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ABSTRACT

This study presents forecast of peak electrical load of the Electricity
Generating Authority of Thailand (EGAT) and the electrical energy of the Metropolitan
Electricity Authority (MEA). In addition, input data were clustered by K-means
algorithms before training by Artificial Neural Networks (ANNS) and Adaptive Neuro-
Fuzzy Inference System (ANFIS). In this study, the input data consists of historical
peak load statistics of Thailand (simple moving average), historical electricity statistics
of Bangkok (simple moving average), month codes, quarterly gross domestic product
(QGDP) and cluster number. The results of training and testing show that ANN model
with two hidden layers exhibits the most accurate performance for peak electrical
load of the Electricity Generating Authority of Thailand (EGAT). Meanwhile, ANN
model with four hidden layers provides the most accurate forecast on electrical
energy of the Metropolitan Electricity Authority (MEA). Furthermore, this study found
that input data which are clustered by K-means algorithms before training and testing
have better accuracy than the non-clustered data. Moreover, in the prediction of the
peak load of EGAT in 2015, 2016 and 2017, the ANFIS model shows more accurate
forecasting results than ANN model with two hidden layers. Meanwhile, in the
prediction of electrical energy of MEA in 2016, 2017 and 2018, the ANFIS model
exhibits better performance than ANN model with four hidden layers. The above
forecast models can be applied to improve electrical load management of both
organizations to be more efficient, including, maintenance and procurement of
electrical energy from private sector, forecasting monthly or quarterly profits,

determine the area of solar power purchase and investment in new substations, etc.
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(Artificial Neural Networks)
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A197199 3.1 lasstgussamiisunuusea[17]

JULUU annUnenssy BROLGITH msUseynd
anuzlaNIEUeIlITeu dwmiuiSeus Tdam
Perceptron Single - Node, Supervised,Error- Pattern
Feedforward/Binary- Correction Classification
Threshold
Adaline Single-Node, Supervised,Error- Regression
Feedforward/Linear Gradient Descent
Multilayer Multilayered Supervised, Function
Perceptron Feedforward / Gradient Descent Approximation,
Nonlinear Pattern
Sigmoid Classification,
Control
Systems etc.
Reinforcement Multilayered/Binary- Supervised reward- Robot Control
Learning Threshold punishment




A19199 3.1 lasstneUszamiisuLuunige (6e)

JULUY annenssy ganeaiy mMyUszena
anvalaNIzUdlTeu dwsuiseus Ty
Support Vector Multilayered kernel Supervised Classification,
Machines based/Binary-threshold Quadratic Regression
Optimization
Rdial Basis Function | Multilayered Distance Supervised Interpolation

Based/Linear

Gradient Descent

Regression,

Classification

Hopefield Network Single Layer,Feedback/ Outer product Optimization
Binary-threshold/Linear correlation
Boltzmann Machine | Two layered , feedback/ | Stochastic Gradient | Optimization
Binary threshold Descent
Bidirectional Two layered,feedback/ Outer product Associative
Associative Memory | Binary threshold correlation Memory
Adaptive Resonace Two layered/Binary, Unsupervised Clustering,
Theory faster-than-linear competitive Classification
Vector Quantization ' | Single layered,feedback/ | Supervised Quantization,
Faster than linear -Unsupervised Clustering
Competitive ,Classification
Mexican hat net Single layered,feedback/ | None Fixed weights | Activity
Linear Threshold Clustering
Kohonen Self Single Layer, Linear Unsupervised, Clustering,
Organizing Threshold Soft-Competitive Topological
Feature Map Mapping,
Classification
Pulsed Neuron Single/Multilayer, None Coincidence

Models

Pulsed/IF Neuron

detection,
Temporal

Processing
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3.1 lassdnguszamiisanuuiinasaay (Supervised Neural Networks)

Tassreuszamiisanduinuuiisoudgudeyadunmuaziensinn msSouiazidu
sUmsmsnennsailaziUisuiisudfineinsalldiuiem nsaziUSeuifisumianainusiaz
sevveslassaradudedsaduysalivesifuddiianain TnsaziSeuidoyaii nasuly
dnwaignennsal udazmsmageulszavamudonensaifedeyalmifliveFousinnon

[2]

3.1.1 lassvrgUszanmiiendaulddrantnuunanady (Multi-Layer Feed Forward
Neural Networks)

Taserngysyamiisutouludrsmihuuuransdu LBunsusuR1me weight way bias
Tuusiazdugou wagdssodunons auiatuewing Insanideilavedauwaznnaos Aus 2
Tugeu 3 Yugou 4 Tudeu udldidensuwuuniiusednsamangalunisunaue
3.1.1.1 TumanugIuvasiiaseu[18]

a

& ' A o =& a = ¢ ~ YY) ! ¥ Y]
FUN 3.1 1 UUgULUUIIE9) ADN NUIDUNY RUILDIMWY UNTTUTUAINIY 09UINUN
pg1ufelaelill lukea dugun 3.2 Snwaeadesun 3.1 wiiivunisusuAmeluuea U

t:l' < = v = = a = 3 = [ R ! H %
" 3.3 L‘UUE‘ULLUUVI%’]GUEJHGUUIG}EJSJMEWEJEJUWVI AUILDINNN WNTUTUAINY DWUINUN WAy

Tudod

It Meuron without bias

a = Fiwp)

5UN 3.1 lasseuszamiieunilsihseuniledunnuuulaifien bias (b)
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Inpot Meuran with bias
WY M 3
p " =ummation 4-®_-
b a = Fwn*p+h)
1

5U# 3.2 Insetneuszanniigamilsiliseuniladunmuuunilan bias (b)

Neuron with bias

\ n a
Summation —»@—»

I b a = F(w*p+b)

sU#t 3.3 lasedngussamieuviaiaseuluuiasduns

laed pf1@ Bunm (Input)

b

w9 A8 (Weight)

A 1

b @ Aluad (Bias)

=Y

F A9 Wanduanelau (Transfer Function)

Tugui 3.3 wanalasadngysyamiiien 1 wadilaseu d R duwn waniaawing g 1e1vium

n\JufmuUsay @ p, w uag bidusuusiy fauanenaannisi (3.1)

n=p).wl,1) +p2)w(l,2) + ... +pR).w(R) +b (3.1)

3.1.1.2 1aseds1vadlasetneussaniieu] 18]

[ '

wiagtuaziilnuaviseilseusseiuluiuing elassnedsvanieuniladusansly
JUT 3.4 dulassaiamivaeqtuseeiuteninlasangyssamiieniuunanedunauansly

Un 3.5

€aN
=b.



Inputs

1(1,1
p(1) tH

Inputs
1,1
o(1) w(1,1)
p(2)
p(R)
w(S,R)

Neuron Layer

Summation 4’('1(1) : )_>a(1)

o

1

Summation

Tow

1

n(2) a(2

n(s) ( >a(S)
Summation

i

JUT 3.4 Tpssretszamiiieunuuniedu

Hidden Layer 1

Hidden Layer

12

Output Layer

Summation

I b1(1)

1

p(2)

Summation

p(R)
w1(S1,R)

b1(2)

1

1
n1(1) /F\ at(1) w2(1,1)
\_J

n1(2) E, a1(2)

n1(s1) al(s1)
F1

Summation

I b2(1)

1

Summation

b2(2)

1

Summation

I b1(51)

1

w2(52,51

al=F1(wl*p+b1)

Summation

n

I b2(52)

n2(l)® a2(1) w3(1,1)
o/

n3(1) a3(1)
Summation 4’@—'

I b3(1)

1

n2(2) E a2(2)

O ion n3(2)<: > a3(2)
b3(2)

1

a2(52)
w3(53,52

2(52) E

n3(S3) a3(S3)
Summation 4>®—’

a2=F2(w2*al+b2)

I b3(s3)
a3=F3(w3*a2+b3)

a3=F3(W3*F2(W2*F1(w1*p+b1)+b2)+b3)

5UN 3.5 lasenguszamiiesiuunaiedu

Tugui 3.4 uanstiiseudniu s ffidevuuiulsznevtudulassieUszamiioy

wuu 1 9u Tugui 3.5 wanslasadngusvamiisnwuunanedu NUsenaumetuduny ui 1,

1%

2, 3 lnedunnladnluudasduiinnsi¥eulosnaey weigcht w) way bias (b)

al, a2, a3 ABLOING VBIWUN 1, YuW 2 UALTULDIING ANUEIRY FiF2F3 A

[
o

I3 o W

9

(transfer functions) Yeatuil 1, Fuil 2 uagtule1ving Aua16y

=

2 Heanduanelou
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A1 Error e(i) Woi=1,2,3,..,S3 AWM Ad Naf19vede1vinm a3()

voslaTengUsEa e LazAUimune (target) | t(i) Askanslugunisi (2.2)

e(i) =t(i)-a3@) ; i=123 .., 53 (3.2)

¢ o/ 1

3.1.1.3  lendugnglau (Transfer Function)[18]
flsfidudneloundeflaridunszdu (Activation Function) agldlunisduanensiny dlu
Tseufioglufuifiertualdiladdudelowdiuiiognanseiindedudewioluil

1) Wendumeleuluuaisaadin (Hard limit transfer function) @1u1saesuiela

feaunsh (3.3)

o, n<0
a(n)= 3.3
() /}, n>0 (3.3)

1 T T T T T T T T
I | | | | | | |

OB il — = 7 R =i — Y = W T T T ¢y
I | I | | | | |

TRTCE —e ¥ ¥ S W g —
I | | | | | | |

ptAL Y _dh, | Alboloeromll trodeomogdia, L Lgh PR LY
I | ] | | | | |
| | | | | | | |

e Vi TR 13 TP s TP eNT
1 | 1 | | | | |

L e L B e
I | I | | | | | |

fal ) L 2%y SN T | JIGr 0 () ]
I | [} | | | | | |
1 | I | | | | | |
. I | I | | | | | |
| | | | | | | | |

B — — - RN RN AT T T T R S
| | I | | | | | |

Ol —— === ===t~ —t ——t ——t — =~
1 | I | | | | | |
0 1 | 1 | | | 1 | |

S 4 W o)2 1 g (1 2 37 4 5

5U# 3.6 Wendudnelouwuuaningin [17]

2) Hantuanelaunuusdandy (linear transfer function) a@unsaasulslameaunis
7 (3.9)

a(n)=n (3.4)
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(o
~\|d ~—~
pid
= “
- SN~—
&)
C
0O
©
e C
C 2
(¥4
| .
G
T T T T T T T T T \ S
1 1 o I I I I I © —
I I I I I I I I I ~ +
il il mle thls Rl el st Rt el il B — i®
I I I I I I I I I = o)
1 1 | 1 | 1 1 | | = m
K- TS ToAas T %G O
I I I I I I I I I 4 A
I I | I I I I I I ® e~y AR A N W B W i
M~ " r= /"1~ -"r-7-1-"I~~-17°- 7% = mub 3
AN [ R I par 2 S+
[ | I | I | [ I I m — :1 R D R D A
D N N i A i B e 3 | |
I I I I I I I I I @ W \W I |
LN Lo B @ S T i ]
[ ey B T A B R = S I I I
[ N INT I & = I I I
L LN e uW S B T T T -
1 i [ i i i I [ oo '~ I I I I
1 1 | 1 | 1 1 | | b @ v | | | 1 |
IS R N N I IR NN N N G P = 3G 38} —+ + + + -4 —
I I I 1 I | I I : ~ =t I I I I I
I I I I I I I I I . o U= I I | I I I
Ll d____l_d.N_L_de © 2T A 4 o mlm —k— - —
l I I i I ] i I I S = I I I I I I I
1 1 I 1 I I I I I = ] I I | I | I I
I U L G e ! 4 T Ry
1 I I 1 I ] 1 I I I | I I I I I I I
I T [ T I W ym a I I I | | I I I I
- .n". _..._u Hr_h ] _ 1 ﬂ.,__ n._.v | i g (s ym t 1 | 1 1 b 1 | | :
- o 5 B\, ¢ = - @ @ ~ © o = =@ o = o
8 (=] =] Q (=] (=] (=] (=] =] =)
=
o
(/=]
@

2) Hand

3.8 Wanduaelaukuuasndnueem [17]

sUN

U
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3) WaAdunislouluyu wnudnuays (Tan-Sigmoid transfer function) @14158

asunelaeneannish (3.6)

a(n)= e (3.6)

I+e™

T T T T T T T T
| | | | | | | |
gL __ 0L __v__1__1__ /A _1__ 1 __1___]
08 | | | [ | | | |
. | | | | 1 | | | |
0fFr-—--——-t-——t——t-——t-ft-—4=——4-——1-——
| | 1 | | | | | |
17, | g o IR R Y 1 NN T (A AN N .. N, N
| | | | | | | | |
| | 1 | | | | | |
02—~ RSN /7757177 12 17~ RN
| | 1 | | | | | |
O — =yl By | G € T N
| | 1 | | | |
5 | | | | | | |
ey Tl BN EZARNAL d 7 O eyt Sl ity
| | I | | | |
DA ——+— -+ - e I i I
| | I | | | |
N -—— 1Y W & en ¥ == "Nl Y
| | | | | | |
| | ! | | | |
8= = S TW- TV "l Idoel & B
| | | | | | |
~ . L 1 | b ! I n
5 -4 -3 -2 -1 0 1 2 3 4 5

JUN 3.9 Maituelounuuwnudnuesn [17]

o/ as

3.1.1.4 danadnunneglunsiFens [18]

lunsinaeulassiiglszamiientiuazAasinsoudeyalinaau (Training Data,

Training Pattern) 13 uagfasandudunewisnisiseus e usunsiiwes 2 daiddgylu

(%
o J o

nTUIUNSIEusBelaunA1a13tnln (weight) uazAtluwed (bias, ») d1msulasevie
Uszamiieuuuunanety dauandlugun 3.5 aglieald daneanuuuunssuIuMsseusung

AEaUNAU (Back-Propagation Learning) #3981at38neo 11 Back-prop

lunsguiunsiseusuuuwnsAdounay siiavesilendudelounieuldae Linear,

. . . . v =2 Aa o = [ v [~
Log-Sigmoid waz Tan-Sigmoid tnetamgdayarnaaunidnnuunnuasiianudunuslaiduy
WWadu (Non-linear) dwmsulasetneUseamiisuuuunalatu( Multi-Layer Feed Forward )
Tl nasunuuLnIAmdounau( Back-prop) deutnlulglunisussanumiileidultu Function

Approximation, Pattern Association, Pattern Classification
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NANNIIVINITUNSANEBUNAU An1sUSUAE1stuEn( weights Juazailuued
( biases ) #u&UNT (3.7) wag (3.8) muasuredlasatgUsyamieuNeNnagyinlyia Sum-

Squared Error (SSE) aulaxnis (3.9) denanasinlnagud

Whew = Wold + Aw (37)

buew = boia + Ab (38)
N 2

SSE =Y (t,-a,) (3.9)

i=1
I N A S1uiuvedeuarinaou

NTRNABUAIINITUNTAITDUNAU 01998V IALAA Local Minimum 111AN11A7

Global Minimum #3871 Local Minimum finutJuiinelalunisuidymdulanlaiivymw
1Y @ 1 2/ & [ A < a o a

ozly windslianansauntymdudunianelasfamsaunlvlalagnisiiusuiuidisou

lutugou (Hidden Layer) vionawiindiuiautugouain 1 Fudu 2 duden deuwiuowinnis

a il o a A o & o 8 v a & v & °

W uuingeu wiednwugudeuaziinbiatlunisinaeuiuauaie Tunilazuugii

=

JupauNsIEusAmuNIsUNIANgounaU 2 78 Ae

1) The Generalised Delta Rule %50 Gradient Descent Algorithm

[ v A

iAUTNd1AY 2 faRe Adaptive Learning Rate (1) waz Momentum Term

o

(m) Faansnauinuazluiea aggnuiulagaunis (3.10) uay (3.11) nua1su

OSSE

Aw,,, =(1-m)n. = +mdw, (3.10)
iq.t
OSSE

Ab,., =(1-m).n. +m.Ab, (3.11)

Jit

1% ' v '
v a v 1 A

a7l m dARaus 0 fe 1 wazdnagaamnsuaulin 0.9 dw 5 gimisuaulinan

[

19 1A 0.01 wazeAwkUTsaeIsgnUTuTEninnsinaeusall
0N SSEew > SSEou.er Win

L.anA1 g
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2.5 m =0
01 SSEyew < SSEoia.er W)
1A 7
2. m'iae
01 SSEotq < SSEnew< SSEoi.er uin
1.y ldwdey
2. m lahwaey
2) Levenberg-Marquardt Algorithm

sendnnsinasuralnihvidnueslues wgnusulaeaunis (3.12) uae (3.13)

AUAIAY
Aw=[IT (W) +ul | T (w)e (3.12)
Ab=[JT(BYIb)+ul | I (b)e (3.13)
Tnedi

J(w) Ao Jacobian Matrix ¥899YWUS v8s Error WigufiuAe v (w) Fellewauaunis

(2.15)

J(b) A® Jacobian Matrix 3830 us 109 Error tlgudualuuea (b) Fede1uniuaunis

(2.16)

e A9 LUAINT Y01 Errors TeninateyatU viany (Target Data) Waglo1MnnvealAsIvly

Uszamiiey

p FRANAN BeATUAURLgNATLIAEN LU 0.001
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Oe(1) oe(1) N de(1) |
ow3(1,1) ow3(1,2) ow3(1,52)
oe(2) oe(2) N oe(2)
J(w) =| ow3(2,1) ow3(2,2) ow3(2,S52) (3.14)
Oe(S3) Oe(S3) Oe(S3)
| ow3(83,1) ow3(53,2) ow3(83,S52) |
[ Oe(l) ]
Oby(1)
Oe(2)
J(b)=| 0b,(2) (3.15)
0e(S3)
| 0b,(S3) |

[
U ¥/ 1

SEMINNISANADU 1 QNUTURAIGTTRD 1 AvgnAMAIEAIATLY 10 o1 SSE Tndl

JANLULLYILQNINTAIEY 10 61 SSE Inaidenanas

21115 normalization Y89 Ji(w).e %38 J(b).e AA1tagnINAIRAIRANAINUAL

9

dl N Rl a o v A | ~
NI u Nﬂ']m?ﬂﬂ?']ﬂ’]gﬂﬁ@‘mﬂ']ﬁu@l? IﬂiLLﬂi@JWﬂﬂaQUIﬁiﬂchﬁJUi%aqwLch‘EJllf\]g'WEgﬂﬂ"li

q

Hnaouun

YoUANA1952%319 The Gradient Descent Algorithm was Levenberg - Marquardt

Algorithm

d15U Levenberg-Marquardt Algorithm yn8unnazgniauinlululasadig
Usvanifienluusarseuvesnisdiuans (Epoch n3e Iteration) Aeatninuazenlunod
ggnUuAsuAilagaunisi (3.12) uay (3.13) muddiu Tuusazsouveansiuim agld
natlunsAwInuIuLaz 18 ANTIUINNT1 The Generalised Delta Rule Algorithm

u# Levenberg-Marquardt Algorithm agfiuse@nsnmanitazldi1uIusourIn1sAILIa

Tunsilnasutlaeninvintwldansiulunisinasutiosnin

@ The Generalised Delta Rule Algorithm Araasdtinuazarlued dvwsuus

ag input pattern lunn9 epoch %Qﬂﬂ%’ULﬂﬁauﬁwimaauﬂﬁiﬁ (3.12) waz (3.13) mud1au
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3.2 A1518NVIAVDIBUNNLAZLEVING

= 1

anuazdunmLazieiny Jeg 2 wuusieiu Aswuusiaiile (Continuous) wagwuuly
#oLilag (Discrete) sndagnau nisilasulUasveszsulnandudnyauzhuudaiios diu

nsiAsuLUasvaasusiianeads (Fault) iWudnwauzwuulidaiiio

3.3 N15LA9NVUIALASIES 19NNz aNFIMSULASIUN8U ST E NN g U[ 18]

Guideline suntlsdmsuldlunisidendrviuvesinseulutudeu Tuwaies) Jeymnn fe

NI “geometric pyramid”

1
=

Tnefdruauvesdiseuidudnsuzadiezudsnide Feldmavanasaindunnluds
iy dwmiulaseinguszaniienuuuteulddravi (feed-forward) iUsenausie 1 Hu

Pau INUIUYeedisaulututauazAuIlaNaun15A (3.14)
uuvasisaulutuden = ed (3.14)

IUIUVBIFINUTIUNY

o
1l

d = UIUTBIFIUIWIN

dsulaseeseaniiieuwuut aulud1ntn NUsENaUNIY 2 FULIU I1UIUVDA

I

Thseulutugeuluksastugau asmulnlaaInaunisy (3.15) 29 (3.16)

PUIVVRIRITIRIUTULDUN 1 = d./° (3.15)

TUIUVBIRITIUIUTUTBUN 2 = d.r (3.16)
3 c
’/': —
d

¢ = MUIUVIFMUTIUNY
d = VDI INY

14NN TVUINATIAS NN ANYlATINgUSTAMTEY Azausavlalaedsnns

avsAnaosgn (Trial and Error) lngagisuainduiuiliseulududouties ) wazgniiudy

13989 hIAgegaald Fdduudastunauasgnesivdeulasiaiieiuansauiand s

q
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aznguves Yoyarnasulaeivualrdtwiuiseulutudeuusnuinnittudeuiastegnile

YIRANUNITOU

dwsulassgUszamiiealuinerinusaduilliisnisaeinassgn (Trial and Error)
lngAmualrduuihseulutudeuusnunnniduuiiseulutuinastegvilaiisey wazan
iaz 1 Auiavutougaing

[
[y

drunaldlunisiinasulaseieussamiioy duasiuegiuituiuvesiiisey Jeeg

Tutugou waziinuduiusiuludnwuznidn Exponential

3.4 A5n1sindaulasevieussarniieu[18]

[y

anwalzi UM gaueslasteUsza e Aaeisn1sinaounlyiinaudAgyd

[
=

sowulailassadnedlassieussamiisn Jvuialilvgamauanudniuiauedi

& a v v a
ﬂ’gqll‘lll LU UL LauGUENﬂ’]iﬂigsJﬂGﬂGUV]QﬂWﬂqimq

lunsinaeuiarnegeulassdieUssanninentueRrliveyanuandafiu 3 4 lawn
Toyad msulnaeu (training) Yoyadmsunsiaaeuanunninlumsiseus (validation)
£ o [ = < ¥ 1 ! = ! <@ '
waztayadmsunaaeu (test) Beauiludeyayalvaiflaseinguszaminiey liweivinneu
(unseen data) FavasaInnIsiieusauanadlasIvIelsvaifies AUsEUIALDMINNTDS

Toyayanaaeu[1]

(%
(Y

Aoulnasusduuulasaeysean U TUYeU Lay Iutulwadteu Tuudasdu

a v

2995¥Y 8819MI13AU TANT0VU1AvedlATI918UT2a MBI ANARNUNITI S8 U VRS

Y

(%
(Y

TassrneUszam Taenalulassngdssamauinlng (Aaudeuuinnssiilgaagouuin)
anunsauszanaileilidaduiidudouls egnslsinim sfuenadesnisiiuinieanudiuniy
wazldiianlunisiwininn uenaindauaiunsaniluenavzlif waziduamnvestym
Over Fitting (WuA® lAssgUszam annsasudeyanisinaeuvasiaumallun1sas
'3 = ¥ ° v Y a 1 = 1 Aa 3 ! o < !
LWINANgNARdmSutayan snaaay) Bnegranil laseiendvuimanndt vinewsind

wionvlasuternnainvesn1snaeugtu (Fendt Yaywmn Under Fitting ) [19]

dmiuingrinusatuiienuazainuazdelunisiiluldnuansdeyadmsu

Hnasumarnaaauniun lgiulasineUseaMAsULUUTaNeTU YRAWNSANEIUNAU LaBN LY
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Fnsilna@euwuy Levenberg-Marquardt Algorithm Imedrwiufiiseuluwsazdudoulainis
Wuan wag lanaaedld linear tranfersfer function,tan-sigmoid transfer function wag log-
sigmoid transfer function aduriuiiemeAesidudiinwainaieduysal (mean avsolute

percentage error) ﬁaﬁﬁqm MAANENN1SN (3.17)

Real Result;-Predicted Result;
Real Result;

MAPE= 137 | | x100% (3.17)

lag#l n Ais uIudeyanadey

3.5 lassadnlassviguszammenilglunisneansaliddlwiligegauas

WaIU WA

Tnssadlasetneussannifion 2 dudou 3 futen uay 4 Fudeu dmsy
wennsalmdsinihgeanvesnisliiiendnwicUssinalng uandusui 3.10-5U7
3.12 dhulnssadlassneusgamifion 2 fuden wag 4 Sudeu dmuns
wennsalndanulaihvssnislnihueses Tngdunailiilddangy uandusud

3.13-5U7 3.14 drudoyadunaninsdangy wanslusud 3.15-3U9 3.16

Input Layer Hidden Layer 1 Hidden Layer 2 Qutput Layer

Peak load history
( SMA 12 Months)

(Pse;/][(Aloga(liv[ histﬁr;r
onths

'A

Peak load history ﬁl A \ \'\
( SMA 6 Months) ” 'l\

'e&

\, A 4“
” IA \\'
“‘H// =

JU# 3.10 laseasnalasadnguszanniion 2 Fugaudmsunsnensaiiaalningsanvednis

) Peak load demand
forecasting

Peak load history
( SMA 3 Months)

Month Code

I enanuialsemalng
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Peak load history
W e o
N
N
N

Peak load history | A l

( SMA 9 Months) ‘ ’ / 2\\
E— | ﬁ""‘b
Peak load hi AN AN
(glitAog Moz:ﬁg slv.\fo{'liv % A
- \"‘:k /{:’}/ AR
I é,iégg(
AN
JR

JUN 3.11 lassaindlasadngussanniiey 3 ugeudmiunisnensalmaslniigaanvesnis

Peak load demand
forecasting

Peak load history
VAN
(SMA 3 Months) [J/MNXY "l!

