y
Yosayanaizima TuTodmsmuns wizeomndaanyzs

Tasetedszanesuuudounaud s umsnensol

Y a

VBHABIDUNINLIA

RECURRENT NEURAL NETWORK MODEL FOR

TIME SERIES FORECASTING

o
J¥51nsal ORUIINA

WATCHARAPHON AKHARABAWONKUL

d |
2101358N3n¥0

3¢1.915.9730 553N

“/9\/\/\

pbl. /
RUNY..... .12001472

mmzdon.... 00428
Sufoull 11 3.8 2582
N R 3
swanuiiuaumilave Anlasamaiann sz

Siiscinesssinmemeiniies

wingasIngmansuadia myisumaluladmsauma
pazmalulagansauma
o = Y Y o
aonTmA TR IaENIZDINUNNUNTIINANTZU

MABeuN 1 Umsfanu 2551



RECURRENT NEURAL NETWORK MODEL FOR

TIME SERIES FORECASTING

WATCHARAPHON AKHARABAWONKUL

A SYSTEM DEVELOPMENT PROJECT
OF THE REQUIREMENT FOR THE DEGREE OF
MASTER OF SCIENCE PROGRAM IN INFORMATION TECHNOLOGY
FACULTY OF INFORMATION TECNOLOGY
KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG
1/2008



COPYRIGHT 2008
FACULTY OF INFORMATION TECHNOLOGY

KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG



oL} Insanolszamifennuudoundudmsunswensa

JoyaiFeoynsunm

8 @ [
HAANHI UNAI¥IINTDL 9n5U2INA
sHaTnAnE 49066804
YSyan Memaasuudgia
) =
TN wa TuTagansaums
HYHIIY MOMIANTAUNA
= =<
Unsanmn 2551
c'd. =1 a
21158nSn1n IF.AT. 0137 533N 1Y
QU  §
UNAAED

a 's < @ a 4 a
msunazideyaoynsunnidiunisinndnusy sssuravesdeya itossie

v
v o

@ Y 3 ] ' o @ &
anvaizvayagaiu IdiiiugiuyIutiuedils Tanhgduuonesdnyusmsindon lnaves

L4
L

| ) { o & 2
Yoyarin Tl §4s = Tomi Tudueng winue 19y msmanzinun Tuivdatudady

@

dedrdgy luns Mawwde I Auiuandidss Ansam Waslinsfndnuuzvesdoyn
' Y '
uazaNwAIMsvaIditosi 1980 Tunsfnuiisad SaguszasdidovinaueTinensel
ounsunaaumumsdadule | desamuzey lagmnigpsnvenisdaduluFagsned
imanonsNuHuNITARTUOLYIBIAN A T vziums fadulediuns iy NIHEN
o [l a { v v a { <
msdmniedud viensasu daudhuilymiideddsunsdadulsidunzsaas tuams
Tumsfinwiisghnsnensadoearissadouvessonssushligmealne 191as 9910
Uszamifonuuvdoundulunisnernsal 1401315 suduutunaws e wwin #u Back-
o 5 aq @ J - A = = = a9 v
propagation) LAZITN NN UFANAAT (Genetic  Algorithm) - Un151U5eueunan 1da1nnas
d o & 9 a d | ' Yo A
wornsal iauelugduunvesnswl e Tfazaanlunisdinsiziing maiiniaiie: 185ude
< a = o a ' ' ' =
Wunwamalumsnauwugsis, asanudsslunisauivey, aamldiwnndgud

Y 3
dunldns uazafrenwiiulelumsamu



Title Recurrent Neural Network Model for Time Series forecasting

Student Miss. Watcharaphon Akharabawonkul

Student ID 49066804

Degree Master of Science

Programme Information Science

Academic Year 2008

Advisor Assoc. Prof. Dr.Arit Thammano
ABSTRACT

The Time Series Analysis is the study of data charaeteristic which can explain the data
pattern by determining the data pattern and the data movement. The Time Series Analysis is
widely used in various business such as the trend forecasting which is important to effective
operation planning. The purpose of this project is to present the Time Series Forecast program
that provides the appropriate decision supporting in Financial, Production, Product Distribution
and Investment. Because the current business needs the right and quick decision. In this project,
the Monthly Total Sale of car in Thailand is tested the algorithms of Recurrent Neural Network
by Back-Propagation and Genetic Algorithms. The forecast results from two algorithms are
compared and present in the graphical format. The forecast result is expected to be the solution
for business planning, risk reduction, cost reduction and increasing the confident in the

investment.

II



naanssudszmea

v
@ o o o ' a
Tassmaiannszyoauntiuiduse1ded1ed A28AWNTUIVDY 7.AT. B13A
oo o 4 o ' { g '
1350 Tu 01w1sdRS N Tasensiannszuuaud 18 18U v fidludss Tonide
v
MsnaszDUNULazaazna lumsasvaauud ludounnsosvea Insansi
d =1 1 pu a o a
VOUDUNITZAM AN9ITIRMLINA Tu Tades aumannviui 1ddszangissamin
Y 'Y Y
ANUUAT I
a o = = o @ o d,ll d 9 [ dy
YDVDUNILAWUUTHNAS My DYpiad $1ria Niveodoyaluniswannlnsenisdl
vovouRMUWDLY e Naauildfumniee wazaseliidalaauein

y Ay Y a o v Y A g
qamﬂumwmwammmauwszﬂm UAT UITAN LLﬁa‘iﬂiﬂUﬂi?‘U@Q“\ﬂWl%'Wllﬂu

€

fdele nazlinmsmivayulunnisess mlddwihamnsadilasimsiannssuuauaiiv

J¥5501 SATVIIND

II1



i
UNARASID TN et ettt I
UNAAGONTHIOINY oo 11
LTTEE T e O ol T - 1) I
L Y 4 AL - I L ORI b L | v
LLLER T oA RO e U AN R, G0 BN et SR A o 1 - VII
] N AN S BSRNS) ) v O IR e .. VIII
o g
LILILLD B T (1Y PO ™ et oo . O A 1
I~ o
L1 AN a e S o N e 1
' @ '3 =
1.2 AR UL NS LAY BIN I AN E. e 2
L3 voulysfimin, LR e 7N~ 0 — \\ 2
v
L4 Tunolir AN I 0\ s LB\ e 2N >\ 2
1.5 Usg oI et o Y B ey et Y 3 ) 3
uni 2 ngufifireifek X2\ AVNINA S S 4
2.1 IMAUANIIWEINS O (Fovplasiip techriquelal. SN O S S i, 4
2.1.1 5$U$L?ﬂ1ﬁ1ﬁuﬂ‘liwmﬂitﬁ'(Forecasting tifie Botizons) .. 4 .........ocevviveeniian, 4
Y o R o o 9 & o
2.1.2 VORI IN UUDLANONTTWIINTL 1.t 5
2.1.3 M VA Wy S U WORTOL o 5
2.1.4 Usetnn Vo AA T AISNOINTOL oo et 6
2.2 NOUROYNTUIIAT (TIME SEEIES) oo esmerstseeserreseereseeeesseeeeseeeee e 8
2.2.1 mﬁ'ﬂszﬂﬂmmmmﬂiﬁummagﬂsmm | DR R S o 9
2.2.2 JUHDUYBIBYNTUIIOY. .o 11
2.3 520 1AT98Y 52N T 03 (Neural NetWOrk)......ooooreeoeoooooooooooooo 11
Vv
2.3.1 Tasaedszamifousziriaeondu 3 $1u Layer) oo 11
232 MR TATUTEENURON oo 12
' v
2.3.3 ANUULMTIFOUADTENINFU (LAYET) oovroooeooeeoeoeeoeoeoeoeooooooo 13
2.3.4 Yodavesnts1Fnulasselssamidion (Neural Network)......ooo.ooo. 15
2.4 ﬁﬁﬂmsﬁauitmmmﬂwsﬂwwuﬂ‘ffu (BEck-DIOPBERHON) ..o.oviivissssormsimivoniosimiorsibiged 15

