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ABSTRACT

This thesis proposes a method for evaluating the reliability of the electrical
power system of Thailand by Artificial Neural Networks (ANN), which is a multi-layer
feed forward neural network. This method compares with Adaptive Neuro-Fuzzy
Inference Systems (ANFIS), which is a hybrid method of artificial neural network and
fuzzy rules. Determine the priority list of generator, installed capacity and Force
Outage Rate are inputs. And Expected Energy Not Supplied Index is output. The
information entered into the learning comes from statistical and probabilistic
calculations. It was found that the method of evaluating the reliability of electricity
generation using Artificial Neural Networks was better than Adaptive Neuro-Fuzzy
Inference System:s.

In addition, the proposed method of wind energy data simulation using the
Weibull Distribution, Artificial Neural Networks and Adaptive Neuro-Fuzzy Inference
Systems. Determine the wind energy 2 month ago, wind energy 1 month ago and
average wind speed are inputs. And wind energy is output. The information entered
into the learning comes from the recorded value of wind power from the Promthep
Alternative Energy Station, Phuket, Thailand. It was found that Artificial Neural

Networks delivers the best results.
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2. iiethiauemsussiurudetiolsuessruunaniniiisegisssuueyunuiilsiled
wuuUsusala

3. eynauensUSsuisusEnisnsUstiunnuidedeldvessruundnlniin
TasshgUszamiisunagiszuvoynuihlslafuuuuiudld uaznisalrnadniafian

4. Wiediausidnisiraesteyamsuanliihanwdsnuansieisnisnsyaiedeya
wuuliyad

5. iiernaueisnisinassdeyanisndnlulihanndsnuausieislassinedszan
ey

6. \ieiausisnmsdrassteyanisnanlnihanmndsnuauseisssuvoysnuialsily
Fuuulsumle

7. vlevauensiisuifisunisinassfeyaseitnsnszaedeyauuuliyad,
Tnsstneuszaidion uasisssuueyinuiilsileduuuusufld st silvinadus
Ranuazmnzaudoniniilulduiniian



1.3 92ULINYBINISANEN

1. Anwisnsdnaesteyannndsuaulaeglideyaainandndsnunawny uay
wsvanw Jaminguindadudeyaaieiigniiudinly

2. Anwwazsivsindeyaszuunisndnliihivesive ludnvauziludeyanfogiilag
Lilsfumafvadfnisihauainlsslinlaense  lnsfinrsanemziaiosiuialwiily
Hoinasansssumd

3. m3Usziflumnudedoldvessruundnliliiazliddsdenaainatsduazae
e

4. myUszdiumnudedielsayinnsanaindvil EENS

5. MAWERNNAIRIUANRIITUINUNUARUIFANATNNATUNAUNY NTENTI
wiau Tngagiiiufeiuatuuin 0.15 MW §1uau 10 in3edadlussuusnin

6. NIBUIUNTSFEUTVRI ANN  wax ANFIS  luwsavnsdlagldteyaymreiiulunis
Wiguiiigy

7. N32UIUMSIIEUSURI ANN Uag ANFIS viuulusunsu MATLAB R2017a (Student
license) wagsulusunsuvunsuimes Window 7 enterprise (Intel core i5-3550 CPU
3.30 GHz 64-bit)

8. ANFIS Qﬂ%’uuu MATLAB ANFIS Toolbox

9. ANN gn3uuu MATLAB ANN fignusuupsilassadhadu 2 dudeu uay 1 wviny

) =
1.4 YUMDUVBDINTTANET
Anwngufiiuguieanumsussiivanudeioladmsussuunanlniing
Anw3BnsinassdeyainedInundanuay
siurndeyanelfussuuiinsihuildnaaeu uazdeyadugiidniu
Anwmguiiugiwnednulasieyssamiiss
= dd’lj N [ a IS U L4
Anwngunugiuiediussuveniuidalsile@uuuuiudile
Anw1I5N5ldU ANFIS Toolbox uw MATLAB

O ST = 0 N HE

1.5 Usglgviiaindiazlasuainnisiinm
1. awnsadaesteyaifeiunisudnliihanndnuaulamngaudenisirluldunn

2. anunsauseiliusudanutionalavuasseuunandlaiuiasndn lniannasauay

ANUTRDD LS



unil 2
TAsevngUszaniiay

2.1 ﬁugﬂuﬂjaﬂﬂiw’wﬂizmwLﬁfm

lassteUszamiiiey (Artificial Neural Networks %38 ANN) Usgnaumisigaalszanm
(neuron)  M141883K191NMTILVRIENDIIYEIF BT IULUUT audey n15USU
AnsfwesfifonsetussninheiuguandumsaedlfiAanssuiunsGeuiuazand,
Toyanseflsndutudausieg voslassneUszamifiesnitoludsegndldlunsuitameu
R399 WU AUAFINTIY WY ARlRAEnS Lasugenans sy

UsztnyveslasstneUssamiiiounusoandu 2 Useian [20] laun

1. lassneuszaniisnnuuiigingou (Supervised Neural Networks) wuau 2
wiin on

1.1 Multi-Layer Feed Forward

1.2 Radial Basis Function

2. asangUszamiieusuulifiginaeu (Unsupervised Neural Networks) wuaidu
2 wiln loun

2.1 Kohonen Network

2.2 Hopefield Network

Tuinerlinusatuiagnanisanglassingusramiosnuuiifiinasy (Supervised
Neural Networks) ¥t Multi-Layer Feed Forward Lﬁaﬂmﬂﬁmiﬁﬂmﬂixqﬂﬁ%’mﬂu
syl maseeelngnane

' = 2R
2.2 laseingussammiigunuuiidengau
& 1
% 1 ¥ Y v a 3 Y
anwaglasieUszamiisuwuviidinasuazsedldtoyadunnuazieninnimTeuld
way dandeudnldlunsruiunisiSeudineliinnisiseusuarandndeyaninuduiusly
sULUUAN) udaunansrasenuilueminnvedassiesyainiien

2.2.1 TasstreUszammiieunuudowludhaiduane su

Tasstneuszamdisuuvuteuludratuanedu (Multi-Layer Feed Forward Neural
Networks) azfimadenleaazifintuseninduiinniu Tnodoulosszningaduszammng
ndunilsludusadusrammnilududioly Tadu Neural Networks Aiflauthurldeoudy
g1 Uszﬂaué’wdauﬁflﬁmé’qﬁ

2.2.1.1 wuuinassvesiiaseu
fasounil 18unnwuuliidienlunea [20Juansdagun 2.1 wazuuuiialuleauanasagy
7l 2.2



w n a
Pe— 3 F I —5

a=F(w*p)
5UN 2.1 faseu 1 Bunmuuulifialuwea

w n a
Poe— % > F ——>
I
1 a=F(w*p+b)

JUN 2.2 veu 1 Bunmuuuiianluiea

fasoundl R Bunmuuuirlusoauansisgun 2.3

a=F(w*p+b)

n=p1*w(1,1)+p2*w(1,2)+...+ pR*wW(1,R)}+b

JUN 2.3 750U R Bunnuuuiienlukes

Tned

©

dUNN

Anghamen (Weight)

AlulLod (Bias)

HWanduaielau (Transfer function)

©

m o s O
®©

Dk Db Db Db

®

EraBunngnaaifuadisdminuasinaguisualuTmiualuweadyaidousde
udsanludaiterdunelouasidaieinn alukeansdanannniiedisimidn snfunsd
Sunnildrasil Arluseaasiviriunils Tnednerdnusiidenlddaseunarsdunnuuuiien
luuea

2.2.1.2 Wenduanalou

flasdugnelou (transfer  Function) aunsadenldlunaenadeiovedusunsy
MATLAB msidenileidudielouiimunzausziinanouszansnmaeslassneUssamiiion
Usenause 3 flasdu [13], [20] fail



1. Warduaelouluuldady (Linear transfer function) wuilandunldiulasetig

'
v 1

Usvamilguuuumnseadadunisniuewing ulusunsy MATLAB Tdfdsin “purelin”
9BUNEMINANNTTN (2.1)

a(n)=n (2.1)

-10 -8 -B -4 2 o] 2 4 i) 8 10
n

g‘l.l‘ﬁ 2.4 Linear transfer function

s A

2. Heidumelounuuaendnuesn (Log-siemoid transfer function) Juileidudn
@vnnegsEnIng 0 v 1 Tuluswnsy MATLAB Tdendain “logsig” aunemuaunisi (2.2)

QBDI (2.2)
1+e”

1
0.9
0.8
0.7
0.6
o 05
04
0.3
0.2
0.1

EE‘ID -B -6 -4 -2 0 2 4 53 8 10

n

31117; 2.5 Log-sigmoid transfer function

3. feiduareleunuuwnudnueen (Tan-sigmoid transfer function) tJuilendudn
L@ innegTEnIng -1 84 1 Tulusunsy MATLAB Tdfdain “tansig” eSunemuaunisi (2.3)



—1n
a(n) = I-e (2.3)

l+e™"
)
0.8
0.6
0.4
0.2
@ D
0.2
0.4
0.6
0.8

-“40 -8 -6 -4 =2 0 2 4 <] 8 10

n

g‘th?i 2.6 Tan-sigmoid transfer function

logfl a L vinmvesiendunnaloy

Db Db
()

n fe  Bunnikudnandandudnslou

2.2.2 lassadeaslasstiguszamiiion

Wedlhseunateq mundsswuiuiuaruseneutududuy (Layer) wazdndunaziu
wusseaynsuiuazilu MultiLayer  wSew3endn Multi-Layer Feed-forward — Neural
Networks [13], [20]

Input Hidden layer 1 Hidden layer 2 Output layer

w3(S3,52)

lb3(53)
1

J L )

Y

al=Fl(wl*p+b1)

a2=F2(w2*al+b2) a3=F3(w3*a2+b3)

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

;5‘1]17; 2.7 1A59@57199949 Multi-Layer Feed-forward Neural Networks [20]



