

v Y

adfosuaaai Tuman lavelianuiudunn Tastiaumsaiaumsn 2.33

100 (Xi,(fe—Ye)?
SEP = — [ L — (2.33)
Tagh SEP  floA1nudana1aunsgIuueInsiue
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5 5.1 0.01
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9 9 0
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15 153 0.09

SEP = 100 * 0.2236
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a1+ 1%1),
2 2.2 0.2 2.1 0.04
3 2.9 0.1 2.95 0.01
5 5.1 0.1 5.05 0.01
6 6.2 0.2 6.1 0.04
7 6.8 0.2 6.9 0.04
9 9 0 9 0
10 10.1 0.1 10.05 0.01
11 10.9 0.1 10.95 0.01
13 12.5 0.5 12.75 0.25
15 15.3 0.3 15.15 0.09
SMAPE=l(E+£+£+E+E+9+ 0.1 4 0.1 4 0.5 4 0.3)
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1 2 22 2.5
2 3 2.9 29
3 5 5.1 5.1
4 6 6.2 6.2
5 7 6.8 6.8
6 9 9 9
7 10 10.1 10.1
8 11 10.9 10.9
9 13 12.5 12.5
10 15 15.3 15.3
RMSE 0.2236 0.2265
MAE 0.18 0.21
MSE 0.05 0.071
NMSE 0.002762 0.003927
MAPE 2.928 4.428
R 0.9997 0.9995
SEP 2.7605 3.2896
SMAPE 0.02888 0.04158
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Yy = Yi + Yerror (3.4)
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id month year milk forecast (milk) error

1 1 1962 589 618.029 -29.0288
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id | month | year | milk f(()rrnei(I:St error f?errer((:)egt proposed method
1 1 1962 | 589 | 618.029 | -29.0288 | -1.4712 616.5578
2 2 1962 | 561 | 618.635 | -57.6353 | -0.8647 617.7703
3 3 1962 | 640 620.5 19.5 1.0000 621.5

4 4 1962 | 656 | 621.701 | 34.2987 | 2.2013 623.9023
5 5 1962 | 727 | 621.949 | 105.0506 | 2.4494 624.3984
6 6 1962 | 697 | 621.701 | 75.2991 2.2009 623.9019
7 7 1962 | 640 | 620.489 | 19.5111 0.9889 621.4779
8 8 1962 | 599 618.5 -19.5 -1.0000 617.5
9 9 1962 | 568 | 617.422 | -49.4223 | -2.0777 615.3443
10 10 1962 | 577 | 617.758 | -40.7581 | -1.7419 616.0161
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A S 1 A ' A o w = 9 =
ATNN 4.2 uammmﬁ JUMIUATINNTDIVDIANINAIAUNADUNTAITDIRA LNV DY anndoU

data SVR Proposed method Improvement % Improvement
temp 5.15720 5.11310 0.04410 0.855115179
milk 22.4174 21.4962 0.92120 4.109307948
SLP 1.0115 1.0099 0.00160 0.158180919
co2 0.4751 0.434 0.04110 8.650810356
SOI 1.5845 1.5772 0.00730 0.460713159

~ ~ ' A o ¢ A 9 =
AT NN 4.3 uammiuﬁ'ﬂumEmﬂmmmﬂaauauyimmaﬂmﬂmagaﬂﬂaau

data SVR Proposed method | Improvement % Improvement
temp 3.96800 3.90040 0.06760 1.703629032
milk 16.9748 15.1543 1.82050 10.72472135
SLP 0.7916 0.7864 0.00520 0.656897423
co2 0.3925 0.3262 0.06630 16.89171975
SOI 1.2274 12123 0.01510 1.23024279

~ ~ o 7 P-4 A )
AT NN 4.4 ll’ﬁ@l\?ﬂ'lil,ﬂ%EJ“]JL‘VIEJ“lJﬂ'l’ﬁiJ“]a]Jiﬂ!"ll’t')\‘il,ﬂﬂiL“]ﬂm"ll’E'Nﬂ'ﬂiJﬂﬁWﬂ!ﬂﬁ@uﬂTﬂﬂl@Hﬁﬁﬂﬁ@u

data SVR Proposed method | Improvement % Improvement
milk 2.39944 2.14672 0.25272 10.53246
SLP 9.38009 9.33268 0.04741 0.505432
co2 0.12036 0.1001 0.02026 16.83283