IV



GRENLTR(1)

wih
P ERE ¢ Ly T Sy IG5 S  e ( « 15
Y Y o w @
2.4.2 V0AUAZVOINAVOIUANTOWNWUATU ..o 18
@ = 9 ac @ 4 9 %
2y 'Hﬂﬂmit‘iEJ‘LJELL']J“JJ’J‘EVINWH‘I;PHEWIS (Genetic Algorithm: GA)........oooooooo 19
Jd {o o a o a
2.5.1 09RU5ENOUNIA Y OUIUURNSANOT Y oo 20
d' ag o a =2
A3 TENVTA UM, .ocicsscsscrniamecnsassosorosssssssssasdbsionsibsosasssessostissesssessssmassin sl S ] 25
B UL NN T L L T o 25
b4
BANCLITGREE Y 2 AR V77 i G o 26
3.2.1 N3 gtudon e SN . e NN 26
4
Y 4 %
3.22 TUABUNTUOTNOD TUH U (NOrmaliZAtION) ... oo 26
3.2.3 M3 VAT DY AN OV 1SN AOUUAZ AT e 27
o =) @
3240y Ao RER NG, . ) Bl X 2 AN 27
4 y Y
3.2.5 W T IO IOy TUOWINA L. e 31
Vv
3.3 TUABUMTOINUUUTYTURTUTIAOG .. oo e 32
33,1V Ty B e P L I P\ 3. e 32
3.3.2 Rnodausidnm. S0 2 08 2.2 . oo, 32
3.3.3 TuypQ TefdrcougdeN 1) 3] S\ (S TN i 32
3.3.4 Tug DO ... S AR oo QB oo 32
3.3.5 TUQOMTUARINAMITIINI. oo el st 32
v
3.4 TUAOUNITIINUYOI TUSUATIYSEYNA e 32
3.4.1 M3 MR su0e oy o N IF U TUSUATN oo 33
342 MTANTOUTATIVI ..o 35
343 MINATOUTOUR .o 38
v d
S AR DNIUDORHOAMY: . ocovrrsrnsihimimssimmio e e e L e ] 39
UNT 4 HANNTNRDB oo eoee e seesesesssssnesssseessseseeseeseeeeesseeee s 43
4.1 SMUATUHUDUNTFTUNITNABD 1o 43
4.2 MTUTOUTOUNANITNADD ..o eseesse s seeese e 43



o318y (7o)

wih

42.1 wamsmaaﬂuTﬂsaﬂhﬂﬂszmmﬁﬂmmuﬁauﬂﬁuﬁﬁmié’fauﬂﬁumﬂTwuﬂ

I ST SOOI S - 43

422 NamsmaaﬂuTﬂiaﬂhaﬂszmmﬁansmué’auﬂﬁ’uﬁﬁmiE’J’auﬂﬁmmiwuﬂ
L ST OUN  AE Y 49
Uit s unagsiaeSoinONS 54
SLaqUron i e~ 54
52 a7UnanIagsSe .. S SNt oo 54
53 Goueupd,. .. el A NN 55
UVITUMNTY .. ff..cmnmrm U NN N o= N 56
UseWiouf /. e LN |\ e MG S\ 57

Y

VI



MIUYMNII

M15199 i
31 DN 28
' °y o 1
32 i Iuudaz IS 0 IO 29
v d =2 Y] 0
3.3 HOAWS NIRRT, 29
3.4 M RMSE voausiag Ias Tl oo 30
3.5 nnuminzasvoundaz s Tulam oo 30
3.61n3 Tulaufignidon s oui 1. oo 31
3.71ns T Tl 80 nn s meowus.oo 31
3.8 Tas Tulww i ldnnmsnawiug o 31

3.9 wanstoyan1swenyal AndhmiaiazminwmesEninsnensaion Tsunsudus

dhmne. L. T QBN eI~ G \\ 41

42 waﬂ151‘1J?Umﬁanmsmﬂaaﬂﬂﬂm'mﬂsxmmﬁﬂmnuﬁﬂuﬂﬁuﬁﬁms?J'ﬂunﬁmmiwuﬂ

Founazdidmaulwuedunn=2. . Loiin e e 45
43 waﬂ151‘1J'§ﬂmﬁom1smamTﬂsaﬂhﬂﬂszmmﬁUmmué’fauﬂﬁ’uﬁﬁﬂ1st’fﬁ)un5mm1wuﬂ
FOUUDLTIF VI THUABUNG = 3. 46

4.4 wamssﬂ?amﬁaumsmamTﬂsﬂhuﬂszmmﬁummm’iﬂuﬂﬁuﬁﬁmsé’fauﬂﬁmmiﬂuﬂ

FOUNAZI AT IURBUNA = 4. .. oo 48
4.5 waﬂmﬂ?ﬂmﬁﬂ‘umimaaﬂﬂsw’wTﬂiaﬂhﬂﬂs:mmﬁummue’;’auﬂﬁuﬁﬁmsé’euné’u
nn Tnumewinauasl Swoulnuasuna =2, o 50
4.6 waﬂmﬂ?amﬁEmmsﬂﬂamTﬂsﬁhﬂiﬂi«huﬂszﬁmxﬁammué’f@uﬂﬁuﬁﬁﬂ1st’faunﬁu
nn Inuaenanazd i nuasuwa =3 ... 51
4.7 waﬂ151.11‘5’UmﬁtmmswﬂamTﬂidﬂhﬂiﬂiﬁiwﬂi:mmﬁﬂnuuué'aunﬁuﬁﬁmsé’fauﬂﬁu
00 Tnumewinauaed 1 Inuasunw =4 53

VII



317 i

a o 1
2.1 MAUANSWINTHUTIANAN oo 6
22 namuansriwnnTduvesnandaniifasiyiandd .. 9

= v a g ' &

2.3 UDAVIWINBADUYDIN NATIWNAUAWMINTIN oo 9
24 AFUARAITYINTEIND oo 10

= k4 =) dyo . .
2.5 MILTOUFUVVUNITFU (Supervised LOBEDINGE) .. ivoiiiiitismihirinsiibensinitoimsiiis bt A 12

= Y s dyo = .
2.6 M3 ouGuUY 1SN 311 Unsupervised Learning oo 13
2.7 Tnsssolsgamifonunuins e (feedforward network) ... 13

v v

2.8 Tnssiolseamiflonuuufoundy (Recurrent network) nimsdedoyandunindu

o do a

oAl A G0, TSSO — N\~~~ 14
' i) [ d'q ¥ o) cu :;‘ '
2.9 Tnssotseamifoumninfoundy (Recarrent network) nimsasdoyanduvinduaou
v Y
(hidden layer) Tafisfu Suvm (MpehlagerVl \& Pon Y ot vy B AN 14

2.10 3Uuuvv99TnT Tulsu963% Binary Encoding .. .o oot 20
2.11 Uuunvee1as T THUGIBTT Valte EReoding ..o oo oo 20
2.12 qUuunYee 195 10 1%8A 9675 Permutation BcOing ..o oo 20
2.13 msguvnlsennssuRusmioua IasTlant o 21

v
2.14 f0819U 0N FUIA N UL A 1 AMIMVAINZ AN = JIUINVDI bit 1 NIWUA

TulnsTuTan NN\ 2o NS d. o 21
2.15 AAT UV IINIEIIB 2 o o S e RN oo 22
2.16 msa’fmawﬁuﬁ: (& (RO ) Ny, SR R 22
2.17 msnanowu§iuTas T 11 uun Binary Encoding ..o 23
2.18 M3naeiugiu Ias TuTamgUuun Permutation Encoding ... 23
2.19 TOMAAAM ST MU ... 24
2.20 TOMIAANITAAWRUT .o 24
3.1 2001980 AN TN ITNAON .o 26
3.2 TSR NS NAAOL oo 28
33 105 T VA OIS NN e 29
= SR RTT T T T T A S I St o 33
3.5 veed M UdeNn 1959 00aE§an 03 AU TN oo 33

VIII



M3 (Ae)

17 wih

3.6 ﬁﬁ’wawﬁnﬁm%’umsﬁaui’uummﬂwmwwnﬂﬂ‘?u ............................................................ 34
Y @ o [ = b4 a o asf

3.7 M RHAN AT UMTEOU UV WA SN0 PN v 34

3.8 wihveuansdoyaiivesuealawduuda. . 35

3.9 wiwouanasfeyadunauasmadnivinnistinaeuns e Tagldlasaoszam oy

v
'

mmE‘fauﬂﬁ’uﬁﬁmse’fauﬂﬁ’nmﬂIwuﬂcﬁaus'wﬁ'm‘%’ﬂuiunuumwsawwnﬂ%‘u ............ 36
3.10 wihveudnsdeyadunauazradwiannsTinaew lns e Tagldlasalszammiien

Lmué’euﬂﬁuﬁﬁmsﬁauﬂﬁufamTwuﬂcﬁaus'wh”m?aui’uuummuﬁﬂﬁaﬂa?ﬁn ........... 37
3.11 wﬁ’mmmmﬂ15ﬁuﬁﬂmﬁymﬁ'nﬁ?\ﬁqﬂﬁm‘s”UﬂﬁﬂﬂaauTﬂNm'w ............................... 37
3.12 mihveuaasmssuidwsumsnaaeuTas Wi o 38
3.13 w171%mmmwaﬁ’w'r?fummimﬁauiﬂsq‘dwaﬁawmﬂmﬁaga ........................................ 39
3.14 wihveumaawadWE lugUuuaNeAT WLl 39
3.15 namludasnsnlFsudevsniswonseinn Tsunsuduaudmene . 40
3.16 s mluaasmn syt snonsaiomn Isunsudusdimne Eron)...... 40

4.1 ﬂﬁmmmﬂm'ﬂ?ﬂmﬁuuwanﬁﬂﬂﬁauTﬂsw'wﬂszmmﬁauuwe’fauﬂﬁuﬁﬁﬂ15
e’fauﬂfi"“umﬂiwuﬂcﬁauuazﬁ?‘imauiﬁuﬂﬁuwm 2 BT B GRS RN 44
42 ﬂsMuﬁmn151‘1J'§'ﬂmﬁenman1snﬂﬁan1ﬂNiiwﬂizﬁmﬁauuum’fauﬂﬁuﬁﬁmi
9 [ 1 oo a
ﬂauﬂa"umnTwu%auuaxnmu'auiﬁuﬂﬂuvgm T/ BRIV 4 AR = 44
43 ﬂﬂmmmﬂ15nJ%’UmﬁﬂuwamsﬂﬂaauTﬂsaﬂhaﬂszmmﬁummué’fauﬂﬁ’uﬁﬁms