WD QX
Month Code %’1‘;‘\\%
A\
Za\

QGDP |

Tnieenanuislsemnelng

Hidden Layer 1 Hidden Layer 2 Hidden Layer 3 Hidden Layer 4

Peak load history
('SMA 12 Months)

Peak load history | A \ll
( SMA 9 Months)

Peak load history
( SMA 6 Months)
Peak load demand

forecasting

Peak load history /
( SMA 3 Months) [\

Month Code

QGpp.

JUN 3.12 Tassainalasaineyssanniion 4 fugeudmiunsnensainaslniinganvenis

I endsuislsemalng

Input Layer Hidden Layer 1 Hidden Layer 2

Energy History
( SMA 6 Months)

Energy History
( SMA 3 Months)

Energy Forecasting

Month Code

QGDP

JUN 3.13 laseasnalasadnguszanniion 2 Fugpudmsun1snensaindsnulndiveanig

Tnifhuesvassmneteyadunanlilagangs



Hidden Layer 1 Hidden Layer 2 Hidden Layer 3 Hidden Layer 4 | Output Layer

Energy History
( SMA 6 Months)

Energy History
( SMA 3 Months)

Month Code

QGDP
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Energy forecasting

JUN 3.14 laseafrdlaseingyssamiiey 4 dugeudmiunisnensaindenulnivesnis

Irlfupsvasamedoyadunsililadnnagy

Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer

Energy History
( SMA 6 Months)

Energy History A\
( SMA 3 Months) v‘

}\‘%

XA

/
NS
N

Energy Forecasting

‘( 9, /D
LSRN g KT
Month Code s‘i‘i“v g;’%"‘\
170 RS
LN ALK
Cluster Number A A‘\' " \

VN\gl—

QGDP

JUN 3.15 laseairdlassngdssamiiey 2 sugdeudmiunsnensainganulniivesnis

Trlfupsvasameteyadunaninisdnngy

Input Layer Hidden Layer 1 Hidden Layer 2 Hidden Layer 3 Hidden Layer 4 @ Output Layer

Energy History
( SMA 6 Months)

Energy History
( SMA 3 Months)

Month Code

Cluster Number

QGDP

Energy forecasting

JUN 3.16 laseasrdlasaingussainmiiey 4 FugpudInsunsneInsaingsulnitivesnis

Tniflhumsvaismedeyadunaniinsdangy
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(Adaptive Neuro-Fuzzy Inference Systems)

sruvayuiedlassneusudala (Adaptive Neural Fuzzy Inference Systems) vJu
fuuunisvestlygussAugildsuanudeusgunn lnadunsuszend ssuulasadng
Uszamiisusafuiuiledasin laeFusuaineynsunandaduiuvesans [20] ssuy
oyanuiledlassineuduilfdunnuduiussznieiuds daazeglung f1-ud (if - then
) Tnganansafanudieldnadns FeldanunsoilalnelaseieUssanmiey unislusuuy

anaavesilandunensallagseuveuunuiled [7]

a

U ndudeunangesns mssauldlassiigyszanmiiien (ANNs) uagsuvauuuiey
(FIS) gnansanfinyszansnnle n13sauiuves ANNs waz FIS wuseanluaudszinm fadl
sURUUMYINOUnSauiY vausiuuagsIniuegauysal [21] Aregrauanslugud 4.1uas

Ul 4.2

Fuzzy Rules and Fuzzy Sets

Inpm M Ompm

Ul 4.1 mavieusanfusening ANN ag FIS [21]

ANN assists the FIS continuously

et M oupt

Ul 4.2 maviaundeuiuszning ANN uag FIS [21]
4.1 Weswasdn (Fuzzy Logic, FL) [22]

Hadaednnsonsineansmauase (Fuzzy Logic, FL) JuBneedinmansiivglunis
Andulaniglirunguinselidanuadiedunssnsnenufnvesuywdanaulag L A,
Zadehlule.e. 1965 fionfefledion (Fuzzy Set) iiedofanuliwiveu[12] Tngluiladin
gt mundinuduain@n (Degree of Membership) iiiAMegseving 0 uay 1 Fauansing

NEALUUatU (Classical Set) MTN1TAMUAR AT uaNITNI A gIaIALYNTUAD O
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vineddliiduanndnuas 1 mnedaduamdnmsivusssduanuduaundnvosiudsi
aulatuordeiladduanuduaniin(Membership Function) Fsfloguasadinduileity
aumdeniladdudvasumeayilaidudnuesdileidumdideudusunisdenldflsddun
LfJ‘L!E"ilIW%ﬂﬁ]%sﬁuaéﬁU%@%ﬁ%@ﬂﬁ?LLﬂiﬁﬂ‘]uaﬂﬁﬂﬂﬁﬁsﬁ%b’lj@gﬂ%ﬁuﬁ?LLﬂiL%ﬂﬂ’l‘Eﬂ
(Linguistic Variables) 1iiauansaaninmievsunalddndelassadsiiugiuvesssuuiled
wansfaguiiz 3 Tnsnisvinauvesszuuiledd 3 funoufetuneud 1 maudasArvesdeya
anudndumile@inud (Fuzzification) iWunisfmuwaaanuduaudnvesdayadud,
(Crisp Inputlaeldilafdunanuiduaurdndunoud 2 N159UNIUNTORAAIY (Fuzzy
Inferencing) LHunnsthefleddmudnlufinmmiesynuriung fediidsdusuag duadns
Jueniladsmuesnlagngilsd el ddengilefuuudn-udaFuzzy If-Then Rule) fionds
ndnnisvoanauarkauarludunouaaten v A ile@l I urUnf(Defuzzification) 1
nsthenledauesninutandudiund (Crisp Output) FsiinaneiRudaduadsaiaimn,
Bnrsnigaaudaanduduaziiulainnisiinuves FLadadu ANN lun1suszuiue
AU unssiirL lilsldnsiBousuiedoesdanusieglugiunimg (Knowledge

Base)

Knowledge Base

Database Rule Base

Crisp Crisp
|:> Fuzzification l:> Fuzzy Inferencing I:> Defuzzification l:>
Input Output

5UN 4.3 laseaiaiugiuvesseuuiled

FL gnihluldlumsnennsaiilesaniigaurunsedifinssne msldimaramilousyuduay
‘Wﬂizaumsf,ﬂﬁuaqg’{v’?fsnmaganﬂﬂ’jwmﬂ%’wqwﬁuaﬂmﬂﬁﬁqawuwiaﬁaa SURUNGANTTULUY
wa¥m (Dynamic Behaviors) saudanulaiutueulddowssid FL teeffidesiialunisly
wufunanide FL lumsdszanalagldnssnemeldanuliutuousahidiimnz e 4t
Muiidiosntsanuuiugigeuenaniinigit FL ldfimuanunsolunisSeuddediedll

anunsaldmameureslymiliiilasidmeudniudi@erngldianudnduegrannlunig
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aangiledlugiuanuimnliausamdiesviguidigldnliamnsald FLIdegnad

Y8aNanIN

4.2 53UUUNSNUT (Neuro-Fuzzy System) [22]
Reinqnuadinmansilinailumeiidenuazdaidownndaiuliiislafiesinin33
dulunnasueniegiautulaseingyszamiiioy (Artificial Neural Networks, ANN)Zdof
pssidauasalunsiFeudiazandsuiuusinan lfuarfiaansauiuudsauiiiteusy
melulassingldusiidedonsailiannsoeduammmavesnsdndulaliluusifledasin
wienssnananiaguiade(Fuzzy Logic, FL) fgmaunssiifinisldinanaludenssnginilou
AuAnveywdasaesuensindlalianng leduazanunsalifudeyaiinguadeld

1 %

witaLduved FL agnseitlianuisasuuiiasysunaengaiamefte s e @l ve Iy

o

e

v
X A v av

wieglianusunivunlassadnwazng idoma iialidnideaulain3Baequman fudy
szuunal (Hybrid System)ifiotidervausazBunsiutulazadadosdnvesunasiSoanly
willuszuusaudananlsuinisin ANN waufy FL g dussuulasstneussamidieunuuily
Fvseszuuiilsiled@sszuuialsiledndunienldudseveyunuihlsileduuuuudals
(Adaptive Neuro-Fuzzy Inference Systems, ANFIS) fiiauelay J.-S, R Jang [241ludn.f1.
1993

N13L58U3V89 ANFIS ﬁlﬂfé’f%umaumiﬁauit,wumam (Hybrid Learning Algorithm)
ndginsnasiseusuuvasanislaelunisaruindudrantdn (Forward Pass) a3 U$u
Amsieesvesteniulagliinisusediuiidsaestionflan (Least Squares Estimate)
Tuvauefinsfundiouvas (Backward Pass) a¢l#38Usumuauandiu(Gradient Descent)
dmunaUiuamniineduesdoss

1514 ANFIS Tumawennsalduldsuanufeumnauluthgtiuidesnnamaudaly
nadsuiuasnslfmuanliiadnsdanuusiuginniudiudosdodifnues ANFIS du
nefiANFIS Tlumadoudifudsiidly ANFIS Fesmsemindsgymilasvinuuissaniy
dleldfuszuuiiiing@nssuuuunatnialii@udu (Non-linear Dynamic Behaviors) 1151

1%

lusguunuuilagingfleduuua-wadnuauuinyiivideddnalunsissuiuiuunntuiy
winngAun1sd luldeuluuyinausiug (Real-timeApplications) waniAsAagi8d11in
Jruiuveangiledlalaglinisdangudeya (Data Clustering) L¥UNNITIANFUUUUAUDBN

(Subtractive Clustering) [23]
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4.3 AuUsden1e (Linguistic Variable) [25]

wnkuUieganunsaUszendlilunisesuneAvasdlUsitulAg T URARUUALAL LU

&) o

Usglon “onmgiluiondu” ain “WBw” \Wudilduansinagamall lumegude aunse
WBeuldu YSurueamgll luves v8u w3e Temperature Quantity is Cold fauYU3
Temperature Quantity {ufudsidesniw Faduwwidefiddyuinlunssneuuuiled 6
Wadsmwmetmuavesdeiinresuieilusuaunilagldnainiw Linguistic Term)
wagluguuTma neldilsddunmduamdn Fsuansamvesaauuuiled naslnwild
dmFunsuanuuianuazesdnuilunisieaisvesuywd druileituanuduanndag
Usglowilunsinnisfudunemduteyadsiiasiuusideanvudunisuszsneudu
(composition) U 3R U Yanwal (Symbolic Variable) LagAauUsi@eiay (Numerical
Variable) fegsdiulsdgydnual 1w “3Us19 10unsanszuan” (Shape = Cylinder) A31
“5U519” L ufuusfivonfeguiauesing fMegewnuusduat 1y “Anugasiniu 4 Wa”
(Height = 4" daudsidaiavasdlgnuluanvnanuauing ridans d@inssuatans annmans

& d‘ [} Y o/ o/ & o a q{' % a s
N13uNng wazdue drushudsdyanvaidanuddglvineinsisdulyyiseavguazns

a

dndula msldfuundnwidunisududsduaiviudsdydnualdiedy U
4.16 WaneAavE1gRAILUTA 1YY LnH9® Tawn Extremely Low, Very Low, Low,

Medium, High, Very High wae Extremely High

Highly comprehensible membership functions

Extremely High

0.4

Membership degree

02

L L }
2 3 4 5 6
Universe of discourse

Complete fuzzy partitioning

gﬂﬁ 4.4 §798199 kUL TIN1EN
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4.4 nguasiled (Fuzzy Rules) [25]

wensineatuiledasinddivaunn uindeuwaznsussgnaldenuninigauiazdu

ngileduuy if-then feegenisldnglunisuenngudsguin 4.17

low

B

1 i
Ao >< high
o ! -

5U#l 4.5 sagusalisuuuumsdanguaigngiied

[

mﬂgﬂﬁ 4.5 mmmL%UuLﬁuﬂQiugﬂﬂiﬂmmwﬂﬁmﬁ
node 1: 61 xr dA1 low wag x TR low WA Ty (n, x2) lungu €
QU8 2: 61 % WA low U x» SR high Wan Yoya (u, x) WWunau C;
nQUe 3: 61 xi TR high Uz x, TR low Waa Taya (v, x2) Wunau G

nde 4: 61 x T high waw x e high 4d Toua (v, x:) ungu ¢

e x WusiuUsmu Tulian 1, x \Juduwusawtudan 2, low way high \Junail
A(Linguistic Terms), Uaya (x, x2) tugdivresingfideIn sinngy wag Ci, G, Cs uae

Y 9

Cs Wunaudeya 1, 2, 3 uay 4
4.5 sUwuuszuvayInuiedlassieuTudald ( ANFIS ) [20]
4.5.1 1398319 ANFIS

A v a = 1 a = a &
LW@F’TJ']&ILGU']O‘L‘UaiJHmigUUBHQJ']UI@EJW%% ﬂ']EJImﬂ']ﬁWQ']iﬂﬂ@J 2 E’]U‘V!‘Vl AB X eSS Y ey

1 @ inw f dmsulunailed Sugeno Usenausie 2 Wed Tdwan if — then dauansnssaluil

ﬂg]sﬁa‘ﬁ' 1:Ifx @9 Az Wag y A9 By then fi = pix + q1y+r1

ﬂgsﬁa‘ﬁ' 2:Ifx Ao Az ey y A0 By then f2 = p2x + qzy+r2
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W19 pLq1rLp2qz way rz \Wumnsdwmeswadns
nsiivauaileguandlugui 2 uavlassasnaves ANFIS uanslusuil 3 ansaesung

losasialull (winmlvue i Tutu Liu Oy))

W F=px+qy +

f = w, i+ Wi,
Towtw,

W, f,=pXx+qy+n =W+ W1,

Layer 1 Layer 4

Layer 2 Layer 3

Our = wailx), fori=1,2 u3e
Our = usiao(x), fori = 3,4 (4.1)

e xy Ao dunnluuavedluua |

A;Bi.z fin dydnuwaln1en e iifgaiuienduaunn
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Uai, UBi-2 fin ManduaunTn
Oy Ao AmHanTuaNITInYee Ai NNa1nAN x
TuanudsellldfeiduaniBnuwuy Sigmoidal function isziduilesiduaundnivitling

nsvineianuwiuginiiliduanndnuuudu Tnefiguuuunadl

1
’uA,' (x) = 1+e(—a,'(x-c,')) (42)

[%

W9 c;a; Ao L5 mes Wislweasluduiisendn msdwemang1u ( premise

parameters)

[ [y

Huil 2 ninuplutuiilulnueinaudydnual T Fefenispuiuvesdyaadidnim

! < 3 Y 1 1
wazdsnanilidutewivm fegiy

OZ,i:Wi: ﬂAi(x)xﬂBi()’):i:IJ (43)

& A g A U @ L3 = o 3 ¢ 1 o Y
YUN 3 ‘14ﬂiwumiuﬁnuuLﬂuiwumaﬂamaigaﬂwm N GZNf\]%VI’]ﬂ’]iU@ﬁN@ﬁlﬁ‘Uﬂ?ﬂ?%Uﬂ

O3 =w;=—1— i=1,2 (4.9)

Fuil 4 Nntaua i Tutuihdulnuedmaeundiisidulnug

O4i=wifi = Wi(px+qy+r;) (4.5)

A — oA ¢ o A & a s a 5 =1
e W, P e INmMURItuil 3 wag {p,q,r} LUuenmaiwes wsdiweslududl

= i a sal & v &

138N NSRBI UUNEANS (Consequent parameter)
& A & X = I3 v W ¢ = ¢ A v Y]
Ui 5 Fuililnuafendulnunnnandysanual Y mwmwwlmamﬁammm

SBTRTRIVRTRERU NIYHIY



31

N il
Osi=Lwifi= 30 (4.6)
4.5.2 JupauIsnisizeuiuuulauia [20] N

JUT 2 uagguil 3 asiiudnAmnsfineswang1u (premise parameters)ilasu 1o1ving
VaiunaansowanslugUresrasdaduvesnsfivesiilunadns(consequent

parameter) {agALIUNINTULBIING £ ausandeulnslanall

_wy wr
e S,

wytw; wytw,

=wif, Twof,

=W, x)p, W y)q,;+ wir;
+(v72x)p2+(v72y)q2+wlr2 (4.7)

= A v a s v & v O as a oy
Fehordunsilunisilinesnlunadws pl,ql,rl,p2,q2uasr2 aiudunewisnsseus
a IS 3 ! I 2/ dy o -dg( 1

wuulause dnrswaunludneunind anunsodinldlalagnsanniu Instanisludiu
ANTImThveunewIanseusikuulausa Inuaeminnadsiulutmthaun s siun
4 uagnsndwmesiilunadns gnaiiaaeulaedsnisiidvaesionsign (Least Squares
Method ) Tudaun1sAIUIMAITDUNA U Y IUAIRANAIANUNI NFUN AL N5 1T LB S
aNgINgNENAnLag gradient descent Aauanslumisei 2

a 4

M19199 4.1 nsdeinlunssuiunsseuiiuulausadmngu ANFIS

daruludrumii darunauun
WSANasUENGIU lifAguuas UuseBanuanduiian
winfwesimlunadns | Uiufeitussifiuainds laiAsundag
GRNIRIG(
STTa L TAuAL VNG FyeyIeuAURANA

4.6 Weanduaudn [21], [25]
flarfduann@n (membership function) Wuilsdduiiinisimunsefuannuduamndn

o A v v a YY) aa Y o
%aﬂm')LLUﬁV]@@ﬂﬂﬁlilsﬁﬁ']UIWEJLﬁllﬂ"lﬂﬂ']iLL‘V]u‘V]ﬂ'U@']LLV]‘UW&I?’YJW&II&I%@LQ‘UIQJLL‘U‘U@ULL@%



32

o '
A v 1 a o

ARMATERIUd N AtysonuaTRvIansAunsvesiinging e U 1avesilanduniny

1Y 1 a

[ a A o ¢ v [ a 1
Wuaudndmnudiayaenszuiunishanazunlotgmilaeilsnduanuiduaundnayl

o oA ) @M Y a %) 3 a Aoy Y] =
auunsiunseauunsiunnUszmsilesiavesilenduamuduaun@nildnuiiluivats
Ylinsadl

4.6.1 Wartduanumae (triangular membership function)

Henduanuasuiianus 3 w1s1awmesae {a, b, ¢

-

_ 0
J (x—a)/(b—a) a

b
M
)

|/
4
A
ol

triangular(x:a,b,¢) =

|[(e=x)/(c=b) b<x<e (4.8)
A 0 xX>c
1} ' \ |
0.75}
0.5}
0.25}
0
0 2 4 6 8 10
trimf, P =[3 6 8]
Ul 4.8 adduaundnuuvaninaos
4.6.2 ﬂﬂﬁsi'j'u?ilmgﬂumwg (trapezoidal membership function)
ﬁaﬁ%’u?@ﬁaummuﬂﬁﬁmm 4 W1s3wesAe {a, b, ¢, d}
0 x<a
(x—a)l(b—a) a=<x<bh
ape-oi . - <
trapezoidal (x :a,b.c,d) 1 b<x<c (4.9)
(d—x)(d-c) c<x<d
0 x=d
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trapmf, P =1 57 8]

JUN 4.9 flanduaunfnuuudvaeunnemy

4.6.3 Heanudated (Smooth Membership Function)
HandugUiteaiinsilineiviavie 2 A1ee {a, b}

% (x;b)ZTSbe (4.10)

0.75F

0.5}

0.25F

5U# 4.10 flaiduaundnuuudiied

4.6.4 Wentundi@eu (Gaussian membership function)

HINTULN AR ULNINUA 2 NI51TLAB5AB {M, O} Fam NU18DIANRALLAL ONUILDIAN
UeauunIns g
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2
guassian(x: m,o) = exp (— MJ

262 (3.11)
1t
0.75F
0.5
0.25F
O - -
0 2 4 6 8 10
aaussmi, P =[2 5]
JUN 4.11 Weiduanndnuuundiaey
4.6.5 Nanduszasnn (Bell-shaped membership function)
HefdusUsrdeninlimafiwesnin 3 mee {a, b, ¢}
bell —shaped(x :a,b,c) = 2
ell —shaped(x:a,b,c) = NEAT
1+ (4.12)
a

0.75

0.5}

0.25

0 2 4 & 8

10
abellmf, P =12 4 6]

sUN 4.12 Wenduau@nuuuszdaan



4.6.6 Wanvudmgn (Z-membership function)

Handusuineaiinsiineiviavun 2 A1Ae {a, b}

35

( f b x<a
| 1-2 <}bc;) a<x<a2Lb
-a
Z(x:a,b)Z{ 2 ath (4.13)
|2@l) — <xsb
k bo-a x>b
1
0.75}1
0.5F
0.25}+
O -
0 2 4 B 8 10

zmf, P=[3 71

SUN 4.13 HanduanTniuuiuen

4.6.7 Wandudnuaen (sigmoidal membership function)

WenduBnueeainisilinesnaiun 2 amae {a, b}

\

sigmoid(x:a,b) = T+ oxp(~a(x—b)) (4.14)

lng ¢ WWumsfiwesmuguaudu dndonan « Advuatesvinlienudus uwagdn
a WAgRziinutugany dw b WWuainansirmenuduaun®ni 0.5
fg1ensMuaninUluandndlanmuanisiiees a =2 waz b = 0 3zlans s

A9 4.14 N) wagdlaAmunmsiwes a = 2 uag b = 0 glanTnAsgun 4.14 <)
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u 7

1 1

0.9 [ . 09 [

0.8 [ . 0.8 [

0.7 | 1 0.7 [

0.6 . 0.6 [

0.5 [ 1 05 [

0.4 [ 1 0.4

0.3 | . 03[

02 [ . 02

01 f : 01 f

00 5 6 4 2 0 2 4 6 8 10x 09.4038 %6 4 2 0 2 4 6 5 10:

a=2b=0 a=-2,b=0
) a)

JUN 4.14 nsmiflstunuesn

nsiienflantuann@n aedeudenmuAIIITALALATEUAGUYRIToYaAET UL
o oy o o v o a = = o & a vy
ulagannsanviudeutuiielinisdiuvaunuissudadianuduani@nvaeailouas

Harduanuduasndnasundasmildbivngiunuiiddsiifaunienuaiudesns

4.7 lassadruazlanavesszuvausiunedlassinedsuaalanlalunis

wennsalitaelnitgegauasnasaulni
dmsuineinusiazdenldssuvauinuiiedlaseisusumlaluana Sugeno dusu

1 1 38MsiSeuiuy Hybrid 1438n15a0iinaegn (Trial and Error) dvsudsuALusiues

b Y
fo ada 1 Y a =

Fnilantulagisuannisuiuinnuvestuivesanianduniindons) wazgniiudusey

)

(% '
= ! Y b A ad a

UTIAIZIER kAU TULUAY U TN NNV TTNTIATUIUATUNINUALAIE BNITNLAIAT
s @ ea ) ¢ D = v
WesigudARanataefsduusal (mean avsolute percentage error) Haeiian TalAseasig
seuvayiuiieglasigusumladmsuneinsalmasiiasgaveanisinidandnus
Uszinalnguandlugyu 4.15 diulassairenlddmsunensalndesnulnivesnisliiuag

naniingeumesunalilddanguuazdnnaunandluzuin 4.16 waggun 4.17 suasu
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output

Peak load history
( SMA 12 Months)

Peak load history
( SMA 9 Months)

Peak load history
( SMA 6 Months)

QU000 007

Peak load history
( SMA 3 Months)

(]
—*
Month Code @
Logical Operations
L . and
QGDP —d ® o

JUN 4.15 Tassaiessuvauyunuiisdlassieusuilanldluniswensalidlihgegaves

sk enanialsemElng [31]

output

input
————— o

Energy History
( SMA 6 Months)

Energy History
( SMA 3 Months)

Month Code

Logical Operations

QGDP

JUN 4.16 lassaiassuveyunuiledlassieusuilanldlunisnensaindanuluivesnis

Trlfupsvassiedunaililadangy [31]



input inputmf

Energy History
( SMA 6 Months)

Energy History
( SMA 3 Months)

Month Code

Cluster Number

QGDP

38

Logical Operations
. and
. or

not

JUN 4.17 Tassaeszuvauunuiiadlassieusuialanldluntsnensaindanuluihvesnis

Tnfhuasvassedunsninsdnngu [31]



unii 5
N15AANGULUULALIY

( k-Means Clustering Algorithm)

danasiuAliulatinisiduales Aanl A.A. 1957 ) wasiuwes (A.A. 1958 ) uazlad

nsalagasinIu ( A.A. 1975 Juazuunndu (A.e. 1967 ) Ingdmsilinessuny k uag

1 =] g [ v & I (%) = [ 1 A v [ 1 '
diuustaduynes n ngdnidu n nay nasniinsiangy Aeaeiunislunguavedgs

wineaeiuseEnInguazetsn naunaaeiuazinlaandadevesingluningy ¥
a1usaglaanganinatwisednaudnaltiuanvenauieya [26]