FululaseasrendedldiuegunsnateUsznaumedusingg 3 du loun dudeya

[
Y

dunm (nput Layer) ugou (Hidden Layer) uazdudayaia1vinm (Output Layer) lagfitu
FUDNANUINNIMNTITU Tuwsaztuaziinsdaulasnisaaisidntasanluked
NFUN 2.7 uandlassiguszanniisanuseneumeduduny, dudeud 1, Yuteun 2

[% I
Y

U 3 1 = d' ¥ 1 1 ’6’ C% 1 =)
LAzt vinm uiavduaziinswenlesmeaaiiminuasaluwea law al, a2, a3 fo
I3 & a & a & ¢ o w - co
LDIMINNVRITUGOUN 1, Tutoui 2 agduleminy Muawu F1, F2, F3 feflandusieleu
VOITULIUN 1, TuoUN 2 WazduleWinm M1xE1Ru
A1 Error e(i) Wa i = 1, 2, 3, .., s3 MU MINVABNAAINYBREINMN a3() vodlaseiy
Uszamiieuwazandivung 1) suaun1sn (2.4)

e(i)=t(i)—a3(l) ; i=12,.s3 (2.4)

Tnssaiveslassioussamitonfilfluinerdnudi vssneudedudunm, dugoud
1, fudoud 2 LLaS%uLE]’]ﬁV\!Vl TuusaztuariinadonleameamaiminuagarluLea

miLﬁaﬂf{]’m’auﬁaﬁauiuwiaz%’jw&aumﬂmiaaqﬂmaaagﬂ Suaniuiiseutes o
wazgniiusnnubos sulisingeaainaly Tnofmunlidudoud 1 fsuauinseusnnnd
Fusgioud 2 0 1 ¢

2.2.3 JuneudSnnsizous

Tunsilnaeulassdedssamiisuiuaz feanisudeyafinaouly uazordedunou
‘3§msf§8u§tﬁamﬂ%"UW’mﬁLma% 2 (51’31‘71'2%"1ﬁ’zﬂunszmmﬁﬁauiﬁamdwﬂf’mﬁﬂ WAZA
luwoa dwi¥u Multi-Layer Feed Forward Neural Networks sinagfiesldfunouisnisngous
WUURNSANGaUNdU (Back-Propagation Learning) [13], [20] tnewflawesilaiduanelouditey
1% Ao Log-sigmoid, Tan-sigmoid W@z Linear ImEJLawwﬁa;ﬂa‘ﬂﬂaauﬁﬁfﬁﬂmummmzﬁ
Anuduiuslaidudadu (Non-linear)

2.2.3.1 FB/nsiFeusuvuunsagaunau
T/NSRYUITUUULNIANGRUNTU (Back-Propagation  Learning) #dnN15AeNn1s
UsuAmanimtnuagaluled mugunisa (2.5) uag (2.6) auaiau lieliAl Sum-Square

s

Error (SSE) anaiamn1s#l (2.7) Hranaadnlnaeue

Woew = Wold AW (2.5)

N
SSE = 3. (t; —a;)° 2.7)

i=1



e

N fe  dwiuvesdeyainaeu

w o edasimdn (Weight)

b e eluned (Bias)

t A Aneviudming

a,  Ae  AnemInnvedlaTIeUsTaiey
SSE @@  Sum-Square Error

2.2.3.2 Levenberg-Marquardt Algorithm

nIzUINNISsERuLULLNTATdoundukUseanlu 2 35 Ae Gradient  Descent
Algorithm ez Levenberg-Marquardt Algorithm Tinendnusaduiiaznanisanis
NITUIUNMTISHUTWUULNIAIEBUNAUMETS Levenberg-Marquardt Algorithm [13], [20]
dewnizdiiussans aminiuagldsuanseu (Epochs) lumsiinaeudesnivilildiaan
sullunsinasudesnit lagyndunnazgnleudilvlulassieussamitenluudazseuves
s lussvinisiinaeuriisniminuagalueaasgnuiudeus auaunisd
(2.8) uag (2.9) AuEsU

Aw =[J T (w)I(w) + T (w) e (2.8)
Ab=[I T (b)Ib) + ]~ 1T (b) e (2.9)
de(1) de(1) de(l) |
ow3(,)  ow3(12)  ow3(,s2)
2e(2) de(2) de(2)
7 aw3:(2,1) 8w3:(2,2) 6w3(:2,82) (2.10)
56(:83) 66(:53) Ge(:s3)
| ow3(s31) ow3(s3,2)  Ow3(s3,s2) |
" Oe(l) |
ab3(1)
de(2)
J(b) = ab3(2) (2.11)
8e(:s3)
| 9b3(s3) |

lagfl  Jw) Ae Jacobian Matrix Yeseywusues Error Feuueestimin auaunis
7l (2.10)
Ib) Ae Jacobian Matrix ¥eseyWusves Error ifisudulukes mwaunsi
(2.11)
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& . ' v ¢ '
e  f® Matrix 989 Error sewinsdeyaidmunguaziominnvedlasaingussan
NIEH
A ! P i a v gj ! Y 1 5 1
oo fie A1ASh BeAsusuazgnaaalif1sing wu 0.001
1 =2 b4 1 -dl 1 b4 a QI &{
TEMINMTENARY 1 wYNANMIBAIAIILIY 10 01 SSE TniliiAiaduuazaggnms
M 10 61 SSE Tnaidlenanas
v T = T N 1o o v A a
f1norm v8¢J(wW). e w38 J(b) -e dAesnitAwgaiivualivie p den
! ! A o 14 e 1 al =2 v A
nnengsganivuald WsunsuiilnaeulaseingUssanmiiieunsveganisiinaeusiui
Ingluaildanmsdunientdoss se1rdne 0 89 1 vasmdnudminuazarluieadn
gnitidumsdwesisudurensiseuduazUiuasunasanaitugisnisiteudusazsou
lunsiinasunaznaaeuvedlasaiiglssamivuaglddoyaiunndeiu 2 ga o
ToyadmsulnasuddldlunisinasulassieUszamidioy uazdoyadmsunaaoududu
Toyalminlassisszamiionlineviugineu lnendsainnisseuidugaailasene
UsganiiieanzUsvanuaeminnuestoyadmiunaaey
Tofiveinszuiumsteuiuuuilfe lassaiwedassgszamiienaglignimualy
mgmnaunIsseus uitaidepeasinlinszuiunsieusidaaunuliulunisifeniaseaing
mvangey

2.3 N198A0NYLUAYBIBUNNUALLDINNY

ddunnilanuduiusivieoinnagyinlivssdnsnmeslasaneUssainiion nas
nszUIUMSSousAty Snvsduwnuaziowinnd 2 uuu Aewuuselios (Continuous) 1wy
msiasuuUasesszdulvan Wudu waznuulsideiies (Discrete) WunsiUagus LML
Aawoas 10ud lunsdifidnvardunmuaziewmmiduuvudeideaannsaunueiléie
F1ausds dnlunsdidnuwaydunniazioviwduuuulideldensiannsounueife
FIWIUAN FIaTUUUS LAY saLnElAn (Gray code) [20]

TuAndnusidmiumsussdiusiinudoiolivesssuundnlui asfiarsaneni
Wiosnevesdmananaaunisaidadoenndeaiuialiih Tnefinnsandil Expected
Energy Not Supplied (EENS) adusudiivsuanuSunamdsulrindiliansadneléiy
LWiL9INNA IS N I seninanu didunaidendunmioainnuduiug
ﬁumnﬁq@ T@un ardunisiiuiasoerda i (Priority Lists), S&amEnRads (nstalled
capacity) Wag Force outage rate (FOR) dududeyaidfysonsusuifiudail EENS 1Ty
98133110

dmsunsiaesdeyandanuan axfinsananndsnuiingnldasedadudiignduiin
Hiduewinn dufunisndondunndosdinmuduiussumniian 1aun wisnudounds 1
oy, ndsudeunds 2 e uazmnusiaueds sadudeyaiidrdnysonts S1asadoya
wasuaudusgrun
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2.4 nsupsuealaduasdayadmivaaulassiieyuszaniiiey

FBnnsuesuealad (Normalization) vesteysiinaeuianuszasdifioaniiailunisaou
Tnssdeuszanifion wazifinanuwiudiliiueviymueslasegszamidion il
TrsstingUszamifiosdisyavsnmgstudowioudiouiunsléfoyafvainasy

M3 Normalized wosAnBunnuaziovinnoguuiiuguvesnIsuanuaskuuUnFlnes
Anadewiiuaud (1 =0) wavAndesuumsguiiunils (o =1) [20] puaunsd (2.12)

o)
P(x) = — . e;(GHj (2.12)

oV2n

dmsudunmvsaleinnlag duszneumeteya n I (X, X,,...X_ ) ka39gasn

11115 Normalized anuanis (2.13) 89 (2.16) anugsiu

Xl n
2 X
X = X2 " | ¢ 1=1
— . 9 MX_ (2.13)
g n
Xl’l
Y) X —ux
Y X, —
= Vs : iy =0 (2.14)
Yn Xn—HX
(2.15)
Z (X, —nx)/oy
Z 1 X5 — /o
. GY :
Zn (Xn_HX)/GY

WarA35YIN1S Scaled MNaNn1si (2.17) B4 (2.19) Tagaireguuuunisnszanedoyali
Juwuul@aduniiansening [0.1, 0.9] dwsuwsazdoyaduny wagliiAsening 0.9, 0.9]
dmuusiazdeyaevivm
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Z
o . . Z,
W® Normalized Matrix [Z]=]| .
Zn
b—
aw =072 (2.17)
mx —mn
bw =b—aw - -mx (2.18)
Tef  a b Ao w1909n5 Scaling [a , b] ¥3aLAU [0.1,0.9]
mx Ao ANgagAuas Normalized Matrix [Z]
mn Ao AENgAYBs Normalized Matrix [Z]
ﬁaﬁ?u output after scaling=aw - Z; + bw ;0 1=12,...,n (2.19)