9 [ 1 A o a
ﬂeuﬂa'umﬂIwuﬂmauuazmmauiwuﬂauvm % A 45

4.6 ﬂﬂwuﬁmminﬁ'amﬁﬂ‘uwaﬂﬁﬂﬂﬁa‘uiﬂsaﬂhﬂﬂszmmﬁﬂuuuusﬁ'ﬂuﬂﬁ’uﬁﬁmi
é’fauﬂﬁ'umnTwuwﬁauuazﬁﬁmauTwuﬂﬁuvgm i T TS S F R S . . 47
4.7 ﬂsMuﬁmmsnﬂ‘%‘amﬁﬂuwamsﬂﬂaauTﬂsaﬂiwﬂizmmﬁammué’fﬂuﬂﬁ‘uﬁﬁms

e’fauﬂﬁ"umﬂiwummﬁvgﬁuazﬁﬁwuauiwuﬂﬁuvgm B e L A 49

IX



M3Uw31 (Ae)

71l i
4.8 ﬂﬂWuﬁmﬂ1an‘§ﬂmﬁﬂ‘uwaﬂﬁmaa‘uTﬂidﬂu'wiﬂsaﬂhﬂﬂizmmﬁﬂmmnt’feuﬂ U

mié’fauﬂﬁ'lmﬂTwummﬁwmmzﬁﬁmauiwuﬂﬁuwm I S A s 49
4.9 ﬂiMuamﬂ1511J‘§ﬂmﬁﬂuwaﬂ1sﬂﬂaauTﬂsqahﬂﬂszmmﬁammue’fauﬂﬁuﬁﬁn15

é’fauﬂﬁumﬂiwummﬁmmm:ﬁﬁwmuiﬁuﬂﬁuwm T SOV T s 1) 50

4.11 ﬂsMgmmﬂﬁuﬁi‘ﬂmﬁauwaﬂﬁﬂﬂﬁauTﬂs:ﬁimeq*u'sz:mmﬁﬂmmué’euﬂﬁuﬁﬁ
msa’fauﬂﬁumﬂiwummﬁwmm:ﬁﬁmauiwum‘?uwﬂ . N, S 52
4.12 ﬂsMuﬁﬂaﬂﬁnﬁi’ﬂmﬁauwamsmaﬂuiﬂsaﬂhaiﬂseﬂiwﬂs:mmﬁammué’fauﬂﬁuﬁﬁ

Msdoundy 910 Inupowiwanaz s Tvaduna =4 52



L1 anmilsnuazanuddgvestum

™) a e a a & a o
ludwiulszmalng18TuSimseneunisgsiafatuumning nateq v3m

a a0

' L) 4 3| o < { @ a {
AN mnITui i on iudiimagsne uaziluinswiuddigsnoniensansd

0o < ] 2 o aa
Ussaunnud il annmitsnuzdesiinisnawueunag ¥alae lURe 1dnuimeada

Y _ o a A 4

) .
mﬂsxqﬂm"lﬁ’mnumﬂwsamﬂnmamumuaziuﬂ15:1Nuwutw'”awe11ﬂsnﬁw;ﬂwsnf“lu

Q

q

] v a % 2 g = aas o
owanz1¥msAnsgieynsunmduusaisunisaddiannsauasszauniseily
2 4 o :
ofn lwensalimgmsal luewina iNoaza AN s alAmAeanIlu 10 136 20 Tdhanvh
o gy = £ to o Y ¥ a [~ '
AUUMTNYoYaMIweInsungnassuaziniudvgmivayulinisdaduludulusdis
mmzaw Tagnmzesnsimsdadulugegsisfiinadonsnaumun s uiuauvesessng
1 " -] ¥ a 9 a a ° ' a 9 A [~
ane lidnzdlunsdaduladunis@u nswan n1ssmieaug vionsaenu Ay

{ [ v a { < o W ' '
fymiidosldsunisdadulanfnassias dedredrasu nmswinsalvenviodeiiy

yasuduvomnTmnadlumsduiugsie hitwaiunssuduguiugsiolminions

q

De

yusounisvwling Tunisduiiugsiseztilmuogaganoiilsqeqa dunuileviiga ns
v a 1 a a 1 ' I~ 4 o @ a a a <
anduleiznasdudm lnstainaediuiseed iy Swdammininullfud ez duanie
' a o [ a i § 4 aQ &
viglinua vidnadessumszauminde o1v9zfesnenanulufigaime 1 audmue aq
[ ' 9 Y] P a :/‘ a 9 ' = '
denmemaelilunds ifiesnnluniswamiviaadumuTuds n13v1vaasndeuingy
o v Y Y = b a ' o v Y a =3
msvianuisiue Tuneassiudwdwaaudoonu il lineruanudesnsvesdus Inaf
o Yy a a @ 5’4: 1=t 1 a o o = 9 d' Qs 9/ a o d'
owhligusInananmdnyali hiddensimuasiu lmduifinaunudu ldnnusimay
o a o a = o I~
wnu A lduT s udegad ) @olomeatunsadieso1dde nsnensalooausaziiv
td
1 =1 o’ a a o
nmsvsamilymludiut mazdmmanswonsaiiinnugadoann msndadudludou
aeandesivoavisiinensaiion3ie i ldnsduiugsns liviaguuas 188115
y o o ' o w o a
mansal 1§ wenvndimswonsalvoavioiuiiudiudszneuddlunis naumunisduiy

'
[ o/ 13 a

a = = a a
s mzlSevaiowthmnednithwnenisfiviinesdesduiugsinIiussqdhmne

EQ oA

Meaav1eNMauEu 13d7e



v LY 3 =
1.2 ﬂ’nuig\icﬂu12]!!'513'39]@1'53@1\3?\1!SQﬂ'ﬁ'ﬂﬂH‘]

v :
S @ A

Tﬂswmnﬁuummuwaﬁﬂyma:ﬁuﬁua?‘ﬁwmﬂsnfmgﬂsmamtﬁaﬁﬁaﬂ“lun15
% v a Y 1 é a, & y w a '

auvayunsdadulyldediumzay 39380 1snilai 1850 uitonie Tnssreszam

11163 (Neural Network) LﬁmiJméhs:uuiﬂsaﬂiwmmsﬂﬁaui’"léhmmm’fauvaéfmtha oy

o

udlaymiidoyaswauuin 14 °1uTﬂiwmf:%zﬂdnﬁqgﬂuuuTﬂiaﬂhaﬂszmmﬁﬂmmn
f0UndY (Recurrent Neural Network) swdsnannsluSouduas T vmadnglao143501s
FOUHUVLDANTOWNUNFY (Back-propagation) HAZIINWWUGAIAAT (Genetic Algorithm)
Lﬁmﬁummmjuéﬂumswmﬂm‘fﬂ’fay,a uonvniifnsioudvunait l0nnsnense

duaueluguvuvesns wl e ldezainlunisiassing

=
1.3 va U vaNI3ANY

Ay Tns i8S muevotuaunsRny Fail

1. Aunmsiennllsunsuiter s lunisweinssilae sz unTns wodssamiion
fifiguinlas ehelse o udoundy (Recurrent Neural Network) 39uf1UN1530U3
HULLUANT DWW UNFY (Back-propagation) 182 3T NIIWUEMAAT (Genetic Algorithm) 114
Tuniswensalsoavissiafouvessanszus lulssmealng

2. fumswensaliiuuoynIUIAI (Time Series forecasting)

< =
1.4 YHADUMIANEN

e limsanpiiy U iaguszasiiasvouuaiisnma Se188 muatuaonuly
ARCERRTIRSR 2}

1. finyunadanisweinsel

2. Anvmquiiineadestueunsunm

3. Anvmdnnis Tasanlszanmiion

4. AnpmdnnisGouuuuuuansonnundu

5. AnwmdnnisEouiunnITmaiugmans
Wannszuuuazwsudoyaluniswernsel

NAFOUMS 1HUTZUY

- =

= b
ﬁsqﬂwamiﬁﬂmuawamuauuz



1.5 Yszlominma ez 145y

@ A

v [}
TumsfininTassaniianssuuil mafimadiee1450de
L e landnmisuazimaiinlassirodssamidoniifyduoylassviedszam
Moy ufoundu

2. wiadhlandnnsuazimaiiansSouduuuuuansownun s

4 g o a = Y ad o J
3. et landnmsuazmatianisSouiuuuIsmaiugmans
4. Lﬁaﬂixqﬂﬁﬁl%ﬁmwwﬂs:mmﬁan“luﬂﬁwmﬂmﬁ’fagamgﬂsmam

lﬂ‘ -7 d‘ 1 % = = = =
5. wenaszuunwIslumsaaau lanuuilszaninm



=).