5.1 JUNIUNITIANGUUUULATIY [26]

o
[y

] ax o a ) <2 N W dl o &
GZJ‘L!GIEJ‘L!’JSﬂWiﬂ’]LuuﬂWiGUENE]aﬂE)WmLﬂmu@ﬂLLﬁ@ﬂugUV} 5.1 dUUnUNIU
DUNY

K: 91U v0InguTeua

D : 9MUIUYATBUATIUTIY n T

q

LIWINY : YAVBITRNS k NANTeLA

U
aa
%15
oy ) =~ & ¢ R a v
1) duden kwgan D Falurudnanswesnquieyalsuny
2) Uszaianad

1%

= i a

3) dnTngueazdufinaelunquifentu JuediuAiadevesingfioglungudeya

Y o o 4 1 1

4 JYFuuseaaie fegiudu Munaiefresingdmsunauleyauraznay

9 9 Y 9

1%
o

5) welsinadiAraiandsuiadedlnalAesiu Fmeanisussaanad

[
[ Y

lned E : nasiuvaseianainmasaesdmsuingiaunluyndeys

P: fqﬂi‘uﬁuﬁﬁLﬂuﬁumwaﬁmﬁﬁmumﬁlﬁ

q

m; : Anadevenguleua G



d' [ 1

Inandayanazdnngy

q

=

'
a

VLA AUGN AT LAY

9 Y

¢=

AUINTEEENINIAAUINANS

il

A

Y v Y & ! o | A
Inassteyaliidungulumuniiian dugnaugnandli

A

Audnadlndan

il

AwINMIRaLNEUsEn I deyauazgudnans

oA A v
VNNAUNINYIVDY

qnvineg

Towsoll

[ w

[ IUANTIU ]

5U# 5.1 Tupeuisnsdangudeyainiiu [26]

5.2 M3dnngudayauuuiaiiunlelusunsy IBM SPSS STATISTICS 20 [27]

TUNDUNITIANGUAIELATY [27]
Tupeaui 1 Jadeyarelusunsy EXEL Auansluguil 5.2

Qe

Qe

Guumau‘ﬁ 2 . UnlUsunsu SPSS

Tupauil 3 fAnaendayadunnain EXEL 11314y SPSS Awuandlugui 5.3
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Funoudl 4 TlUsunsu SPSS den Tool bar analyz

Supoudt 5 @on Classify

Fupoudl 6 Fon K-Means Cluster fauandluguil 5.4 udrsuntning K-Means Cluster
Analysis fsuandluguil 5.5

fupoudl 7 Fendulsiideanstangy feinsiuaunguiisioanisda adndu iterate 9ty
NI K-Means Analysis : Iterate LLé";L?a'amﬁ”]muﬂflsﬂizmamaﬁgﬂqaq(ﬂ udnA continue
WleButiu dauanduguil 5.6

Fumeuil 8 AanUu save aztuntieng K-Means Cluster: Save New Variable wazAngniden
Cluster Membership e lilansiauusifisnihsaneiaungy wiane continue LiteBudh &
uamslugud 5.7

Funouii 9 Aanyal option AU K-Means Cluster Analysis: options WaaLaen
Initial Cluster Centers u&Ina continue Lieuduy é’w’mmﬂugﬂﬁ 5.8

fupoudi 10 adntu ok Witeddunisdangu asdfudsiivdmmidsudumneauennguds
uamalugUfl 5.9 uavazuanawtieing output IBM SPSS Statistics Viewer fauansdsgu

5.10 F95108LLDUAANILUNITIN 5.1 — 5.4

=] R ™
Fle  Home Imen P "
1o0m
¢ H [ L ™ N [ [ a [ s T

1 Wionthiy | Menthly | Masthly o Womthly
2 o swyoaan | Gote | reberence year- 2002 | ouTRUT
3 (swn} swn) (i) towhi
4 | GOP (viuduu | iaiilgn 2545 GWH [ MEA ] Peak Load Egat (GW]
s 1,810,07000 3,061.00 3061
[3 1810,070.00 3,167.00 3167
7 1.810,070.00 372100 m
8 1.738,309.00 3,409.00 3409
9 1,738,309.00 3,634.00 3.634,
10 1,738309.00 357200 BT e T W/
11 L B | 3,568.00 3568 WL 943731 | 35383y
1 L B (—@: 3,558.00 o358 U 3sud ) 3son3
13 A \\ A 351600 3516 35170 35660
14 % % 3.497.00 Ty kel
15 A W 3,552.00 3557 38575 ssmfﬁ
. . e 322700 T 32N b s
17 A ‘\\1:: 312500 \adsl Y\ 34a3 z.nzsaJ_
18 o m 3,138.00 a‘x}e‘i 34108 32980
19 ™ 3,783.00 P 378310 [~B3a0s 31600
0 \\ i 351400 Casan T asesa ™ ams o
21 T 3,676.00 3676143808y, 34517
n T 377100 3371 _aWI05 | 366100,
5 o 359100 358100 350121, L es7’
24 [t 3,630.00 363 35805 36703
2 wawr 361500 3615 36625 36640
% o 355200 o 3552 36345 36120
27 ALt 3,347.00 L 3347 3.6302 3.5000
3 T 3.282.00 2283 95843 35047
» 12 3,380.00 i o) Na®n s
30 [ 332100 3an 34605 | 33400
31 (e 371200 3712 34180 © 333
3 mar 3,606.00 3,606, 3.4342 34710 e
1 umar 375000 375 34432 35461 5 18539) 27500
E2) mr 368100 2681 35103 36897 5 18939 26810
35 1585w 3,670.00 367 35750 36790 7 1 !B!E\’ 3.6700
% ALt ] 3.740.00 ENES 36233 a.7003 B 1.88361 3.7400

Sheett | @ i

Sheet] | sheet

UM 5.2 wansiswSendayadunniiaindidnngusie K-means vaalusunsy SPSS
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8 Uit [DataSet] - 1M SPSS Seatistics Data Estor - 8 x

w4 sm W im
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3 341 R 20 153
X T 216 0 1.9
A am am am
68 kR 348 500 183
o se e sm m
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W a s aw s
37 344 355 500 189
368 351 L) 600 189
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am aw am nm s
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. am an am m
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a6 am o am w1
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Frocessoris
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OUTPUT 20.32 20.52 235 16.43 24.26 15.73

INANTIN 5.3 RATIWATTUYIEISEEYNIveaudna1sgavineazandnNAudnaIsuau lagdl

A9NER g 8.36 ( NAUT 4 UAENENT 6)

A15197 5.4 UansiuIunleuaatisanay [27]

Cluster

1

o B~ W N

40 sets
34 sets
25 sets
23 sets
19 sets

21 sets

Valid

162 sets

Missing

0 sets

= oA a o Y a I a A o 19 1
ANHNT NN 5.4 ﬂaqlﬁ/] 1 NQ']U'JUGQG]GU@HaﬂJ']ﬂV]QW ﬂaqlﬁ/] 5 QJQ']U'JUSQG\ISU@Hﬁu@EJQQ



uni 6

"‘s‘émimammswmnsaiwé’qmu‘lm?(hLLazﬁflé’a‘lV\Iﬂqqaqﬂ

6.1 n1sa1aadlneldlasetieUssaimiiey [31]

6.1.1 Saulvlunsilnaau

Tunsinasulassineuseamisuldnszuiunisusuainisinnintazatluwad

A38735 Levenberg-Marquardt Algorithm Huagilidauleiugiuiineitenunsduganis

Hnapunadl
1. Performance Gradient Factor

A1 Gradient Factor t{umisfiwesnianildlunisiiansanfenisdugavesns

HnasulumsusuanmimtnuazAluledusazsoutiu A1 Performance Gradient Factor
d 7l —— (e e - 2 “

zidvunlas Yuagnuarianain (e) Mintulu Epoch s lagnisilndeuasauanasie

A" Performance Gradient Factor IA1uagnIn 1e-10

2. u Factor

u 39 Learning Factor 1up1asf 7ikdisansusuradminuasluwedlig
Winmneu TunisusuaasiminuazArluleaudagseutunnmnm Gradient Factor &
| oa X ~ Yl ¥ )% PRl J ~ Y A &
ANANTY 228N1TUSUAT 1 IRNLAILAUNS2II9AN Gradient Factor dlualudifiaganasanntiu
! Y] A a o\ AV~ S A 1 Al oa X PN
A1 u NUTUANLIRE Y warlinsUSUINIUAnATalleA1 Gradient Factor dA1LHNTY Lagi
A1 w SuAUREAWAY 0.001 MSUTUAN u lilAuTAEYIlagNITAMAIe Increased Factor
d! a0 1 U U U g o ¥ d! a0 | U
FadAWIITU 10 WarnISUTUAT 1 anaaiuaLYiINIANAIY Decreased Factor FailAnviniy

0.1 wazMsANapUIAUgRAsilarT 4 HA1UINNIT 1e10

=]

3. Usunaudoyanngau

UsunauteuaiunldlunisiinasunaznaasulaseieUsyamitsutuazidu

Y

=) 1 a

=~ A a ° I = o P
Heulanllsnfinasousy@nsnimnismainevveslassingussarmiion tnenilutymn

o 24

FUGU NSV

Y
Y v vy

AnauATWTUegiuRMA YRRy AR NaaUIY

=

HNEauIuIuLNn azvinbilasesuneUsea e uduseansninnismd

4. annnwvastayarngau



49

(%

luniiienisnszanevesyndeyainasu lnglasaingusyamiieuaganansam
Amauliagreliuseansain Jeyatinaeuazdedimanszaeaneuazdayanaaesuaisey

Tuvr9999n15n521809Na

6.1.2 Waulvlunisnagau

1. Uszansamwlunisnagau

ms¥aussansnmuedasitidsndioutu wfadAanaavesneutesdoya
naaauiildanniasaeuszamiloniiiiunsindoundudunaet dmsulassdieyszam
Lﬁauﬁ%’@hmai%uﬁﬁmwanma?{aé’uyjiai (mean avsolute percentage error) AUENAT
6.1

Real Result;-Predicted Result;

MAPE= -3, S x100% (6.1)
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Best Validation Performance is 0.017347 at epoch 10
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1
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8.6 e lusuIAn N1TNEINTRIAMUABINITNAIULNHWLTIN WA (Spatial

Electrical Load Forecast )
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TWsunsudmdumsnensaindsnuluiuazidslniigegn

Tneldlassvnaussanniiey

TUsnsuaIsunIswennsalnshanasuliinvasnistuinuasrnalawaz g slna

gegnvasnsinihehendnuisUsenalnelagldlasaneyssamiieudu 19lusunsy MATLAB

lngideguain M-File Feansnsauntedoyal

'
Ya v

ANEILLUS DATA

9% %% %% % % %% %% % % % % %% % %% % %% % %% % % %% %% %% %% %% %% %%%

A208190USATUFMSUNITNEINTAILUU 2 Tugau (N1snennsainasaulnidnvesnisluii

UATVANNTUDUNATINTIANGN 6 NAY)

clear all

DATA = [3.
goF1 3
.5660
.5473
.5237
.5217
.4253
.2980
.1600
.3453
.4817
.6610
.6570
.6793
.6640
.6120
.5990
.5047
.3973
.3400
.3313
.4710
.5463
.6893
.6790
.7003
.6970
.6547
. 6437
.4833
.2740
.9979
.9742
.2093
.4081
.5425
.5241
.5867
.6204
.6315
.6371
.5526

.5118
.5770
.5428
.5575
.5438
.4863
.4108
.3408
.3853
.3898
.4105
.5012
.5805
.6625
. 6345
.6392
.5843
.5047
.4695
.4180
.4342
.4432
.5103
.5750
. 6233
.6932
.6668
.6720
.5902
.4643
.3208
.2287
.2416
.2030
.2583
.3667
.4974
.5815
.5778
.6119
.5865
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8
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PP RERERPR©OWOWw-Joyu & W
N = O

O 0 J o Uk W
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4
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3
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1
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2
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4
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6
6
5
5
1
1
3
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4
4
6
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NNNRRRPRRPRRERRRRPRPERERRRRREREREERERPRER,EEERRRRREBRRRRR B

.7468
.7468
28937
» 595
.8937
.9288
.9288
.9288
.8295
.8295
.8295
.8422
.8422
.8422
.9791
.9791
.9791
20720
.9929
R OPG
.8939
.8939
.8939
.8836
.8836
.8836
.9399
.9399
.9399
.9070
.9070
.9070
.8341
.8341
.8341
.8736
.8736
.8736
.0387
.0387
.0387

WWWwWwWwWwWwWwWwWwWNNWWWWWWWWWWWWWWWWWWWWWwWwWwwWwwWwwwwr

.7468
.5580
.5160
.4970
.5520
L2270
.1150
.1380
.7830
.5240
.6760
.71710
.5910
.6300
. 6150
.5520
.3470
.2930
.3800
.3210
L7120
.6060
.7500
.6810
.6700
.7400
.5540
.6370
.2590
.9260
.8086
.1879
.6313
.4052
.5911
.5759
.5933
.6922
.6091
.6101
.4386
.3181

3.5680
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.5436
.5172
.4890
.5365
.5615
.6533
. 7656
.8460
.8865
.8683
.8506
L7734
.6868
.5875
.5304
.5164
.4914
.5621
.6414
.7364
.8113
.8439
.8672
L7782
.6665
.6147
.6032
.6607
L7176
.8727
.0100
.0944
L1224
.0692
.0710
.0172
.9708
.9202
.8866
.9375
.9462
.0193
.0722
L1113
.1642
L1120
.0973
.0040
.8641
.7434
.6388
.6688
. 6885
.7878
.9560
.1019
L2126
.2123
.2080
.1298
.0201

Wb B DD D DSDWWWWWWwWwWwhs DS DSBS DDDWWWWWWWEEED™DDWWWWWWWWWWWWWWWWWWWWWWWWWwWwWwww

.4556
.3972
.4253
.6173
L7257
.8812
.9139
.9663
.8918
.8227
.7350
. 6551
.5508
.4400
.4057
.4821
.5429
.7185
.8007
.9299
.9041
.8871
.8044
. 6523
.4460
.4250
.5542
.8754
.0102
. Bpil 2
.144¢6
ol R3S
.0537
.9938
. 9683
.9807
.9477
.8768
.7925
.9273
.0156
.2460
.2170
.2071
.0825
.0070
.9876
.9255
L7213
.4993
.3521
.6163
L8777
.2235
.2957
.3260
.2017
.1289
.0899
.0580
.9112
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.1394
.1394
.1394
.9972
.9972
.9972
.9819
.9819
.9819
.1095
.1095
.1095
.2084
.2084
.2084
.0347
.0347
.0347
.0297
0297
.0297
.0237
.0237
.0237
{2 1
Rl |
L2721
.1587
.1587
.1587
L1317
.1317
.1317
o =)
.3339
- B9 9
.3899
.3899
.3899
b1 58
.2158
.2158
.1860
.1860
.1860
.3451
.3451
.3451
.3776
.3776
.3776
.2338
.2338
.2338
.2055
.2055
.2055
.3947
.3947
.3947
. 4477

Wb BB D DD DSDWWWWWWRSsSEDSDDDDWWWDASWWWESB™DDWRDEWWWWWWWWWWWWwWwWWwWwWwWwWwWwWwWwwwww

.4350
.5229
.8941
.7601
.9894
.9922
.9173
.7659
.7851
. 6540
.5261
L4722
.3217
L4233
.7014
.5041
.9502
.9479
.8916
.8727
.8971
. 6435
.4164
.2780
.5807
.8038
.2418
.9851
.3469
.1017
.0869
FN A 3
{9028
SISO
.0241
.8232
.7832
L7712
.2275
.0479
.4626
.1406
.0181
.0887
.9141
e o)
.9024
.3016
.2937
.4609
.0943
.0780
.4982
.3109
.1688
.1253
.0926
.0520
.0295
.6522
.4695
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3.9035 3.7171 2 5 2.4477 3.6412
3.8228 3.5876 3 1 2.4477 4.1991
3.8406 3.7699 4 1 2.2935 4.0568
3.8414 3.9657 5 3 2.2935 4.5406
3.9266 4.2655 o6 3 2.2935 4.4157
4.0538 4.3377 7 2 2.2686 4.3266
4.1967 4.4276 8 2 2.2686 4.2462
4.2975 4.3295 9 4 2.2686 4.1744
4.2934 4.2491 10 4 2.4615 4.1258
4.3049 4.1821 11 6 2.4615 4.1773
4.2443 4.1592 12 6 2.4615 3.9705
1:

tr = 102;%Number Data for train

ts = 12;%Number Data for test

sttr = 1;%First data for train

sttrl = sttr;

sttr2 = sttr+l;

sttr3 = sttr+2;

entr = sttr+tr-1;

stts = 103;%First data for test

ents = stts+ts-1;

sttsl = tr+l H
entsl = sttsl+ts-1;

stnode = 11;%Number neural of 1st Hidden
noderange = 1;

structure =6;%Number structure
roundperstructure = 30; 3Number Round per Structure

INPUT1 = DATA (sttr:entr , 1:5);S%Number TInput for training
OUTPUT1 = DATA (sttr:entr , 6);%Number Output for training
INPUT2 = DATA(stts:ents , 1:5);%Number  Input for testing
OUTPUT2 = DATA (stts:ents , 6);%Number Output for testing
INPUT = [ INPUT1 ; INPUT2];

OUTPUT = [ OUTPUT1 ; OUTPUT2];

OUT = OUTPUT';

[a,meanp,stdp,b,meant,stdt] = prestd(INPUT',OUTPUT');%Normalization

mxp = max (max(a));

mnp = min(min(a));

awp 1.8/ (mxp-mnp) ;
bwp = 0.9 = (awp*mxp) ;
pn = (awp*a)+bwp;

mxt = max (max (b)),

Il

mnt = min (min (b)) ;

awt = 1.8/ (mxt-mnt) ;

bwt = 0.9 - (awt*mxt);

tn = (awt*b) tbwt;

iitr = [sttrl:3:entr sttr2:3:entr sttr3:3:entr];
$iiv = [ sttr3:3:entr];

ptr = pn(:,iitr);
ttr = tn(:,1itr);
Br = OUT(:,iitr);
Spv = pn(:,1iiv);
$tv = tn(:,1iv);
$Bv = OUT (:,1iv);
pts = pn(:,sttsl:entsl);
tts = tn(:,sttsl:entsl);
Bs = OUT (:,sttsl:entsl);

v.P = pts;
v.T = tts;
for n = 1 : structure

start = clock;
w = stnodet+noderange* (n - 1);
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u = w - 1;%Number neural of 2nd Hidden

92

net=newff (minmax (ptr), [w,u,1], {'tansig', "tansig', 'tansig'}, 'trainlm")

;%Activation function & Training Algorithm
net.trainParam.show=100;
net.trainParam.epochs=200; $Epochs or Iteration
net.trainParam.max fail=1;
for g = 1: roundperstructure

[i,J] = size(ptr);
gnet.iw{l,1} = 0.5*%ones
net.lw{2,1}

W,

Snet.1lw{3,2}
$net.b{1l} = 0.
gnet.b{2} = 0.
gnet.b{3} = 0.
net.layers{l}.initFcn
net.inputWeights{1l,1}
net.biases{1l}.initFcn
net.layers{2}.initFcn

0.5*one

(w, 1
= 0.5*ones (u,w) ;

(1,u
5*ones (w,
5*ones (u,

5*ones (1,

sinitFen =

s(1,
1)

1)
1)

= 'initwb';

'rands';

’

’

= 'rands';
'"initwb';

net.layerWeights{2,1}.initFcn = 'rands';
net.biases{2}.initFcn = 'rands';
net.layers{3}.initFcn = "initwb';
net.layerWeights{3,2}.initFcn = 'rands';
net.biases{3}.initFcn = 'rands';

net = init (net);

[net,tr] = train(net,ptr,ttr, [ 1,[ 1,Vv);
Sn = sim(net,ptr);
S1 = (Sn-bwt)/awt;
S poststd (S1l,meant, stdt) ;

o\°,

S = poststd (Sn,meant,stdt) ;
SSn = sim(net,pts);

S2 = (SSn-bwt) /awt;

SS = poststd(S2,meant, stdt) ;
%SS = poOststd(SSn,meant,stdt);
CCl = [Br - S];
EE1l = abs(CCl);

for aal=l:length (S)

GGl (aal) = abs(100*[EE1(l,aal)/Br(l,aal)l);
end
Rr(g,n) = mean (GG1l);
CC2 = [Bs - SS];

EE2 = abs(CC2);

for aa2=1l:1length (SS)
GG2 (aa2) = abs(100*[EE2(1l,aa2)/Bs(l,aa2)]);
end
R(g,n) = mean(GG2);
if g==1
qll = 1;
nlr = S;
nl = SS;

x1l = net.iw{l,1};x2 = net.1lw{2,1};x3 = net.lw{3,2};
vyl = net.b{l};y2 = net.b{2};y3 = net.b{3};

zr = Rr(qg,n)

z1l = R(g,n)

else
if R(gq,n) < min(R(l:g-1,n))
qll = q;
nlr = S;
nl = SS;

x1l = net.iw{l,1};x2 = net.1lw{2,1};x3 = net.1lw{3,2};

yl = net.b{1l};y2 = net.b{2};y3 = net.b{3};
zr = Rr(qg,n)



z1l = R(qg,n)

end
end
a
n
end
% nllr(:,n) = nlr';
% nll(:,n) = nl';

CCCl = [Br - nlr];
EEE1l = abs (CCC1l);
for aaal=l:length (nlr)
GGGl (aaal) = abs (100*[EEE1(1,aaal)/Br(l,aaal)l]);:
end
Rlr (n) = mean (GGG1) ;
CCC2 = [Bs - nl];
EEE2 = abs (CCC2);
for aaa2=1:length (nl)

GGG2 (aaa2) = abs (100*[EEE2(1,aaa2)/Bs(l,aaa2)]):
end
Rl (n) = mean (GGG2) ;
if n ==
n _best = stnode;
x1 best = x1 ;x2 best = x2 ;x3 best = x3 ;
yl best = yl ;y2 best = y2 ;y3 best =y3 ;
zr _best = zr
Zgl besiy =\l
else

if Rl1(n) < min(R1(1l:n-1))
nebesti=yW /;
x1 best = x1 ;x2 best = x2 ;x3 best = x3 ;

yl best = yl ;y2 best = y2 ;y3 best = y3 ;
7l OCot 7 #2X
z1l best = zl
end
end
z1l best
mape r(n) = zr
mape s (n) = zl
Timetaken (n) = etime (clock,start) /60
end

net=newff (minmax (ptr), [n best,n best-
1,1]1,{'tansig', "tansig', "tansig'}, 'trainlm') ;

net.iw{l,1} = x1 best; net.lw{2,1} = x2 best; net.lw{3,2} =
x3 best;

net.b{l} = yl best; net.b{2} = y2 best; net.b{3} = y3 best;

Sn = sim(net,ptr);

S1 = (Sn-bwt) /awt;

S = poststd(Sl,meant,stdt);

%S = poststd(Sn,meant, stdt) ;

SSn = sim(net,pts);

S2 = (SSn-bwt) /awt;

SS = poststd(S2,meant,stdt) ;

%$SS = poststd(SSn,meant,stdt);

M = [Br ; S];
Cl = [Br - S];
El = abs(Cl);
Fl = Br;

for al=l:length (El1)