A = ' A o w = 9
M1519N 4.5 llaﬂ\jﬂ'ﬁlﬂ%EﬂJﬁflEﬂJﬂ']ﬂa']ﬂlﬂaauﬂ1ﬁ\1ﬁaQLﬂaﬂﬂ1ﬂm@Haﬁﬂa@u

data SVR Proposed method | Improvement % Improvement

temp | 26.59735 26.14377 0.45358 1.705357865
milk | 502.5391 462.08746 40.45166 8.049454936
SLP 1.02319 1.01998 0.00321 0.313724724
co2 0.22573 0.18839 0.03734 16.54188632
SOI 2.51064 2.48766 0.02298 0.915304464
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data SVR Proposed method | Improvement % Improvement
temp 0.94100 0.94173 0.00073 0.77517
milk 0.99951 0.99955 0.00004 0.04002
SLP 0.99502 0.99504 0.00002 0.02010
co2 | 0.9999989 0.9999991 0.0000002 0.0002
SOI 0.27569 0.28568 0.00999 34.96920
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data | ARIMA SVR Proposed method | Improvement | % Improvement
temp | 15.31096 | 10.56466 10.42317 0.14149 1.33928
milk | 85.42048 | 60.28028 49.94115 10.33913 17.15176
SLP | 2.548502 | 1.921235 1.846996 0.07424 3.86413
co2 | 2.930608 | 6.510226 6.229361 0.28087 4.31421

SOI | 1.984341 | 1.918531 1.956628 -0.03810 -1.98574
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data | ARIMA SVR Proposed method | Improvement | % Improvement
temp | 12.73791 | 9.07392 8.96033 0.11359 1.25183
milk | 66.36006 | 48.35438 39.37634 8.97804 18.56717
SLP | 2.155819 | 1.57495 1.48809 0.08686 5.51510
co2 2.42601 5.58294 5.27019 0.31275 5.60189
SOI 1.530834 | 1.45858 1.49647 -0.03789 -2.59773
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data | ARIMA SVR Proposed method | Improvement | % Improvement
milk | 7.40727 | 5.50175 4.50366 0.99809 18.14131867
SLP | 24.47317| 15.3652 14.81896 0.54624 3.555046469
co2 0.72331 | 1.65733 1.56431 0.09302 5.612642021
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data | ARIMA SVR Proposed method | Improvement | % Improvement
temp | 12.73791 | 9.07392 8.96033 0.11359 1.25183
milk | 66.36006 | 48.35438 39.37634 8.97804 18.56717
SLP | 2.155819 | 1.57495 1.48809 0.08686 5.51510
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M13190 4.11 uagasmsnfSeuisumanduiusnndoyanadou

data | ARIMA SVR Proposed method | Improvement | % Improvement
temp | -0.04061 0.76070 0.75706 -0.00364 -0.480807334
milk 0.99752 0.99882 0.99889 0.00007 0.007007779
SLP 0.96984 0.9884 0.98926 0.00086 0.086933668
co2 0.99996 | 0.9999494 0.9999499 0.0000005 0.00005
SOI 0.02541 0.24257 0.23666 -0.00591 -2.497253444
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%a3519War s RMSE, MAE, MAPE, MSE, R

rmse <- function(error)

{

sqrt(mean(error’2))

}

mae <-function(error)

{

mean(abs(error))

}

mape <-function(error,t)

{

mean(abs(error/t))*100

}

mse <-function(error)

{

mean(error’2)

}

r <-function(a,p)

{

sum(a*p)/( sqrt(sum(a*a))*sqrt(sum(p*p)) )
}

%aialuinaangnieya temp

library(e1071) %14 library 38 e1071 lunsaireluimadnnasnnninaisinsadis
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%aslumadnnednonmaisinsaduaindeyaidnasy
train<-read.csv(file="temptrain.csv") %Tmam%g@ﬁﬂm@ulﬂﬁmﬂitrain
myformular<-temp ~ Date+month+year % wunsaslFlunswennsal
model <- svm(myformular,data=train) %51 linainnadsanmaisngad

%a5egpdayaludiveldlunimmeinsal(dudeyatnasu)

newdata = data.frame(Date=trainSDate,month=trainSmonth,year=trainSyear)

0, Y a v I o (% o=l o
Awmmmmmﬂ@ NARUAVE LNLARTANR TALINLADTTINT AT L

predictedY <- predict(model,newdata=newdata)

error <- trainStemp - predictedY %UNANAINAAIALARE L
svrrmse <- rmse(error) %uilnirnAuAaALAaeLille RMSE
svrmae <- mae(error) %urtagAnANARNALAARLLTL MAE

svrmape <- mape(error,trainStemp) %ulasArmInAa aaaa Uil MAPE
svrmse <- mse(error) %uilasAinuAIALAaRLLL MSE
svrr <- r(trainStemp , predictedy) %LlasArmN A AR AR TR