78M15 Unnormalized v83a

wA3nd [O] fio Lo wivmilgn Normalized way Scaled s¥minamsiingeu uazieind
[Q fo LoWimmuesyrilnaeuteya n yafign interpolated  flaztiluiTeulieuiuen
lwtvIng suEunsT (2.20) fe (2.21)
O, /aw —bw /aw

O, /aw —bw/aw

[L]= (2.20)

| O, /aw —bw /aw
_Ll Oy + By

L2'0y+l"lx

[Q]= (2.21)

_Ln Oy + My

We3ng [T] wnun1s Normalized  waen1s Scaled  vestayaloinyluseninanis
VAFOU wazkeIng [H] Ao Levinnvesyanaaaudeya n yavign interpolated Magiily
Wiguiiguiuaeminmidivang auaunisn (2.22) fis (2.23)

T, /aw —bw/aw

T, /aw —bw /aw

[R]= (2.22)

T, /aw —bw/aw
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R1'6y+ux
R0, +
Hy=| 2y T (2.23)

Rn'cy+“x

13 scaled  YayalimnudrAyiiateyagniseuslngliiaseuoving arunsaviily

nsrUIUMISEUseudrnahminnmuadaiiates q uasiiioUSuuse interpretability
vosaesminlulassiedssamiioy

2.5 Avegansieuslagldlasetisussaminenuulysunsy MATLAB

funounsldinuuazmnageu ANN Sdunoussi

funoul 1 inFeudeyavenadosudalifinfiagldluninFoudves AN Tudregnadl
FonldieyaresszuunaaouIEEE RTS vua 32 tedes uanstoyalunianuin v lngfivua
Priority level, Installed capacity &g Force outage rate vaup3sruinlniudazinges
Dupndunm uazsivil EENS yoapsasidalnihusasieseadurewivm

Fupoudi 2 dudendeyavenillu 2 ya Aedeyadniunsiinaeu 27 Joyauavioya
dmdunnaou 5 deya wanumId 2.1 uay 2.2 paddy

M19197 2.1 YeuadwmiSuRnaeau 27 Uaya

Priority list | Installed capacity (MW) | Force Outage Rate EENS (MWh)
1 50 0.01 14864643
2 50 0.01 14432211
3 50 0.01 13999779
) 50 0.01 13134915
6 50 0.01 12702483
7 400 0.12 9627411
9 76 0.02 5927422
10 76 0.02 5317900
11 76 0.02 4735460
12 76 0.02 4183912
13 155 0.04 3195017
14 155 0.04 2340412
15 155 0.04 1632254
17 350 0.08 355137.7
18 20 0.10 329783.5
19 20 0.10 306014.4
20 20 0.10 283726.2
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Priority list | Installed capacity (MW) | Force Outage Rate EENS (MWh)
21 20 0.10 262788.6
22 12 0.02 249765.7
23 12 0.02 237282.9
24 12 0.02 225293.5
26 12 0.02 202776.7
27 100 0.04 129490.8
28 100 0.04 79204.51
29 100 0.04 46592.79
30 197 0.05 15562.42
32 197 0.05 1176.3

M19199 2.2 Yeyadmsunaaeu 5 Joua

Priority list | Installed capacity (MW) | Force Outage Rate EENS (MWh)
a4 50 0.01 13567347
8 400 0.12 6559729
16 155 0.04 1083618
25 12 0.02 213805
31 197 0.05 4569.41

Tupoud 3 thileyadunm wastoiym 33 normalized uag scaled

Fumouit 4 Avuasiuuiaseluusasfugeu S1uauseu (Epochs) taziandunny
Tou (Transfer function) Uedusiazdudeunas e vinm

Funouil 5 dutnlagldlusuny MATLAB 83 ANN azi3ouiuazansndoyafinaeu
LAZLAAINAINT DRI

Funeudl 6 Unnormalized deyatosinnitldarn ANN

funoudl 7 danewinnitldain ANN sSeuiisuiuaase

funoudl 8 ansfinaesgnaundnayldnadniiindgn  uansdunounaiFousues ANN
mmgﬂﬁ 2.8




Start

v

Configure input and output data,

and then divide the data into two
sets: training data and testing data.

v

Normalization and Scaling data

v

- Determine the number of neurons in the

hidden layer, starting with a small number.

A

- Determine the number of epochs and

modify the transfer function.

v

Train NN

No

Yes

Keep the final value

v

Unnormalization and Unscaling output data

v

Comparison between the output from the

learning of ANNs and actual output.

v

Calculate %MAPE

v

End

JUN 2.8 WHUANULAAINTTISEUIVDS ANN e WadNSNATIan

2.6 MsIUsTENTAMYE ANN
n139AANLLUg1vee ANN agldagldeniianaiaaisauysal (Mean

15

Absolute

Percentage Error, MAPE) a1nA1adAantadeuyasAinensaimilumnauues ANN 7iknu

NNSHNEDURAUSIUNBUAUAINBUASY [20] AUALNIST (2.24)

MAPE= l §|0Pactual — OPANN| %x100%
N5 op

actual

(2.24)
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= & ¢ a
089 OP,at AR 1819IWNIAS
OPyy B L@19inwiileann ANN
N Ao Tuudeyanaaeu
- Best Validation Performance is 0.0047151 at epoch 8
10 —
Train
— Validation
wrro T Best 1
E \\
E 10-13_ 4
8
(i
37 M
10 H
o
w
g
L4
= 10®
25 |
Tl S
0 10 20 30 40 5 6 70 80 90
96 Epochs
JUN 2.9 Andlanannndenangavesteyanaaeuiliinanseuves ANN lagldlusunsy
MATLAB

NFUN 2.9 uandRananaenng

Y

ANURITBUANAFBUTINNTU tpdnuusauluy

n13i38u3 (Epochs) A 96 Tunseuaunsiseuives ANN  fadldnisusudarnnsiinesnie
W Avusdnuiuiiseululsaztugeu 911Uty (Epochs) wazilsAduaielou (Transfer
function) vedwAaztuUYeULastULVINY Wusu Wieli ANN TaiSeusuaranduazdodld

aa a 44' v A 1% v saada =
Dﬁﬂ’liammaaﬂgﬂ LWEJVT']IWiQai'NV]LWMW%aﬂJLLa%l@NaaWﬁV]@V]@@ LAAIRINFITINN 2.3

A5197 2.3 WAANS

s

NANan7IlaaINN15I58u3v0e ANN

Transfer Function %MAPE
Number of :
Hidden Hidden .
neurons Output Layer Train Test
Layer 1 Layer 2
13 12 tansig purelin purelin 1.2488 2.3963

diadenlassaiaivanzadlaug duewinnilaainnssuiunmsiteuives ANN uag
NnATISguiguiamARananaldeduysal (MAPE) S1uviainnsananuazves
AflannITnagey ANN kanwnuguit 2.10 wethluSeuiguiuisniseuy sely
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16000000 7 EENS (Mwh) seeeee Actual
14000000 - —ANN
12000000
10000000
8000000 -
6000000 - :
4000000 -
2000000 -
O IIIIIIIIIIIIIIIIIIIIIIIIﬁI#I T T 1
T - U B W O SR - S~ B B R S-S
asuesoaruinliiin

JUN 2.10 WSHULTIEUTENTI AN MINNIT WAL ADWINNALAAIN ANN
NFUN 2.10 uansmsleuifigunsussdiudviiannueislavesssuundnlnd

semInAReiuAmNlnAnnsEUINMtEuiveslas eUsEamLTes (ANN) wuindl %MAPE

vostouarinaouiu 1.2488% uay %MAPE vesdeyanaaauilu 2.3963%



unii 3
szuvayanuilalsieduuuliuaala

3.1 ugruvasszuvayanuinlsieduuuuiudald

sruvayuuillsieduuuusudile (Adaptive Neuro-Fuzzy Inference System #3@
ANFIS) Junisuszgndldszuulasaneyszamitnanldiungiled Juszuuwan (Hybrid
Syster) Wiathdefwsuiazisunsintuwazudades fnveuraziseanty

3.1.1 ngWad

fle@aoInusonssneansnquiede (Fuzzy Logic w3 FL) iJuismsadnmmansiidae
Tunmsdndulanigldmnurquieie lidnuadieiunssneneeuAnveuyd Andulay L.
A. Zadeh 1ud a.e. 1965 fiondeila@ian (Fuzzy Set) wiedadsrnuliivduou Tngluiladion
Havmmuaranndusnin (Degree of Membership) TillAegse1319 0 Uag 1

Faunnsnaanwanuuatiu (Classical Set) Aifinsfvuaanduaundnilosaosi
widtuite 0 vaneds lhBuandn uay 1 mnefs Wuaindn masmunssduaduaindn
vasfulsitaulatuafelaidunuduauidn (Membership Function) S?j!aﬁaq'wmmﬁ@
g Hadduanindey fleitudindsunmy Haidudnuesd feidundi@ou Wudu ms
Feonldisffumnmbuamninasiuogiudoyavasiuvstug venand Hefiendslditum
uUsIHan1w (Linguistic Variables) iilouaninauninvieuinalssnsie

Knowledge Base

Database Rule Base

4

Crisp Input

LY, Crisp Output
S Fuzzification

Fuzzy Inferencing Defuzzification S

A2

5UN 3.1 lasaasaiuguvesseuuiled [7]