Gl (al) = abs(100*[E1(1l,al)/F1(1,al)l);
end
H = sum(Cl."2);
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N = [Bs ; SS];
C2 = [Bs - SS];
E2 = abs(C2);
F2 = Bs;

for a2=1:length (E2)
G2 (a2) = abs(100*[E2(1,a2)/F2(1,a2)]1);

end

Timetaken

minl = min (G1)
meanl = mean (G1l)
maxl = max (G1l)
comparel = M
percenterrorl = Gl
compare?2 = N
percenterror?2 = G2
min2 = min (G2)
mean?2 = mean (G2)
max2 = max (G2)
nodel = n best
node2 = n best-1
x1 best

x2 best

x3 best

yl best

y2 best

y3 best

MeanAbsoluteErrorTest = mape s

MeanAbsoluteErrorTrain = mape r

SumSquarekError = H

save ASAI n00. timeperround.txt Timetaken -ascii

save ASAI n00 nodel.txt nodel -ascii

save ASATI n00 node2.txt nodez2 -ascii

save ASAI n00 wl.txt xl best -ascii

save “‘ASAT n00 w2.txt x2 best -ascii

save ASAI n00 w3.txt x3 best| mascii

save ASAI n00 bl.txt yl best -ascii

save ASAT n00,b2.txt y2 best -ascii

save ASAI-n00 b3.txt y3 best -—ascii

save ASAI n00 MSE.txt SumSquareError -ascii

save ASAI n00 MAPE' S.txt MeanAbsoluteErrorTest -ascii
save ASATI n00 MAPE R.txt MeanAbsoluteErrorTrain -ascii
save ASAT n00 testcompare.txt comparel -ascii

save ASAI n00 .testpercenterror.txtipercenterror2 -ascii
save ASATI n0O0 trainmin.txt minl. -ascii

save ASAI n0OO.trainmean.txt meanl =ascii

save ASAI n00 trainmax.txt -maxl -ascii

save ASAI n00 testmin.txt min2 -ascii

save ASAI n00O testmean.txt mean2 -ascii

save ASAI n00 testmax.txt max2 -ascii

9% %% %% % % %% %% % % %% %% % % %% % % %% %% % %% %% % % %% %% %% % %%

fegelusunsudmiun1sneInsaliuy 3 Fugeu (nswensalidalniirasanveanslin
FendauvaUsewmelne)

clear all
DATA = [14.0492 14.3345 14.4363 14.2558 10 0.78 14.1393
14.0876 14.3921 14.3064 14.2556 11 0.78 14.1339
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22.5796 22.4312 21.9614 21.9618 2 1.22 22.2069
22.6075 22.2309 22.0136 21.9325 3 1.22 23.1563
22.5951 22.2219 22.1705 22.2172 4 1.14 23.3221
22.5472 22.2726 22.4284 22.8951 5 1.14 23.9002
22.5380 22.4956 22.6960 23.4596 © 1.14 23.0292
22.5207 22.5861 22.8172 23.4172 7 1.16 23.3514
22.5612 22.7613 23.1610 23.4269 8 1.16 23.4425
22.6903 22.8888 23.3670 23.2744 9 1.16 22.8086
22.7397 22.9451 23.3090 23.2008 10 1.08 22.0621
22.7637 23.0310 23.0990 22.7711 11 1.08 20.9546
22.6520 22.8919 22.6081 21.9418 12 1.08 21.1049
22.5523 22.6640 22.2873 21.3739 1 1.22 22.2511
22.6325 22.5450 22.1040 21.4369 2 1.22 23.5544
22.7448 22.5065 22.1226 22.3035 3 1.22 24.5715
22.8627 22.6779 22.4164 23.4590 4 1.19 26.1211
23.0960 22.9856 23.0929 24.7490 5 1.19 25.2073
23.2049 23.1817 23.8017 25.3000 6 JL ) 23.9273
23.2797 23.3060 24.2721 25.0852 7 1.19 23.9326
23.3282 23.5139 24.5524 24.3557 8 1.19 24.1557
23.3876 23.8695 24.6526 24.0052 9 1.19 24.0093
23.4877 24.1923 24.5589 24.0325 10 1.29 24.1313
23.6601 24.4012 24.2273 24.0988 11 1.29 24.6579
23.9687 24.5238 24.1357 24.2662 12 1.29 24.0739
24.2161 24.4685 24.1601 24.2877 1 ) 23.3908
24.3111 24.1651 24.0698 24.0408 2 1.29 24.5894
24.3973 24.0965 24.1421 24.0180 3 lggP9 26.4230
24.5516 24.3738 24.5444 24 .8011 4 d* =2 3 26.3246
24.5686 24.6395 24.9099 25.7790 5 I .PE 26.5981
24.6845 24.9109 25.2333 26.4486 6 W S 25.0380
24.7771 25.0252 25.3940 25.9869 7 1.22 24 .56084
24.8300 25.0738 25.5903 25.4015 8 1.22 23.9417
24.8122 24.9942 25.4823 24.5160 9 1 W2 24 .3637
24.8417 25.0264 25.1391 24.2913 10 1.30 235 "4l5
24.8092 25.0654 24.7086 24.0156 11 1.30 24.2512
24.7754 25.0278 24.3174 24.1188 12 1.30 22 9052
24.6780 24.6369 23.9619 23.6326 1 728 22.5569
24.6085 24.2183 23.6267 23.2378 2 1.28 23.6586
24.5309 23.8917 23.5795 23.0402 3 1.28 26.1059
17

tr = 150;%Number Data for train

ts = 12;%Number Data for test

sttr = 1;%First data for train

sttrl = sttr;

sttr2 = sttr+l;

sttr3 = sttr+2;

entr = sttr+tr-1;

stts = 151;%First data for test

ents = stts+ts-1;

sttsl = tr+l ;
entsl = sttsl+ts-1;

stnode = 11;%Number neural of 1lst Hidden

noderange = 1;

structure =6;%Number structure

roundperstructure = 30;%Number Round per Structure
INPUT1 = DATA(sttr:entr , 1:6);%Number Input for training

OUTPUT1 = DATA (sttr:entr ,
INPUT2 = DATA(stts:ents ,
OUTPUT2 = DATA (stts:ents ,
INPUT = [ INPUT1 ; INPUT2];
OUTPUT = [ OUTPUT1 ; OUTPUT2];
OUT = OUTPUT';

7) ; sNumber
1:6) ;%$Number
7) ; sNumber

Output

Input

Output

for training
for testing
for testing
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[a,meanp, stdp, b, meant, stdt] = prestd (INPUT',OUTPUT') ;$Normalization
mxp = max(max(a));

mnp = min(min(a));

awp = 1.8/ (mxp-mnp) ;

bwp = 0.9 - (awp*mxp) ;

pn = (awp*a)tbwp;

mxt = max (max (b)) ;

mnt = min (min (b)) ;

awt = 1.8/ (mxt-mnt) ;

bwt = 0.9 - (awt*mxt);

tn = (awt*b) tbwt;

iitr = [sttrl:3:entr sttr2:3:entr sttr3:3:entr];
iiv = [ sttr3:3:entr];

ptr = pn(:,iitr);

ttr = tn( ,iitr);

Br = OUT(:,iitr);

Spv = ,1iv) ;

tv = ,1iv) ;

(:

n(:

n(:
$Bv = OUT(.,llV);
pts n(:,sttsl:entsl);
tts = tn(.,sttsl.entsl),
Bs = OUT (:,sttsl:entsl);

v.P = pts;
v.T = tts;
for n = 1 : structure
start = clock;
w = stnodetnoderange*(n - 1);
u =w - 1;%Number neural of 2nd Hidden
s =.u - 1;%Number neural of 3nd Hidden

net=newff (minmax(ptr), [w,u,s,1],{'tansig', 'tansig’, 'tansig', 'tansig’

, '"trainlm') ;%Activation function & Training Algorithm
net.trainParam.show=100;
net.trainParam.epochs=200; $Epochs or Iteration
net.trainParam.max fail=1;
for g = 1l: roundperstructure

[1,J] = size(ptr);

$net.iw{l,1} = 0.5*ones(w,1i);
$net.lw{2,1} = 0.5%ones (u,w) ;
Snet.lw{3,2} =.0.5%ones (1,u)y

$net.b{l} = 0.5*ones(w,1);

$net.b{2} = 0.5%ones (u,1);

Snet.b{3} = 0.5*ones(1,1);
net.layers{l}.inithn = 'initwb';
net.inputWeights{1l,1}.initFcn = 'rands'
net.biases{l}.initFen = 'rands"'
net.layers{2}.initFcn = '"initwb';
net.layerWeights{2,1}.initFcn = 'rands'
net.biases{2}.initFcn = 'rands'
net.layers{3}.initFcn = '"initwb';
net.layerWeights{3,2}.initFcn = 'rands'
net.biases{3}.initFcn = 'rands'
net.layers{4}.initFcn = 'initwb';
net.layerWeights{4,3}.initFcn = 'rands'
net.biases{4}.initFcn = 'rands'

net = init (net);

[net,tr] = train(net,ptr,ttr, [ 1,0 1,Vv);

Sn = sim(net,ptr);
1 = (Sn-bwt) /awt;

= poststd(Sl,meant,stdt);
%S = poststd(Sn,meant, stdt) ;

98
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SSn = sim(net,pts);

S2 = (SSn-bwt) /awt;

SS = poststd(S2,meant, stdt) ;
%3S = poststd(SSn,meant, stdt) ;
CC1 [Br - S];

EE1 = abs(CCl);

for aal=l:length (S)

GGl (aal) = abs(100*[EE1(l,aal)/Br(l,aal)l);
end
Rr(g,n) = mean (GGl);
CC2 = [Bs - SS];
EE2 = abs(CC2);
for aa2=1:1length (SS)
GG2 (aa2) = abs(100*[EE2(1l,aa2)/Bs(l,aa2)]);
end
R(g,n) = mean (GG2) ;
if g==1
qll = 1;
nlr = S;
nl = SS;

x1 = net.iw{l,1};x2 = net.1lw{2,1};x3 = net.1lw{3,2};x4 =

net.lw{4,3};

vyl = net.b{l};y2 = net.b{2};y3 = net.b{3};y4 = net.b{4d};

zr = Rr(g,n)
z1 = R(q,n)
else

if R(gq,n) < min(R(l:g-1,n))
gl =l g;
RN NS
i 8 b e S}
x1l = net.iw{l,1};x2 = net.1lw{2,1};x3 = net.1lw{3,2};x4

= net.lw{4,3};

yl = net.b{l};y2 = net.b{2};y3 = net.b{3};vy4 =
net.b{4};
zr = Rr(q,n)
z1l = R(g,n)
end
end
q
n
end
%$ nllr(:,n) = nlr';
$ nll(:,n) = nl'";
CCCl = [Br - nlr];

EEE1 = abs (CCCl);

for

end
Rlr (

Cccc2 =

EEE2

i

aaal=l:length (nlr)

GGGl (aaal) = abs (100*[EEE1 (1,aaal)/Br(l,aaal)]):

n) = mean (GGG1) ;
[Bs - nl];

= abs (CCC2);

for aaa2=1l:1length (nl)
GGG2 (aaa2) = abs (100*[EEE2(1,aaa2)/Bs(l,aaa2)]):

end

Rl (n) = mean (GGG2) ;

fn==1
n best = stnode;
x1 best = x1 ;x2 best = x2 ;x3 best = x3 ;x4 best = x4 ;
yl best = yl ;y2 best = y2 ;y3 best = y3 ;y4 best = y4 ;
zr best = zr

z1l best z1
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else
if Rl1(n) < min(R1(1l:n-1))
n best = w ;

x1 best = x1 ;x2 best = x2 ;x3 best = x3 ;x4 best =
x4 ;
yl best = yl ;y2 best = y2 ;y3 best = y3 ;y4 best =
vd
zr_best = zr
z1l best = zl
end
end
z1l best
mape r(n) = zr
mape s (n) = zl
Timetaken (n) = etime(clock,start) /60
end

net=newff (minmax (ptr), [n_best,n best-1,n best-
2,11, {'tansig', 'tansig"', 'tansig', 'tansig'},'trainlm') ;

net.iw{l,1} = x1 best; net.lw{2,1} = x2 best; net.lw{3,2} =
x3 best;net.lw{4,3} = x4 best;

net.b{l} = yl best; net.b{2} = y2 best; net.b{3} =
y3 best;net.b{4} = y4 best;

Sn = sim(net,ptr);

S1 = (Sn-bwt) /awt;

S = poststd(Sl,meant,stdt);

3S5+= poststd (Sn,meant,stdt)

SSn = sim(net,pts);

S2 (SSn-bwt) /awt;

SS = poststd(S2,meant,stdt) ;

%SS = poststd(SSn,meant, stdt) ;

Il

M_ = [Bri 7131/

ClL = [Br - S1;

El = abs(Cl);

F1l = Br;

for al=1l:1length (E1)
Gl(al) = abs(100*[E1(1,al)/F1(1,al)l);

end

H = sum(Cl.”2);

N = [Bs ; SS];

C2 =0 [Bs - \SSiw

E2 = abs(C2);

F2 = Bs;

for a2=1:1length (E2)
G2 (a2) = abs(100*[E2(1,a2)/F2(1,a2)]1);
end
Timetaken
minl = min (G1l)
meanl = mean (G1l)
maxl = max (G1l)
comparel = M

percenterrorl = G1
compare?2 = N
percenterror2 = G2

min2 = min (G2)
mean2 = mean (G2)
max2 = max (G2)
nodel = n best
node2 = n best-1
x1 best

x2 best

x3 best



yl best

y2 best

y3 best

MeanAbsoluteErrorTest = mape_ s
MeanAbsoluteErrorTrain = mape r
SumSquarekError = H

save
save
save
save
save
save
save
save
save
save
save
save
save
save
save
save
save
save
save
save

ASAT n00_ timeperround.txt Timetaken -ascii

ASAI n00 nodel.txt nodel -ascii

ASAI n00 node2.txt nodeZ -ascii

ASAT n00 wl.txt x1 best -ascii

ASAT n00 w2.txt x2 best -ascii

ASAI n00 w3.txt x3 best -ascii

ASAI n00 bl.txt yl best -ascii

ASAI n00 b2.txt y2 best -ascii

ASAI n00 b3.txt y3 best -ascii

ASAI n00 MSE.txt SumSquareError -ascii

ASAI n00 MAPE S.txt MeanAbsoluteErrorTest -ascii
ASAI n0O MAPE R.txt MeanAbsoluteErrorTrain -ascii
ASAI n00 testcompare.txt compare2 .-ascii

ASAI n00 testpercenterror.txt percenterror2 -ascii
ASAI n00 trainmin.txt minl--=ascii

ASAI n00 trainmean.txt-meanl -ascii

ASAI n00_trainmax.txt maxl -ascii

ASAI n00 testmin.txt min2 -ascii

ASAIL n0OO.testmean.txt mean2 -ascii

ASAI ‘n00 testmax.txt max2 =—ascii
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%% % % %96 % % % % %% % % %% % % % % % % % %% % % % % % % %% % % %% %% %% % %%
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clear all
DATA =

14.
14.
.2840
14.
.5041
.54¢67
14.
.6835
15.
15.
L2272
.3333
.3746
.7436
14.

14

14
14

14
15
14
14
14

14

15

0876
1496

4034

6081

0582
1809

8266

.8870
14.
14.
15.
15.
15.
l6.
l6.
.3193

9263
9748
0032
8303
9322
0343
1561

[14.0492 14.3345 14.4363 14.2558 10 0.78 14.1393
14.3921 14.3064 14.2556 11 0.78 14.1339
14.3953 14.2160 14.1751 12 0.78 14.1246
14.3350 14.1942 14.1326 1 0.78 14.2118
14.3323 14.3706 14.6085 4 0.74 16.1264
14.5530 14.7017 15.2467 5 0.74 15.1878
14.6433 14.8774 15.4424 6 0.74 14.9923
14.7255 15.0220 15.4355 7 0.74 15.0451
14.8262 15.1609 15.0751 8 0.74 15.0967
14.9302 14.8729 14.8403 3 0.81 16.4853
15.0961 15.0793 15.4329 4 0.78 16.6811
15.2779 15.3820 16.1424 5 0.78 16.2931
14.2565 14.2062 14.1568 2 0.78 14.6008
14.2481 14.2437 14.3124 3 0.78 15.0129
14.9332 15.2435 15.0447 9 0.74 15.2473
15.0579 15.2826 15.1297 10 0.80 14.8645
15.1304 15.0723 15.0695 11 0.80 14.6049
15.1309 14.9751 14.9056 12 0.80 14.7076
15.0970 14.9277 14.7257 1 0.81 14.5525
14.9221 14.8456 14.6217 2 0.81 15.2608
16.1603 15.9973 15.9616 12 0.85 15.9297
16.0986 15.9594 15.9987 1 0.87 15.7775
15.9982 15.9173 15.9271 2 0.87 16.7235
16.0460 16.0526 16.1436 3 0.87 17.2222
15.4108 15.6634 16.4865 6 0.78 16.1569



15
15
15

15
21
21

22

17
17

17

18
18

19.
19.
19.
18.
.5231
22.
87897
L7637
22.
18.
19.
19.
19.
.5796
22.
.5951
19.
19.
19.
19.
19.
.2451
.3199
19.
19.
19.
19.
19.
20.
20.
.1105
21.
21.

18

22
22

22

22

20
20

21

20

.4163
.4984
.5663
15.
L7079
.2811
.2576
21.
16.
16.
16.
16.
16.
17.

6139

0439
2176
6698
7776
8608
9438
0517

.5523
22.
17.
.6005
.6215
17.
17.

6325
4817

6851
7400

.8500
17.
18.
.2001
.2983

9678
0779

3923
3918
4357
4175

6903

6520
9773
0631
1059
1514

6075

1888
2102
2342
2857
3487

5359
6259
6951
8149
9227
0353
1722

1064
1049

.4379
20.

6091

15

21
21

17

17
17
22
22
17
17
17

18

18

18
18

22
22

20

20
20
20

20

.5119
15.
15.
15.
16.
.4665
.4102
20.
16.
16.
.0496
17.

6413
7866
9100
0700

9970
1644
9239

1481

.2827
.3545
. 6640
.5450
.3849
.6049
L7347
17.
17.
18.
.2525
18.
.5461
18.
19.
19.
19.
.3066
.3695
228
22.
23.
22.
19.
).
1g”
i O¢
22.
.2309
.2219
19.
19.
19.
19.
18.
.2189
20.
19.
19.
19.
20.
.2945
L3776
.3051
20.
20.
21.

8809
9855
1140

4167

4167
1551
3297
5546

8888
9451
0310
8919
2268
2991
3217
3900
4312

4453
4622
2653
0811
9876

1665
7395
8819
9682
1642

8l6l
8779
1193

.3578
20.

6407

15.
16.
16.
16.
16.
.3017
.0669
.5666
16.
L4223
.5026
.4349
.2954
17.

21
21
20

17
17
17
17

22

17
147

18
18
18

18
18

18

23

20
20
20
20
20

21
20

9050
1512
2597
1485
0337

2866

1700

.2873
22.
.5285
. 9057
18.
.2645
18.
.5899
18.
.2501
.3272
AS 322
199
19.
IS
.3874
18.
3%
.3090
23.
24/
19.
IS4,
=9
19.
21.
g
22.
19.
18.
Ty
18.
18.
20.
20.
.2257
.4192
.4482
.3597
.2799
20.
20.
20.
20.
.2605
.5161
20.

1040

0730

4476

4072

2701
5655
8941

4563
3670

0990
6081
6224
7389
7555
5145
9614
0136
1705
2181
9773
8460
8326
9419
0710
1916

1765
1186
7567
9316

9384

16.
16.
16.
15.
15.
21.
20.
19.
16.
.5873
.2819
17.
17.
17.
.3739
.4369
1gfe
18.
18.
.5856
18.
18.
.2287
.3551
.4585
196w,
10
8230
.7800
.4196
18.
.27744
.2008
s
)Ll
20.
19.
i e
18.
S
21.
L2172
18.
18.
18.
18.
19.
20.
20.
20.
.5145
20.
20.
20.
.2365
20.
20.
21.

17
17

21
21

18

18
18
18

20
20
18

23
23

22

20

20

21

21

3770
1599
0329
9200
9075
1051
6420
7688
5744

0977
0034
0582

9433
7501
9838

1450
1959

4357
Y /3%

4541

7711
9418
1039
5781
0790
9251
9618
28R >

8580
8757
7669
8071
0082
0969
1466
6782

1164
0412
0452

1960
7998
1846

.7962
20.
.7800

8362

7
8
9

(@}

N -
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.79
.79
.79
.85
.85
.08
.08
.05
.83
.84
.84
.92
.92
.92
.22
.22
.88
.88
.88
.90
.90
.90
¥
N
207
< A
L8
.98
.98
.96
.96
A6
.08
.08
.08
.94
.94
.94
.02
12
.22
.14
.02
.02
.02
.02
.02
.06
.06
.99
.99
.99
.07
.07
.07
.06
.13
.07
.07
.02
.02

16.
15.
15.
15.
16.
.2009
.3941
18.
17.

20
18

17

17

22
23

19.
18.
18.
17.
18.
L2297
18.
18.
18.
.2612
20.
2y
.4393
i
.2215
2
22
20.
all
18.
19.
18.
18.
.2069
23.
Za3
W%
18.
18.
19.
20.
.5929
22.
20.
19.
.2135
20.
.4436
20.
19.
22.
.5682
21.

18

18

20

20

22

20

20

20

22

22
21

0298
9121
8182
9923
0742

6029
8264

.2052
16.
16.
.3694
16.
.2511
.5544

8162
9889

9828

2521
3735
1313
9303
5262

3095
8363
1612

38§
064

94

8086
0621
9546
1049
9601
0394
7759
7587

1563
3221
0924
4497
8792
6957
7448

16l

0403
8697
0523
0922
7548
1121

61

.5861
.2342

102



20.
L7163
. 7460
20.
20.
20.
20.
21.
21.
20.
20.
.7604
21.
21.

20
20

20

21
23
23

21
21

20
20
20
20

22
22
22

22
22
22
22
22

23
23

22

21
21
18
18
17
17
17

6233

8279
8987
9439
9472
0193
1009
8702
8040

1363
1230

.2140
.3282
.3876
23.
18.
20.
.3578
.5122
21.
21.
20.
20.
.5673
.5396
.5349
.5607
20.
20.
21.
21.
22.
.2264
.3312
.3941
22.
.5530
.5472
.5380
.5207
.5612
23.
.2049
L2797
l6.
l6.
l6.
.7448
22.
.2755
.2714
.5977
.7049
.1395
L2273
.3064
23.
23.

4877
8851
8664

7774
9768
6952
6493

6943
9019
0991
1923
1734

4350

0960

3130
4654
5663

8627

6601
9687

20

21
21
21
20
20
21
21
21
23
24
20
21
22

20
20
20

22
22

22

22
22

22

23

22

21

21

17

17

24
24

L7923
20.
20.
.0251
21.

9414
9796

1329

L2262
.2141
21.
20.
.4613
20.
.5144
.2034
.2404
.3398
.5139
23.
.1923
19.
.5565
.3974
714
22.
.3334
20.
20.
.3881
.5055
.7903
21.
21.
21
21.
21.
"af85
.5484
22.
.7855
22.
L7211
.2726
22.
.5861
22.
22.
23.
.3060
l6.
l6.
l6.
.5065
22.
.4628
.4690
18.
18.
.3279
L2173
17.

0804
8745

4527

8695

1149

7743

0801

4297
4109

0589
1756
1276
0081
1242

6961

8325

4956
7613
9856
1817
3640
6095
7818
6779

6018
8915

1674

.4012
.5238

21.

21
21
21
21

20
20
20
21
21
24

24

20
20

21

23

22
22

24

22
21

18

17

24
24

0702

.3141
.4210
.4643
.2813
20.
20.
L7246
.7808
19.
19.
.2191
21.

9493
8242

9461
9968

4483

.5213
.6473
.5524
24.

6526

.5589
dsS".
20.
e
22.
22.
L.
.3235
.7320
219
21.
2l
20.
21.
pANAY
21.
.2515
23/
.2013
264
s
.3801
.2242
g
22.
22.
2%,
28y,
23.
L2721
l6.
l6.
17.
22.
.4164
.7942
21.
.7883
19.
.1057
17.
17.

4430
0855
6426
1222
4898
8818

0491
1332
0730
9022
0650
0718
1491

1978

0198
6659

4284
6960
8172
1610
0929
8017

5923
9335
1733
1226
6112
1596

0324
1102

L2273
.1357

21.

21
21

20

20

20

20

21

21

24

24
20

23
23
21
21
20

21
21

22

23

25
17
17
22
23

21
21

17

24

9938

L7919
.0620
20.
L7707
20.
.7135
20.
L7249
19.
L2249
.3722
22.
21.
.4983
eSS 7/
24.

9349

8367

6786

2502

0968
8580

0052

.0325
.4319
19.
2L &
23.
L7372
. 7150
.3968
s P L
.7260
20.
20.
21.
Aly
.2366
.2198
sl
B
LA
.3246
? Wa
A%
22.
22.
.4596
23.
23.
24.
.3000
25.
.2574
17.
L7721
.3035
.4590
.4917
.3643
19.
19.
L1137
17.
17.
24.
.2662

0660
0486
0247

8695
9070
0784
2605

2425
3709
6654

9610
0947
1238
8951

4172
4269
7490
0852

7233

1409
8997

0613
1623
0988
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.02
.03
.03
.03
.13
.13
.13
.13
.13
.05
.02
.02
.07
.07
.07
.19
S
.29
.93
.05
.11
11
s
]
.02
.04
.04
.04
.14
.14
.14
.18
.18
e
AL,
e
.19
.19
ofiC)
.22
.14
.14
.16
A6
.19
.19
.19
.83
.83
.84
.22
.19
.07
.08
.93
.93
.93
.93
.93
.29
.29

21
20

21
20

20
20
21
22
21

21

24

24

20
21

23

22

2
22
21

17
17
24

20
20
20

24

.5554
.3963
20.
.0627
.5944
20.
20.
. 7334
.7082
.3181
.0449
20.
.3958
21.

853

4834

9579

8275

4892

.5901
24.
24.

1557
0093

L1313
19.
20.
23.
.0099
23.
228
20.
.5057
5 5] €
20.
2
Faifoch
20.
20.
21
.30405
Al
.2150
208
.2948
.3022
.2883
23.
Za3
230
23.
287,
23.
23.
18.
.3686
.2718
.5715
26.
21.
.7114
.5375
.5368
le6.
17.
19.
24.