%asgpdayaludine [ Elugeaindumaanaiatanrgnaefed(idndeyainaen)

newdata3 = data.frame(error=error,Date=trainSDate,month=trainSmonth,year=trainSyear)

myformular2<-error ~ Date+month+year %nvuasaulsn M lun1swensnd
model2 <- svm(myformular2,data=newdata3) %513 lanaanAIAINAATALATE L

%a5egpdayaludineldlunimmensal(dudeyatnasu)

newda = data.frame(Date=trainSDate,month=trainSmonth,year=trainSyear)

0, Y v U d‘
A)wmmmmmﬂ@ﬁﬂmmfmimmmmﬂmmmmmu




56

predicted<- predict{(model2,newdata=newda)

trainerror <- trainStemp - (predictedY+predicted) %A nAaaAdeulnalinaluing
trainrmse <- rmse(trainerror) %uilasAnAuAaTALAAeLill RMSE
trainmae <- mae(trainerror) %uilasAnAuAaALAaeLLll MAE
trainmape <- mape(trainerror,trainStemp) %ulasArmuAatnAaeuite MAPE
trainmse <- mse(trainerror) %uilaaANANARTALAARLTL MSE
trainr <- r(trainStemp , (predictedY+predicted)) %.ilasdrnanunatspaauili R

A I'e = o Y v
%neaaLlunatnneinnnne Finsatusicadayanaaay
test<-read.csv(file="temptest.csv") %liia m%]mqﬂ@mmmﬂm‘ Aolilg test

v A 1 d‘ I cY o 'S o= o ) 2

%asngaieyavdina lElunsneananise laadnne sanwmaininsadu(dudeyanaaay)
newdata2 = data.frame(Date=testSDate,month=testSmonth,year=testSyear)
%wennsaifne lunadnnasanniaasTinsatu

predictedY2 <- predict(model,newdata=newdata2)

error2 = testStemp-predictedY?2 %A AITNAAALARDIL
svrrmse2 = rmse(error2) %huilasAlratanpaIAEaaLLTL RMSE
svrmae2 = mae(error2) %utlasAnAauAan AR MAE

svrmape2 <- mape(error2,testStemp) %memmwmmmm%mﬂu MAPE
svrmse2 <- mse(error2) %LUa9AN1AN mmmmﬁ@mﬂu MSE

svrr2 <- r(testStemp,predictedY2) %iiasA1AN mmmmﬁ@mﬂu R
%m”iwfqm-fﬁmgu@%mLﬁﬂi%slumiwmmmﬁmme'ﬂmﬂmmml,m'ﬁ@u(l,ﬂu%gmmmu)

newdata4 = data.frame(Date=testSDate,month=testSmonth,year=testSyear)
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predictedY3 <- predict(model2,newdata=newdata4) %nennInifnaluinasA

mmmmﬁ@u

error3 <- testStemp - (predictedY2+predictedY3) %mﬁmmmmmmﬁ@u
svrrmse3 <- rmse(error3) %memmmmmmm%uﬂu RMSE

svrmae3 <- mae(error3) %memmmmmmm%uﬂu MAE

svrmape3 <- mape(error3,testStemp) %memmﬂmmmmﬁ@mﬂu MAPE

svrmse3 <- mse(error3) %memmmﬁmmmﬁ@mﬂu MSE

svrr3 <- r(testStemp , (predictedY2+predictedY3)) %utlasinAnupanAaewl R
%@’éw‘imLm@aﬁmmﬂ%’mﬂ@ﬁﬂmmmwmauiuLm

library(forecast) %\ library fa forecast lun1sainaluinan3an

myts <- ts(trainStemp, start=1, end=1022, frequency=1) %@%’N%mﬂ@Lﬁ@l%iuﬂﬁi@%ﬁdi&lLm@@’ﬁi\l’]
auto.arima(myts) %wﬂqumﬁmﬁ'ﬁ‘mmmu

fit <- arima(myts, order=c(2,1,1)) %519 LA AR 13N

a <- predict(fit,n.ahead = 439) %N LAREIFAULLIANTNN

predicta <- aSpred[1:439] %A e Bludauls predicta
arimaerror <- testStemp - predicta %A NARALAREL

rmse(arimaerror) %memmmmmmm%uﬂu RMSE

mae(arimaerror) %memmmmmmm%uﬂu MAE

mse(error) %memmmmmmm%uﬂu MSE

mape(error,testStemp) %memmmmmmm%uﬂu MAPE

r(testStemp , predicta) %LilasAnAanupanaaaailily R
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%aialumaanngadeya milk