Unn 2

adaa g
NEEHNINBIVD
“luﬁ’ﬁaf;n:ﬂdnﬁmqyﬁmmﬁLﬁmﬂ’fﬂﬂumsﬁﬂmuazﬁmmsz‘uu Fuilomoz
NA1IDUNATIANIINGINT AT (Forecasting technique) NOBROUNIIAT (Time Series) TEV
1a599 10152 mMifion (Neural Network) MANMITSOUHDULUANTONNUNTY  (Back-
propagation) HAZHANNITIFUUFHUVITNIINUFMAAT (Genetic Algorithm) Fe$uiludmy

a d @
NITUATIEHUASWAUITES VY

a J
2.1 MAUANINYINTD (Forecasting technique)

¢ . a ?2 A-q-d Ld. o & '
N1IWYINIA (Forecasting) ABNITAIAMIIHDIFS IadIrHaNdznavu lusanal 1y

S o w

o 1 fd' 9‘3 9/ r's 4' ' @ a [ o [
owAn oA mensaii Idiun sz Tomiosslumsdadule Yeseidifydmsy
- dy
MsweInsal Neaae lil
¥ d
2.1.1 szoznaMislun 1 snensal (Forecasting time horizons)
Mswnnsalngfinas sumniszinndion 1R annszeznaiinsounguly
p ' 2 A
DUINAF TN LI 52N 1&e et
i < ¢
1. DISNYINIISLeZdY (Short-range forecast) (DUNITWeINT DI 1Y
AN 3 e T ldd 15 UnT 1N de (Planning purchasing) N13§AA1319A13
M1197% (Job scheduling) N15219UAUTEAUVDIA1G45 9971 (Workforce levels) N13UOUNY
91U (Job assignments) HAZTZAUNITHAR (Production levels)
i 4
2. mawennsaazazdiunad (Medium-range forecast) N13WYINT Y
@ Q) ] 3 1 A =< = ) o 4
seozihunanainidusasnaidaue 3@euds 3 3 e=fisz Tead lud1unis1aumuns e
(Sales planning) NS INURUNITHAALAZNIT NN UIDYT 2 (Production planning and
a a d
budgeting) NI UA UV TEEuan (Cash budgeting) LLAZNITUATIZULNUNT
Ugiianisnvanvate
3. MSNEINIAISLBZH1 (Long—range forecast) 1aovia 119z lszozinan
:;I 1 =1 ‘3 o I a ' o ]
Aaua 3 Yyul) msnwenselszozen 1 lunsnamudmsunanduai it (New products)
9 _ = 9 d‘ Y o d‘ q’/‘ oy
M3 19918TuN15099 U (Capital expenditures) 13 1¥AIMAZAINABINVRNANAT (Facility
v Y
location) 30NV N AN (Location expansion) LaZITUIVULALWAU (Research and

development)



2.1.2 Yefriludeniudeyamionisnennsal

1 mmmumsmwaga amaa“luaﬂymumﬂmauasmﬂ s1vlasua

Yy v

ieudoun 1 sial¥uegiunimiminganlunisirl1§dss Tomd
2. anwaziRuavesteya AonistoyanziBoauilsiunisweinsal
a o a a
UBAVIBYDININT VTN INTDBOAV T INVRINNUTZINNVBIFUM HTonensalauduiuge
v
@ Y o < @ [ v A
M1 uenNtiunITSuunainseavieiiused :19mm w305 10danTa sadeyansazidun
2 1 S 9y a J [ u’: o = P 4
anuilsAlia 14ouaznauinuiu daiugldihdesssyiisazBuaiidosnsitoaunse
Nuwumsnudoya’ld
Y o < y ' 2 e o %
3. wihwlumsia manusivswdoya 1wy msifusenvierivihndy
I 9 3 o v A a ' ~ A g a S 9 o
nsnudeyaeaneihinauduiithiTinamheinensedudum msdudeyadi
Ruum ewilkansznuanssiusmvisin/asuidas ufiuatmissivie i 3oy udd
udoyannszyumaiyFeziudoyaiiudaty duiulunisnese zuugudoyanis

ﬂmmaﬂumuumemmmuwauam‘lﬂmwamiwmﬂimﬂlﬁmm”au

s ] t'd

4. szAuaIMIBing ke N3 AnMmivdvosteyaiinanonauaz

' 91 I~ 3 [ <t = = a o o Y Y a
aldnelunsmussusudoya it Tunsain hiidoyandegil Suiludeamndoyailgugi
- '

14
19 1IufIBtNEyTENsRIndled R iinadon uniudigndesvestoya saui

Y

' Y ~ 2 g a’: [ 3 W a =1 o= 9 = Ay
algnelumsiies Idndadoyariug duiudesdadulaihiiamsuiunndooiioslafiges

IddoyaiTanumingrq uagdanmiuinansdnadenudoslunsdadulowie

3 ¢
2.1.3 msdameyanl Fluniswenn ol

@ L
lumsiandoyalszidunddny

[ [3

d?f Qg 2 A oot
fyANDIR LD BINAINIYeITOYA 115D
£
$wun 'l 2 Uszinn dail
V.4 a =
1. uvaaveyalgu)il (Primary data)

9 °

Wudeyafide hitglafus s iduszuy §1dvzdosduiums

«

a

swswdeyaes Taovi lnssusudeyaldSiinisise o1 limaiinisomenanimiite
Wnssusndeyailguni iy 14imaiin Focus group interview ifunisasunuite 1914
Hoyaninnguieslullszifudmouniedoyaiidoants wenInmsinsinIdeyalyugi
Tagldimatiams3duFananiw o9 14maidnFaTina 15y 01591 Survey research Tagsin
M3d1599 Tasezlduvvaevamidunioadiolumsiiudoya daunsitudeyaern1¥3ins

@ 1 @ 1 ad g
dunwaladrudmsedawuuaovnin lune lsvals Huduy



2. uviasleyanAugil (Secondary data)
Yoyandoniildluniswornsal Wuundsdoyaitldninianisluuas
Mouenesfng doyarinuvasnelussdnsg 1dus foyaveavie i'ls Audrnande ifludy
ualun1swernseiaziaumy uenvindoyanmeluudrfoyaaniizuradounouendiy
wsgne maiiies danw malulad guis Wudeduiuideamnuuite 13l unsnernsauas
TN uwdﬁayanﬁagﬁﬁﬁainnmhmmmﬂ%'g 1w nsznsndsd udeyaifeady

' a g @ 1 9 a a o [~ v Y
msdwvenduilifulszmaing foyawnisiuvesuiin fudu deyarnnnszniag

RAEMNI TN Y S uauTsenn deyadieduaamunssudis 4 Hudu uonNdoyanin

U
d 1

mirgnumasgudidadidoyannesdnsea 7 13 sasuvadszmalne anniuiseas o

=] d = 1 [ o
30909 IN luviTawasils

2.1.4 Uszamvesmaiinluniswensal
matnnseIsnd iRy lunswensaitieg 2 madinlviaj fie

a d a a o
L. IMAUANITNEINT LT (Quantitative forecasting methods)

a d a g | ¢
2. MAUAMTNOINTUIFINMUN N (Qualitative forecasting methods)

a {n’/’ sSa 1 ' a ag & E

MAUANTNINTAUNG 2 Yszinnaziidsoesq lunmazlsenmdnyansds Faaagled

=] a o1 o P~
L‘Hut'ﬂﬂuﬂﬂ’liWﬂ’]ﬂimﬂ’Nq ﬂ\??"lh’l 21

{ wiallansneiniad J

( wadAmaIuAw ' ’ wAlAERTUN N J

Time Series Causal or Subjective Exploratory Normative
Explanatory assessment methods methods
methods methods

d' a o '
3UN 2.1 matiamswonsalszinndiag



AWnsnensaluaaausaesuenedavl1dsase e

1. mswmmnﬁﬁaﬂ?mm (Quantitative forecasting methods)

MInensalFelTiw Aumswornsalda s lumanndamand 1 GERNEL
AN c‘ﬁw:fuagﬁﬁu%’agaiuaﬁmw?mﬂu?‘%nﬁmaﬂtﬁﬁmaﬂ{ TaonsTinsizidaualuy
aﬁmﬁaﬁ%mu1;‘1Jsmuc§a°l%lﬁaﬂmmmmqmmﬁuamﬂm °1un5ﬁﬁyzi'ﬂumsﬂszqﬂﬁ“l%'°lu
A0UMTAINIT NI ENOUEIY N5 MIAMALAZAITIIY MINEINT TS 008]
mah W lumed§idedsuwsnae luuuition14unie A50UNITUIAT (Time-series)

v o
uaz Tupanuduiutvesdoya (Causal model)

am d a a ik o ! T
NI alFTe funswensaifams pinn 14 1dden lviia y

3152n15A0

v o w A =

1. foyavenvisluedaunsdoyadidyduy mngadosdesfogiivanaiag 14y

Q

¢
ﬂ"liWEﬂﬂimElﬂﬂ"U”lﬂﬂlUBUWﬂﬁ (Data availability)

1

Y
2. voyamarfionsavi Ided lugidmnuvsodasun 18 ©Quantifiable)