2375
7536
89772

2373
8655
8448

9574
02

8042
8856
9695
87229

8934

7745

9002
0292
3514
4425
2073
9273
9326
1214

1211
0137

8317
6723
3258
6579

.0739



24.2161 24.4685 24.1601 24.2877 1 1.29
24.3111 24.1651 24.0698 24.0408 2 1.29
24.3973 24.0965 24.1421 24.0180 3 1.29
24.5516 24.3738 24.5444 24.8011 4 1.23
24.5686 24.6395 24.9099 25.7790 5 1.23
24.6845 24.9109 25.2333 26.4486 6 1.23
24.7771 25.0252 25.3940 25.9869 7 1.22
24.8300 25.0738 25.5903 25.4015 8 1.22
24.8122 24.9942 25.4823 24.5160 9 1.22
24.8417 25.0264 25.1391 24.2913 10 1.30
24.8092 25.0654 24.7086 24.0156 11 1.30
24.7754 25.0278 24.3174 24.1188 12 1.30
24.6780 24.6369 23.9619 23.6326 1 1.28
24.6085 24.2183 23.6267 23.2378 2 1.28
24.5309 23.8917 23.5795 23.0402 3 1.28
1:

tr = 150; %Number Data for train

ts = 12;%Number Data for test

sttr = 1;%First data for train

sttrl = sttr;

sttr2 = sttr+l;

sttr3 = sttr+2;

entr = sttr+tr-1;

stts = 151;%First data for test

ents = stts+ts-1;

sttsl = tr+l

entsl = sttsl+ts-1;

stnode = 11; %Number neural of lst Hidden
noderange = 1;

structure =6; $Number

roundperstructure

INPUT1 = DATA(sttr:entr ,
OUTPUT1 = DATA(sttr:entr ,
INPUT2 = DATA(stts:ents
OUTPUT2 = DATA (stts:ents
INPUT = [ INPUT1 ;

OUTPUT = [ OUTPUT1

OUT = OUTPUT';
[a,meanp, stdp, b, meant, stdt]
mxp = max(max(a));

mnp = min (min(a));

awp = 1.8/ (mxp-mnp) ;

bwp = 0.9 - (awp*mxp) ;

pn = (awp*a)tbwp;

mxt = max (max (b))

mnt = min (min (b)) ;

awt = 1.8/ (mxt-mnt) ;

bwt = 0.9 - (awt*mxt);

tn = (awt*b) +bwt;

iitr = [sttrl:3:entr
$iiv = [ sttr3:3:entr];
ptr = pn(:,iitr);

ttr = tn(:,1iitr);

Br = OUT(:,iitr);

gpv = pn(:,1iv);

$tv = tn(:,1iv);

$Bv = OUT (:,1iv);

pts = pn(:,sttsl:entsl);
tts = tn(:,sttsl:entsl);
Bs = OUT(:,sttsl:entsl);
v.P = pts;

structure

23
24

24
24
23
24

22

.3908
.5894
26.
26.
26.
25.
.5684
23.
.3637
. 7415
.2512
22.

4230
3246
5981
0380

9417

9052

.5569
23.
26.

6586
1059

30; SNumber Round per Structure

INPUT2] ;

J

4

; OUTPUT2];

1:6) ;%Number
7) ;% Numbex
1:6) ;%Number
7) ; SNumber

Input for
Output for
Input for
Output. for

training
training
testing
testing
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= prestd (INPUT',OUTPUT') ;%Normalization

sttr2:3:entr

sttr3:3:entr];



v.T = tts;

for n =1 structure
start = clock;
w = stnodetnoderange*(n - 1);
u = w-1;%Number neural of 2nd Hidden
s = u-1;%Number neural of 3nd Hidden
t = s-1;%Number neural of 4nd Hidden
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net=newff (minmax (ptr), [w,u,s,t,1], {'tansig', '"tansig', 'tansig’', 'tansig

', 'tansig'}, '"trainlm');$Activation function & Training Algorithm

net
net
net
for

.trainParam.show=100;

.trainParam.epochs=200; $Epochs or Iteration
.trainParam.max fail=1;

q =
[i,7
%net
%net
%net
%net
%net
%net
net.
net.
net.
net.
net.
net.
net.
net.
net.
net.
net.
net.
net.
net.
net.
net
[net
Sn =

—
Il

end
Rr (g
CC2
EE2
for

end

R(q,
if g

1: roundperstructure

] = size(ptr);

.iw{l,1} = 0.5%*ones (w,1i);
.1w{2,1} = 0.5*ones (u,w);
.1w{3,2} = 0.5%ones (1,u);
.b{l} = 0.5*ones (w,

1
1);
)
)

.b{2}) = 0.5*ones(u,1);

.b{3} = 0.5*ones(1,1);
layers{l}.initFcn = "initwb';
inputWeights{1l,1}.initFcn = 'rands';
biases{1l}.initFcn = 'rands';
layers{2}.initFcn = 'initwb';
layerWeights{2,1}.initFen = 'rands';
biases{2}.initFcn = 'rands';
layers{3}.initFcn = 'initwb';
layerWeights{3,2}.initFcn = "rands';
biases{3}.1initFcn = 'rands';
layers{4}.initFcn = 'initwb';
layerWeights{4,3}.initFcn = 'rands';
biases{4}.initFcn = 'rands';
layers{5}.initFcn = '"initwb';
layerWeights{5,4}.initFcn = 'rands';
biases{5}.initFcn = 'rands';

= init (net);

,tr] = train(net,ptr,ttr, [ 1,0 1,Vv);

sim(net,ptr);
(Sn-bwt) /awt;

= sim(net,pts);
(SSn-bwt) /awt;

poststd (S2,meant,

poststd (Sl,meant, stdt) ;
poststd (Sn, meant,

stdt);

stdt) ;

= poststd(SSn,meant,stdt) ;

[Br - S
abs (CC1) ;
aal=l:length (S)

GGl (aal) = abs(100*[EEl(1l,aal)/Br(l,aal)l);

,n) = mean (GG1) ;
= [Bs - SS];
abs (CC2) ;
aaz=1:length (S3)

GG2 (aa2) = abs(100*[EE2(1l,aa2)/Bs(l,aa2)]);

n) = mean (GG2) ;
qll = 1;
nlr = S;

nl = SS;
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x1l = net.iw{l,1};x2 = net.1lw{2,1};x3 = net.1lw{3,2};x4 =
net.lw{4,3};x5 = net.1lw{5,4};
yl net.b{l};y2 = net.b{2};y3 = net.b{3};y4 =
net.b{4};y5 = net.b{5};
z1 = R(qg,n)
else
if R(g,n) < min(R(l:g-1,n))
qll = q;
nlr = S;
nl = SS;
x1 net.iw{l,1};x2 = net.1lw{2,1};x3 = net.1lw{3,2};x4
= net.lw{4,3};x4 = net.1lw{4,3};x5 = net.lw{5,4};
vyl = net.b{l};y2 = net.b{2};y3 = net.b{3};y4 =
net.b{4};y5 = net.b{5};

zr = Rr(qg,n)
zl = R(qg,n)
end
end
S|
n
end
% nllr(:,n) = nlr';
% nll(:,n) = nl';
CCCl = [Br - nlr];

EEE1 = abs (CCC1) ;
for aaal=l:length (nlr)
GGGl (aaal) = abs (100*[EEELl (1,aaal)/Br(l,aaal)l):

end
Rlr(n) = mean (GGG1l) ;
CCC2 = [Bs - nll;

EEE2 = abs (CCC2) ;
for aaa2=1l:1length (nl)

GGG2 (aaa?2) = abs(100*[EEE2(1,aaa2)/Bs(l,aaa2)]):
end
Rl (n) = mean (GGG2) ;
if n==1
n _best = stnode;
x1 best = x1 ;X2 best = x2 ;x3 best = x3 ;x4 best = x4
;x5 best = x5 ;
yl best =yl ;y2 best = y2 ;y3 best = y3 ;y4 best = y4

;y5 best = y5 ;
zr best = zr
zl best z1
else
if R1(n) < min(RI(1:n-1))
n best = w ;
x1 best = x1 ;x2 best = x2 ;x3 best = x3 ;x4 best
x4 ;x5 best = x5;
yl best = yl ;y2 best = y2 ;y3 best = y3 ;y4 best =

v4 ;y5 best = y5 ;
zr best = zr
z1l best = zl
end
end
z1l best
mape r(n) = zr
mape s (n) = zl
Timetaken (n) = etime (clock,start) /60

end
net=newff (minmax (ptr), [n_best,n best-1,n best-2,n best-
3,11, {'tansig", 'tansig', 'tansiqg', 'tansig’', "tansig"'}, 'trainlm');
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net.iw{l,1} = x1 best; net.lw{2,1} = x2 best; net.lw{3,2} =
x3 best;net.1lw{4,3} = x4 best;net.1lw{5,4} = x5 best;

net.b{l} = yl best; net.b{2} = y2 best; net.b{3} =
y3 best;net.b{4} = y4 best;net.b{5} = y5 best;

Sn = sim(net,ptr);

S1 = (Sn-bwt) /awt;

S = poststd(Sl,meant,stdt);

%S = poststd(Sn,meant, stdt);

SSn = sim(net,pts);

S2 = (SSn-bwt) /awt;

SS = poststd(S2,meant, stdt);

%S5 = poststd(SSn,meant, stdt) ;

M = [Br ; S];
Cl = [Br - S];
El = abs(Cl);
Fl = Br;

for al=l:1length (E1)
Gl (al) = abs(100*[E1(1l,al)/F1(1,al)l]);

end

H = sum(Cl."2);
N = [Bs ; SS];
C2 = [Bs - SS];
E2 = abs(C2);
F2 = Bs;

for a2=1l:1length (E2)
G2 (a2) = abs(100*[E2(1,a2)/F2(1,a2)1);
end
Timetaken
minl = min(G1l)
meanl = mean (G1l)
maxl = max (Gl)
comparel = M

percenterrorl = G1
compare?2 = N
percenterror2 = G2

min2 = min (G2)

mean?2 = mean (G2)

max2 = max(G2)

nodel n_best

nodeZ = n best-1

x1 best

x2 best

x3 best

yl best

y2 best

y3 best

MeanAbsoluteErrorTest = mape_ s
MeanAbsoluteErrorTrain = mape r

SumSquareError = H

save ASAI n00 timeperround.txt Timetaken -ascii
save ASAI n00 nodel.txt nodel -ascii

save ASAI n00 node2.txt node2 -ascii

save ASAI n00 wl.txt xl1 best -ascii

save ASAI n00 w2.txt x2 best -ascii

save ASAI n00 w3.txt x3 best -ascii

save ASAI n00 bl.txt yl best -ascii

save ASAI n00 b2.txt y2 best -ascii

save ASAI n00 b3.txt y3 best -ascii

save ASAI n00 MSE.txt SumSquareError -ascii
save ASAI n00 MAPE S.txt MeanAbsoluteErrorTest -ascii
save ASAI .n00 MAPE R.txt MeanAbsoluteErrorTrain -ascii
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save ASAI n0O0 testcompare.txt compareZ -ascii

save ASAI n0O0 testpercenterror.txt percenterror2 -ascii
save ASAI n0O0 trainmin.txt minl -ascii

save ASAI n0O0 trainmean.txt meanl -ascii

save ASAI n00 trainmax.txt maxl -ascii

save ASAI n00 testmin.txt min2 -ascii

save ASAI n0O0 testmean.txt mean2 -ascii

save ASAI n00 testmax.txt max2 -ascii

%% %% %% % % %% %% % % % % %% % %% %% % % %% % % %% %% %% %% %% %% % %%
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Evaluation of mid-term load forecasting case study based on Adaptive
Neuro-Fuzzy Inference System (ANFIS) and Artificial Neural

Networks (ANNs)

Sooppasek Katruksa!, Somchat Jiriwibhakorn*

Abstract — This paper presents the different techniques for Thailand's medium-term load
forecasting. It expected that load forecasting can effectively improve the electrical load efficiency
of the Electricity Generating Authority of Thailand (EGAT). In addition, the accuracy of load

Sforecasting is an important part of decision-making for power plant invesiment and the plarming of

the power distribution system. In this study, the input data has been mained by several predictive
models, which have been artificial neural networks (2,3 and 4 hidden lavers) and adaptive neuro-
fuizzy inference systems. Learning and prediction depends on three important factors, including
Thailand's peak load history (simple moving average of 12 monihs, 9 months, 6 months and 3
months), inonth codes and quarterly gross domestic product (OGDP). The results show that training
ANN with e hidden layers produces the best predictive performance. The most accurate load
Jorecast using this method is 1.1527% of MAPE and 14.45 minutes of learning time.

Keywords: Adaptive Newro-Fuzzy Inference System (ANFIS), Artificial Neural Networks (ANNs),

Medium Term Load Forecasting

Nomenclature

ANNs artificial neural networks

ANFIS adaptive neuro-fuzzy inference system

APE absolute percentage error

Ai Bi linguistic labels

aibicidi parameter set

. matrix of errors between the target data and the neural
network

FIS fuzzy inference systems

Gbellmf generalized bell-shaped membership function

I(b) jacobian matrix of derivatives of each error to each bias

) jacobian matrix of derivatives of each error to each
weight

LSE least squares estimate

MFs membership function

MAPE mean absolute percentage error

RMSE r00t mean square error

PLQLI consequent parameters

P2,q212 consequent parameters

QGDP quarterly gross domestic product

SMA simple moving average

1 constant e.g. the initial value of equals 0.001

Ori pai(x) membership function of A1

Ov: pei2(y)  membership function of Bi
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1. Introduction

Load forecasting is an important work because energy
demand is continually increasing. especially for Southeast
Asian nations, including Thailand and other nine member
nations [1]. [2]. Load forecasting is very important for
medern power systems in maintenance planning. power
distribution system planning. and power plant investment
2]t

Load forecasting can be divided into three types
according to forecast time: short-term. medium-term. and
long-term forecast. Short-term ones range from a few
howrs to a few weeks. which is important in daily or
weekly management [3]. Medium-term forecasts involve
projections that last for a week to a month. This is
important for substation maintenance plans. private
electricity - procurement. and electricity  distribution
planning [3]. Long-term forecasts last from one month to
many years. This type of forecast involves assessing
future power demand growth as the economy grows [3].
For medium-tem forecasts, more accurate load
forecasting will lead to proper power system scheduling
and planning. In addition. it will also reduce the operating
costs of the power system [1].

Medium-term load forecasting is influenced by many
factors such as population. economic growth. social
changes, weather changes, industrial development.
electricity price conditions. working days or holiday
periods [4]. Tt is impossible to consider all the factors in a
single predictive model. so only the most important

Copyright © 2007 Praise Worthy Prize S.r.l. - All rights reserved
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predictors are considered [4]. This article focuses on
medium-term load forecasting. Several important factors
affecting Thailand's electrical load include Thailand's peak
load history (simple moving average of 12 months, 9
months, 6 months and 3 months) [26]. month codes and
quarterly gross domestic product (QGDP) [27] are
considered in this prediction

The rest of the paper is organized as follows. Section IT
provides a literature survey of other researchers on
electricity load forecasting. The proposed work and the
models used in this research consists of the Artificial
Neural Networds (ANNs) and Adaptive Neuro-Fuzzy
Inference System ( ANFIS ) are decribed in Section IIT
The simulation work and the analysis are discussed in
Section IV. Finally. the conclusion and further work are
given in Section V.

II.  Related Research Review

Recently. many researchers have tried to apply many
techniques to predict the electrical load. For example,
artificial intelligence (AI) i1s used to predict the load
requirements of smart grids and buildings [5]. The paper
reviews the short-term load forecasting techniques based
on Al by identifying. evaluating. and analyzing the
performance of Al-based load forecasting models and
identifying gaps in the study [5]. In [6]. authors have
studied the short-term load forecasting of non-residential
buildings and compares the methods and properties of
different predictive models. The purpose of paper is to
develop anew model for load forecasting in university [6].
Artificial Neural Networks are used to forecast short —
term and very-short term in district buildings by evaluated
Bayesian regularization (BR) and Levengerg-Marquardt
(LM) [7]. In [8]. authors have applied a new algorithm
with Artificial Neural Networks for short-term load
forecasting and the results of their simulation more
accurate than baseline method. Authors have used
AdaptiveNeuro-Fuzzy Inference System for short-term
load forecasting [9]. [10]. In [11], load forecasting for four
section. including Domestic. Commercial. Industrial.
Public lighting in the city area by Artificial Neural
Networks has been presented. The study can decrease
peak load by management. In [12]. the authors have
proposed suport vector machine regression . Li» sparse
regression.  back-propagation. and  autoregressive
infegrated moving average time-series analysis for
Midterm electricity demand forecasting by economic
.weather. holiday and events factors. In [13]. the annual
energy consumption in Iran is forecasted using ensemble
Arima-Anfis forecasting Model and comparison between
other hybrid prediction models. In [14]. the ANNs method
forecasted the seasonal hourly load demand for three area
of university and the model has been trained and tested by
weather parameter. The three area forecasted are
compared to find the smallest RMSE [14]. In [15].
GARCH-based methods. multiple seasonal exponential
models. ARIMA models. and ANN methods have been
proposed to forecast peak clectricity demand for 28
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university building in Seul. Korea. The simulation results
indicate that the best efficiency is obtained by ANNs
model with external variable of 1.69% MAPE [15]. In
[16]. AR and ANNs models have been evaluated for
medium and short-term forecasting. The study show that
the ANNs methods have better accuracy than AR models
for both medium and short-term estimating [16]. In [19].
authors have compared neural network . regression trees
and support vector regression by learning same input data.
The statical analysis results indicates that regression trees
have obtained best RMSE [19]. In [20]. authors have
proposed fuzzy-neuro model for developing in order to
predict a year before the load of Mubi. Adamawa state
The forecasting based on weather parameters has obtained
the MAPE of 1.22 % that is satisfactory results.

III. The Proposed Work

II1.1 The Artificial Neural Networks for Peal
Load Prediction [14], [15], [16]

Artificial neural networks (ANNs) method has been
proposed in the 1950s [16]. The model is similar to the
human brain that is a highly complex biological organism.
An ANN that includes an input layer, one or more hidden
layers. and an output layer is called a multilayer ANN.
Each layer is commected together, with some weights and
deviations. consisting of several neurons. During the
study. the input is entered info the ANNs. Artificial neural
networks leam by adjusting or adapting weights and
biases by comparing target data with neural network
output. In this paper. amultilayer neural network ( 2. 3 and
4 hidden layers ) is proposed. As shown in Fig. 1. the
ANNs with two hidden layers are trained by peak load
Tistory (simple moving average of 12 months. 9 months,
6 months and 3 months) [26]. month codes and quarterly
aross domestic product (QGDP) [27].

LRSS
ST
s

CsMa3 )
4 llr.v“"g

Fig. 1. The Neural Network with two hidden layers structure for
peak load prediction

Input data passes through different layers by performing
activation functions and nonlinear mapping [6]. For the
activation function of this study. tan-sigmoid has been
used in order to calculate the neuron output as shown in
equation (1) and Fig.2 [18].
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a(ﬂ):% (1)

Fig. 2. Tan-Sigmoid function [18]

Weights and biases are adapted from the Levenberg-
Marquardt algorithm, following equations (2) and (3)
[17].

AW = (TT(WI(w)yHul) IT(w).e 2

Ab = (TGO IT(D).e 3)

Where. J(w) is the Jacobian matrix comparing the
derivative of the error function with weight: J(b) is the
Jacobian matrix comparing the derivative of the error
function with biases: e is the output error between the
neural network and the target output: p is a learning
parameter [17].

Integrating artificial newral networks with other
technologies is one of the several ways to improve the
efficacy of artificial neural networks. In this study. a
simple moving average has been applied to input data
before it has been trained by forecasting models. For
evaluation, MAPE has been used to compare the efficacy
by using equation (4) below:

RealResult;—PredictedResult;

MAPE =237,

|x100% (4)

RealResult;

111.2 Adaptive Neuro-Fuzzy Inference Svstens
[13], [20], [21], [24].

Several complex problems wuse artificial neural
networks (ANNs) and fuzzy inference systems (FIS) as
solutions. The integration of artificial neural networks
(ANNs) and fuzzy inference systems (FIS) can increase
efficiency. The combination of ANNs and FIS is divided
into three types: they are concurrent. collaborative. and
fully fused models.

Copyright © 2007 Praise Worthy Prize 5.r.1l. - All rights reserved

Fuzzy Rules and Fuzzy Sets

Fig. 3. Cooperative NF model [21]

ANN assists the FIS continuously

w = -

Fig. 4. Concurrent NF model [21]

Figures 3 and 4 describe cooperative and concurrent
NF models on ANFIS [21].

The Anfis Architecture shown on Fig. 5 is five layer
network [13].[22].[23]. The fuzzy inference has two
inputs x and v. and one output f. Assuming that the rule
base contains two fuzzy mputs. the rules of the Sugeno
type are described as:

Rule I Ifx is Al and y is Bl. then fy = pix + quy + 1.
Rule 2: If x is A2 and y is B2. then fr=pox + quy + 2.

T o]

Fig. 5. Equivalent ANFIS [22]
Layer 1: Square node with a node function:

Op;= lai(x). fori=12or
Oui= Mpiay). fori=3.4 (5)

Where. x. y are the inputs. Ai. Bi are the linguistic
labels. and Oy ; is the membership function of AL, Bi. In
tlus paper. paix). tsi2(y) are chosen as Gbell fimction
and n-shaped built-in functions as shown in the following
equations (6) and (7).

Ha, () = (6)
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0, x < q
—a:12 +b:
2]y < 2
bi—a; 2
2
—b; i+b
1 - 2|22 ‘] AP <y
bi—aji
g (x) = 1 bisx<¢ (7)
—e 12
1_2xcL] ,CSx<Cl+dl
;- 2
x—dj 2 cit+d;
2 At g < g,
di—c; 2
0, x=d;

Where, {a;.bi.ci.di} 1s the parameter set and membership
functions Ai, Bi are the linguistic labels. The parameters
in this layer are premised parameters.

Layer 2: Circle node ( 7 ). which multiplies the output of
layer 1. is shown in equation (8) below:

Oy =wp = #Ai(x)xﬂsf(y),i =1, (8)
Layer 3: Circle node (N). The outputs of this layer.

called normalization. are derived from the equation (9)
below:

Ozi=wi=—""_i=12 (92)

wytw,
Layer 4: Square node, with node function:
Q4 7Wifi= Wipix+qy+11) (10)
Where. wi is the output of layer 3 and {pi. qi. ri} is the
parameter set. The parameter set is called consequent

parameters.

Layer 5: Circle node ( Y’k ) is the output shown in the
equation below:

i wifi
05,i=zwifi=zziij (11)

The ANFIS architecture 1s shown in Fig.5. The output is
as follows [22]:

—
f= w]+wzf1 4 w1+w2f2
=wifi +Waf2

= (Wyx)p, + (Wyy)qy + wiry

+(Wox)p2 + (Wy)gs + Wary (12)
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The output is a linear equation. The parameters are:
Pr.qul.p2.q2 and 1. Table 1 shows the activities in each
pass [22].

TWO PASSES IN THE HY'B’;I;I?IE];‘;RNING PROCEDURE FOR
ANFIS
Forward Pass Backward Pass
Premise Parameters Fized Gradient Descent
Consequent Parameters Least Squares Estimate Fixed
Signals Node Outputs Error Rates

111.3. Design of The Anfis-Based Model [9]

The ANFIS model has been adapted by choosing from
the following list of parameters:

- Membership function type
-Number of membership functions
- Learning algorithm

- Epoch size

- Data size

- Number of input variables

Model efficacy can be calculated by Root Mean Square
Error (RMSE) following Eq. (13):

RMSE = \{%Ei":l[Real Result;-Predicted Result;]* (13)
i =
od b B ) A
222222
. —

of

na<

T

- -

Fig. 6. The design of the ANFIS model ( membership Function type &
Number of membership function ) [25]
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Fig. 7. ANFIS model structure for this research [25]

1_If (nput1 is in1mi1) and (input2 is inZmf1) and (input3 is in3mf1) and (inoutd is indm 1t

2 1f (inputt i n1mf1) and (input2 is in2mf1) and (nputd i in3mi1) and (nputs is indmft)
3. If (nputt is inimf1) and (nput2 is in2mf1) and (nputd is In3mi1) and (Npuidis indmi1)
4.If (nput! is inmi1) and (nput2 is in2mf1) and (pu3 s M3mI1) and (Nputd is ndmf1)
<. If (nput1 i N1mf1) and (input2 is in2mf1) and (nputd & IN3mf1) and (inputd is in4mf2)
6. If (nput1 is inimi1) and (nput2is IN2mi1) and (nput3 is n3mf1) and (inputd is indmf2)
7. If (nput? is inImf1) and (nUt2 is in2mf1) and (nput3 s IN3me1) and (Nutd i inémr2)
8. If (input is n1mf1) and (INput2 is IN2mf1) and (nput? is n3mf1) and (inputs I8 ind4m2)
9 1f (input! is in1mf1) and (inpul? is in2mf1) and (input3 S 3mi2) and (nputd is.indmtt)

" 4
&

is in4mf1) and (inputS s nSmf1) and (input6 is inBmf1) then (cutput s outimil

is ind4mf1) and (inputS is inSmf1) and (inputd is in6mI2) then (output is outimf2) (1)
is in4mf1) and (nputS is nSmf2) and (nputh is inGmf1) then (eutputis outimf3) (1)
is indmf1) and (inputS is InSmf2) and (inputB is inEm2) then (oulput is outimfd) (1)
s indmf2) and (input$ is nSmf1) and (inputt is inGmf1) then (output is outtmfS) (1)
is in4mf2) and (inputS is inSmi1)and (inputt is inSmf2) then (cutput is outimiB) (1)
is indmf2) and (inputS is inSmf2) and (inputt is in6mf1) then (cutput is outimf?) (1)
is. indmf2) and (inputS is inSmf2) and (inpute is inBmi2) then (cutputis out1mfB) (1)
8 indmf1) and (inputS is inSmf1) and (INputs is inGm1) then (Butput is outImS) (1)

y 4 NN

Fig. 8. Fuzzy rules of ANFIS model [25]

The sample of setting of the ANFIS model shown in
Figs. 6 and 7 which the setting of ANFIS with six input
data, two membership functions. gbell of the types of the
input membership functions, and constant of the types of
the output membership functions.