%Zﬁ’]\‘itﬁ\lL@Z\]eﬁ/WW@gmL'mLm’ﬂ%mﬁ‘@%ﬂ@?ﬂ%@@]@aﬂ@@u

library(e1071)

train<-read.csv(file="milktrain.csv")

myformular<-milk ~ month+year

model <- svm(myformular,data=train)

newdata = data.frame(month=trainSmonth,year=trainSyear)
predictedY <- predict(model,newdata=newdata)

error <- trainSmilk - predictedY

svrrmse <- rmse(error)

svrmae <- mae(error)

svrmape <- mape(error,trainSmilk)

svrmse <- mse(error)

svrr <- r(trainSmilk , predictedy)

newdata3 = data.frame(error=error,month=trainSmonth,year=trainSyear)
myformular2<-error ~ month+year

model2 <- sym(myformular2,data=newdata3)

newda = data.frame(month=trainSmonth,year=trainSyear)
predicted<- predict(model2,newdata=newda)

trainerror <- trainSmilk - (predictedY+predicted)

trainrmse <- rmse(trainerror)

trainmae <- mae(trainerror)

trainmape <- mape(trainerror,trainSmilk)

trainmse <- mse(trainerror)

trainr <- r(trainSmilk , (predictedY+predicted))
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%'1/]ﬂ@@llillLﬂ@eﬁ/WW’ﬂ§ﬁ]L’mLm’ﬂﬁmﬁ‘ﬁﬁusﬁ"mgﬂmﬂ@%@’ﬂﬂﬂ

test<-read.csv(file="milktest.csv")

newdata2 = data.frame(month=testSmonth,year=testSyear)
predictedY2 <- predict(model,newdata=newdata2)

error2 = testSmilk-predictedY2

svrrmse2 = rmse(error2)

svrmae2 = mae(error2)

svrmape2 <- mape(error2,testSmilk)

svrmse2 <- mse(error2)

svrr2 <- r(testSmilk,predictedY?2)

newdata4 = data.frame(month=testSmonth,year=testSyear)
predictedY3 <- predict(model2,newdata=newdata4)

error3 <- testSmilk - (predictedY2+predictedY3)

svrrmse3 <- rmse(error3)

svrmae3 <- mae(error3)

svrmape3 <- mape(error3,testSmilk)

svrmse3 <- mse(error3)

svrr3 <- r(testSmilk , (predictedY2+predictedY3))

%a519lumanInIandayainasuuaznaasulumng

library(forecast)

myts <- ts(trainSmilk, start=1, end=118, frequency=1)
auto.arima(myts)

fit <- arima(myts, order=c(2,1,2))

a <- predict(fit,n.ahead = 50)

predicta <- aSpred[1:50]
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error <- testSmilk - predicta
rmse(error)

mae(error)

mse(error)
mape(error,testSmilk)
r(testSmilk, predicta)

%5719 1ULM AN

%as e luinatnnain LQﬂLM@%LN?@%N@’]ﬂ%@H@ﬁﬂ&@N

library(e1071)

train<-read.csv(file="slptrain.csv")

myformular<-SLP ~ month+year

model <- svm(myformular,data=train)

newdata = data.frame(month=trainSmonth,year=trainSyear)
predictedY <- predict(model,newdata=newdata)

error <- trainSSLP - predictedY

svrrmse <- rmse(error)

svrmae <- mae(error)

svrmape <- mape(error,trainSSLP)

svrmse <- mse(error)

svrr <- r(trainSSLP , predictedY)

newdata3 = data.frame(error=error,month=trainSmonth,year=trainSyear)
myformular2<-error ~ month+year

model2 <- svm(myformular2,data=newdata3)

newda = data.frame(month=trainSmonth,year=trainSyear)

predicted<- predict{(model2,newdata=newda)
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trainerror <- trainSSLP - (predictedY+predicted)
trainrmse <- rmse(trainerror)

trainmae <- mae(trainerror)

trainmape <- mape(trainerror,trainSSLP)
trainmse <- mse(trainerror)

trainr <- r(trainSSLP , (predictedY+predicted))