\

o o

3. unwensaigunseivuadeauud Idngdiuuniednvazveswenvielueia

wantiudaiioso 11/ 1ATuennn (Assumption of continuity)

d a a =1 ] :;l 1 a1 a & Y 1
gﬂuumaamswfnﬂmm'ﬂmmauagwmﬂgﬂtmumsmgﬂuuuwmmqﬂ a9 lAun

b4
aw

o W ' 1 { ] g @ a
msnoInsaied 1wt tsnensslodutiumamsioguuiivg wvsmdnnisneasadu
o @ g\l ) B v o g 4
g9 manonsal ludnyaizusnazldveavieluedaiiudasmuaiug i uas19)szaunsal
° G b ' o @ .é ' a IS
Tumsigsfvvesduimisusslumsimuadiauseatioluoning ¥ luudaz gsneezl
@ P ' [ 3 dyd? L (93 ) A a
anvaziuanddueenly Miflluegivdnpazvesdndmnionsnis Uszinnues
A Y Y Jiq Yas "o 7 A 3
RATINNTIN HIDANNANABUDIENOIN TN 15IBRuanA iy Ty swensal S5 swensal
a a [ ' [V~ A a Y @ ) ) @ a’;’ dy [ L}
Walsinaedisdeduilunionldvuegluilagiu natimstganudronas higeoinlums
L=l Y =) A a Yo "y 1 acy e d a a P 9
WomsunLINEiaNuamanaou luwai 1dsuegihe damdsnswensalFalSuaides

@ a aa 1 I3 " a 1 @ o
“l%’waﬂmsmaﬂtummﬂﬁ{uazﬁammmﬂumswmnsmﬂﬁagwmm‘%wuﬂu ABMININTOL

'
Sy

FalsunansiunlFlunsdnddeyaduimaumn §uuy Model) vos3imsnensel
Falsmammnsauia i 2 duuu fe duvuniswenseliuuoynsuan (Time-series
models) ua:ﬁmnmﬁwmﬂsdunmﬂumqnﬂuwa (Causal or explanatory models)
2. mﬂﬁﬂmswmnmiﬁmmmw (Qualitative forecasting methods)
ﬁJumiwmﬂm‘fﬁmﬁ’ammi ANumMTalszaunisel A wE Y 39mta

a o 2 d a a
Insuguvesdiminensal lasasadalunisidenldmswensaliFegunimeraiiaein



Y o L4

' =] 1o o a a '
ginsnensel i lddusausudeyald Tidnnalusuuisasing wie it

K

A A

o a a < a '
oo lunvusaeusalsina Pudu MIneNsaliFnanmazivainis
. q|
® ANuaNIT0lunTVIe (Sales Force Composite) (Huuuan1alunis
o a [~ ) a wa a Y ' Ay =t A
sEAuAIAAUIINIEAUURTANS Tasnsdsuiiunnudesnis undasiudl moniniiu

9 a gy a Y @ < 4 [ a wva 1
A0IN3 TABI WVIAUM wnnwAaiisziifnonmgendedeszdulfianis Idawswile

I o

1 S A A @ a gva = y v ' dy 9
pUIANT 1BINNIEAVURTANTTAd I Tuanudesnisvesudasiud azialdngs
o ' o ¥
WemsaliANWILUi N Y
a < @ a

® ANMUAAIMUUDIUNYTHUIST (Jury of Executive Opinion) ﬁ‘Jumsizﬂu

ANUARYDIRUTNTIEAUGS UnAariin1s 1 Huuvuiinean1eadid (Statisic Model) azn13
g g ] ° Y a o
wons eI Tumsinnud laas inszidym
5 3 o an L da A w '
® 35tAa ¥ (Delphi Method) iuBn3sniefdenld Tasindnie A1voq
r a g Y @ ' £ 10 Yaq
MININTUIZNININANUAAH U ST UYDIyAAaratea e Faez 11935 ssguuaas
a < 1 = ' 1 4 g a a

ANwAALY udseiins lduunaeumueddorios tarauudasslunsuaasniuie
A Y 9 v a = & 9 4
wefloariu liliAanuenBus teanndigerryaulanumiia

® 75396RaA (Market Research) 1Hu35Hs5 1m0 umaiing a5 inadugd

[~/ aw

Wdasz Toemiludmniswonsal vinalassadiasvoumavosame gy do3an15790

1 o as a U @ o
AmA ldNNANSdYaa Y N15E1T29013 TN 3TN M3eAdTengu uazn1sduniyal

@ 3 °o_o { aa 4 A d a a

navniu hinnudoyait limadeumeada ol geilauuismnianisnaia 333

aw b Aca ' 91 = 1 o  Jdd 9 v "o A 9
’J%UﬁlﬂWﬂlﬂu’J‘Bﬂ!ﬁﬂl’)ﬁ"lllﬁ%ﬂﬂ‘h’%'lﬂi;fﬂﬂﬁﬂ LL@]N’ﬁ'ﬁWﬁﬂﬂﬂU‘UN%ZQﬂﬁlﬂﬂlmumVIQ@]ﬂ’JU

2.2 NYUHRYNINIIAT (Time Series)

A Y a a Av o ' £ @ ' ' -
YNNI A IyavoIteyalFslTuRImA v LMl Fredravu Fasil
' b4
amandnnindiiolaiinsdovisluudazTu 10 18Uszn98 (GNP) 310 a33a 31050y
' = a o ' 2 I~ v
unazlvesuTanurania Wudu
v . . A ¥ g g
UDYADYNTUIAT (Time Series data) A0 YAVoITOYATAVIIVT WA WITOZIR T
1 ' ' 4 @ 1 a 4 1 4 @ [
N ) oo NABIHIAY 1 FoyaveavieFudiiifusiuswanidostuliifusreznamae
1 { ' 4 @ o I~
9 180U FoyaseIdszanmatiang 9 Mfususwseiesiu liduszeznamais 4 1 iy
' o { o A A ] Fln ¢
du dayaoynsunarevegludnyaziitludoyased s1lasina vieswdoud 1 Wil

é’ Y] o 4
vuognunNurzanlunsuin 1y 1ddse Toan]

v



2.2.1 aamlsznevvesmsulsiuveseynsana 4 da dail
1. Ay (Secular trend) unuge T Aumsnldounasdoyad
anpars oy malfvenddnvuziuduasmiodulfslumaiyiunteanas
A liuvestoyailunisindon lnaluseszoznafidoudaumeauns avsidy

v =) T & a
Voyas 1l unzaasiideyandietion 15 Y Farzuansiirmeveseunsunm

- A TWin(T)

™

HE e el Tei(Y)

@ J

$ \J = =~ a A
30 2.2 nsmluaassuun Wy veswandandsasiaiiani

2. n1511lﬁﬂumlam%mmuﬂiﬁumqumn (Seasonal Variation) LNy
Y 3 = v o o ) . o a @
A9 s ilumsnfasundasdoyaildnyarmsimuiiuvioanadludnyuzdorfuvessey

£ A ' = ' P T ° [,
IBBTIMMUIIINAN 15007 Manfdsuutlasmungma wihevesszeznadmiudeya
< ) ) ) o @ ~ =) Y
o1duseda e s1ein sedidad siden saglasina dmsudoyasied hifinsudsi
4 %o a & 24 '

muggma manfasuulagmnuggmaiuimuaszoznansdadiluseuniie 1daoudia

U

SO.000

£2.500

15,000

F 500

2029 2530 2601 25632

! a ) 4
31 2.3 voAv T wRBUYDIT AT INAUA LIS



10

< ' o £
NnNIM aziituIwenIsveges iAo uFunauveannil e
a Jd 1 [ ' !
Wumanaaiadua uazdimi sznausaiingfusieldaosmn daulusiudon
' ' ] Y
wauMANveInnil veavisvzdiniilu@eudug Mdusuimszduraudaninteu
Uszsaudouasouiulidmsvaldelunsinumesyasnan
. ¢ n15nlﬁﬂmnlnm‘%’emmﬁuuﬂsmﬁg%’ns (Cyclical Variation) (1N
=< a v @ & { 4 @ :’ @
f0 ¢, iunsnffeunamuiging dainswisuauntou v ludnyayd 9 ey
= 9 2 o a 1 v a a = [
wianyuzamensiunsfdoulasmuggnia wdiuiassiinsn/asunlasaiudy
@ ' 9 = A vy P o = v @
wnsuAnzIevzldszeznmiuiundi fie daud s Tuly deyaitimsndounlasnuigins
lumagsiiv Sond "Iginsgsia” (Business Cyclical) T lihlsznoudae szezinsayaies

(prosperity) szocanog (recession) TEUZANA (depression) AL IZHZVYIUA (recovery)

p 4
T TxUTRIT o

Sz YN fin—)

uua T s =v=012

\ IxUNTE

31 2.4 ns iR Igina ine

a 1 1 dy a 1 ' y o3| v w '
10NN MsIAATEIZAI < iMaH INaedwaeiouiuiging uazusaz
souveiginsliszezna lumivon
1 o g da a
4. manlasumlasniennudumlsiiiesninmanissiialn@ (Irregular
. 3 Y 3 = ) A a & lll '
Variation) unua1e I 1lunisiddsuniasvesdoyasynsunariinaninmanisaiie
mnsomanisal Iddaan iy msida I ndlulsau msiRagnads mafanganuves
1T a £ ' 4” a i a 5 v a [ a U |
Aua urudy v udu sananissimailidudiideduTaoiudy linadaudowdu