Fig.8 shows 9 of 64 fuzzy rules that are obtained by
ANFIS model of the sugeno type. The inl to in6 are
model inputs that are (1) the simple moving average 12
months, (2) the simple moving average 9 months. (3) the
simple moving average 6 months, (4) the simple moving
average 3 months, (5) month code. (6) QGDP. Outl is
peak electricity load, which is model output. The number
of rules depends on a number of input and membership
function.

II1.4 Methodological for Load Forecasting

11141 Choosing Learning Data

The learning data for this research used the peak power
data of each month of the Electricity Generating Authority
of Thailand (EGAT) and quarterly gross domestic product
(QGDP) from October 2000 to Mar 2014. A sample of the
data is shown in Table 2. The prediction depended on the
maximum power history (moving average of 12 months, 9
months, 6 months, 3 months) [26]. month code (1-12 refer
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to January to December) and quarterly gross domestic
product (QGDP) [27]. There were 150 training data (Data
No. 1 to 150) and 12 testing data (Data No. 151 to 162)

TABLE I
LEARNING DATA [27]. [28]
Data 12 Months 9 Months 6 Months 3 Months Month ‘Output
~ Ev N an an cee  Qope (oW
(GW) (CW) (ew) (cw)
1 14.0492 143345 144263 14.2558 10 078 14.1393
2 14.0876 143021 14.3064 11 078 141339
3 14.1496 14.3953 14.2160 141781 12 078 141246
4 141840 143350 141942 141326 1 0.78 142118
H 143333 14.2362 14.2062 141263 2 078 14.6008
6 143746 14.2481 142437 143124 3 078 150129
7 144034 143323 14.3706 14,6085 4 074 16.1264
8 145041 14.8230 147017 152467 5 074 121878
9 14.3467 14.6433 143774 154424 6 074 149923
10 14.6081 LN pLHY 150220 7 074 150451
1 14.6835 14.8262 151609 8 074 15.0967
17 14.7436 14.9332 150447 9 074 152473
151 24.5516 243738 45444 4 113
152 242636 24,6393 249099 5 123
183 146845 149109 26,4486 6 113
154 47T 25.9369 7 12
155 24.8300 8 )27 23947
156 248122 249942 254823 245160 9 22 243637
157 24.8417 120264 251391 242013 10 130 237418
158 24.8092 150654 247086 240156 11 130 242512
129 47754 250278 243174 241188 12 130 129052
160 246730 24,6369 239619 23.6326 1 118
161 246085 242183 236267 232378 2 128
162 245309 238917 235795 23.0402 3 118 26,1059

1l 4.2 Choosing Computer Specification

The computer specification for this research are:

Manufacture : ASUStek Computer Inc.
Processor : Intel(R) Core(TM) i5-8250U CPU
@ 1.60 GHz
Installed memory (RAM) : 8.00 GB (7.88 GB usable )
Systemn type : 64-bit Operating System . x64-based
Processor

IIT.4.3 Forecasting procedures and choosing an

appropriate adapting parameters forecasting method

The appropriate parameters of each input data type and
factor for estimated have difference depend on each
pattern of data. The parameters. which fit to this research.
may be same or different with other study and the results
are compared by measuring with MAPE. APE, and
RMSE. This paper begins comparing ANNs 2. 3. and 4
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hiddens then it is compared to ANFIS for an easy
evaluation. The Flow chart of load forecasting by ANN
and ANFIS shows the procedure to find best performance
by repeated . varied attempts that continued until good
results is depicted in Figs. 9 and 10.

Applying input data (1-6) and output data (7)
to train forecasting models
1-4. The Peak power history (moving average
2 months, 9 months, 6 months, 3 months)
Month code
Quarterly gross domestic product
The peak load demand

Dividing data into 2 sets
1. 150 training data
2. 12 testing data

Receive training and testing

Trial and Error

1. Number of neural of hidden
2. Structure

3. Number of round per structure
4. Epochs or Iteration

5. Transfer function

Training and Testing by ANN

Obtaining Output Value of Best
MAPE

Obtaining MAPE

Companing ANN 2 Hidden Layers .
3.4 Hidden Layers and ANFIS

Fig. 9. The flow chart of the ANN model for the load forecasting

As seen in Fig. 9. the ANN has been conducted by step
following:

Step 1: Applying input and output data to M-file of
forecasting model.

Step 2: Dividing as 150 training data and 12 testing
data.

Step  3: Adjusting the number of hidden neural. the
structure, and the round number per structure, The epochs
or iteration and the transfer function have been conducted
until the best MAPE value has been obtained.

Step  4: Getting the best performance and compare
with the load prediction by ANFIS.

Copyright © 2007 Praise Worthy Prize S.r.l. - 4ll rights reserved

The training window and progress are shown in Fig. 10.

4 Newral Network Training (nrtraintecl) - o X

Neural Nctvork

Algorithms
Data Division: Index [divideind)

Training: Levenberg-Marquardt (irsinlr)
Perfomaance: Mean Squared Erior (e
Calculations:  MEX

Progress
Epnck: 0 lerstons 200
Time: D800

Performance: 123 1,55 000
Gradiert: 0.250 0250 1.00e-07
Mus D100 0.00100 100e+10
Validation Checks: 0 ] 0

Plots

plotpeform)

| | Training State. .| (plortrainsate)

Regression. | (plotregrecsi

Plotntencal. B 1 epoche

& Validation stop.

TS g | @ Concel

Fig. 10. The neural network training window of the ANNs with four
hidden layers model [25]

As presented in Fig. 12, the ANFIS procedures are as
follows:

Step 1 - Bringing the input and output data to M-file of
prediction model.

Step 2: Dividing as 150 fraining data and 12 testing
data.

Step 3. Running and calling the ANFIS window by
“anfisedit” and the setting window shown in Fig. 11.

¥ Neuro-Fuzzy Designen Urtitled - B x

Fie  Edit iew

Fig. 11. The setting window of the ANFIS model [25]

Step 4: Choosing the workspace to load train and test
data into ANFIS.

Step 5: Choosing the Generate FIS tab. Setting the
number of membership function and the membership
function type.
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Step 6. Choosing the Train Fis box and set epochs.

Step 7. Training and adjusting to correct the error by
adjusting the types of input and output membership
functions, the number of membership functions and the
epochs until receiving the best RMSE value.

Step §: Getting the output and calculated the MAPE
value in order to compare it with the load prediction by
using ANNs.

Applying input data (1-6) and output data (7)to train
forecasting models
14 The Peak power history (moving average at 12
‘months, 9 months, 6 months, 3 months)
Month code
6 Quarterly gross domestic product
7. The peak load demand

Dividing data into 2 sets

1. 150 training data
2. 12 testing data

Receive training and testing data

Trial and Error
. Input membership function type
Output membership function type
Number of membership function
4. Epochs

Traming and Testing by ANFIS

RMSE-=0

Obtaining Output Value from Rule

Calculating MAPE Output of Traing and Testing

Comparing ANFIS , ANN 2 3 and 4 Hidden
Layers

Fig_12. The flow chart of the ANFIS model for load forecasting

IV. Simulation Work and Analysis

In this part, the simulation results of the all proposed
models are presented. The input data has been devided into
two sets for training 150 sets and testing 12 sets. The best
performance of Artificial Neural Networks has been found
by selecting the number of hidden layers. number of
neurons, algorithm, structure. round per structure, epochs
and type of transfer function through trial and error. Then,
anfis is evavuated to find the best accuracy through trial
and emror of membership function type. number of
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membership function and iteration. This paper has
proposed only the ANNs with 2.3 and 4 hidden layers and
Anfis because the ANNs with more than 4 hidden layers
have time consuming and experimental results have not
significantly improved.

V.1 Artificial Neural Networs Simulation Results

The results of ANNs with 2. 3 and 4 hidden layers are
shown in Figs. 13-21 and Table 3.

Best Validation Performance is 0.0059827 at epoch 25

0y

R
—— vaaawon
Best

Mean Squared Error (mse)

o 10 20

30
55 Epochs

Fig. 13. The number of epochs vs. mean squared error for ANNs with
two hidden layers [25]

Bast Validation Performance is 0.032944 at epoch 4

Mean Squared Error (mse)

0 5 10 15 2 2 Y
34 Epochs

Fig. 14. The number of epochs vs. mean squared error for ANNs with
three hidden layers [25]

Best Validation Performance is 0.017347 at epoch 10
0° ¢

—Tran

i

Mean Squared Error (mse)

10 4 i .
[ 5 10 15 20 2% 3 15 0

40 Epochs

Fig. 15. The number of epochs vs. mean squared error for ANNs with
four hidden layers [25]
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The performance plot between the mean square error
and the number of epochs of the ANNs with 2. 3 and 4
hidden layers are proposed in Figs.13.14 and 15. The
suitable value of ANNs with 2.3 and 4 hidden layers are
converged by 55. 34 and 40 epochs respectively. The
trained and validated regression involved in ANNs with 2.
3 and 4 hidden layers are seen in Figs.16. 17. and 18,
which have obtained the values of 0.99388. 0.98741 and
0.9965 respectively. It indicates that the target value is
corresponding with lines and all three models have good
efficiency to learn the shape of data in order to conduct the
forecasting for testing data sets.

Training: R=0.99388 Validation: R=0.9316

q Data oA
— Py
0s veT I

Data
—r2

Y=

5
Output ~= 0,68 Target + 0.21
=

Output ~= 0.99*Target + -0.0023

08 05 0%

[}
Target

All: R=0.9938

At |
=
§ I
; o
s |
e
1
05 |
£
8 _ . 8!
058 0 o5
Target

Fig. 16. The training regression for ANNs with two hidden layers [25]

_ Training: R=0.98741 Validation: R=0.78312

a - [ — <
a © om 45 ° 0w
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Fig. 17. The training regression for ANNs with three hidden layers [25]
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Training: R=0.9965

Validation: R=0.82835
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Fig. 18. The training regression for ANNs with four hidden layers [25]

Fig.19 shows the training accomplishment of the all
ANNs models. The training results by trial and error until
the error value is close to zero. The error value is measured
by the mean absolute percentage emror ( MAPE )
calculated. The best and the worst MAPE has been
0.5171% and 0.7543% respectively during 150 months
data sets, that is a good enough value to predict the future
load.

23 A L

\V/

13 = = == Trained Value( ANNs 2 Hidden Layers)
9 = .= = Trained Value ( ANNs 3 Hidden Layers)
——- 7Tﬂ.|l1£d Vilwe ("ANNSs 4 Hidden Layqu |

Peak Load Demand ( GW)
2

Fig 19. Traning results 150 months of ANNs with 2. 3 and 4 hidden

layers
28
26 i
g
N e e
24 A
S

Real Value

= = = = Estimated Value ( ANNs 2 Hidden Layers)

- Estimated Value ( ANN: 3 Hidden Layers)

Peak Load Demand ( GW)
[
N}

— - — Estimated Value ( ANNs 4 Hidden Layers)

1 293 8 9 10 11 12

5 6 7
Month

Fig. 20. Testing results ( Prediction results 12 months) of peak load
demand by ANNs with 2, 3 and 4 hidden layers

International Review of Elecirical Engineering,
Vol. xx, n. x

123



Sooppasek Katruksa, Somchat Jiriwibhakorn

The predicting results are shown in Fig. 20. It can be
observed that the performance is evaluated by comparing
predicted loads with actual values for every month. The
prediction of ANNs with 2.3 and 4 hidden layers
cotrespond to actual values. For more clearly results, the
estimating data is compared by absolute percentage error
(APE) and mean absolute percentage error (MAPE) as
shown in Fig.21 and Table 3.

4
g +« APE ( ANN: 2 Hidden Layers )
3 =+ APE { ANNs 3 Hidden Layers)
é APE ( ANNs 4Ffidden Layers)
" LY .
2 A S :
\ i L 4
H 2
b :
4
2
1
8
6
4
2
0

1 2 3 4 5§ 6 7 8 9 1011 12
Month

Fig. 21. Absolute percentage error (APE) of peak load demand
estimated by ANNs with 2.3 and 4 hidden layers

Fig.21 proposes the APE for ANNs with 2.3 and 4
hidden layers. As presented. ANNSs with two hidden layers
have lower error than other models. On the peak load
demand. the ANNs with two hidden layers estimating
model have the best efficiency with an APE of less than
2.6% compared to ANNs with three and four hidden layers
with an estimating error of about 3.0%

TABLE I
THE BEST PARAMETER AND RESULTS OF ANNS BY
HEURISTIC METHOD
ANNs ANNs ANNs
2 Hiddens 3 Hiddens 4 Hiddens
N odel Back Back 1 Back
1st Layer 1st Layer 1st Layer
Tan-Sigmoid  Tan-Sigmoid Tan-Sigmoid
2nd Layer 2nd Layer 2nd Layer
Tan-Sigmoid T, d  Tan-Sigmoid
Transfer function Output Layer  3rd Layer 3rd Layer

Tan-Sigmoid  Tan-Sigmoid  Tan-Sigmoid
Output Laver 4th Layer
Tan-Sigmoid  Tan-Sigmoid

Output Layer
Tan-Sigmoid
Trained data (Sets) 150 150 150
Estimated data (Sets) 12 12 12
) Levenberg Levenberg Levenberg
Learning method 3 | =
Epochs 200 200 200
Learning time 14.45 20.32 27.09
(Minutes)
MAPE (%) 05171 0.6860 0.7543
for Trained data
MAPE (%) 11527 13966 14458

for Estimated data
( Testing data )
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The ANNs efficiency is evaluated by heuristic is shown
in table 3. All the models have good results with
Levenberg-Marquardt Algorithm . Tan-Sigmoid transfer
function and 200 epochs. The training performance
obtained by ANNs with 2. 3 and 4 hidden layers are
MAPE of 0.5171% .0.6860% and 0.7543% respectively.
The estimated MAPE of ANNs 2. 3 and 4 hidden layers
are 1.1527%.1.3966% and 1.4458% respectively. The
results show that the ANNs with two hidden layers have
MAPE of both training and estimating less than others and
the least time. Then the results are compared further with
the best results of ANFIS in section IV.3.

1V.2 Adaptive Neuro-Fuzzy Inference System results

The ANFIS Model 1s trained by back propagation (BP)
and least square gradient decent back propagation ( Hybrid
BP) . The results are presented in Figs. 22, 23. 24 and
Table 4.

Training Error

100
——Eaochs

Fig. 22. The number of epochs vs. root mean square error ( RMSE ) for
ANFIS [25]

seesrees Real Value
A = = = Trained Value by ANFIS

Peak Load Demand (GW)
=3
v

— oM S — 0w NS~ — %
P S R I e RTINS S =

Month

1

Fig. 23. Traimng results of Adaptive Neuro-Fuzzy Inference Systems

The graph between the root mean square error and the
number of iteration of the training algorithm of Adaptive
Neuro-Fuzzy Inference System (ANFIS) is presented in
Fig. 22. The training error value has decreased from high
value until minimal and has converged to optimum error
value of about 50 epochs to 200 epochs. Fig. 23 presents
the training comparison of Anfis training value with actual
values. The graph shows that the training has good results
in order to evaluate the error by calculating MAPE. The
MAPE of all the fraining results of Anfis are 1.6243% as
shown in table 4 . It is an effective value to estimate the
future peak load demand.

International Review of Electrical Engineering,
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TABLE IV
THE BEST PARAMETERS AND RESULTS OF ANFIS BY TRIAL
AND ERROR METHOD
ANFIS
Model Sugeno

Input 1 Number of MFs 2 , Gbellmf
Input 2 Number of MFs 2 | Gbellmf
Input 3 Number of MFs 2 | Gbellmf
Input 4 Number of MFs 2 , Gbellmf
Input 5 Number of MFs 2 | Gbellmf
Input 6 Number of MFs 2 , Gbellmf
Output MF, constant

Membership function

Trained data (Sets) 150
Estimated data (Sets) 12

. Hybrid
Learning method

(Gradient Descent, LSE)

Epochs 200
Learning time 0.25
(Minutes)
MAPE (%) 1.6243
for Trained data
MAPE (%) 3.8739

for Estimated data
( Testing data )

The ANFIS performance is evaluated through trial and
error. The best accuracy is achieved by ANFIS with gbell
membership function, two memberhip function, 200
epochs, and the best MAPE of estimated of 3.8739% as
shown m table 4 . Then the best results are compared to
the best ones of ANNs as presented in section IV.3.

IV.3 Evaluated results of Aritficial Neural Networks and
Adaptive Neuro-Fuzzy Inference System

The results of sections IV.1 and IV.2 have found the best
accuracy by guess and check until the MAPE is minimal
Then the best results of both models are compared in order
to evaluate to find the best Method for this research as
proposed in Figs. 24, 25 and table 5.

28 ‘7 = A BL I I
27
'~ :
=
o 26
A 7]
= 25 o
B st ":.y
£ 24 - Y
a 4
=23 2 |
E fomnos Estimated Value by ANFIS
= 2200 3
= |
& 21 | == —Estimated Value by ANNs with
Two Hidden Layers
20 -
L. 2 3 4 5 6 7 8 9 10 11 12
Month

Fig. 24. Evaluation results of ANNs with two hidden layers and Anfis
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ssssssess APE ( ANNs 2 Hidden Layers }

1 2 3 4 5 6 7 8 9 10 11 12
Month

Fig. 25. Evaluation absolute percentage error (APE) of ANNs with
two hidden layers and ANFIS

TABLE V
EVALUATION RMSE AND MAPE OF ANNS WITH TWO
HIDDEN LAYERS AND ANFIS

ANNs with two hidden layers ANFIS

RMSE MAPE RAISE MAPE

(GW) (%) (GW) (%)
Training 0.1589 0.5171 0.4363 1.6243
Estimating  0.3393 1.1527 11107 3.8730

( Testing)

Fig. 24 illustrates the prediction results comparison of
ANNs with two hidden layers and ANFIS. The prediction
value of ANNs with two hidden layers are more
corresponding with actual values than ANFIS. As seen in
Fig. 25. the APE of ANNSs with two hidden layers is less
than 3.0 %. but The ANFIS reaches 8.0 %. Finally.
according to the forecasting results in Table 5, it is
indicated that the ANNs with two hidden layers have both
RMSE and MAPE less than the ANFTS. It can be observed
that the ANN model with two hidden layers has given
more accurate predictions than the Anfis method.

V. Conclusion

This paper has presented models of mid-term load
forecasting using Artificial Neural Network (ANNs) and
Adaptive Neuro-Fuzzy Inference System (ANFIS). The
paper has focused on month-ahead load forecasting with
only six input data including the peak load history (
moving average 12 months, 9 months. 6 months and 3
months ) . month code and quarterly gross domestic
product (QGDP). ANNs with 2. 3. 4 hidden layers have
been examined and it has been found out that increasing
the number of layers has no affect on accuracy of
prediction and has more time to learning.

The paper has evaluated and compared the ANNs with
2. 3. 4 hidden layers and ANFIS. In accordance with
experimental. all the models have been trained by same

International Review of Electrical Engineering,
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input data. The MAPE of training of ANNs with 2. 3. 4
hidden layers and ANFIS models have been 0.5171%.
0.6860%, 0.7543% and 1.6243%. respectively. The
MAPE of the testing have been 1.1527%. 1.3966%.
1.4458% and 3.8739% respectively. The prediction results
show that the ANN with two hidden layers produces the
best prediction performance. These procedures can help
for electricity distribution, maintenance schedule, and
cogeneration planning. Further research will be carried out
using other techniques such as other machine learning
method and this proposed method can be combined with
geographic information system ( GIS ) technology.
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Abstract— This paper used artificial neural networks (ANN)
in medium-term energy forecasting for the Metropolitan
Electricity Authority (MEA) area of Bangkok, Thailand. This
method could improve the electricity load efficiency of the MEA.
Moreover, The combined ANN with the GIS in next paper have
a key role in the decision-making for investment in new
substation and power system planning for maintenance and
operation. The input data were clustered by K-means
algorithms before training by forecasting the models. In this
research, the energy forecasting models were the ANN (2
hiddens & 4 hiddens ) . The prediction was based on the MEA’s
electrical energy history (six months; three months) and the
gross domestic product (GDP). The results appeared to indicate
that the prediction of ANN 4 hiddens (Classified Data Input ) is
more accurate.

Keywords—  Artificial Neural Neiworks, Geographic
Information System

1. INTRODUCTION

Even with limited fuel sources, there is a growing demand
for more energy. Therefore, predictive power 1S gaining more
importance: for example. for planning information. power
distribution management. and having sufficient budget. [1]

Reliable forecasting of electricity is very important for
Thailand’s power supply. At present, the country's electricity
demand is likely to rise. as electrical power is a necessity for
everyday life and is also a key factor for economic growth
Consequently, the forecasting of the consumption of electrical
energy must be accurate. Moreover, there many factors that
affect the consumption of electricity that need to be analysed:
such as. economic conditions. population. number of
appliances. electrical behaviour of consumers. and
weather.[1]

II. ARTIFICIAL NEURAL NETWORKS (ANN) FOR
ENERGYE FORECASTING[2][3][4][5]

Electrical energy can be modelled as a nonlinear function.
The prediction depends on several parameters including the
history (six months moving average: three months moving
average). month code, classification number, and gross
domestic product (GDP) (refer to Equation 1).

P(r) = fP(t,P(r3) M(1),C(1), G(1) ] (1)

Where ¢ is the time index.

P (te) 15 the energy history (six months moving average ).
P(t3) is the energy history ( three months moving average ).
M (1) is the month code,

C(y) is the classification number

978-1-7281-0067-8/19/$31.00 ©2019 IEEE
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and Gz) is the GDP

The feed-forward backpropagation neural network was
applied to this research. This consisted of a number of neural
networks: such as. the input layer. output layer. and a hidden
layer. As defined in Equation (1). the input was P(ts) . P(ts) .
M(t) . C(r) and G(r), and the output was P(t). This neural
network was a multi-input system and a single output system.
Figure 1 shows the neural network components with four
hidden layers. Every neuron of each input layer from the first
to the fourth hidden layer sent signals to every connecting
layer until the fourth layer where they sent a signal to every
neuron in the output layer.

Fig. 1. The neural network model for the prediction of
energy [2].

The Levenberg — Marquardt algorithm (LMA) was
used to train the ANN. Additionally. the activation functions
of the hidden layer and output layer were a linear transfer
function. tan-sigmoid transfer function and log-sigmoid
transfer function. These were selected by a trial and error
method. As such. the efficiency of the ANN was compared
by the following mean absolute percentage error (MAPE)
equation (2):

Real Result;~Predicted Result;
Real Result;

MAPE = 131, x100% 2)

1.  ADAPTIVE NEURO-FUZZY
SYSTEMS [6][7]

An Adaptive Neuro-Fuzzy Inference System is a
combination of ANN and FL into a fuzzy neural network
system or a Neuro-Fuzzy System. The ANFIS was proposed
by J.-S. R. Jang in 1993 [7] and has a basic structure as
shown in Figure 2. There are two inputs. x1 and xz. and y is
the only output. and there are two Takagi-Sugeno-Kang
(TSK) fuzzy rules as follows:
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Rule 1: If x; is A and X2 is By. then f; = p1 X1 + qix2 + 11
Rule 2: If x; is As and x; is Bo. then fr=pa X3 + quX2 + 12.

Fig. 2. The structure of the Adaptive Neuro-Fuzzy
Inference System[7]

The structure of ANFIS is divided into 5 layers:

Layer 1: Acts to convert imported data into fuzzy values by
calculating membership values from the membership
function. The nodes in this layer are rectangular. which
indicate that the parameter values can be adjusted. The
parameters in this node refers to the parameters of the
membership function. called the Premise Parameters.

Layer 2: Serves to multiply the signals sent from the first layer
by using the T-norm Operator. This layer sends the output to
Layer 3. The number of nodes in this layer is equal to the
number of fuzzy rules and the output signal (w) 1s the Firing
Strength of each rule. The nodes in this layer are circular,
indicating that the parameters cannot be adjusted.
Layer 3: Performs the Firing Strength adjustment to malke the
sum from every rule have one value by dividing the Firing
Strength by the sum of the Firing Strength from every rule.
The result is called the Normalized Firing Strength (w) node.
In this layer, there is a circle showing that the parameter value
cannot be adjusted.