o c o= o Y 4
%'WL’WZQEUINL@@GHWW@EWLQTWLM@??Lﬂﬁ"&ﬁ]u@’m%@iﬂ@W@@@u

test<-read.csv(file="slptest.csv")

newdata?2 = data.frame(month=testSmonth,year=testSyear)
predictedY2 <- predict(model,newdata=newdata2)

error2 = testSSLP-predictedY2

svrrmse2 = rmse(error2)

svrmae2 = mae(error2)

svrmape2 <- mape(error2,testSSLP)

svrmse2 <- mse(error2)

svrr2 <- r(testSSLP,predictedY2)

newdata4 = data.frame(month=testSmonth,year=testSyear)
predictedY3 <- predict(model2,newdata=newdata4)

error3 <- testSSLP - (predictedY2+predictedY3)

svrrmse3 <- rmse(error3)

svrmae3 <- mae(error3)

svrmape3 <- mape(error3,testSSLP)

svrmse3 <- mse(error3)

svrr3 <- r(testSSLP , (predictedY2+predictedY3))

%a519lumanInIandayainasuuaznaasulumng
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library(forecast)

myts <- ts(trainSSLP, start=1, end=979, frequency=1)
auto.arima(myts)

fit <- arima(myts, order=c(5,0,0))
a <- predict(fit,n.ahead = 421)
predicta <- aSpred[1:421]

error <- testSSLP - predicta
rmse(error)

mae(error)

mse(error)

mape(error,testSSLP)

r(testSSLP, predicta)

%5719 UM AN

%aslumadnneinonnefainsaduaindeyaidnasy

library(e1071)

train<-read.csv(file="co2train.csv")

myformular<-CO2 ~ month+year

model <- svm(myformular,data=train)

newdata = data.frame(month=trainSmonth,year=trainSyear)
predictedY <- predict(model,newdata=newdata)

error <- train$CO2 - predictedY

svrrmse <- rmse(error)

svrmae <- mae(error)

svrmape <- mape(error,train$C02)

svrmse <- mse(error)
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svrr <- r(train$CO2 , predictedY)

newdata3 = data.frame(error=error,month=trainSmonth,year=trainSyear)
myformular2<-error ~ month+year

model2 <- svm(myformular2,data=newdata3)

newda = data.frame(month=trainSmonth,year=trainSyear)
predicted<- predict(model2,newdata=newda)

trainerror <- trainSCO2 - (predictedY+predicted)

trainrmse <- rmse(trainerror)

trainmae <- mae(trainerror)

trainmape <- mape(trainerror,train5C02)

trainmse <- mse(trainerror)

trainr <- r(train$CO2 , (predictedY+predicted))

s IS o= o Y 14
%'W@ZQEUINL@Z\]GHWW@EMLQTWLM@??Lﬂﬁ‘@ﬁ]u@’m"UﬂH@mﬂ@@u

test<-read.csv(file="co2test.csv")

newdata2 = data.frame(month=testSmonth,year=testSyear)
predictedY2 <- predict(model,newdata=newdata2)

error2 = test$CO2-predictedY2

svrrmse2 = rmse(error2)

svrmae2 = mae(error2)

svrmape2 <- mape(error2,test$C0O2)

svrmse2 <- mse(error2)

svrr2 <- r(testSCO2,predictedY2)

newdata4 = data.frame(month=testSmonth,year=testSyear)
predictedY3 <- predict(model2,newdata=newdata4)

error3 <- testSCO2 - (predictedY2+predictedY3)

svrrmse3 <- rmse(error3)
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svrmae3 = mae(error3)
svrmape3 <- mape(error3,testSCO)
svrmse3 <- mse(error3)

svrr3 <- r(testSCO2 , (predictedY2+predictedY3))

%a519lumanInIandayainasuuaznaasulung

library(forecast)

myts <- ts(train$C0O2, start=1, end=136, frequency=1)
auto.arima(myts)

fit <- arima(myts, order=c(2,1,2))
a <- predict(fit,n.ahead = 56)
predicta <- aSpred[1:56]

error <- test$CO2 - predicta
rmse(error)

mae(error)

mse(error)
mape(error,testSCO2)
r(testSCO2 , predicta)