N3UT 3.1 Tessadeiugiuesszuuiled 7 3 duneu Ao duneudl 1 nisudasd1ves
Toyamudnduaile@iudn (Fuzzfication) Junisiwineanuduanidnvesdeys
i (Crisp Input) Tnelditeifuaunduaundn suneud 2 N150UNNUNIBAAIY (Fuzzy
Inferencing) LHunmstharfle@dudlufaumiesynuriungiedfifduinuaslduadng
Huenila@suoen laongiledndeslife ngileduuy §1-uda (Fuzzy If-Then Rule) flonde
ndnnvesvauazia uarluduneuaaine nmsviheniledlndueund (Defuzzification) ({u
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msiheiledsuesnuuvasfuaund (Crisp Output) Feiivansdd wu 33nmsmeanadeeag
Y, FBnsmaaaudas WWusu azulainnmsinuvesngledeadneiulasieyssam
denlunisuszanamauduiug safunsedingiledlildldnisEoud uienduosdanuid
agluguANg (Knowledge Base)

npile@gninlulflunswennsaiidlesanigaiunsaidngsnsnsldimmramiloussywd
wazliuszaunsaiveaiTorgunnniinislivgud wenanifvaninsasesuiungingsu
wuUnaTH (Dynamic Behaviors) saufsaallsiuueuldie uivsingiefiostadedialy
nsldiduiy ndmfe ngilefidunisussinalagldnssnznieldanuliuiuen Fafudslsl
wangfagldiunuiidesnsnruuiugigs venand nsingle@lifenuanunsalums
Zoudieiies Sdliansalimdneuvestiymilliflasidney duiufidermaeiin
Sudusgrannlumsfangitedlugruaug mnldaunsamiidomaundsldilianse
Tingiledlaneneiiusz@ansam

3.1.2 szuuilalsiled

FBeineq Mendinmansiilananlusneiiidefuazdaidounndatu Wislafiasininis
dulunnasnu enfsghatu lassdieyszaifies (Artificial Neural Networks) fifafnssiil
AnNannsalumMsSeusiazandisuuuuse i uazdiasnsauiuusnnuiideustgnely
Taseeld wifiderdenseiiliannsnesuiemanaveamsindulald luvasiiiiedasinvie
AIINAARSARULATe (Fuzzy Logic) dlgmuiunssiinmsldiamaluiBsmssnsmilounnudn
vosuywd  anunsaeduisnsdadulaldainngiieduazannsalifutoyaiiaguiadels s
Tordoveangiledegnseiiliannsadousuazuuursngeiieg fedtes desedeiidoavey
vdeffienufinfinunlassaduasngld demnidedinideaulaniimeqummantudy
szuURal  (Hybrid  System) tioindafuesuiazifuimusunazaintosi faveunasis
ool wilsluszuunandananldun mad ANN waudu FL dfuszuulassineuszam
Weuuuuiied wieszuuihlsiled Gessuvinlsiledmluiden 16un ssuvoysnuinlsied
wuuUsUsale (Adaptive Neuro-Fuzzy Inference Systems 38 ANFIS) [7]

szwagmuﬁﬂﬁﬁ%%LLUUU‘%’Uﬁ’alﬁaﬂ%%umaumiL'%‘auifl,wuwam (Hybrid Learning
Algorithm) a1ndgdnsnisiseuiuuuasinie laglunisAuialudimi (Forward Pass) ¢
UduAmniwevesdeniulagliidnsussiduiidsaeiosiian (Least Squares Estimate)
Tuvnigiinisdunadounds  (Backward  Pass) 9gldisusunumma1ndy (Gradient
Descent) dmsumsuiuAmnsfinasuasdons

nsld ANFIS Tunswennsalisuldsuamnudeunniulutagtuiomnauaudiluns
Souduazmisldingua shliuadwsfirnuusiugundy dudosdesitaves ANFIS Hu 1aan
7i ANFIS TlunsBend Hudedild ANFIS fosmsgwiings Yaymilasvieusuusanntuile
TéfuszuuiifingAnssuuuunatnudaliidadu (Non-linear Dynamic Behaviors) iwsnglu
szuuuuuiaedingileduuy d1-udr Sununn shliseddnarlunisdeuduunntu i
winzAuM s lUTTULUUYINIUIUT (Real-time Applications)
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3.2 laseadravasszuvayanuilalsieduuuusudala
N15NANTNT 2 BUNM X, kaw x, wazdl 1 181vinm y wazlingle@uuy Takagi-Sogeno-

a

Kang (TSK) At

ﬂa%’aﬁ ]. 5’] Xl ﬁ'e] Al e X2 aﬁl Bl LLé”] Y1 =p1 X1+q1 X2+r1
ﬂa%’aﬁ 2 5’] Xl ﬁ'e] A2 Lae X2 aﬁl BZ LLé”] y2 =p2 X1+q2 X2+r2
ﬂgﬁaﬁ R 01 x, AB Ag WAE x, AB By LA YR =Pr X1+0R Xo+IR

1ne? A, Ay, By way B, uilediwnveswaidniw wu an nans Tug
@ py, P2, G1, G2, 1 48w rp Wumsfimesvesonuvesngiled

lassasrenugiuatntsaesuiedydnuallalaeluuauamdsunanstlnuand
a n‘d‘ [y | ¥ d‘ = Qj' 1 'y 1
Wisflwesnannsausuald  luvausilnuagurnaunansddnuailiaunsausueives
W15 00a35ke [7]
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

Ay

A

X2

JUN 3.2 lassaiavesssuusuanuileguuudsuimla
1A59a519u89 ANFIS wusaansdu 5 Fu [7], [25] lown

FUN 1 Premise Parameters Layer

[ v o 1 1 v I 1 I [ 1 I a & v

unihfiwdasdeyanudl ) Wuefledlagnisiuiuainnuduaininain faidu
anuduandnu, (x)) ey up (x,) Amaunsi (3.1) s (3.2) waglvualuguiliugy

AMAYULAAINATNISINBSANITaUSUALe  FansiTimasiuluunil nunefe nisiwes
Y39 TuALTUALNTN S8N11 WITTeSUDITeRY (Premise Parameters)

Of =pa, (x)) i=1.2 (3.1)
O} = g, (x2) ;1=34 (3.2)
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o |
v 6 v

gl o Ao madwsvestun 1, nerauduani@naudn

P

3

Ha, (X)) Ao eenuduan@niudl x, Tuile@ion A vedlnuai i

up, (x2) Ao menuduaun@neudl x, Tuiledion B, vedlnuai i

Favavaaiantunuduandnaadunuuseaandn auaun1si (3.3)

Ha, (X)= o (3.3)

PIOWUUNIAT YU MNALNSA (3.4)

X—C

2
iJ (3.4)

e {a;, b, o} Wuwmnsfiwes ¢ Wuainarsvesiteanty, a, waz b, WWuddfivua
Anudurasilsidy  duilsdduainuduanndndu 9 Aanuisamareyiusls wu Heidu
anudsy (triangular membership function) WenduaIasY (trapezoidal membership

Ha, (X) =exp —( 2

function)

YU 2 T-norm Operator Layer

° v A o a & A Y v ) v !

ynthaadyauidenantui 1 dhmeiulagld T-norm Operator wazdseanly
gagun 3 Fadrulnunlutuiiasddruuinduiuiuvesng ledvasdygangdseanly (w)

\Ju Firing Strength vasnguaazde auaun1si (3.5) wualutuihdugdinauuansinly
ansauSuansfiwests lneddyanvalidunsomuny I1

02 =w, = A, (xpxHp (x) i=12 (3.5)

lagdl  w, Ao A firing strength ANNQusazUe

%uﬁ 3 Normalized Firing Strength Layer

vy Aiusuen Firing Strength Ttinasauainngyndesidndunids Tngnismsen
Firing Strength fenasIMYes Firing Strength a nngmnte wadwsldizundn Normalized
Firing ~ Strength (W) nwaun1s#l (3.6) Inunluduiiusursnauuansinliannsausy
amsfiwesls Tneddudnveldunsomne N
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W -
Oi3=V_Vi:—l 31
Wi+ Wy

1,2 (3.6)

U 4 Consequent Parameters Layer

o v a o Y v = Ql' g &g

intfdnRaansaIIntenuvengied  auaun1sn (3.7) wualuguiidugy
Adsunansimsfiwesveduund ( p, g way r ) @wnsavsuarlanisifimesinani
Sundn mMsdmesveteniu (Consequent Parameters) d1sutayasiueanaintuilvnila
910

4 _— . _= =
Oi =Wy, = Wi(pixl +q.x, +ri) ;i=12 (3.7)

Toe? {pr, g, r} Wwwnvesaimsifiwesiu Rule consequent &sldnisussanua
meIsiasdestiosiian (least means square) dmSuNIsAMUAAINIITADS

Ui 5 Overall Output Layer

Vit anndgaaanynivuavestuil 4 wWameiu lludeyaduesn (y) s

= y &g 1 1 o ' a 1% v [ L4
aun1s (3.8) wualutuiidusurnauuansdnliamnsausuamnsdwestd Inadldydnuel
voslnupilunsomne Y dwiudeyadiuesnimlaan

2
ARG ed ¥
Oi =) REH=L T3] Wiyi = (3.8)
i=1 W1+W2

3.3 Wedguauduaudn

flatdunnanduann@n (membership function) (Juilsdduiifinisivunseduainy
Huaundnvessunusiiseanisldan  Tnesuannsuuiidusunuiiianglddaeu
uiuou wazAauee Arduduiiddydennauifiviensiniunisveailed WIE5UI19909
Henduaruduaundndanudrfyaenseurunsaauasuitatdym  Ineflsdduainudu
aundnagliiaunstunioauinasiuynUszmails slavesieiduanubuaundnildau
lUiivanewiin (211 Inelulusunsy MATLAB ANFIS Toolbox Siftaifusundnlvidentiovun
8 ety weil