{ { a 1 i My YA : o
nsdoun)asiiduagy (Random variation) 31z 1 1degnelditou lvisidmua

o ' ¥ &
MInesRsznenvetaynsuNAia 4 8619 A0 T, S, C waz 1 ludoyasynsuyanils 9
b4 ;’f dy [ a g

Tiswiudesnsvesdlszaoudredud 14 Witlvuegiuriiadoyavous

¥



11

2.2.2 gluveseynsuna
ﬂ [ o’: Y Y v Vv < 0
VINTIVONI 4 YNAU DY uNuToyaoynsuIMIgAnies 1518131508 1 ua
)
w1803 14 2 nuy il
L uUuS1a03WALIN (Additive model) foirdoyalunsazoynsuna
Y
UsznoudionauInvesesflsznouiis 4 g
YIZT(+SI+Ct+Il
2. wuyiIavIHag (Multiplicative model) fo1foyalundazaynsunm
4
Usznoudionaguvosesnilsznouiis 4 g
Y, =T *S,*C,*1
Taona 1) deyaoynsunan hmagsivzdanuduiuilugluuuiiaeawaga
y < a = [ &4 o a
ilesnnilunsiosannisiasunlaslugsandosas Fazimlinanisinsailndifos

3 a ' o
ﬂ'T]lanuﬂsqnqﬂﬂjqﬂjﬁi%llﬂﬁﬂ‘laaqwaulgﬂ

2.3 szuvlasaviedssamiien (Neural Network)

' a d o [

Insaiotlszamition (Neural network) fin lmpanisagiariaas dwsuiszuiana
MITUNAAIBAITAIUINUU LA DUUATU T e (connectionist) (WD $18047 15 R 19IUVD AT D
) DY @ L i A A A = v
nlszamludueaype agiagszasniiezasiuniesiloddinnmamgnlunsGoud,
399131111 (Pattern Recognition) #1821 1591/371uA10T (Knowledge deduction) 1511#67
nuAWaINT g Iuauosysd

Insaislszmmiiondszneudienguussdoyadunanazdoyaodnaiitinig
A v oo & A ' 5 = Y1 . & & ! A :
Wowsony e lumsiyoudeiueziing Iiaidiniminveadui¥oude (Connection Weight)

ww =~ 1 4 o dA :
uenNTdalimstn (Train) n13euinielulassvie e ldnadwiiigndoanniiga

2.3.1 Tnssviwlszamifiesnzin) soonily 3 # (Layer) laun
i %‘uﬁuwm (Input layer): TuFuirefinsaadefumouonitoringsy
Foyaidh nazaideyamaniunniumsdraimin (weight iodsde Tuiudeyalisus
%91 (Hidden layer) ﬁa;i“lu%yuﬁ’ﬂ"lﬂ

Vv Y

v Y Y v v
2. Fuaou (hidden layer): FuilvzSudoyadnnnndusunaniodugou

§ ' 3 1 Y o 1 U :’ @ 3 z F [ ' I~ 9
#ieg lusunouniiil uasihdoyauiunisarnimin (weight) Snasaidadade liifhudoya

Vv vy H 1 Q,ll %
TR UHU01ANA (Output layer) H30FUAY (Hidden layer) ioglududaly



12

: J n’: .::’ = a ' 4
3. WUIDIWHA (Output layer): TuFuilvzlinsfndoiuninsaluannaiie

uanIWaaNToanIN

232 3smstinlnsaveszamifion amudnsuznisGoudausoniald 2 Jszam

1. m33eufuuuiinis¥ii (Supervised Learning) WunsGouilavee
doulnssiedasnstloutdeyadunauasdoyaednaidoanmsusowewnaitne (Target
output) T Inssvo5ous Tagtiuerdnai dunnnnisSoudinsudousuerdwadhmne
udrdnnammnuRanaaiedr lhlsuadaninminveuduidousoliuasn i 145
anulndifssiuednathmnonniige vieduiivensu1dSmyanisaeuTassie Taud
i WsvuisudvauimdenfunsaouinFeulasiiagdaounssuuzii dod1ens

v
k4 o ' 3 p . <
[FouUFUUVINITF 15U back-propagation Algorithm , Teacher forcing (i1du

Training ) »;
Paratonet T 1 Adust Weight )
a ¥, ad
Toput | Neural ot Training
Data ~NH Network a5 - Output
'\
£ \\
Target
Output

: * 2 o > :
31 2.5 1135 o gLUVTINIH1I (Supervised Learning)

3 o <3| =
2. maseuuuplalin13¥1 (Unsupervised Learning) 1umsGouslay
9 - ) ' v oA = ' P = ° 4
floudoyadunadr lodndeioufissndiuden s¢ hifimssmuamidwadmug (Target
1 d ' @ y (< a u’/, {
output) Muiluedls maFeniludnvauzivzdunsuenilsuanveadoyadunaianuai 14

oy U @ Y WY A = 4 '
TumsiFouilasi lismsomanisaiaaanild neluesediseziiordwa Tnuaoguaie

Tviua Tasudaz Tvuaununguvesdeyoidnuauidmilousu iefloudoyadunmdhg

q
ool

v
T390 TAsesvisaziramannuduiuininelusavesdune Taserdonialeinmin

4 ] @ 1 a a dy [l o o a
vouduFouaeiudmonanuuandisvesduna Tae3smsi liawsaiinisszyeidnai

a a

' ' £ <3| o [
gndesldnTnualaduvesdoyangula Fsfldanudosduaudmuains uSosuiendunu

¥

1y Msia s auenueziugie Wugdainudnvazgiseveaiuldioddas lifilasaou

9 q
9

A2ee1amaGeuiuuy 1ifinsmi ey Self Organization map



13

Training

Panameter | ( Adjust Weight )

Input Neural Network
Data 7 Network A Output

N
v

' E4
g‘ljﬁ 2.6 NM550U iu‘lJ‘U Titinsdni Unsupervised Learning

2.3.3 EnUAULN IR DN TEH I (Layer) 114 2 dnvaizfo
1. Jassvelszamieunuuuns)danmih (feedforward network)
Usgnevdrodiunsn i)zﬁ‘lu%uﬁmgm (input layer) Fa9z lifmsvszananalan luduil daud
2 foduou (hidden layer) &3l dunn 11 F44 1u5§uﬁ%xﬁmsﬂs:mawaﬁnq AasuTasld
Yoyann Inuaneunshitdusan é?yuqﬂﬁ'wﬁa%mmﬁvm (Output layer) Tnolun1si¥on o
upazduiy nﬂqTwuw“lm%uﬁuﬁ]zﬂs:%wé{“iyty1m"lﬂé7ﬂ1qﬂ1wuﬂ“lu%uﬁ'ﬂ"lﬂ Tunanig
Lﬁmﬁu%u?)uvgm (Input layer) 801115969 %uﬁa%mmﬁvm (Output layer) Tae l3iin1s

Y @ v A Y 1 £ g o 81 e A "o
Uﬂuﬂaumawﬂﬁga Hiﬂu“llﬂiﬁuﬂﬁlu‘l‘ulﬂﬂ')ﬂl‘lﬂvh.lllﬂ']il‘ﬁﬂ“ﬂﬂﬂu

——

Input

e

Qutput

Input layer hidden layer ~ Output layer

UM 2.7 Tassvedszamifoununims 1dhamt (feedforward network)

Qe

@ ' ' =< o
auIassedseamiouuuuuns 149antdin (feedforward network) 39muIE iy

=1

a lg ) [ o w w 3 o3 Y

msannideyai idusudoyalusdea iy n1seasidiadnys aoruauaz gl Wudu
' v -~

2. Tasavedszamiennuudoundu (Recurrent Neural Network #30

Feedback Network) ansnie Insaadialaeialivzadondadulnseviolszaimiounuy

v Y
uns lddamihde deyavzgnilowdrlnssnlszannifonidusuna uazizdariugenn



14

aﬂcvuwm"lﬂaaﬂwwuwuﬂsvmnwmmmwm ummaumvums"lwaaaunau"lﬂsﬂumaua :
“lu%u@uwm“lwmﬂwmﬂq n3s wndee lddmeufivensyld Insaeaszngan1siGoud
TﬂsmmmmIﬂswwﬂswammammuaauﬂaummsﬁwauaﬂmmn
mutmmwm"lﬂw%uauwm Tﬂamuauwms £NOUAIL THUA 2 ﬂqumzmmaﬂuﬂaiwuﬂauwmw
JUNIINNYUDN (External input neurons) meTwuﬂﬁuwmﬁﬁ"ummﬂma“luTﬂsw'w (Internal
input neurons) wsammmw Context Unit cm”lmﬂumﬂmanmamwmmiwumamwmnau
Wi uaaueuamaamauwmmummﬂmﬂuaﬂuawauamﬂ Context Unit vzgniloullg