%a5719 UM AN 150l

%Zﬁ’]\‘itﬁ\lL@Z\]eﬁ/WW@gmL'mLm’ﬂ%mﬁ‘@%ﬂ@?ﬂ%@@]@aﬂ@@u

library(e1071)

train<-read.csv(file="SOltrain.csv")

myformular<-SOl ~ month+year

model <- svm(myformular,data=train)

newdata = data.frame(month=trainSmonth,year=trainSyear)

predictedY <- predict(model,newdata=newdata)
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error <- train$SOI - predictedY

svrrmse <- rmse(error)

svrmae <- mae(error)

svrmape <- mape(error,train$SOl)

svrmse <- mse(error)

svrr <- r(train$SOIl , predictedY)

newdata3 = data.frame(error=error,month=trainSmonth,year=trainSyear)
myformular2<-error ~ month+year

model2 <- sym(myformular2,data=newdata3)

newda = data.frame(month=trainSmonth,year=trainSyear)
predicted<- predict(model2,newdata=newda)

trainerror <- trainSSOI - (predictedY+predicted)

trainrmse <- rmse(trainerror)

trainmae <- mae(trainerror)

trainmape <- mape(trainerror,train$SOl)

trainmse <- mse(trainerror)

trainr <- r(trainSSOI , (predictedY+predicted))

o (% o= o Y b4
%W@ZQEUINLQZ\]%WW@?MLQTWLM@??Lﬂﬁ"&ﬁ]u@’m%@Eﬂ@W@@@u

test<-read.csv(file="SOltest.csv")

newdata2 = data.frame(month=testSmonth,year=testSyear)
predictedY2 <- predict(model,newdata=newdata2)

error2 = test$SOl-predictedY2

svrrmse2 = rmse(error2)

svrmae2 = mae(error2)

svrmape2 <- mape(error2,testSSOIl)

svrmse2 <- mse(error2)
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svrr2 <- r(test$SOl,predictedY2)

newdata4 = data.frame(month=testSmonth,year=testSyear)
predictedY3 <- predict(model2,newdata=newdata4)

error3 <- test$SOI - (predictedY2+predictedY3)

svrrmse3 <- rmse(error3)

svrmae3 <- mae(error3)

svrmape3 <- mape(error3,testSSOI)

svrmse3 <- mse(error3)

svrr3 <- r(test$SOIl , (predictedY2+predictedY3))

%a519TumanINIAndayatnasuuaznaasulung

library(forecast)

myts <- ts(train$SOl, start=1, end=378, frequency=1)
auto.arima(myts)

fit <- arima(myts, order=c(2,0,2))
a <- predict(fit,n.ahead = 162)
predicta <- aSpred[1:162]

error <- test$SOIl - predicta
rmse(error)

mae(error)

mse(error)

mape(error,test$SOI)

r(test$SOI, predicta)




NNANUHIN VU

a d' Y a A Jd \J
‘lJ‘Vlﬂ?nN’J‘lf"Iﬂ‘l‘i‘Vlvlﬂ’i‘]Jﬂ‘l‘iﬂWNW!Nﬂ!!‘V‘li



68

4' a d' Y a A J \l v =
i"ltl“lf@‘lJ‘Vlﬂ?l"IN?l“lﬂﬂ"I‘i‘ﬂ"lﬂ‘i‘ljﬂ‘liﬂWNW!Nﬂ!!WﬂHiZ‘H?Nﬂﬂ‘lsl1

Teetawat Kaewwijit, Nuntawut Kaoungku, Kittisak Kerdprasop, and Nittaya Kerdprasop
(2015)THE STUDY OF THE BEST PROBABILITY DISTRIBUTION TO PREDICT A
GOLD PRICE WITH LINEAR REGRESSION. The 9th South East Asia Technical
University Consortium (SEATUC) Symposium. Suranaree University of Technology. July

27-30, 2015.

J
Y a a a A

a a a Aav a a a o J
UNIINT, UAYT Lﬂﬂﬂig’d‘w, naaAna tNalszan. 2560.n 15NN szaNTAINENNOT A

ae

ag
535
7= Y ¢ a ¢ =
L’JﬂmﬂiiLﬂiﬁ%uiuﬂTﬁWEﬂﬂim@Hﬂ’ﬂJnaW.”ﬂ3ﬁ1§3%81ﬁ1ﬁﬁillﬁglﬂﬂ1u1aEJ

¥MIngIaENMma M. (19 36 R11UN 4 (NIAYIAN-FINIAN 2560))



69

THE STUDY OF THE BEST PROBABILITY DISTRIBUTION TO
PREDICT A GOLD PRICE WITH LINEAR REGRESSION

Teetawat Kaewwijit, Nuntawut Kaoungku, Kittisak Kerdprasop, Nittaya Kerdprasop
School of Computer Engineering, Suranaree University of Technology, Thailand

ABSTRACT

This paper presents a best probability
distribution for predict a gold price by linear
regression. The dataset is a gold price, refer by aoil
price for compare and parameter to predict a gold
price by used AIC to find the best model. The
probability distribution used 3 models gaussian,
gamma, inverse gaussian and link function used 2
maodels Identity, log total 6 models. We will
implement these imputation techniques with R
language. From experiment a best probability
distribution is gamma and a link function is log by
AIC is 55287.