Layer 4: Performs the calculation of the results of the fuzzy
mules. which are wilpai+quxo+r) for rule 1. The nodes in this
layer are rectangular. indicating that the parameters of this
node {pi. q. 1.} can be adjusted. These parameters are called the
Consequent Parameters.

Layer 5: Acts as a combination of signals from all nodes of
Layer 4. The nodes in this layer are circular, indicating that
they cannot adjust the parameters.

The learning of ANFIS uses the hybrid learning algorithm
from the two-way learning cycle. By forward calculation. the
parameters are adjusted based on the Least Squares Estimate.
while the Backward Pass uses the slope adjustment method
(Gradient Descent) for adjusting the parameters

III. K-MEANS CLUSTERING ALGORITHM [8]

The K-means clustering algorithn was first proposed
by MacQueen (1967). The flow chart of the K- means
clustering is shown in Figure 2.

Fig. 3. K-means clustering procedure [8].

The example of the clustering data with the IBM
SPSS STATISTICS 20 programme (K-means
algorithms) as input to train the ANN is shown in
Tables 1-3.
Table 1. Initial cluster centres [9].

Cluster

INPUT1 3367 | 3229 | 3946 | 4298 | 4.020 3.590
INPUT2 | 3.524 | 2974 | 4016 | 4330 | 3911 3.483
INPUT3 | 7.000 | 3.000 | 5.000 | 9.000 1.000 | 12.000
INPUT4 | 1874 | 1907 | 2216 | 2269 | 2448 1.940

Table 1. shows that the absolute of the minimum
starting centre distance is 4.1312 (Clusters 1 and 4).

Table 2 Final cluster centres [9].

Cluster

1 2 3 4 5 6

INPUT1 3.783 3566 | 3.627 | 3.891 | 3.650 3.857
INPUTZ2 3935 3494 | 3833 | 3877 | 3.507 3.783
INPUT3 7.500 | 3.500 | 5.500 | 9$.500 | 1.500 | 11.500

INPUT4 | 2015 | 2120 | 2.055 ] 2083 | 2.185 2.152

Table 2 shows that the absolute values of the final centre
distance was reduced from the initial centre. The lowest
was 2.1617 (Clusters 2 and 5).

Table 3 Number of cases in each cluster [9].

20 sets
18 sets
18 sets
20 sets
18 sets
20 sets
Valid 114 sets

Cluster

[P

N

Missiug 0 sets

Table 3 shows that Clusters 1. 4. and 6 had 20 sets of  data

L |

whereas Clusters 2, 3, and 5 only had 18 sets of data.

IV. LEARNING DATA FOR THE FORECASTING

MODEL

The data used for this study were monthly electricity
consumption data (Jan 2006 to Dec 2015) of the Metropolitan
Electricity Authority (MEA) and gross domestic product
(GDP) . The data were clarified by K-means algorithms
before being trained by a forecasting model. An example of
the classification data is shown in Table 4. The forecasting
depended on the MEA’s electricity energy history (six
months: three months). month code, classification number,
and GDP.
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Table 4 The input was classified by K-means algorithms 3.000
N )
and the target data. = 2500 | MNonclassified Data 2.422
(=]
5 3 o E
Months Months =1
Data Moving | Moving Month DP == 2.000 B classified Data
No. Av ‘ Code =z
verage | Average o = 1.500
(TWH) | (TWH) S o
1 3.4270 3.5380 7 1.7470 S = -
2 3.5120 3.5910 8 1.7470 .E E L.000
)
3 3.5770_| 3.5660 9 1.7470 =2 0500 -
e
4293 10000 | 2462 z T 0000 -
505 oo T o5 E & ANN 2 HIDDENSANN 4 HDDENS — ANFIS
114 4244 12.000 2462

V. THE EXPERIMENTAL RESULTS

A. Electricity forecasting of the Memropolitan Electricity
Authority (MEA)

This was divided into classified and non-classified tests
for learning by the neural networks (two hidden and four
hidden layers). There was a change in the number of neurons
in each layer’s transfer function and period. The data were
grouped into different sets to obtain the satisfactory results
The results are shown in Figures 4 and Table 5-7.

Table 5 Comparison of the electrical power forecast results
(non-classified learning data).

THE
ACTUAL | ELECTRICAL ENERGY PREDICTIONS
“%“AT}'; - | eLEcTRICAL (TWH)

ENERGY AN 2 ANN4
(TWH) HIDDENS HIDDENS | ANFIS
Tan2015 34695 34306 34876 36778
Feb-2015 3.6412 3.6646 3.7665 3.5509
Mar-2015 31991 31629 31795 3 5651
Apr201s 30568 32124 31136 32766
May-2015 3.5406 45300 34764 52855
Tun0015 33157 13667 33487 32072
2015 266 42354 52032
Aug2015 32462 42275 30715
Sep-2015 4.1744 4.1456 4.053
Oer 2015 T8 31971 30503
Nov.2015 ENVEE] 40877 39792
Dec2015 39705 39353 38477

Table 6 Comparison of the electrical power forecast results

(classified data).

THE
- ACTUAL ELECTRICAL ENERGY PREDICTIONS
oy ELECTRICAL (TWH)
ENERGY ANN 2 ANN 4

(TWH) HIDDENS | ANFIS
Tan-2015 34695 35005 3.8735
Fob 2015 38412 36382 34136

41991 41673 43308

3.0568 40365 4.2275
May-2015 3.5406 44684 44755 45148
Tun 2013 34157 43845 43771 43223
Tul-2015 43066 42831 42573 40787
Aug 2015 32462 42476 42780 42516
Scp-2015 41744 41610 41638 4.1566
Oci2015 31058 41633 41688 40540
Nov-2015 11773 41618 42249 39367
Dec2015 35705 35279 38676 39301

wn
[

Fig.4 .Comparison of the absolute value of the predictive
value of each model (non-classified data).

Figure 4 shows the absolute value of each predicted error with
the classified and non-classified data. Bar 1 represents the
non-classified data. whereas Bar 2 represents the classified
data. It can be seen that the predicted results of all models
showed less error-prone classification data than the non-
classified data. Thus. this indicates that the classified results
had more predictive effects. Moreover, the graph shows that
the performance of the four hidden layers of the ANN was
better than all of the models for both types of data.

Table 7 Comparison of the data and MAPE values of each
model

ANN ANN ANFIS
j | :HIDDENS | JHDDENS
Back Back Sugems
Model =
Propagation
Taput 1 Number of
1stLayer Lst Layer MFs2
Dsigmf ( € );Trapmf
Tan-Sigmoid Sigmoid (NC)
Topus T Nuzber of
2ud Layer 2ud Layer MEs2
Dsigmnt (). Traguaf
TenSigmoid | TanSigwoid | (NC)
. S Fumaber of
Transfer Function Oupiilage | Guilager Topue
N - Dsiomf (€ ) Trapmf
& T d | TaSimed | (NC)
Toput 4 Number of
th Layer MEFs2
Dsime ( C) Trapmt
TanSigmoid | (NC)
Topus 5 Nuzber of
Oufput Layer | MEs 2
Tan Sigmoid | Dsigwf (C).
Topu 6 Sumber of
MEs 2
Deiemf (C)
Gutgut VE, Liner
(NC)
Ot VI, Comstant
()
Training Data (Sets) 102 102 102
Testing Data Gets) | 12 ¥) )
Teverber Tevenberz | Fyord
Learning Method (Gradient Descen,
Magusdt | Mapad | LS5
Epochs 200 200 200
Learuing Tone ()| 0.12 19 15
for Nouclassified
ata
Tearning Tine (m) | B8 3] 5]
for Classified Data
MAPE (%) 13117E+00 1.2648EH00 4 8329E+00
for Nonclassified
Data
MAPE (%) TIRIE00 | SGSREQD | 3560250
for Classified Data

REMARK : C=Classified Data . NC = Nonelassified Data
Table 7 shows the comparison of each model. The power
consumption predicted with the classified and non-classified
data shows that the predicted result with the four hidden
layers of the neural network had the lowest MAPE value of
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1.2648% for non-classified data and 0.9668 % for the
classified data, respectively. This shows that the four hidden
layers of the neural network was most effective for the data
used in this study. In comparing the classified data and non-
classified data. which predicted the different models. it was
found that the classified data gave a lesser MAPE value than
the non-classified data. Based on the forecast results. the
classification of the data results would better predict the
power consumption

VI. CONCLUSION

The results of the computer prediction of the electricity
distribution of the Metropolitan Electricity Authority (MEA)
using artificial neural networks (two hidden and four hidden
layers). ANFIS and classitied data before learning were
satisfactory. These findings were obtained by comparing the
classified and non-classified data. which was done with a
neural network model neural network (four hidden layers),
and ANFIS showed the best predictive results with a MAPE
of 0.9668%. Thus. these simulated results can be used to
improve the management of the load distribution. power
station maintenance planning. and budget allocation.
Moreover, the forecasting method can be applied to spatial
forecasting in the next paper.
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Abstract — This paper continues to develop the previous
paper on Application Data for Electricity Load Forecasting
Models by applying the method to the geographic information
system (GIS) technology in medium-term energy forecasting for
the Metropolitan Electricity Authority (MEA) area of Bangkok,
Thailand. This method can be employed to improve the
electricity load efficiency of the MEA. The spatial prediction
plays a key role in the expansion of the areas of electricity
distributien, such as the decision-making regarding investment
in new substations and power system planning for maintenance
and operations. The results appear fo indicate that the
prediction of the point density of the MEA areas was
proportional to the electricify demand in the MEA areas.

Keywords—
Forecasting

Geographic ~ Imformation  System, Load

1. INTRODUCTION

Increased efficiency and accuracy and more specific
information are required for the prediction of the use of
electrical energy in order to make the operations of the
electricity distribution. such as maintenance and expansion of
service areas. convenient and fast. Therefore. this research
proposes a method to predict the use of spatial electricity.
which is divided according to the MEA’s service areas of
electricity. By using the point density of important places such
as the BTS. the MRT. department stores. schools, markets,
etc.. the research determines whether the point density of each
location. when overlapping. corresponds to the electrical
energy usage of each electric service area. This research is a
part of predicting the use of electrical energy using a variety
of methads.

T1.SPATIAL POWER DEMAND FORECAST [1][2][3]

Spatial power demand forecasting is predicting for small
area in which the service area of the electricity is divided
into small rectangles (grid). This method of forecasting is
very precise because it calculates and knows the amount of
the position and time that there will be the demand for
electricity in the future. It can also be used to designa
transmission system and build a new substation. Moreover.
spatial power demand can reduce the impact on the planning
and design of the power system due to the least error in
forecasting.

A. Sparial forecasting principle
Spatial forecasting predicts the future electricity demand.

and the results of the forecast include the size, position and
time.

1.)Method of the division of the spatial forecast area :
Spatial forecasting can be divided into small areas as shown

978-1-7281-0067-8/19/$31.00 ©2019 TEEE
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inFigures 1 and 2. There are two methods for dividing the area
of the electricity.

Fig. 2. Divided into small squares (grid).

a) Categorising : by customer area or a polygon is
dividing into areas according to the scope of the electricity
services. This method is directly predicted by the distribution
of the electrical power in each disfrict .

b) In segregating into small squares (grid),: the area is
divided into  smaller squares. Then. the -electricity
consumption of each small square area is analysed.

2) Method of division of the customer class : The spatial
module and per capita are based on the customer class as
shown in Table 1. This defines the behaviour of the electricity
usage and behaviour in the selection of the appropriate
environment to use for each type of location. Hence,
classifying customers by their behaviour of electricity usage
and in a similar group can gain a greater accurate forecast
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Table 1 Example of electric user classification [1]

Class Definition
‘Spatral Customer Model
Requirements
= 1 Agriculrural farmh
non-farm homes outside
Rural urban/suburban areas
Single family- single family homes on large
low density lots
Single family- single family homes - average
normal density
Single family-
high density townhouses row houses
Multi-family apartments duplexes.row
housing houses
Commereial Retail small stores.strip centers
Retail large shopping malls centers
Offices professional buildings
High-rise tall buildings
often
officedschoalk different
Transportation  Public Train mit . bts

3) Spatial Data : Spatial data are a digital map of Bangkok.
which 1s supported by the Bangkok Geographic Information
Technology Centre. A shaped file was used in this research,
and some of the examples are shown in Figures 3-4.

B
7 i

Fig. 3. Bangkok Mass Transit System (BTS) station map, and

Metropolitan ~ Rapid ~ Transit ~ (MRT) = Chaloem

Ratchamongkhon Line station map. and Bangkok Airport
Rail Link station map (ARL). [4] [5]

Fig. 4. Shopping malls in Bangkok. [3] [4]

4) Density estimation [6]:Density estimation or density
calculation can be performed either as point features or line
features. This can estimate the energy of each area by point
feature overlays and multiple line features. Then. the
electricity demand in each area can be analysed.

a) Point density ealculation : is the calculation of the
density of points around the individual output cells.
Neighbouring cells are centred around each cell and include
the number of points in the neighbourhood and are then
divided by the area of the neighbourhood. Point density can

be applied to the density of buildings. hotels. department
stores, hospitals. schools, houses. etc.

b) Line density calculation : is the calculation of the
density of the lines in the neighbourhood of the output cell in
the form of distance per unit area. The selection relies on the
distance unit of the map of the incoming feature. If the
distance 1s in metres, the area will be square kilometres by
default, and the resulting line density will be in metres per
square kilometre. Calculating line density is conducted by
creating a circle around the central cell using the search
radius. The length of each line within the circle is multiplied
by the value in the population field and includes those
multipliers. Then, it is divided by the circle area as shown in
the following equation:

Density = ((L1xV1)+IL2xV2))/(area of the circle))
where L1, L2 is the part of the line inside the circle.
and V1. V2 are the values in the population field.

III. THE EXPERIMENTAL RESULTS

A. Spatial energy forecasting of the metropolitan area

The calculations of the point density of the shape file
including the spatial data layers is shown in Figures 5-9.

2702¢
(7 RV A N S - |
Fig. 5. The point density of including the spatial data layers

for the Metropolitan Electricity Authority. Wat Liab area in
Bangkok

Fig. 6. The point density of including the spatial data layers
for the Metropolitan Electricity Authority. Yannawa area in
Bangkok.
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Fig. 7. The point density of including the spatial data layers
for the Metropolitan Electricity Authority, Samsen area in
Bangkok.

Fig. 8. The point density of including the spatial data layers
for the Metropolitan Electricity Authority. Bang Kapi area in
Bangkok.

Fig. 9. The point density of including the spatial data layers
for the Metropolitan Electricity Authority, Bang Khen area in
Bangkok.

Table 2 showing the point density by choosing four different
points of each electricity service area. which considered the
intensity from the highest to the lowest.

Metropolitan The poiat demsity of
Electricity Point each spatial data layers
Authority Area Tayer 1 Tayer2 Tayer3 | layerd
T 0.355 0293 0.115 0.000
e 2 0.076 0153 0.000 0.000
3 0.000 0191 0.076 0.000
i 0.000 0.089 0.000 0.000
T 0433 0369 0.178 0.000
306 .280 127 000
Wb 420 331 X 000
318 407 X 000
369 s X 089
3 038 7 X 039
191 9] . 10:
089 .28
1
5
Bangkapi :
5 X
033 089 000 | 0.000
Bang Khen 2 0.013 0115 0.000 0.000
3 0.013 0051 0.000 0.000
4 0.000 0013 0.000 0.000

Table 3 showing the point density by choosing four different
points of each electricity service area, which considered the
intensity from the highest to the lowest.

Metropolitan The point density of

Electricity Point ‘each spatial data layers

Authority Area Tayers Tayer6 | layer7 | layer8 | fayerd

1 0 7 203 | 0509 5.730

AD -~ 2 0 D 220 433 4058

3 0 7 120 > 2626

54 038 7 1.035

0 55 95 547 7.003

\ X .220 6 H 7.958

& | 0 5] 31 09 7003

T .00 55 06 .52 138

03 | 0280 45 038

. 153 9 377

e 7 .089 5 626

X 5 102 7 1273

0 2427 _| 0.089 9 2238

’ 013 089 031 20 1830

Byosiae 3 0000 0.115 0.051 0.153 1512

s 0.000 0.035 0038 0102 0875

] 0000 0153 0,089 0.166 0716

3 0000 0025 0025 0115 3467

Rt 3 0,000 0.025 0.025 0.06% 1253

ES 0.000 0,013 0.025 0025 0716

Table 4 Comparison of the point density and Kilowatt Hour
per square meire of each area of the Metropolitan Electricity
Authority (MEA).

Kilowatt-
Metropohita Fouge
S The point density of including spatial datalayers | SQM of
1 Elecmaity MEA Each
Authority
Area
Ve Point | Point [ Point [ Point | Avemge | L.ooo.o
1 2 3 4 4 pomt &~
7436 | 5153 | 3403 | 1353 4336 54.695
Yaunawa
2 2 2
= 9.180 | 9.842 | 9.002 | 6112 8534 77.037
- P 5%
- 6108 | 5230 | 3848 | 2292 4370 72518
B 3387 | 2.480 | 1958 | 1.194 2254 26.820
BangKhen | 1251 | 2760 | 1451 | 0.793 1.564 22,155

Table 4 showing the point density of including the spatial
data layers for the Metropolitan Electricity Authority of each
area in Bangkok
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It can be obviously seen from Table 4 that the Kilowatt
Hour per square metre is the same as the average of the four
points density of each electricity service area. For example,
the electricity service area of Wat Liab is measured along
with the maximum electrical energy per square metre, and the
point density of the electricity area services of Wat Liab is
also the most compared to other electricity service areas.

IV. CONCLUSION

The results of the computer prediction of the electricity
distribution of the Metropolitan Electricity Authority (MEA)
are satisfactory. The forecasting method can be applied to
spatial forecasting and indicated that the density of the
features in each MEA area varied in accordance with the
amount of electricity consumed per service area. Therefore,
the findings of this study are useful for more efficient
management planning. such as for the installation of new
substations in the future.
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M19°99 4.1 uaneiegetayadmiuiieus veamsmeinsaimadliihgeaaveansiihidie
nanuisUsTnealve (QGDP a 51A1 2531) [32], [33]

Bunn

@iy | Anedendoui Aadeindouii Aedsindoui Auedundeuit | e udnfiniaiuag Mina

i 12 \fiau 9 \fau 6 \Aau 3 \hay W | sumeludseme | Gnzdad)
Rneind) Rneind) Rneing) Rneing) (Fuduum)

1 14.0492 14.3345 14.4363 14.2558 10 0.78 14.1393
2 14.0876 14.3921 14.3064 14.2556 11 0.78 14.1339
3 14.1496 14.3953 14.2160 14.1751 12 0.78 14.1246
4 14.2840 14.3350 14.1942 14.1326 1 0.78 14.2118
5 14.3333 14.2565 14.2062 14.1568 2 0.78 14.6008
6 14.3746 14.2481 14.2437 14.3124 9 0.78 15.0129
7 14.4034 14.3323 14.3706 14.6085 4 0.74 16.1264
8 14.5041 14.5530 14.7017 15.2467 5 0.74 15.1878
9 14.5467 14.6433 14.8774 15.4424 6 0.74 14.9923
10 14.6081 14.7255 15.0220 15.4355 7 0.74 15.0451
11 14.6835 14.8262 15.1609 15.0751 8 0.74 15.0967
12 14.7436 14.9332 15.2435 15.0447 9 0.74 15.2473
13 14.8266 15.0579 15.2826 15.1297 10 0.80 14.8645
14 14.8870 15.1304 15.0723 15.0695 11 0.80 14.6049
15 14.9263 15.1309 14.9751 14.9056 12 0.80 14.7076
16 14.9748 15.0970 14.9277 14.7257 1 0.81 14.5525
17 15.0032 14.9221 14.8456 14.6217 2 0.81 15.2608
18 15.0582 14.9302 14.8729 14.8403 3 0.81 16.4853
19 15.1809 15.0961 15.0793 15.4329 4 0.78 16.6811
20 15.2272 15.2779 15.3820 16.1424 5 0.78 16.2931
21 15.3193 15.4108 15.6634 16.4865 6 0.78 16.1569
22 15.4163 15.5119 15.9050 16.3770 7 0.79 16.0298
23 15.4984 15.6413 16.1512 16.1599 8 0.79 15.9121
24 15.5663 15.7866 16.2597 16.0329 9 0.79 15.8182
25 15.6139 15.9100 16.1485 15.9200 10 0.85 15.9923
26 15.7079 16.0700 16.0337 15.9075 11 0.85 16.0742
27 15.8303 16.1603 15.9973 15.9616 12 0.85 15.9297
28 15.9322 16.0986 15.9594 15.9987 1 0.87 15.7775
29 16.0343 15.9982 15.9173 15.9271 2 0.87 16.7235
30 16.1561 16.0460 16.0526 16.1436 3 0.87 17.2222
31 16.2176 16.1644 16.2866 16.5744 4 0.83 17.8264
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M19°99 4.1 waneiegstoyadmiuieus veansnensalindsliihgeanvenisiniicing
nanuisUsTnalve (QGDP a 51A1 2531) (sin) [32], [33]

Bunn
@iy | Anedendoui Aadeindeui Aeduindoui Auedundeuit | e udnfinaiuag Mina
i 12 \fiau 9 \fau 6 \Aau 3 \hau W | swneluvseme | Rnzdnd)
Rneind) Rneind) Rneing) @neing) (Fruduum)

32 16.3130 16.3640 16.5923 17.2574 5 0.83 18.1214
33 16.4654 16.6095 16.9335 17.7233 6 0.83 17.3686
34 16.5663 16.7818 17.1733 17.7721 7 0.84 17.2718
35 16.6698 16.9239 17.4223 17.5873 8 0.84 17.2052
36 16.7776 17.0496 17.5026 17.2819 9 0.84 16.8162
37 16.8608 17.1481 17.4349 17.0977 10 0.92 16.9889
38 16.9438 17.2827 17.2954 17.0034 11 0.92 17.3694
39 17.0517 17.3545 17.1700 17.0582 12 0.92 16.9828
40 17.1395 17.3279 17.1057 17.1137 1 0.93 16.8317
41 17.2273 17.2173 17.0324 17.0613 2 0.93 17.6723
a2 17.3064 17.1674 17.1102 17.1623 3 0.93 19.3258
43 17.4817 17.3849 17.5285 17.9433 4 0.88 19.2521
a4 17.6005 17.6049 17.9057 18.7501 ] 0.88 18.3735
a5 17.6215 17.7347 18.0730 18.9838 6 0.88 18.1313
a6 17.6851 17.8809 18.2645 18.5856 7 0.90 17.9303
ar 17.7400 17.9855 18.4476 18.1450 8 0.90 18.5262
48 17.8500 18.1140 18.5899 18.1959 9 0.90 18.2297
a9 17.9678 18.2525 18.4072 18.2287 10 0.97 18.3095
50 18.0779 18.4167 18.2501 18.3551 11 0.97 18.8363
51 18.2001 18.5461 18.3272 18.4585 12 0.97 18.1612
52 18.2983 18.4167 18.3322 18.4357 1 0.96 18.2612
53 18.4175 18.3066 18.3874 18.4196 2 0.96 18.94
54 18.5231 18.3695 18.4563 18.4541 3 0.96 20.2215
55 18.5977 18.6018 18.7883 19.1409 4 0.93 205375
56 18.7049 18.8915 19.1596 19.8997 5 0.93 20.5368
57 18.8851 19.1149 19.4430 20.4319 6 0.93 19.2375
58 18.9773 19.2268 19.6224 20.1039 7 0.94 18.9601
59 19.0631 19.2991 19.7389 19.5781 8 0.94 19.0394
60 19.1059 19.3217 19.7555 19.0790 9 0.94 18.7759
61 19.1514 19.3900 19.5145 18.9251 10 1.02 18.7587
62 19.1888 19.4453 19.2181 18.8580 11 1.02 19.0924
63 19.2102 19.4622 18.9773 18.8757 12 1.02 18.4497
64 19.2342 19.2653 18.8460 18.7669 1 1.02 18.8792
65 19.2857 19.0811 18.8326 18.8071 2 1.02 19.6957
66 19.3487 18.9876 18.9419 19.0082 3 1.02 20.7448
67 19.3923 19.1551 19.2701 19.7732 4 0.98 20.5313
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M19°99 .1 uaneiegetayadmiuiteus veamsnensalimaaliihgegavesnisivihidie
HanuisUsEIWAlve (QGDP qu 59A0 2531) (se) [32], [33]