Tnuageudnae

Context Unit

Input layer hidden layer = Output layer

! ' = Y S P | (9 o’:
31 2.8 Tnseviolseennifennyufioundy (Recurrent network) nUMITIvoYAnUINFU

J = c’/’ a
1R 1 NsuBunn

' v i
Inssadvealnssisdszamiisnnyudeunduitinisdedoyanduanduzeu
v
o a oA g o ' ' 9 ¥ @
TduBuRa Context Unit ¢ 1 Thunifudoyaeinave Tnuadeunoumnh uazdayana

H 1 ' =) :I’
VINBUNATITUININAENBNIAZTD3091n Context Unit szgnilonlilg Tvuadoudnnss

input

Qutput

el g

Context Unit

Input layer  hidden layer  Output layer

gﬂﬁ 2.9 Inseinodszamifionnuudoundy (Recurrent network) Hilnisdadioyandusin

a

FUROU (hidden layer) "lﬂﬁ‘i?uauwm (Input layer)



15

0'1 a E ' [ 9 @ | {
Tﬂﬂm"hlgsman“lﬂﬂiwwﬂﬁzmmﬁﬂmmué’fauﬂaunn%gaﬁﬁmmtﬁm%’m

v 9 =} ] 4
vvayalueda 1wy mswninsaiveaviolueung msmansaidaud W luewinaves
Y

s Hudy

q

'
= o _ @

' o ) Q’:
asiAylumsadrelnssidszamifoufonsszys i TnualuTnsashon

3 a q’/’ o :;’ 1 4 ' ' o 4 1
Tnualududunn, Sueidnaua: lususou uennniidesgiwdaz Ivuavziinisidoude

uazlszuianaognels

2.3.4 Yodavesmisl¥amlassvielszamifies (Neural Network)

[ a 1 '

L Tasawlszmmifionsudeyaldimmedoyaduavitoglusga o-1

Y

Y A

v v '

L y o ¥ ' ' o @ 1 S < 9 1
v nsaldeyatiudhiiswinndiidestinisUsumanag 3o lunsaiidudoyaduinlily
Auavdesiinisuassines

v
2. msaimpuiiaesdiolnssnelszamifoniue: himusoeiune
vl ' v JANY e & - v ° ' P '
ddmadawii IdTumaen iy fetumsadamnsiaosdioins e wds s amiiowes i
[ 9 1 o3 o Ao A ] 1 o v 9
awsnivieslAmeduiiuiniinosiianie lisundng ldinmagouiudoyanason

novuule

2.4 ¥ianN 1S oUMUVIUANT DWW UNTY (Back-propagation)

' v ' »
nianaslaena 1y 9zlimsAnuanin19imin (weight) AnvegiiduiFoudenn
Y & 1 2 o =1 o 1 Y 1 a . 1 U q"
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ow.,
ij
130
p;(t,)=0 (2.14)
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3.2 VHABUMSAUHUIIY
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3.2.1 M3daunsendoya

£ pickup - Notepad

File Edit Format Yiew Help

18, 041
16,057
19,127
19, 396
20, 596
24, 835
22,455

26, 560
22,121
21,520
23,179
25,841
22, 531
27,412

3UN 3.1 srwndeyanldluniineasa

3.2.2 YuAoUN MO Hoa At u (Normalization)

Y ¥ a
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FNUDUA (sigmoid function)

gasildlunmsuosuenlaiude

new data = (data-newmin) / (newmax-newmin) (3.1)
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newmax = max +10%
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LAy da 1 o
min f19 sllﬂlJ“aVlUﬂ']ﬁ']Qﬂ

A Y Ao @ Y
newmax A9 YoyanuMIgIgaLazgnlTuud,

oA o v Y
newmin f1® ‘Ua%awuﬂ1ﬂ’]ﬁﬂ“azgﬂﬂiuuaj

9

e

v

A A o 3 o Y
newdata A9 ﬂuaya‘wmﬂﬁuaiuﬂa"lmwuum

gosildlunlasnduiio 1dnadniudade

data = newdata * (newmax-newmin) + newmin (3.2)
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Context
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Input Layer Hidden Layer Output Layer
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Wih!1

Wih12

popl Wihl3 | Wih21 Wih22 | Wih23 | Wholl Who2l Who3l Wchll Wchl2 | Wchi3
pop2 | Wihll | Wihl12 | Wih13 | Wih21 | Wih22 Wi]'_123 Wholl | Who2l | Who31 | Wchll | Wchi2 | Wchl3
pop3 | Wihll Wihl2 | Wihl3 Wih21 Wih22 | Wih23 | Wholl Who2l Who3l Wchill Wchl12 | Wchl3
pop4 | Wihll | Wihl2 | Wihl13 | Wih21 | Wih22 | Wih23 Wholl | Who2l | Who31 | Wchll | Wchi12 | Wchi3
311 3.3 Tas TuToui 14 unsvia

3190 3.2 andwiinluusaz 1as Tu Ty

Wihll Wih12 Wihl3 Wih21 Wih22 Wih23 Wholl Who21 Who31 Wchll Wchi2 Wchl3
popl | 0.03| 032 | 0.71| 0.74| 0.22| 0.64 | 048 | 083 | 096| 036| 05/ 0.16
pop2 | 0.17 | 0.11 | 049 | 0.52| 0.23| 0.64| 079 039| 096| 03| 0.09| 0.05
pop3 | 0.09 | 0.59 | 0.86 | 0.79] 081 031 0351 007| 064| 041| 064| 05
pop4 | 0.89 | 0.34 | 0971 04]095| 0121 012 ] 022! 028| 053] 061| 04

1Y) v dau a a . : .
3. mwaawﬁmmﬂizﬂnﬂmﬂmmﬂﬁmﬁvumﬂmaﬂ (Sigmoid Function)

Slx

1 H [ d o
nniaseveilslumsnaasses ldaunisnadwiag

e

l+e

1

T

1
yhl =\ 1+ e‘(xl“fm W1+ VoW 1)
1
yhl ~ 1 + e‘(-"iwy‘m2+x2‘"4wzz+)’o—lwdn2)
1
Yo

a 1+ e‘()’m“hol 2 Wha 1 PV nsVhes1)

a v = @ ]
M3 3.3 WadnEINMIHNTiA IAssae

Tas TuTau(yad) HAANT
1 0.445562
2 0.450079
3 0.475128
4 0.481608

v

#

(3.3)
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4. 171 Mean Square Error

30

RMSE

RMSE = (3.4)
A A o w Y a
e P Aodwuvesguuudeyaduny
e, (0 Aonar sz N WA Tnuadl k fusuownathine d, o
e()=d ()-y, (1) (keO) (3.5)
M3190 3.4 A1 RMSE voaudaz 1ns Ta Ty
T3 TuTasw(ygad) RMSE
1 20.25444
2 20.24992
3 20.22487
4 20.21839
5. WA (Fitness) 91nuens 1as Ty Ta
fitness = (3.6)

19190 3.5 AanuiE auveasag 1as Ty Tay

Tns TuTasu(yad) AN NUNUIZ AN
1 0.049372
2 0.049383
3 0.049444
4 0.04946

6. nudbyalns TuTsuiilmanumnemiiaige

7. quinslulouTaold Roulette Wheel
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eRInsduarowug

4 o 3 { o 1 4 w o 1 @ o
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dmiulas luleuignidonlusenii 14e TasTulwuii 1 uas 4

maaii 3.61n3 Tu Tauiigmiden Tuseudi 1

popl | 0.03 | 032 0.71 | 0.74 | 0.22 | 0.64 | 048 | 083 | 096 | 036| 05| 0.16

pop4 | 0.89 | 034 | 097 | 04| 095| 0.12| 0.12| 022 | 028 | 0.53 | 0.61 0.4
A 37783 Tu e I Idonnsdwmeiug
popl | 0.03| 032 071 | 04| 095 Q12| 0I2| 022 096| 036| 0.5 0.16
pop4 | 0.89 | 0.34 | 0.97 | 0.74 | 022 | 0.64 | 048 | 0.83 | 0.28 | 0.53 | 0.61 | 0.4

o @ L4 ¢ 1 ] ' o ]
MNITNANYNUY (Mutation) Tﬂvqnmimﬂﬁ’tmazmuﬁuwm
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[® Recurrent Neural Network for Time Series Forecasting

Recurrent Neural Network for Time Series Forecasting
Using

Back-propagation and Genetic Algorithm Learning Algorithm

33

Ui 3.4 nihvendn lumsiau

11031 3.4 natlw Siart o 1401 T1sunsu wienailu Exit tileoni@nns 19au

Select Model:

# Return From Hidden Node

Select Algorithm :
@ Back-propagation Algosithm

" Genetic Algorithm

% Recurrent Neural Network for Time Series Forecasting

Quipat

" Return From Output Node

Content l_

Lingte, £
Externat
input 3

nout Layer

»
* 28 B
»

Hidder Laver Outout Layer
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™ Recurrent Neural Network for Time Series Forecasting IE\ ‘..7“5' \'i;

Model : Return from Hidden Node

Algorithm : Back Propagation Algorithm

Train ’qul |

Heusull
Patamete
Input Node: = oy
Hidden Node
Output Node : e

Lrawrung k poch o
AcceptableError (%): [

L earning Rate (%) ]