Keyword: linear regression, gold price, probability
distribution, R language

1. INTRODUCTION

From the present state of society in the era of
globalization, the environment is changing rapidly.
The perception is extremely important. The
technology, trade, communication and information
system have no borders. The competition is rising
in all events. Including economic investment factors
were also associated with an investment in a
variety of formats for the exchange of goods and
products directly, such as financial market shares
or bonds, Investment in the oll market and gold
market.

Gold is anether important investment. There
are currently investing in the gold market as a
universal and global network. Gold is.a metal that
has a luster and beauty that has been popular in
jewelry making. Gold have four basic features that
make them stand out as the gold market demand,
including beauty and durability is a rare mineral.
And can be reused by recycling purfied by
annealing. It also has to be utilized such as gold.

1. Jewelry Industry From past to present,
qold is a metal used in jewelry making has been the
maost popular.

2. Economic and fiscal stability since gold is
a rare metal with a high demand for gold as a
medium of exchange and is a metal that is used as
an international reserve. As aresult, gold is used as
a tool for market speculation.

3. Gold in the Electronics Industry The gold
was used as components in the electronics and
communications telecommunication connections
such as semiconductor materials and transistors.

4. Benefits of Transport and
Communications. Gold has the ability to reflect
radiation, such as infrared radiation. It has been
used on the space shuttle and space suits.

5. Medical and dental benefits. Has been
used in radiation and reflected radiation to be used
in auscultation.

The demand for gold has made a number of
high gold prices and price volatility. The
composition and related factors are including the
price of gold.

1. The price of crude oil on the world market.
(Chang, et al., 2013), (Zhang, et al_, 2010)

2. The US dollar is the main currency in the
foreign currency exchange.

3. The need to buy (demand) and needs to
sell (supply) at different times and circumstances.
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Fig. 1 shows the relationship between gold
prices each year.
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Fig. 2 shows the relationship between oil
prices each year.
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Fig. 3 shows the relationship between gold
prices and the price trend of crude oil each year.

Figure 1 shows that the price of gold (World
Gold Council, 2015) is increasing each year, which
is significantly higher during the years 2001-2006.

Figure 2 shows that crude oil prices (Crude
Oil Prices: West Texas Intermediate (WTI) -
Cushing, Oklahoma (DCOILWTICO), 2015) is
increasing each year, which is significantly higher
duning the years 2001-2006, as well as gold.

Figure 3 is a comparison chart between gold
prices and the trend of crude oil prices. The price of
crude oil and gold prices have different scales. It
used for comparative only. The graph showed a
trend in the same direction.

From the context of trade and investment in
the gold market. The analysis Research and find
out how to become a tool to predict gold prices as
predicting gold prices by way of artificial neural
networks (Parisi, et al., 2008) and to predict the
price of gold by using an inflation factor (Ismail, et
al., 2015), the researcher is interested to study. To
find the best probability for predict the price of gold,
based on correlation with the price of crude ail
using a linear regression data as an alternative to
predict the price of gold.

2. METHOLOGY

This research aims to determine the best
approach is probably best used for predict the price
of gold, based on correlation with the price of crude
oil using linear regression. And test the models
using the AIC is a measure that models do best,
which is how the research stage.

1. Studied Akaike's Information Criterion
(AIC) (Akaike, 1981). AIC is the criteria for
selecting the most appropriate model for
comparing multiple criteria. It has been thought up
by Mr. Akaike and Called Akaike’s Information
Criterion (AIC). The best model have minimum of
AIC. This works best on large data samples.
However, when the data is small compared to the
number of parameters estimate. The maodels will
be selected over a number of independent
variables (Over-fit) by the AIC has the following
equation.

AIC = 2k — 2In(L) M

AIC = Akaike's Information Criterion

L = maximized value of the likelihood function

k = the number of estimated parameters in the
madel

2. Studied Generalized Linear Model (GLM)

General linear model equation model was first
proposed by Nelder and Wedderburn in 1972
(Nelder, et al., 1972). The model consists of three
parts. Random component, Systematic component
and Link function by has the following equation.