1. Triangular-shaped membership function fiviamun 3 WA {a, b, c} wana
Foulvvesileddumuannisi (3.9) wazuansdnunznnsnszaevesiladdunuguil 3.3
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0 ;Xx<a
X—a
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f ‘a.b _ b-a
(x:a,b,c)= c—x
;b<x<c
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0 ;X 2>C
fa‘f I".
/ \
/ I",
/
£ \
/ \
\
."'l )
5 .’." 4
/
/ \
/ 1
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trimf, P = [3 6 8]

g‘l.J‘ﬁ 3.3 Triangular-shaped membership function
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2. Trapezoidal-shaped membership function fvisuun 4 wasafiwesae {a, b, ¢, d}

wanseulvvealeidunuannisn (3.10) uasuanidneaznsnszgvesilandunusun 3.4

o

>
|
[

—
o

f(x:a,b,c,d)=

o, (o

I
ol

o,

;x<a
;a<x<b
;b<x<c
;e<x<d

x>d

(3.10)
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s J
1
09 \ 1
1
08 .\ 1
071 . J
0.6 ". 1
1
05 \ 1
II
0.4 \ 1
0.3 / |
,-'f !
0.2r i/ |
i 1
/ 1
0.1 / \
/ \
0 =t
0 1 2 3 4 5 [ 7 8 9 10

trapmf, P=[157 8]
gﬂﬁ 3.4 Trapezoidal-shaped membership function

3. Generalized bell-shaped membership function fN1513MININRUA 3 AIAD {a,
b, ¢} wansdeulvvesilendumuannisi (3.11) uasiansinuaen1snszaevesilanduniugy

o
n 3.5
£ a s T2 (3.11)
(x:a,b,c)= = .
X—=C
1+
a
1 : : : —_— ; - . .
."lrf A
0.9 | / \
/
0.8 / \
I|I \
0.7 ' :
IIIi II|
0.6t )‘f \
05 I| b
II |I|
0.4 | \
III llu
0.3} / \
02t /
/
01T / N,
0 . —— . , . . , T
0 1 2 3 4 5 6 7 8 9 10
gbelimf, P=[2 4 6]

gﬂ‘ﬁ 3.5 Generalized bell-shaped membership

4. Gaussian curve membership function HMIRUA 2 WISARSAD {C,0} AR
Foulvvasilantunuaunisn (3.12) wazuanidnuaen1snszateveilendunugui 3.6



0.9

0.8

0.7

0.6
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0.4 71
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0o1r

(x=¢%)

f(x:c,0)=¢ 2

3 4 5 6
gaussmf, P=[2 5]

7 8 9 10

31.]17i 3.6 Gaussian curve membership function
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(3.12)

5. Gaussian combination membership function dvanun 4 wis1twesAe {cy, o,
Cy, 0 5} WandRaUlIINaNTUANENN1TT (3.13) LATLARIINYALAIINTLANEVDIHINTUAY

U 3.7

1

0.9~

0.8

07r

0.6 [

05

0.4

037

0.2r

017

0

gﬂﬁ 3.7 Gaussian combination membership function

(x—¢?)

f(x:c,0)=¢ 2

(3.13)

6. Tl-shape membership function HW153LMBSNINUA 4 AAB {a, b, c, d} Lans
Foulvvesilantunuaunisn (3.14) wazuanidnuyaen1snszateveilendunugui 3.8
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b
f(x:a,b)= 1 b<x<c (3.14)
X

0ot /
0.8}
0.7 - /

0.6 \
05 /

04} / \
03 f \

0.2 5,

01 / :
' /
e .
o0 1 2 3 4 5 6 7 a8 9 10
pimf, P = [1 4 5 10]

gﬂﬁ 3.8 m-shape membership function

7. Difference between two sigmoidal membership function AW1513L595719%A
4 AR {ay, Cy, Ay, C; FudnddaulvresleantumUaNNITN (3.15) B9 (3.16) LazLanIanYa
NsnsEAevesilandumusun 3.9

1

f(x:a,c)= e (3.15)

+¢e

warNar19IEnINe 2 fendune  f(x:a,,c,)—f,(x:a,,c,) (3.16)
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09r {
0.8r |
071 f
|
0.6 ( '|
05T | ||
041 {
|
03¢ f
0.2 |

0.1 /

S a—— U\
] 1 2 3 4 5 (5] ré 8 9 10
dsigmf, P =[5 25 7

g'dﬁ 3.9 Difference between two sigmoidal membership function

8. Product of two sigmoidal membership function In151dwesvwNg 4 AAe
{a;, €y, ay, C, }uansdaulyvasileanduniuaunsi (3.17) 84 (3.18) wazhanianwmenis

nsrangvesilindunugui 3.10

f(x:a,c):% (3.17)
l+e

wazNar19IEnIe 2 WMendude  f(x:a,,c)xf,(x:a,,c,) (3.18)

0.9 1 / \
0.8 / |
0.7 1 / i
{ !
0.6 / |
057 !
0.4 / \
1
0.3 /

0.2 /
/

011 y
____./'/ \\

0 1 2 3 4 5 [ 7 8 9 10
psigmf, P = [2 3 -5 8]

gﬂﬁ 3.10 Product of two sigmoidal membership function

nsdenileidurasnnuduaundn afaudennIuAUMINZELAIUATOUAGUYBY
Joyatiarsudiun lngaunsafiviudeuduiielinisandunusiusey dsfiemnuduaundn
wareald  wazieiduanuduasndndsunlawslaliimnzdvauimafiRnunie

ANUANUABDINIT
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Y ax a oy o
3.4 Yupaulsn1siReuiiuulauia

NlATIET19v03 ANFIS  Wiermnsiiweivdngugnimualilvifsuidaiaminmg
VaiuaausasandtuzUremasdaduvosnfivesiidunadnslanuaunisi (3.19)

Wy W,
y = yit+ Y)
Wl + W2 Wl + W2
= W)y, +W,y, (3.19)

= (V_V1X1)p1 + (V_szz)q1 + Wi+ (V_V2X1)p2 + (W1X2)q2 +W,r,

aetutuneuIsnsiteuiuuulavia (Hybrd)  awsadunldldlaensanniu
lnaangludinvasnsawialudimi Inuaevinmasinuludnaminaunssiagui 4 uas

a e & v 6 ad °o w 2/ -
dweinlunaansgnasiraeulagisnisidsassesiign (Least Squares Method) Tu
duNIANIIANAEoUNSUS Y NAIRANAIAGARNINAULT kAT ITMBINANFIUQNSNIAN
1ng gradient descent [7], [21] LEANAIUAISIIN 3.1

M13199 3.1 nsdaulunsyuaunsiseuiuuulausadmsu ANFIS

NITUIUNITIBUS danuluaumi dainunduun
a s @ A v ¥ aa o A
WITIULADINANTIU [EARIGEPIRIES U3UnILIoAUAIATUYIEN
WIFADSNAANG USUMEITNTUIZEIUAINAS laasunyas
GRAPRRGR
Hoyayed LuaLeving HU1aALRANER

wmsdimesnadnsgnasisasulimnzauneldfoulafimsfinesudngrugnimun
luFeunasiy Bmswuusaagdmnanouldiunntu iesnanifvesiuiiingdy
MsfummesiimauniadounduiuuRaia

TuAnednusatuiidonldsruveymuils@uuuusudld Tasldluna Sugeno Susuil
1 Fnsiseusuuuleuia wazldisnisaesiinasgn (Trial and Error) dwsuuSuileidu
audn lneEunnisusuiAsuriavesilsifuandnauasuiunuddonisindan o
JSRIEEATRIETR YRR

3.5 fmagnenisissuilagldsruuiinlsieduuuuuaalduulusunsy MATLAB

fupounisléruuaznisvagou ANFIS Tdunaudsd

funoudl 1 iFeudoyavonaosindalifihfagldlunisSeudvos ANFIS Tushoenadl
Fonlideyavesszuunaasy RTS  um 32 1A3es uansteyalunianuan 4 lngdmua
Priority level, Installed capacity &g Force outage rate vaup3osiudalniiudaziados
L‘Uumau‘wm uazil EENS vounsosiudalwiudazinieaduderinmg

funoudl 2 duidentounsonidu 2 9n Aedeyadmiunisiinasu 27 Joyauardoya
dmiuneaeu 5 Yoya snluanduudalumsnad 21 waw 22 ey
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d‘ o ¥ a L3

YUNDUN 3 UIVBUADUNN LAZLDN

WM 141%11A15 normalized Wag scaled
Junaun 4 iuadenandnmsoulitoululusknsy MATLAB R2017a lagfivumbi

9 Y

Qe

Qe

v =%,

wn3ng train WWudeyarinasu wazwnind test Wudeyanaaeu yadeyavzgniudindig
Workspace \fiaw3aundondmsunsSenldau
Fupoudl 5 1eds >>anfisedit ilaFonldamu ANFIS Toolbox UulUsuNTH MATLAB
funoudl 6 1on Load Data wilethadoyafinaou (Train) iranldlu ANFIS
funoul 7 1den Load Data ifiethyadoyanaseuidunldly ANFIS agtudnume

o o w Y Y % o W ¢ =i
NINVBYAEITUNAGOU NYOUNUNUNTINUBYAFIUIUNNEDU AuFUN 3.11

Testing Data (...)

?OOOO

o

Crutput
fo]
n

OOO
[
Co

i o

<) eaelelalaloTeloleleTelelole
I: 1 1 1 1 1

0 5 10 15 20 25 30
Number of data

5UM 3.11 dnwaugnsmdeyadmiuiinasuulaznagou U ANFIS Toolbox

JUADUN 8 LADNYDY Generate FIS LTUNUGING kazUaUAIIIUIY MFs waztdanvin
U89 MFs 71l59099M15 AUFUN 3.12

—INPUT
Mumber of MFs: MF Type:
trimt .
632 trapmf |
{ghelim |
GELSSM [
To azzign a different lgauss2mf E
number of MFs to each pimf |
input, uze spaces to d=igmf |
separate these numbers. \pigmf
—OUTPUT
) constant -
MF Type: | lingar B

gﬂﬁ 3.12 UauAn MFs waztdanvinuad MFs Ui ANFIS Toolbox

JupOUN 9 LaenyIUes Train FIS TdA1 Epochs waaidenyl Train Now TUsunsu ANFIS
YNNSISEUTHATIARIAT error YBIN1SHNEDBY (Training) 88N
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Fupoudl 10 1don Testing data udden Test Now 2glden error vosnsvaaey
(Testing) DoNIN ndsnEuvhmsuulAsudiuau viaves MFs Tngliisnsassinasagn
wniaglden error Msneensuld Tnenansilnaeuues ANFIS wansamsuil 3.13 uazna
INAABUYE ANFIS Lanss Uil 3.14

&
0.8t
= 06}
=
=
O 04 $$ -
0ol eesee T OEE &
EREREEBE DS
U 1 1 1 1 1 1
0 g 10 15 20 25 30