™ Recurrent Neural Network for Time Serfes Forecasting

Model Return from Hidden Node ‘
Algorithm : GeneticAlgorithm ur 5 ‘ [ |
- i

Train [I:xl |

Hesult:

aramEte:

Inpul Nnde

Hidden Node - )
Uutput Node:

Population f T

Crossover Ratef%) [
Mutalion Hate | %) 1

Capact Rasuk

Generation

Lxpect Valua( ] th

|
]
1
|
|

d’ 9 @ o o =) y —; .“‘;_--» asR
31N 3.7 miwendndmsumsSouuuunumansanes iy
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11031 3.6-3.7 NAT)W Normalize Data ioulasdoyalieglugiuyyi
wiowldam

| Recurrent Neural Network for Time Series Forecasting

FileName : ! (For Train)
FileName : r (For Test) Lopd)
Nomalize data for Train: Nomalize data fos Test: i

InputData: 132 records NomalizeData: 132secords InputData: 43records Normalize Data: 431ecords
Value ! Value a Value -] ! Value

» 18041 > 0.256395187648141 > 34362 [»  0.575051 446556107
16057 0.217658957167569 - 27305 0.43726839%287597
19127 0.277598588001921 43322 0.7439989261629655
19396 0.282050627316071 32801 0.544573999006262
20596 0.306279798977707 36513 0.617048236759589
24835 0.389043347872436 38701 | 0.659767426422639
22455 0.342575490743525 31183 0.5129836659249
22622 0.345836050466436 32654 0.541703925557712
22134 0.336308187324037 35883 0.604747921637231
24147 0.375610622786431 37638 0.633013085192373
26560 0.422722782136038 39677 ! 0.678823152707436
22121 0.336054371297703 43410 | 0.751707400884842
21539 0.324691223041809 33338 i 0.555058553404844
2n79 0.356711090979378 34129 | 0.570502282391806
25841 0.408684803448774 41285 i 0.710218242734028
22531 0.344059338282096 31666 i 0.522413907556298
27412 —J 0.439357494015799 —:j 33520 _J | 0.558611977773526 :J

o It Lt B0 ] y ' S~ \ 2 e |

3N 3.8 nihvenansoyaituosuoa lawduda

[ ]

" ' v
N1 3.8 NAThy Browse iveiden Inddoyan 191unstinaeulnsade sniiuna
' ' v '
1] Load tWans 1aaroudoyaimdunlulysunsy W99 UNALN Normalize iovinsiag

Yoyalveglugdiannsaldlulysunsuld

3.4.2 mselnaeulassiie
° . ' ° s ! )
nisimuamulsagamsulassiedsza o
Py gl < o 9y o o [
1. Input Node 310093 m3u Tnualudusuwa Taodmualdiduavs gy

. 2 o : T ° 9 3 0 <
. Hidden Node 11180391194 Inua lusuaou Tastmualimduaviwiusy

(3]

= g ¢ ° v 0 <
. Output Node ¥318099 112U Inualuduewing Tassmualiiduavimwdy

W

@ = o [ ' = A
. Learning Rate H318098n51m13550u3 Taodmualiflunuszning o fis 100 e

N

i lasaedansou1dsnG,

msmruanulsmagdimsudane SnunuuLUANIO NN N T

o = ' ° Y o
1. Training Epoch ¥unedesmiuseui 4 lumsinaonIaseite Tassmualiiihy

o <
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2. Acceptable Error Mungfianinnunawaaiioensuld Tasdmualdifumy
FUIN0 D9 100

msmmuadnsmagdmsudanesnumuumumin

I. Population vixefed sz nsisudu e l9dmsvatielns Tulaeuluns
9w Tassmualdidumadwowdy

2. Crossover rate WiedednsIMsiansuannldsutoyaszniie 2 Taslylawy
TavAmua Iiiluauszndng o §s 100

3. Mutation rate Hmﬂﬁaé“m1°ﬁfuztf“w]ﬂmﬂﬁﬂuuﬂmﬁ’wﬂwmf’f"lm’fmgaund’au‘lu
winzlas oy Taosmua litluiavszndng o fe 100

4. Generation M¥0AIT MM UVBIs 2NN T 10 DT onoadn vz g )
daguia’ly Taofmualfifhueviwawdy

5. Except Value Muodsinlosiuguossanlns ulasiimiousuiiswondy'ld

Taosmua ldidluausziing o 59100

Lilhcn;mt NevralNetworic for Timé Satles Forecasting

Model - Return from Hidden Node .

Algorithm : Back Propagation Algorithm

i - i i
% i g
@ @ e
{
. —— . ot
Train “l‘e_gq |
Result: 130vecords
Parameter : g
| Forecastl Ylgei‘l Emr‘! 3 it o InputNode: 2
I» 198656939107 19127 g . e
! 21229.5813527871 19398 4974 5411 HiddenNode : 3
20751.4399B16685 20596 4909371 NN
| 2130271480914 24835 5152 50554 OutputNode: [
| 24063 6199609368 22455 4959 4222 o
23887. 2402545623 22622 2000

23881.1017349067 22134
23626.3802338917 24147

AcceplableEnoi (X]: [g5

SEo
4914.19196537291

270A5 I9RFRANY

4931 ARICAAMMS

24639 4935002841 26560 4980.91239433348 LeamingRate(x):  [75——
{ 26332.4020168566 22121 5255.18134037479
| +24631.3581499893 21539 5095. 60470512054
| 23556. 4789753008 23179 4911.68202624837 N
! 24085.615140957 25841 4969.0617334474
| 25734.4341908532 22531 5109. 25828308071

24611.5375915609 27412 5062.02115081533 Run | Save Pattem ]
} 26748.448704308 29825 5093.70086912512
| 28656.6815719207 25793 5069. 012462862 Clear ’
[ 27501.092036713 27502 4908.90001609356

Ui 3.9 nhveudasdoya

a v

DUNALACHAAND

namsAnasuIassve Taoldlasevielszam

fownppdounduifimsdoundunn Tnuageus wduE suduuunuansennund



ik for T Sories Forocasting,
Model : Return from Hidden Node

Algorithm : Genetic Algorithm o

Train IT-:! |

Result: 130records

H Forecast1 IZ

[» 20249 gspa12n922 idden

! 19883.69225179%9 § 1 ihous e

! 20106.7670642472 20596 4913573121 \JJ)  Process Complste ulput Node e

! 20921.0627580868 24835 5207.9910405604 [ i

| 23770 65747065749 22455 1942, 6956937364 Fopulation : o
23870.0641070601 22622 4939.312314671 II!
23721.1775450061 22134 4958.084; rossoverRate():  [75
23441 5148695495 24147 4918.61742992309
24373 4556225075 26560 5002, 2452623168 MutationRate (X} |7
2601214203633 22121 5204.51730338358
24550 5569622197 21539 5085.97524427768 ;

! 23305.7618800968 23179 4309.2137278203 Expectesuk:

| 23763.9470610225 25841 4993.1307794490 Generation |2000

i 25421. 317796918 22631 5072.00485260535

i 24515.3740084607 27412 5072. 71750042406 ExpectValus(Z]:  [g5 o

| 26274.846908333% 29825 5154 97633564374

i 28054.000215815 25793 5008.78200293479

! 27079.2706099346 27502 4912.38899682584 ' ’ ‘

i . R Patl

! 27200 AARATRE?  PRR13 4911 ATSRRRBARU s o N

S [ Clear

3

Wi 310 mihvouansdeyeduwaunsnadnivinnisfinaoulnsete 1nsl4Inseie

'ﬂszm‘mﬁﬂnuuut’l’auﬂﬁuﬁﬁﬂﬁé’faunﬁumﬂIwuﬂcﬁﬂui'auﬁ’m?au'ismnmumc?m

[ Qs
DaNDINY

e

Model :

Returnfrom Hidden Node

N
P4

MyRecent 7} p_riddenzsi
Documents -

‘! Save Paltem I

. | ¢ g N:rlﬂden:iﬂ
Train | Test | - %) BP_Hidden351 |
Desktop 7 gp_yddanasi |
Result:  130records () BP_Hiddend41 !
[%] 6P _tddends1
[} 8P_outputzal
Forecastl _§ MyDoouments BP_Output241
19865. 693329610 . [z 8P_output2st l
21229.581352787 " 1) 8P_output3zt |
|
) BP_Output3at |
My Computer X
” {7 BP_output3st |
My Network  File name: l ,'.J Save I I
Places
Save a3 type: it files (txt) =l Cancsl ..J
24631.3581493893 21539 5095.6047 0512064
23556 4789753008 23179 4911, 68202624837
l ‘24085 6151409557 25841 4969.06173944734
l 25734.434190352 22501 5109.258208303071
24611.5375915609 27412 5062.02115031533 Run
26748.448704308 29825 5093.70086912512 4
28656 6815719207 25793 5069, 01 2462862 ViewGraph | Clear
27501.0920985713 27502 4908 30001609356 - .
2705 AREFATRA 2RA1R 4971 ARIRAMMS hd]
2

o P 9,

| Qs ' °y = | o < '
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