¥i = By + By Xy + -+ BiX; (2)

Random component are variables
associated with the probability distribution of the
dependent variable (response varable) or type of
expaonential family.

Systematic component is assigned the
function of independent variables used to predict
which variables are two types. 1. p = correlation 2.
X = the values of the independent variables.

Link function is an indication of the
relationship between the variable component and
system components. The variable in the equation is
Vi

3. R language. R Language is a computer
language used in statistics and display data in
graphical foorm. R. language can be widely because
of the function blocks (libraries packages) and
many are free, so itis widely used in education. And
business, in which the research is an important
statement as follows (Kerdprasop, 2012).

-price<-read.csv(file="goldpriceoil.csv")
command is wused to import data from
"goldpriceoilcsv" stored in a variable name "price”.

-myformular<-price$gold ~ price$oil +
priceSmonth + priceSyear command is used to
stored function to variable name "myformular”.

-gaussian.iden=-glm{myformular,
family=gaussian(identity)) commands used in the
linear regression equation used is "myformular”
with a probability value is gaussian and link function
is identity. Maodel stored in the variable name
"gaussian.iden”.

-pred.gauiden=-predict(gaussian.iden,
type="response") command is used to predict
"gaussian.iden” model and stored predict variable
in " pred.gauiden”.

- summary(gaussian.iden) command is used
to showing the value of the variable in this example
is to show models "gaussian.iden”.

- plot(price$num, price$dollar) command is
used to create graph. The first varniable is plotted on
the x axis and the second variable is the axis y.

4. The concept of research. The main idea of
this research is design the algorithms to find the
best probability. The conceptual framework of the
research shown in figure 4 and for the process used
to find the best probability is divided into 3 steps.

Step 1: get gold and crude oil prices dataset
to create a linear model. The probability is that the
gaussian and link function is indentity.

Step 2: use regression analysis to find the
AIC and change the probability and link function.
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Then use regression analysis to find the AIC with
every model. (The probability has 3 types gaussian,
gamma and inverse gaussian. The link function
uses 2 types is identity and log. Total has 6
models).

Step 3: observe the AIC from each model
and compared to find the best model.
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Figure 4 framework of research in the
algorithm form.

Table 1 displays the results of the AIC from 6
models.

Link Function
Probability Distribution
Identity Log
Gaussian 55826 55639
Gamma 55420 55287*
Inverse gaussian 55415 55313

3. EXPERIMENTAL RESULT

This research was test to compare the AIC
of each model. The probability has 3 types,
gaussian gamma and Inverse gaussian. The link
function uses 2 types identity and locked. A total of
6 models with models that minimum of AIC is a
best model, which means that the probability and
the link function of the model is the best value to
predicting the gold price.

From table 1 model was used probability
gaussian and link function identity the AIC was
55826. Model was used probability gaussian and
link function log the AIC was 55639. Model was
used probability gamma and link function identity
the AIC was 55420. Model was used probability
gamma and link function log the AIC was 55287
Model was used probability inverse gaussian and
link function identity the AIC was 55415. Model was
used probability inverse gaussian and link function
log the AIC was 55313. From 6 models with the
minimum AIC is the model that the probability of
gamma and the link function is log, the AIC is equal
to 55287, it is the best model.
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Figure 5 shows a comparison chart between
the gold price and gold price prediction.
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Figure 5 shows that the prediction is likely to
be in line with the gold price. The graph to predict
the individual values are very similar.

CONCLUSION

Linear regression was used to predict from
the linear equation to determine the relationship of
the variables involved in functions that have been
established. This can be used to predict the price of
gold.

The results showed that the models used to
value the probability of gamma and use the link
function is locked, the AIC has minimal value in the
six models, so this model is a best model for
prediction the gold prices by using linear
regression.
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Abstract

Currently, there are efforts to find new technigues in forecasting in order to improve precision and speed. The
improvement is achieved by using new technigue or a combination of technigues. This research aims to
optimize support vector regression in forecasting time series by using the error to increase the accuracy of
the model. The five datasets used in time series analysis are the daily temperature of the Fisher River,
monthly milk production, the sea level pressure data at Darwin, carbon dioxide concentration at Mauna Loa
mountain, and the atmospheric pressure difference between Tahiti and Darwin. The precision of the proposed
model is compared against the traditional support vector regression and the ARIMA models using the root
mean sguared error and the mean absolute error metrics. Fram the experimental results, the proposed

method can improve precision of the support vector regression technigue.

Keyword : Support vector regression, Time Series, Error
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