Number of data

sUTl 3.13 msfinaeu (Training) YU ANFIS Toolbox

*
08} *
= 06}
=
=
S 04t
_*_
0_2—:1[.—
+ + *
U 1 1 1 1 1
1 2 3 4 5 6

Number of data

sUfl 3.14 nvaou (Testing) Ut ANFIS Toolbox

Funoudl 11 leldd error fivensuld viins export file ileinssuIumsdouiues
ANFIS TWldlumswennsalien Tnsanunsauansdnuaslassaisvosiledduasndnanuiidmun
Iemagud 3.15

Funoudi 12 ey TH81ds >>evalfis (Lwadioya input Aifeanisnsuen output]
Foluld) Tsunsuazuansddoyadueen (output) MduusuAdoyadudh (nput)

Tunauil 13 dAtayan1ueen (output) Ni1viN1s Unnormalized uag Unscaled
1#1911A934



input

inputmf

rule

outputmf

31

output

U 3.15 Tassaiavesilsdduandnislousuen MFs 6 3 2 Ul ANFIS Toolbox

INJUN 3.15 UAAIENEYRILATIATINNNBUNY 3 67 warT Uil duauBnues
Bunm 1 6 3 2 audwiu tngldnguesiled fe and Feannisusuasunguesiledudy

] Y U saa I _a ) en'
WU?Wf@]aﬂdIMNﬁaWﬁmﬂﬂqmﬁwaqﬂu@UWQW

3.6 n19IUIEANSAINYDS ANFIS
n153nANUwug1vee ANFIS agldatldentianatnadvauysal (Mean  Absolute
Percentage Error, MAPE) 31nAiAnumaianaeauvasamensaifiilumnaures ANFIS 9

N1UNNSHNEBULAUS B UL UAUAIMBUASS [20] #1uaun159 (3.20)

1 X|OP -QOP
M APE= —z| s =OPuses| 10004 (3.20)
i=1 OPactual
Tefi OP,u 79 LDIMINNII
OPpmps  AD  L@19nw#ileann ANFIS
N Ao IuIudeyanaaeu
A5197 3.2 maé’wé‘ﬁﬁﬁqmﬁlﬁmﬂmsﬁauiﬁum ANFIS
seuuiilély | Taseadredin VE T A1 MAPE @84 | A1 MAPE 84
P ~ e =
NSHNEoY ngn P yannau (%) | yaneasu (%)
ANFIS 725 trimf linear 0.0736 4.1499
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lunsnaasudesldnisusuamsiimesn1ee vos ANFIS 1wy USuailedduaundn
Usuanlasaane sy ielk ANFIS I6i5ouduazanduazdesliisnisasiiinassgn iiem
NadWETRTIan uanImun1IeT 3.2 nduiiAUssnaildann ANFIS sUsudisuduan
39 WanenugUT 3.16
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31NJUN 3.16 wansnsileuigunsuseidiudviinnuienelavesseuundntnii
] | a w1 Ay = v a = IR 4
senINARsiUATLAIINNsEUINMSSBuFvessyuvauruilalslafuuuUSudila (ANFIS)
WU %MAPE vosdeyatinaeuiu 0.0736% uag %MAPE vedeyanadeudu 4.1499%
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WAIITUAY

4.1 Wasay

Tnevhluimansondandsnulifianndauldlaslfiadosiudalnihidadaly
UeUUUMegUsTINA 30 - 50 wRs awnaundudinazldietesndnlwinifvunn
Usanas 300 — 500 kw Tnelsinesazgnandediuauein 2 3o 3 luin aanduiudanis
Wagundanaundsnuluinduideadulssiniialy - Gegunsaliivaslunisivasuain
wisnuaneenundundanulugudug (5] 1Wu ndslaih vie wdsauna loun fatuan
Dusiu

dnsuussnalnededanuiaundeisniufoddiuutviuauuasiuiun dio
waandsnuluinuidesns  ssiuldianuisivesauiinadefdimudngann 1
mnuFiaug  aiindsulsiilosmediviunyuisiuaniivoogiuindasiudelnihdsla
annsanAamdauTuly fofuaulneviluasdidurnugudnansuesunumyuUseann 20 was
nagnyuiieAusIUsTal 100 -~ 150 rpm ilofiaztiluduindouadeaiidnalui
milsnifignasziusmeliiihnnssuanel | Yssmalnedifnenmuesnisldndsaslunis
wanlifildundnidesnnfiuiialufinnumauadoiniundfegianldusslowdld
snuUInAvEmEaUILS

4.1.1 waluladneiuay

AwfuanagyimihfidsundsnuauioglusUvemdanuaadluidundsnunalaenis
myuvedluia ussnnsmyuvesluindazgnasituununguinlhifionfesinnegfuuny
v uAnn snyuanluig ndsnunadildazluduimdeuliiaieasudalniivinanu e
ndnnsiiedesiideliiaranusondanszualiilooninld fviuauansouiseenlfidy
2 Usziam [17] fig

1. ﬁ’qﬁuamﬁﬁLLﬂumeagﬂuumuau (Horizontal-axis type wind turbine, HAWT)
Huiwiuauifununyuneisglufinvuudviiansvesa Tnefluidusaisainiuussan
ftuanuszavilldunsiauietsefomarinisiuldnumnnluiegiu esand
Uﬁsaw%mws[,umiLﬂ?iauwé’amuqqLwiéf@qa@é?wulmﬁﬁmmqamﬂ wazilyamuauliieiy
ansfunthidhsuussaulavniiemalunuiuousasanan uansmuguil 4.1

2. ﬁﬂﬁuamﬁlﬁLLﬂULWﬁ']E]gﬂULLu’J(;?Q (Vertical-axis type wind turbine, VAWT) 1du
favuanifunungudsainfufimmavesen Ssaunsnivauldmnienauasinsaegluszdusi
1 Forvesteuauunudaie aunsofuaulinniianis gauiuaua (gear box) uazia3es
udalwihaunsafnscegissiuiuadld uenanifuamostaiuandiligunntn udd
foidefeUszansamedlodioutufviuaufifunumawuuunuuou fafudafingldauog
tfon uansmuFUR 4.1



Horizontal-Axis Wind Turbine (HAWT)

Wind direction for

an upwind rotor
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<—— Rotor blade
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Tower

Y%

4.1.2 979N159N9UV NN
Tngyilufsiuauagsunanindsininlanininsy U, Wsesnu 3 - 5 m/s) uagay
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Vertical-Axis Wind Turbine (VAWT)

"f Wind direction for

Nacelle a downwind rotor

Fix-pitch

rotor blade

Rotor base —

Gearbox

Rotor diameter

5UN 4.1 AviuauninluiluuwnuuBuRaLUULNUAY [17]
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-
=
2
)]

g =
y .
o
Kel
o
o
-
=
=y
[0
=
=)
2
@
=]
=
e
Generator
j-'_.' v

WMuTunuauIaIunsy iR Masidn P, inausa U, ndseingaiidsiuszgnaiuay

Ingldyunsonisdavedluin iendnidsnuiidalaniannusiauggn Ur daudinanms,

wnnge U luinasiivasuazveaiueioaiioanudasndowaslesiuaudemsiions

Nefufuiaiuay [6] anwmugu 4.2

N Power output

> Wind speed

Uc
(Cut in)

(Rate speed)

Us
(Max speed)

JUN 4.2 puduiusserinanusianuaziaandalii
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v s

4.2 asnszanedeyauuuliyad
nsnseteivesnuanlaeiiliasidnvasduuudluddadramis (Skew
function) galyilynsnszareduuuanunns (Normal distribution) fefduiteuvevsly
NuegnIvaie [2] Ae N3nsratewuuliyad (Weibull distribution) kagn13NsEANBUUY
¢ ¢ . L. . = ¢ ¢ su & & A a ¢ fou Ao
1561a¢ (Rayleigh  distribution) Faisdiadileandutiollunsdliimwvasliyaaileidund
ANNTIEMEsTUTIWIAY 2 HafiliannmsiUSeuiiguseninshiyadilandunazisdiadilandu
wuihyadaglinnuuwivdininilesanndr k veshiyadiduiulsimunzanvosanluusiay

Uil

Fan1snseareteyanuuliyadaruisananslugUvesiienduaiiuruiniuuesnis
n3£218 (Probability density function) #3aunuaNuiaziiuresnisiauumazang 1

m/s lemuaunisi @.1)

e

=D

f(u)z%(%) E exp —(%) (4.1)

wazdouluguvesilanduaiunuiiiuasay (Cumulative density function) o
aun1si (4.2)

k
u
fu)=1—exp{—| — (4.2)
(u) Xp ( Aj
Ted u e AEuede (m/s), u> 1
Ao Weibull’s shape parameter, k > 0
A An  Weibulls scale parameter, A > 1,

N1510005 A aunsamundlanuaun1si (4.3)

A= 1rl0 (4.3)

Tnefi  T(x)=Gamma function = et dt
0

dmsunisndiwes k luinerdnusatuillavinisvegeuiienial k- NANgadmsy
anwENINIEAtedeya wull k = 2 inan1svaaeunnian uanwanisnagaauluuni 6
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4.3 wann1siAszEnIsnanlifinInnasua

nsfanmdtlninviesnandsiuarazisuussinamanus sauiiviaisa o g
o1femsdumauisuiunsaumuntuazasluannsi (4.2) saannmsguaianiaag
Hemuaasilidamusaueasvesiuiifsiadetoiuanlndifesfudiinsveinnis
nsra¥aludoiu fosmsduaaruiauldiuandusuil 4.3

[ ]
=]
T

Random number

=

E

m 1

_ﬂ 1

S 06 :

g !