Bunn
@iy | Anedendoui Aadeindeui Aeduindoui Auedundeuit | e udnfinaiuag Mina
i 12 \fiau 9 \fau 6 \Aau 3 \hau W | swaeluvseme | Rnzdnd)
Rneind) Rneind) Rneing) @neing) (Fruduum)
68 19.3918 19.3297 19.5655 20.3239 5 0.98 21.064
69 19.4357 19.5546 19.8941 20.7800 6 0.98 20.4393
70 19.5359 19.7395 20.2257 20.6782 7 0.99 20.0403
71 19.6259 19.8819 20.4192 20.5145 8 0.99 19.8697
72 19.6951 19.9682 20.4482 20.1164 9 0.99 20.2135
73 19.8149 20.1642 20.3597 20.0412 10 1.07 20.0523
74 19.9227 20.2945 20.2799 20.0452 11 1.07 20.4436
75 20.0353 20.3776 20.1765 20.2365 12 1.07 20.0922
76 20.1722 20.3051 20.1186 20.1960 1 1.06 19.7548
v 20.2451 20.2189 20.0710 20.0969 2 1.06 20.5929
78 20.3199 20.1665 20.1916 20.1466 3 1.06 22.161
9 20.4379 20.3578 20.5161 20.8362 4 1.02 22.5861
80 20.6091 20.6407 20.9384 21.7800 ] 1.02 21.2342
81 20.6233 20.7923 21.0702 21.9938 6 1.02 21.5554
82 20.7163 20.9414 21.3141 21.7919 7 1.03 20.3963
83 20.7460 20.9796 21.4210 21.0620 8 1.03 20.853
84 20.8279 21.0251 21.4643 20.9349 9 1.03 21.0627
85 20.8987 21.1329 21.2813 20.7707 10 1.13 20.5944
86 20.9439 21.2262 20.9493 20.8367 11 1.13 20.4834
87 20.9472 21.2141 20.8242 20.7135 12 1.13 20.9579
88 21.0193 21.0804 20.7246 20.6786 1 1.13 20.7334
89 21.1009 20.8745 20.7808 20.7249 2 1.13 20.7082
90 21.1105 208161 20.7567 20.7998 3 1.13 22.1121
91 21.1064 20.8779 20.9316 21.1846 4 1.07 225682
92 21.1049 21.1193 21.2605 21.7962 5 1.07 21.61
93 21.1363 21.2034 21.4483 22.0968 6 1.07 213958
94 21.1230 21.2404 215213 21.8580 7 1.07 21.4892
95 21.2140 21.3398 21.6473 21.4983 8 1.07 215901
96 21.2755 21.4628 21.7942 21.4917 9 1.07 21.0137
97 21.2714 21.4690 21.6112 21.3643 10 1.08 20.7114
98 21.2811 21.4665 21.3017 21.1051 11 1.08 20.2009
99 21.2576 21.4102 21.0669 20.6420 12 1.08 18.3941
100 21.0439 20.9970 20.5666 19.7688 1 1.05 18.6029
101 20.8664 20.5565 20.0855 19.0660 2 1.05 20.7536
102 20.8702 20.4613 19.9461 19.2502 3 1.05 213181
103 20.8040 20.4527 19.9968 20.2249 4 1.02 22.0449
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M19°99 4.1 waneiegstoyadmiuieus veansnensalindsliihgeanvenisiniicing
nanLisUsTIneAlve ( QGDP a 51A1 2531) (si9) [32], [33]

Bunn
@iy | Anedendoui Aadeindeui Aeduindoui Auedundeuit | e udnfinaiuag Mina
i 12 \fiau 9 \fau 6 \Aau 3 \hau W | swneluvseme | Rnzdnd)
Rneind) Rneind) Rneing) @neing) (Fruduum)
104 20.7604 205144 20.2191 21.3722 5 1.02 20.8275
105 20.6952 20.4297 20.3235 21.3968 6 1.02 20.8448
106 20.6493 20.4109 20.7320 21.2391 7 1.04 20.5057
107 20.5673 20.3881 21.0491 20.7260 8 1.04 21.2579
108 20.5396 20.5055 21.1332 20.8695 9 1.04 20.9574
109 20.5349 20.7903 21.0730 20.9070 10 1.14 21.02
110 20.5607 21.0589 20.9022 21.0784 11 1.14 21.8042
111 20.6943 21.1756 21.0650 21.2605 12 1.14 20.8856
112 20.9019 21.1276 21.0718 21.2366 1 1.18 20.9695
113 21.0991 21.0081 21.1491 21.2198 2 1.18 21.87229
114 21.1923 21.1242 21.2515 21.2425 3 1.18 23.30405
115 21.3578 21.3974 21.6426 22.0486 4 111 23.89772
116 21.5122 21.7743 22,1222 23.0247 ] 1.11 24.0099
117 217774 22.0801 22.4898 237372 6 Ll 23.2373
118 21.9768 22.3334 22.8818 23.7150 7 1.11 22.8655
119 22.1734 22.5385 23.1978 23.3709 8 lelel 21.8934
120 22.2264 22.5484 23.2013 22.6654 9 1.11 22.2150
121 22.3312 22.6961 23.0198 22.3246 10 1.19 21.7745
122 22.3941 22.7855 22.6659 21.9610 11 1.19 22.2948
123 22.4350 22.8325 22.3801 22.0947 12 1.19 22.3022
124 22.5530 22.7211 22.2242 22.1238 1 1.22 21.2883
125 22.5796 22.4312 21.9614 21.9618 2 1.22 22.2069
126 22.6075 22.2309 22.0136 21.9325 3 1.22 23.1563
127 22,5951 22.2219 22.1705 222172 4 1.14 233221
128 22,5472 22.2726 22.4284 22.8951 5 1.14 23.9002
129 22.5380 22.4956 22.6960 23.4596 6 1.14 23.0292
130 22.5207 22.5861 228172 23.4172 7 1.16 233514
131 22.5612 227613 23.1610 23.4269 8 1.16 23.4425
132 22.6903 22.8888 23.3670 23.2744 9 1.16 22.8086
133 22.7397 22.9451 23.3090 23.2008 10 1.08 22.0621
134 227637 23.0310 23.0990 227711 11 1.08 20.9546
135 22.6520 22.8919 22.6081 21.9418 12 1.08 21.1049
136 22.5523 22.6640 22.2873 21.3739 1 1.22 22.2511
137 22.6325 22.5450 22.1040 21.4369 2 1.22 23.5544
138 22.7448 22.5065 221226 223035 3 1.22 24.5715
139 22.8627 226779 22.4164 23.4590 4 1.19 26.1211
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M19°99 4.1 waneiegstoyadmiuieus veansnensalindsliihgeanvenisiniicing
nanuisUsTinealve (QGDP a 51A1 2531) (sin) [32], [33]

Bunn
@iy | Anedendoui Anadnndoui Aedsindoui Auedundeuit | e udnfinaiuag Mina
i 12 \fiau 9 \fau 6 \Aau 3 \hay wou | swneludseme | Rnzdnd)
Rneind) Rneind) Rneing) @nzing) (Fruduum)

140 23.0960 22.9856 23.0929 24.7490 5 1.19 25.2073
141 23.2049 23.1817 23.8017 25.3000 6 1.19 23.9273
142 23.2797 23.3060 24.2721 25.0852 7 1.19 23.9326
143 23.3282 23.5139 24.5524 24.3557 8 1.19 24.1557
144 23.3876 23.8695 24.6526 24.0052 9 1.19 24.0093
145 23.4877 24.1923 24.5589 24.0325 10 1.29 24.1313
146 23.6601 24.4012 242273 24.0988 11 1.29 24.6579
147 23.9687 24.5238 24.1357 24.2662 12 1.29 24.0739
148 24.2161 24.4685 24.1601 24.2877 1 1.29 23.3908
149 24.3111 24.1651 24.0698 24.0408 2 1.29 24.5894
150 24.3973 24.0965 24.1421 24.0180 B 1.29 26.4230
151 24.5516 24.3738 24.5444 24.8011 a 1.23 26.3246
152 24.5686 24.6395 24.9099 25.7790 3 123, 26.5981
153 24.6845 24.9109 25.2333 26.4486 6 123 25.0380
154 24.7771 25.0252 25.3940 25.9869 A 1.22 24.5684
155 24.8300 25.0738 25.5903 25.4015 8 1.22 23.9417
156 24.8122 24.9942 25.4823 24.5160 9 1.22 24.3637
157 24.8417 25.0264 25.1391 24.2913 10 1.30 23.7415
158 24.8092 25.0654 24.7086 24.0156 11 1.30 24.2512
159 24.7754 25.0278 24.3174 24.1188 12 1.30 22.9052
160 24.6780 24.6369 23.9619 23.6326 1 1.28 22.5569
161 24.6085 24.2183 23.6267 23.23718 2 1.28 23.6586
162 24.5309 23.8917 235795 23.0402 3 1.28 26.1059
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M19199 9.2 waneiegetayadmiuiieus veamanensainmslandsauluihvesnislviih

unsvansaililadnngu ( QGDP i 51A1 2545) [33], [34]

Bunn

ddiu Aadeindoui Aedsindoui Svid udnfinainag ine

i 6 wiau 3 Lhiou Lhou saunelulszme (g ¥ad-4aluq)
(g Tad-42luq) sz Tad-4aluq) (Auduum)

1 3.4273 3.5383 7 1.7468 3.5680
2 3.5118 3.5913 8 1.7468 3.5580
3 3.5770 3.5660 9 1.7468 3.5160
a4 3.5428 3.5473 10 1.8937 3.4970
5 3.5575 3.5237 T 1.8937 3.5520
6 3.5438 3.5217 12 1.8937 3.2270
7 3.4863 3.4253 1 1.9288 3.1150
8 3.4108 3.2980 2 1.9288 3.1380
9 3.3408 3.1600 3 1.9288 3.7830
10 3.3853 3.3453 [ 1.8295 3.5240
11 3.3898 3.4817 51 1.8295 3.6760
12 3.4105 3.6610 6 1.8295 3.7710
13 3.5012 3.6570 7 1.8422 3.5910
14 3.5805 3.6793 8 1.8422 3.6300
15 3.6625 3.6640 9 1.8422 3.6150
16 3.6345 3.6120 10 1.9791 3.5520
17 3.6392 3.5990 il 1 1.9791 3.3470
18 3.5843 3.5047 12 1.9791 3.2930
19 3.5047 3.3973 1 1.9929 3.3800
20 3.4695 3.3400 2 1.9929 3.3210
21 3.4180 3.3313 3 1.9929 3.7120
22 3.4342 3.4710 a 1.8939 3.6060
23 3.4432 3.5063 5 1.8939 3.7500
24 35103 3.6893 6 1.8939 3.6810
25 3.5750 3.6790 7 1.8836 3.6700
26 3.6233 3.7003 8 1.8836 3.7400
27 3.6932 3.6970 9 1.8836 3.5540
28 3.6668 3.6547 10 1.9399 3.6370
29 3.6720 3.6437 11 1.9399 3.2590
30 3.5902 3.4833 12 1.9399 2.9260
31 3.4643 3.2740 1 1.9070 2.8086
32 3.3208 2.9979 2 1.9070 3.1879
33 3.2287 2.9742 3 1.9070 3.6313
34 3.2416 3.2093 a 1.8341 3.4052
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M19199 9.2 waneiegetayadmiuiieus veamaneinsaimslandsnulniivesnisiiih

unsvansalliladnngu ( QGDP a 57A1 2545) (sg) [33], [34]

Bunn

ddiu Aadeindoui Aedsindoui Svid udnfinainag ine

i 6 wiau 3 Lhiou Lhou saunelulszme (g ¥ad-4aluq)
(g Tad-42luq) sz Tad-4aluq) (Auduum)

35 3.2030 3.4081 5 1.8341 3.5911
36 3.2583 3.5425 6 1.8341 3.5759
37 3.3667 3.5241 7 1.8736 3.5933
38 3.4974 3.5867 8 1.8736 3.6922
39 3.5815 3.6204 ol 1.8736 3.6091
40 3.5778 3.6315 10 2.0387 3.6101
41 3.6119 3.6371 11 2.0387 3.4386
42 3.5865 3.5526 12 2.0387 3.3181
43 3.5436 3.4556 1 2.1394 3.4350
44 3.5172 3.3972 A 2.1394 3.5229
45 3.4890 3.4253 3] 2.1394 3.8941
46 3.5365 3.6173 4 1.9972 3.7601
47 3.5615 3.7257 5 1.9972 3.9894
48 3.6533 3.8812 6 1.9972 3.9922
49 3.7656 3.9139 7 1.9819 39173
50 3.8460 3.9663 8 1.9819 3.7659
51 3.8865 3.8918 9 1.9819 3.7851
52 3.8683 3.8227 10 2.1095 3.6540
58 3.8506 3.7350 11 2.1095 3.5261
54 3.7734 3.6551 12 2.1095 3.4722
55 3.6868 3.5508 1 2.2084 3.3217
56 35875 3.4400 2 2.2084 3.4233
57 3.5304 3.4057 3 2.2084 3.7014
58 35164 3.4821 a 2.0347 3.5041
59 3.4914 3.5429 5 2.0347 3.9502
60 35621 3.7185 6 2.0347 3.9479
61 3.6414 3.8007 7 2.0297 3.8916
62 3.7364 3.9299 8 2.0297 3.8727
63 3.8113 3.9041 9 2.0297 3.8971
64 3.8439 3.8871 10 2.0237 3.6435
65 3.8672 3.8044 11 2.0237 3.4164
66 3.7782 3.6523 12 2.0237 3.2780
67 3.6665 3.4460 1 22721 3.5807
68 3.6147 3.4250 2 22721 3.8038
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M19199 9.2 waneiegetayadmiuiieus veamaneinsainmslandsaulninvesnisiviih

unsvansalliladnngu ( QGDP a 57A1 2545) (sg) [33], [34]

Bunn

a1 Anadeindeuii Aedsindoui Svid udnfinainag ine

i 6 wiau 3 \hiou LAou saunelulszme (g ¥ad-4aluq)
(g Tad-42luq) sz Tad-4aluq) (Buduum)

69 3.6032 3.5542 3 22721 4.2418
70 3.6607 3.8754 [ 2.1587 3.9851
71 3.7176 4.0102 5 2.1587 4.3469
72 3.8727 4.1912 6 2.1587 4.1017
73 4.0100 4.1446 7 21317 4.0869
74 4.0944 4.1785 8 2.1317 3.9723
75 4.1224 4.0537 9 2.1317 3.9223
76 4.0692 3.9938 10 2.3339 3.9959
i 4.0710 3.9635 1dl 2.3339 4.0241
78 4.0172 3.9807 12 2.3339 3.8232
79 3.9708 3.9477 1 2.3899 3.7832
80 3.9202 3.8768 2 2.3899 3.7712
81 3.8866 3.7925 3 2.3899 4.2275
82 3.9375 3.9273 4 2.2158 4.0479
83 3.9462 4.0156 5 2.2158 4.4626
84 4.0193 4.2460 6 2.2158 4.1406
85 4.0722 4.2170 7 2.1860 4.0181
86 4.1113 4.2071 8 2.1860 4.0887
87 4.1642 4.0825 9 2.1860 3.9141
88 4.1120 4.0070 10 2.3451 3.9599
89 4.0973 3.9876 11 2.3451 3.9024
90 4.0040 3.9255 12 23451 3.3016
91 3.8641 3.7213 1 2.3776 3.2937
92 3.7434 3.4993 2 2.3776 3.4609
93 3.6388 3.3521 3 2.3776 4.0943
94 3.6688 3.6163 4 2.2338 4.0780
95 3.6885 3.8777 5 2.2338 4.4982
9% 3.7878 4.2235 6 2.2338 4.3109
97 3.9560 4.2957 7 2.2055 4.1688
98 4.1019 4.3260 8 2.2055 4.1253
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M19199 9.2 waneiegetayadmiuiseus vaansnensalnmslandsauliinvesnisiiih

unsvansalliladnngu ( QGDP a 57A1 2545) (sg) [33], [34]

Bunn
a1 Anadnndoui Aedsindoui Svid udnfinainag ine
i 6 wiau 3 Lhiou LAou saunelulszme (g ¥ad-4aluq)
sz Tad-42luq) sz Tad-4aluq) (Buduum)
99 4.2126 4.2017 9 2.2055 4.0926
100 4.2123 4.1289 10 2.3947 4.0520
101 4.2080 4.0899 11 2.3947 4.0295
102 4.1298 4.0580 12 2.3947 3.6522
103 4.0201 39112 1 2.4477 3.4695
104 3.9035 3.7171 2 2.4477 3.6412
105 3.8228 3.5876 3 2.4477 4.1991
106 3.8406 3.7699 4 2.2935 4.0568
107 3.8414 3.9657 5 2.2935 4.5406
108 3.9266 4.2655 6 2.2935 4.4157
109 4.0538 4.3377 Pr- 2.2686 4.3266
110 4.1967 4.4276 8 2.2686 4.2462
111 4.2975 4.3295 9 2.2686 4.1744
112 4.2934 4.2491 10 2.4615 4.1258
113 4.3049 4.1821 11 2.4615 41773
114 4.2443 4.1592 12 24615 3.9705




146

M19°99 4.3 uaneiegetayadmiuiieus vaansnensalnmslandsaulninvesnisiiih

UATVANNTAINTIANGY ( QGDP Q511 2545) [33], [34]

Bunn

a1 Anadeindeuii Aedsindoui Svid faLay udnfinainag Mina

i 6 \fiau 3 \fiou Wou | uaangy sauneluuseme (wszdad-Faluq)
(wszFad-daTuq) (wszFad-daluq) (6ngu) (Fuduum)

1 3.4273 3.5383 7 2 1.7468 3.5680
2 3.5118 3.5913 8 2 1.7468 3.5580
3 3.5770 3.5660 9 4 1.7468 3.5160
4 3.5428 3.5473 10 4 1.8937 3.4970
5 3.5575 3.5237 11 6 1.8937 3.5520
6 3.5438 3.5217 12 6 1.8937 3.2270
7 3.4863 3.4253 1 5 1.9288 3.1150
8 3.4108 3.2980 2 5 1.9288 3.1380
9 3.3408 3.1600 ) 1 1.9288 3.7830
10 3.3853 3.3453 4 | 1.8295 3.5240
11 3.3898 3.4817 5 3 1.8295 3.6760
12 3.4105 3.6610 6 3 1.8295 3.7710
13 3.5012 3.6570 7 2 1.8422 3.5910
14 3.5805 3.6793 8 2 1.8422 3.6300
15 3.6625 3.6640 2) 4 1.8422 3.6150
16 3.6345 3.6120 10 4 1.9791 3.5520
17 3.6392 3.5990 11 6 1.9791 3.3470
18 3.5843 3.5047 12 6 1.9791 3.2930
19 3.5047 3.3973 s 5 1.9929 3.3800
20 3.0695 33400 2 5 1.9929 33210
21 3.4180 33313 3 1 1.9929 3.7120
22 3.4342 3.4710 4 1 1.8939 3.6060
23 3.4432 3.5463 5 3 1.8939 3.7500
24 35103 3.6893 6 3 1.8939 3.6810
25 3.5750 3.6790 7 2 1.8836 3.6700
26 3.6233 3.7003 8 2 1.8836 3.7400
27 3.6932 3.6970 9 4 1.8836 3.5540
28 3.6668 3.6547 10 4 1.9399 3.6370
29 3.6720 3.6437 11 6 1.9399 3.2590
30 3.5902 3.4833 12 6 1.9399 2.9260
31 3.4643 3.2740 1 5 1.9070 2.8086
32 33208 2.9979 2 5 1.9070 3.1879
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M19°99 4.3 uaneiegetayadmiuiieus vaansnensalnmslandsaulninvesnisiiih

UASVANNIAINTINNGYN ( QGDP a4 51A1 2545) (id) [33], [34]

Bunn

a1 Anadeindeuii Aedsindoui Svid faLay udnfinainag Mina

i 6 \fiau 3 \fiou Wou | uaangy sauneluuseme (wszdad-Faluq)
(wszFad-daTuq) (wszFad-daluq) (6ngu) (Fuduum)

33 3.2287 2.9742 3 1 1.9070 3.6313
34 3.2416 3.2093 4 1 1.8341 3.4052
35 3.2030 3.4081 5 3 1.8341 3.5911
36 3.2583 3.5425 6 & 1.8341 3.5759
37 3.3667 3.5241 7 2 1.8736 3.5933
38 3.4974 3.5867 8 2 1.8736 3.6922
39 3.5815 3.6204 ) 4 1.8736 3.6091
40 3.5778 3.6315 10 4 2.0387 3.6101
a1 3.6119 3.6371 11 6 2.0387 3.4386
42 3.5865 3.5526 12 6 2.0387 3.3181
43 3.5436 3.4556 1 5 2.1394 3.4350
a4 3.5172 3.3972 2 5 2.1394 3.5229
45 3.4890 3.4253 3 ¥ 2.1394 3.8941
46 3.5365 3.6173 a 1 1.9972 3.7601
ar 3.5615 3.7257 5 3 1.9972 3.9894
48 3.6533 3.8812 6 ] 1.9972 3.9922
a9 3.7656 3.9139 7 2 1.9819 3.9173
50 3.8460 3.9663 8 2 1.9819 3.7659
51 3.8865 3.8918 9 4 1.9819 3.7851
52 3.8683 3.8227 10 4 2.1095 3.6540
53 3.8506 3.7350 11 6 2.1095 3.5261
54 3.7734 3.6551 12 6 2.1095 3.4722
55 3.6868 3.5508 1 5 2.2084 33217
56 3.5875 3.4400 2 5 2.2084 3.4233
57 3.5304 3.4057 3 1 2.2084 37014
58 3.5164 3.4821 4 1 2.0347 3.5041
59 3.4914 3.5429 5 3 2.0347 3.9502
60 3.5621 3.7185 6 3 2.0347 3.9479
61 3.6414 3.8007 7 2 2.0297 3.8916
62 3.7364 3.9299 8 2 2.0297 3.8727
63 38113 3.9041 9 4 2.0297 3.8971
64 3.8439 3.8871 10 4 2.0237 3.6435
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M19°99 4.3 uaneiegetayadmiuiieus vaansnensalnmslandsaulninvesnisiiih

UASVANNIAINTINNGYN ( QGDP a4 51A1 2545) (id) [33], [34]

Bunn

a1 Anadeindeuii Aedsindoui Svid faLay udnfinainag Mina

i 6 \fiau 3 \fiou Wou | uaangy sauneluuseme (wszdad-Faluq)
(wszFad-daTuq) (wszFad-daluq) (6ngu) (Fuduum)

65 3.8672 3.8044 11 6 2.0237 3.4164
66 3.7782 3.6523 12 6 2.0237 3.2780
67 3.6665 3.4460 1 5 2.2721 3.5807
68 3.6147 3.4250 v} & 2.2721 3.8038
69 3.6032 3.5542 3 1 2.2721 4.2418
70 3.6607 3.8754 4 1 2.1587 3.9851
71 3.7176 4.0102 L 3 2.1587 4.3469
72 3.8727 4.1912 6 3 2.1587 4.1017
73 4.0100 4.1446 "\ b 2.1317 4.0869
74 4.0944 4.1785 8 9 2.1317 3.9723
75 4.1224 4.0537 9 4 2.1317 3.9223
6 4.0692 3.9938 10 4 2.3339 3.9959
T 4.0710 3.9635 11 6 2.3339 4.0241
78 4.0172 3.9807 12 6 2.3339 3.8232
9 3.9708 3.9477 i 5 2.3899 3.7832
80 3.9202 3.8768 2 5 2.3899 3.7712
81 3.8866 3.7925 3 1 2.3899 4.2275
82 3.9375 3.9273 4 1 2.2158 4.0479
83 3.9462 4.0156 > 3 2.2158 4.4626
84 4.0193 4.2460 6 3 2.2158 4.1406
85 4.0722 4.2170 7 2 2.1860 4.0181
86 4.1113 4.2071 8 2 2.1860 4.0887
87 4.1642 4.0825 9 4 2.1860 39141
88 4.1120 4.0070 10 4 23451 3.9599
89 4.0973 3.9876 11 6 23451 3.9024
90 4.0040 3.9255 12 6 23451 33016
91 3.8641 37213 1 5 23776 3.2937
92 3.7434 3.4993 2 5 23776 3.4609
93 3.6388 33521 3 1 23776 4.0943
94 3.6688 3.6163 4 1 2.2338 4.0780
95 3.6885 3.8777 5 3 2.2338 4.4982
96 3.7878 4.2235 6 3 2.2338 43109
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M19°99 4.3 uaneiegetayadmiuiieus vaansnensalnmslandsaulninvesnisiiih

UASVANNIAINTINNGYN ( QGDP a4 51A1 2545) (id) [33], [34]

Bunn
a1 Anadnndoui Aedsindoui Svid faLay udnfinainag MinA
i 6 \fiau 3 \fiou Wou | uaangy sauneluuseme (wszdad-Faluq)
(wszFad-daTuq) (wszFad-daluq) (6ngu) (Fuduum)
97 3.9560 4.2957 7 2 2.2055 4.1688
98 4.1019 4.3260 8 2 2.2055 4.1253
99 4.2126 4.2017 9 4 2.2055 4.0926
100 4.2123 4.1289 10 4 23947 4.0520
101 4.2080 4.0899 11 6 2.3947 4.0295
102 4.1298 4.0580 12 6 2.3947 3.6522
103 4.0201 39112 1 5 2.4477 3.4695
104 3.9035 3.7171 2 5 2.4477 3.6412
105 3.8228 3.5876 ) 1 2.4477 4.1991
106 3.8406 3.7699 4 | 2.2935 4.0568
107 3.8414 3.9657 5 3 2.2935 4.5406
108 3.9266 4.2655 6 3 2.2935 4.4157
109 4.0538 4.3377 7 2 2.2686 4.3266
110 4.1967 4.4276 8 2 2.2686 4.2462
111 4.2975 4.3295 2) 4 2.2686 4.1744
112 4.2934 4.2491 10 4 2.4615 4.1258
113 4.3049 4.1821 11 6 2.4615 4.1773
114 4.2443 4.1592 12 6 2.4615 3.9705
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