@ i

2 04f 5

= :

S 02 :

v’/ | Wind Speed
U % | 1 |
0 5 10 15 20

. Wind speed (m/fs)
Ui 4.3 MsduAin3Iau

ntuAAuauntaazldlunisnianddluidnedala ety nisiUSsuiieusening
AnSauars1etaluaLazn i dslwilveenuesieiuan Nordtank u1a 150 KW &4
WaRaRIUN 4.4

120 -
=
= 80
5
5 Power Output
3 /
g a0f
(=]
o
U | 1 |
0 b 10 14 20

Wind speed (m/s)
JUN 4.4 Mswdasmnansiaugidamanli
maalnivieenaindsiuay Nordtank uia 150 kW Alda1nnsiasIent uanssisgy
7l 4.5
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140
Power Output (kW)

120 -+

Hour 720
UM 4.5 Maslihindnlaeiniaiuay Nordtank vu1n 150 kW

93U 4.5 azdiunfmaslihidviuanaiunsondalalunsasdalusiialined
JuagnunasauNarusayilanaruaundnlnile wiardaslnwinnlaannnisAuluGeas

Y
o

ihlulfiileussifiummmdetioldvosszuunaniniluunsely e1afimsaainindeunsizidu
Anmsdusian fauisfesdinaloudsumannissnaiutegadinsasuiinly e
Usuamsdwes k Tunisewaldauisadnauaiidliilddenndesiuainuluaie
wniign Tudnerinusaduiliidoyaiinratuiinliananiduvasmevsmw gufin dady
YoyanasiundsuiifeiuavannsandnliluudarYanFeudivuiudeyaiiliannnis
nageu Tngynausnisairanvudiassteyandsnuluiniindaldannndsuanlagld
lasavgUseaniien (Artificial Neural Network, ANN) wagszuudalsileduwuuusuaala
Adaptive Neuro-Fuzzy Inference Systemn, ANFIS) umpadeusiionSeuiieumnadnsiia
figndmiunsdassdeyanmsudnliihanndsnuay Fauandluunii 6
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N159LA12%AU DB LA lussUU RN

5.1 wulAALAzZRaNNISIRSIZRAUTeRelRlussuUlnRAE

Tnevhlanunsaudsmsiansananunieielduossyuulninidsldssd o]

1. ANUNEINOUDITEUY (System adequacy)

wneds  AnuauisavesszuulnihAdfiaraiunsasnenseualnilinas gy
saunlfografivimesenudoinsldini Tnsfigunsaimerluszuulaihidadsnsiny
aelufifauasfisziuusedueglutasiidmun msAnwandefioldMiAsaiueandiioame
woe3zuy Wumsiwsiziszuulnihiddluan1izedsi (Steady-state condition) Wievh
nsnsageuimitenaaziistusesyuulnihimgs

2. AiuAeIsTUY (System security)

Wineds mmasaveszuulihidsfiansnsanusenisiUasunlasuuriuiviule
FaAatufussuuliinids Wy denmsdaestulussuundogunsallussuuiindadas
sudirulalaglinsivarmin Wudu msfnwnnudedelslusumuiuasesssuuazyh
N5ASITAlUEnN1IENaTR (Dynamic condition)

TunsnaununisuaalniiiuasAdedannuideteldlundvesrnuiismevesssuy
Jundn Tnefazdesdinnialsdlwindnnluszuuieliifiemesdeaudeanisvesild
T Taevily wiansasuunrinfinsyauvesseuulnihigeledu 3 dw lounssuy
waslailn svuvdsliih wagszuusmngluih - fefulumsAneanudoldssanansouts
syfutulunsineld 3 sesu

UM 5.1 vaulansvinuiugiulussuulniamge

NFUN 5.1 mnisanluwinsussdiuanudedoldlag siuuaissaunsawusaiu
U (Hierarchical level: HL) ¥@n1s@nunlondu 3 seeu fadl
A1euTun 1 (Hierarchical Level One: HL1) 1un1siansananiessuunan ing
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Suduil 2 (Hierarchical Level Two: HL2) Wunisiansanssuunaniiingiuiu
syuuaslaii

Sdududl 3 (Hierarchical Level Three: HL3) tlunisiansansiusa 3 syuu fe
syuuranliin ssuudliinarseuudmvunglin

1‘14?11531\‘1LLN‘L!ﬁWéJ\‘imimamlWﬁﬂiﬁ'?ui%ﬂjLﬂUﬂﬁiﬁﬂﬂﬁzﬁU%uﬁ1 A9 MATULANY
syuunanli ez uuRedadunsineniruainsavesssuundaliifiasnsasie
T lfegrafismensnnudesnisldlniivesssuulndidds wasdumsmennudeie
Ifvessruu Sulunaiosainanugmsiiamanisaidatedunieaiuin lniifisaogn
Wer Feonavlimainisnansiuvesssuuldifiswetumiudesnisvesivan  lunisadng
LUUSaBIREiansanTsassunaniznseeida i uasuuusassrudesn st
FauSsennsosasssyuuiinnsssidiuanud edeldlusyaudud 11@’1’mmgﬂﬁ 5.2

@

AMAINSHAR AR5 IUYVBISEUU

G | > WansILUeIsEUU

5UT 5.2 wuudnaesssuudmsunsuseiiuanuenalaluseAudun 1

5.2 uLUU1a99n15919UYesgUnIal
mMsiasaAmdwaniissnenuaudeanisiuintiu Wudgmnddyuseniswila

o
I b4

Tunsaueumdwantuszuulndn A1SRITNMIAIAIIULANEANDVDINISHNARAZIINTTAS
o dy d' I3 Ly} t:ll o < 1 v 1

wuuTaesiug el dudunuresssuu gl 3 dau laun

1. UUIAaBINIHER (Generation model)

2. wuuIandluan (Load model)

3. WUUINARIALLEEY (Risk model)

1A8LUUINADINSHARRAL LA a]8@mjwmiauﬁmﬂmwmﬁaawaqmmLﬁmﬁ
WNEAILEAINNNTUT 5.3

Generation model |€-------> Load model

Risk model

JUN 5.3 wuudnaesmldlunisussdiuaranuietiolivesseuundalil (4]
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wuuiaesessruundnliihannsouanaldlaenisasnmisnsannuuinsiduvenis
Y1ANIAINITHEAR (Capacity Outage Probability Table: COPT) Tnennsnaiasuansaauy
fdsnandeiiAauedatediiululitmun  Snfduansiauiasfunazaruives
N1TLANADIULHAIIS AINET? drunuusiaswesnantuauisafionsurlévatsuuy
onfeg Ty wuuitasssiudsuuUaweslangsansieu (Daily peak load variation
curve) Fvagfinrsananslnangansie fuwiniu vieluaaiiina1anay (Load  Duration
Curve) Fsfinnsanmaasuutasmesivanyng $alusvidennau druuvudtassmnudes
tu annsaduinildlasnisnuuuiiassesssuunnliiwazuuusaosesuandd
shefu Faagyilvansodnamduiaudedeldvessruunanlniililuian

5.3 WUUTIAB9YBITEUUNAATNHY

nsadrsuutiaesessyuunaaliiiniuaunsoutanisinnsaneendu 3 dw e
LUUT180930UN T INuvesgUnIailuseuu wuudtasuniaonil 2 an1ug Lazn1319An
inasihilumsnamdnsnde dwielud

5.3.1 WuUINaReIauNsinyuvesaunIallussuy

myieuvesgUnsaflurisszezinamils nuimshaulnivesgunsaliidnvausdu
framumuLaanfiliaduanedu (Non-periodic) Ussnausisaaiuzyinauund “aausi”
(Operable state) @auduaniugtntos “aniuzidy” (Failed state) log "anugidy” thustn
iAnanmsiigunsaidndenoidomeusudanininisdennemiaiaBousoondaanunsold
Nulgsaly

ynfinrsangunsalfiiuuudiassmshaudutoy 2 aanug fo “A’uay “lde” 2y
wuhnmsvinnuesgunsaiseqmaniasdisnuunduindnsuesaa (4] wansugud 5.4

A State

Up

TTF, TTF, TTF,

Down L Time
— TTRyj¢—  —> TR je— —» TTR; j«—

JUN 5.4 dnvaignisvinuvesgunsallussuulng

=

gl TTR  fe  szezvangunsalegluaniug “A” deanunsavihaulaluasad |

=

TR Ao szezatfigUnsalegluaniug “1de” Jauansdeszeziiailuns
PouugnaUnsal AT |
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wigsnarigunsalegluaniug “A”uazirananiiszegnaniigunsalegluaniuy
“de” Tuudazdivonanedalaivindu dafulumsfinsanuuusiassvesgunsallwitilussuy
daiduiununisvinnuesgunsaifinanluszozenadldmuszananiuszezinanadslu
anuy “A” uarszeziaedsiigunsniogluaniuy @y dautisaunauanangAngsy
suaﬂqﬂﬂsai%ﬁé’ﬂwmmﬂumunmaaj’%ﬁm (Periodic) [4] LLammmgﬂ‘ﬁ 55

Ar State

Up

MTTF MTTF MTTF

Down L Time
— MTTR*— —IMTTRe— —»MTTRe—

5UAl 5.5 nsvihnuAanunsalianuedsvesgunsallussuulnih
log?l MTTF  fle  szeznailagndeiigunsalagluanius “A” (Anadeves TTF)
MTTR  fia  ssezialagindegunsalegluaniuy “ide” (ARdees TTR)
WUIAANIIAIUAIINDLAE Y9I INTTNNUVBIRUNSRIAIN SaeS el lay oAy
LuUdIIaevesunsalfaunsadeuld (Repairable component) anugufl 5.5 Az4diuin
[J e A I = v
A01UZN1IVNNUTRIUNTAN 2 daluzee f (Up) Laz Lde (Down) AIUU @10130LEAINTTIAN

Anutazidulamuannisa (5.1)

nMi5)

= (5.1)
T(s)

P(s)

el P(s)  fa anutasluvesnneiegluaniue s
M(s) Ae fnanlaenfeiavegluaniue s
T(s) Ae Ynalegafaleonduinganiug s 9nATI MT0AUVBIIAN

9307 5.5 auhazilunaregluaaiuy “A (Up) “ uaz aatuz “dy (Down)
wanslanuaunism (5.2)

r

m
= IH P =
dOWIl m4+r

up m+r

gl m  fle  MTTF sseznalagnieiigunsalogluaniusd
Ao MTTR szeziialaenefigunsalegluaniuside



a2

5.3.2 UUUIaawsAnn 2 aaug
lagnluanwaznisvinnuresgunsaldiaglussuuliin wu weIesdndaluineed

a

Snwazmehauduaunatsswinsaaiusfivhaulawazyhaulildasuiuly Tnvaaiusi
enldldduininainnisiigunsaidatemiodemeusndsaininisdouuemiass
SevSosudrfiannsaldeulanoly 151amnsauaniLuUsIaenIssIuTenaIestuin
Inlihlagorfeuuuinassninenil 2 anuz (2-state Markov model) [4] l¢inugudi 5.6

A
Up Down

A 4

A

u
U 5.6 wuudnaesninenil 2 anugdmiuiasesniiia b

finsanuuuiaesninoni 2 anuglugui 5.6 :rnmsUszgndldiunindaiinge
LﬁtﬂuﬂﬂiLﬂéﬂuaaﬂuzuUIJStochasﬂc(StochasUC'Uanﬂﬁonalpwobabﬂﬁyrnatﬁx)ﬁﬂ%%ﬂ
nszuIunsIdreiuuusaliies (Continuous Markov process) 1313¢ldannnsnisiasy
An1UgUU Stochastic (Stochastic transition equaﬂon)mﬁuauﬂﬁiﬁlCi3)50(55)

1-A 0 Pup Y Pup (5.3)
A T u Pdowm Pdowm

] 2 &
wazauIeNnguesALvziliuAe P+ P, =1 (5.49)
NASNSVRIAUNISN (5.3) AB
H 5 _ A
o= \H PL = — (5.5)
A+l A+
ot P, o muhasduluanuregi (steady state) figunsalazagluaniusd
Pown A9 Ausluiluluaniugegsin (steady state) figunsalazegly
40U LdY
A A 9nsNsidY (Failure rate) 1399RMIINNTBNANENIULA
wo fie 9nIINNSYeu (Repair rate) Ms0dnTINTUNGAN UL

NauNIN (5.3) waz (5.5) A1 P, Ae Aauiaslunagunsalazegluaniuside

¥38138n71 A1 FOR (Forced Outage Rate) Fauansdstiaianimasasindaliihegluaniue

Pldaunsarnaulaniglugraain1syina Ui laedIwIaIN1syina I uiaun AsNasId
PRI o a ° v o |0 o0 = PR o a

vosaieasesindalnihgnivualiinnu Ineldamdadnisiasesilialiingause

o QAI o v A 1 d! = 14 d‘

yIuaunmMuualevsell Feanusalisulanuaunisi (5.6)
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FOR = __foH x100 (5.6)
FOH+SH

gl FOH Ao seeznamasesiliabiihegluanuslindouldanunsilalanumm
SH  fie  ssssanfiwsesindaluihegluaniugyinny

Tumsnsafudn fr P fie Arrrwihesluigunsalazanunsavials Tasundud

ANMNNUNEL UV DI TUEAN LA ERIINSIUABULUASTENINSENUEANI Y L5105
n5uleananfnisyinauveuasasnialndusaziasesdalneniluniisnunsuRnveauay
FnsTuiny

5.3.3 a1519anuuasilulunisvianidanisaan

nsAuanieieldvesssuunanliiindy Tuusnedesadanuusiaswessyuy
wan i Tundeu ImEJmsa%wL‘flumﬁwmimmﬁﬁé’amiwﬁmum&mqﬁ’uﬁﬁiammﬁﬂ%u
idesnmeesiudalwiluszuuiAamgtades msedsnanusznouseteya 2 dufe
ashazidunarenuivesiidmaniienaasfnmadadedemiamanildnuls deay
I¥esunessll

MyasanuUsassweaniostulialniiluduvetanutiasdy  Benin nsads
anseanuungidulunisuniidainisndn w3en1319 COPT (Capacity Outage Probability
Table) [4] Tagnisas19ms1e  COPT %’mﬁﬁ%miﬁ'}mm%ﬁ%’umamam (Recursive
method) Taeiindnnisie msiimadesiialnditluszuudnlvlunsiuaniiiomurum
mwmiwzLﬂuﬁmmﬁﬂé’qmimﬁmimwiamzﬁﬁuﬁ’]é’ﬂi/\lﬂﬂLﬁaamﬂmﬁﬁiwuqﬁmﬁam%q
fudalnih auasuyniedesiifeglussuundsndniunisasutuneudnaagldnadng
Humnse COPT wesszuunanliii dusellfaztiiaueiisnisadanisns COPT lunsdli
wiosrndalnlihdidnvarnisieuwuy 2 denusfie Auazds fidviumuwuusIaes
wndnoviil Kasolull

namnsamuIuAIAuLnasluayan (Cumulative probability) [4] vesaniugias
MINARTIAnTATo X MW wdaansauadestudalnfiavwin C MW 3siid1 FOR = U 1l
Wi lemmaunsi (5.7) fe

P(X) = (1- U)P'(X) + UP'(X—C) (5.7)

fwunAi3ud (Initial condition) e P’ (X) = 1.0 e X<0 way P* (X) = 0 1ile X > 0
Tngfi PO Ao mnhesduasauvesanuzidmaniiinmadadesumn X Mw
rowfisiaieafdalvihauia C Mw
PX) Ao enuhesduarauvesaniugidsedniiAnmndadouin X Mw
viadiuesosiudalulihoua ¢ Mw
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yonanitsansaAuammuesuveuaraausidinisnan  (Individual
probability) fAadndes X MW ndaninsameiesiudalndivun ¢ MW afidn FOR = U

Igauaunisi (5.8) fe
p(X) = (1-U)p'(X)+ Up'(X-C) (5.8)

fmunaEusu (nitial condition) fio p(X) = 1.0 o X = 0 wag p(xX) = 0 wle X#0
Taofl p0) Ao AenuiesduvesanugidmaniiAamgdadesmn X MW
y&snniiaedosiudaluiihena ¢ Mw
p) A Aenuanfuvesaniugidmaniiinmadadesuin X Mw
rowfisiesesindnlwii

A A o

C Ao auwamasniswinlii (Mw) indadisdgnisasne COPT

5.4 LUUI1aR9v0slvan

Tunnsuszdiuadeinudeioldvesssuunanliiiny  Tnevluiinisidenldlnan
ANWAYAINY AUANNILZELUSZNIUAIY [4]

1. Inangegauszdndau (Monthly Load Curve)

2. IvangegauszdnTu (Daily Load Curve)

3. InangeanUszarialus (Hourly Load Curve)

16000 MW

14000

12000

10000 \/"\/ TranU1unang
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Tangu
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2000

—~ N M I 1N O M~ 0O O O — N O F N O M~ 0O 00 O —HF N o
— = =+ +H .+ N N N N N

Hour

sU 5.7 dulddlvansietalus [14]

JUT 5.7 uansliiiusnegnanisudsasumiudesnisldlii wiaSendudulas
ans1etalas (Hourly load curve) vssuseinalneiiinduasswesiunisdumouiwieu
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2543 i medzulsanvazidulasivanioantdidu 3 szau Ao Iwangiu (Base load) luan
U1una1e (Intermediate load) wazlnangegn (Peak load)

& X 2 a Y 4 aAa X | a A9 v oa =~

watllnangrumnefslsinalvastuaniiatulugisiainauls Tsslwihnldndaiie
918 11an U9l N A uLAI0INaANATILALNAR NS NHIABUT19AI  TranuI1unang

] Aa ' ' v = v o Y] ° v
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1291810z 9.00 — 22.00 U1RAT drutaenatdu o asiinsldlnihaAeutealaganiz
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gana uazsseznamUasuluiued funginssuuazUSunamsidiniesildudazUssian
Fasllanusaaznsuarmtnleeg1sinau
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Wi pasnaukEuMsvgnennaansuanliiilaegramnunzan suazaunsaanalganelunig
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5.4.1 FulAsrasszesiianvadlian

MsMansuitdensuaatusyereniy - e1alisndudemsudnvasanudenisly
T ndusedalus wmnfissdesnisnsivmlneUssanamestSnanugesnisldng sy
ntluagidlnihgsgaiininiasiatudundn  lunsdiduiisarerdoduldstaanan
Ivan (Load duration curve) [4] ﬁmamﬂugﬂﬁ 5.8 Fesudsuinanidulfsivansie
flus Waimnuneandesvesiangeanluutazdiluudnsazamnsatdeyamaniin
asauuuasdranlaeSodlnananaannlutosauasurasiaiine1sa
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MW Hourly Load Duration curve
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5.5 Expected Energy Not Supplied (EENS)

5.5.1 A1SANUIUAIAYU Expected Energy not Supplied (EENS)

FENS flo adadifivsvendermasnufinnninaslildsunissisainssuundalniisy
idesanlnaniidunnninUsunuidanisnaniiieg TnofuifinauansdeUSuumndsany
Tl Sunsngannisiamawanldifieane 4]

Installed capacity (MW)

—

peak

Load (MW)

Hour 8760

5UM 5.9 nsAuAail EENS

A15ANUIUANRYL EENS Taeaduidulaessesniatveduandyay (Cumulative Load
Duration Curve: CLDC) @1115091batagn15fiansanusunamasnuilulasunisatedionngs
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nsuanvamgllgeanitArmdinisuandrsedlagiasandulas CLDC 91n3U7 5.9 E, Ao
wasnunldlzunistieliesanmainsanviameluidudiunawinu ¢, MW
AItusIERNsaAuINARY EENS laainaunisi (5.9) 84 (5.10)

n
EENS, =t*Y'L. (5.9)
i=l
n
EENS, = >'p,E, (5.10)
k=1
Tnedl t Ao INIAIIUATINAN TN
L, Ao AUARINT TN |
EENS, fo  wasuindalavanualugiaianinansan
EENS, Ao Usunamdanuneaiazlilasunsdienesesindalniadui q
Pk Ao Aianut1ezduluu Individual wes state k
Ex Ao USuaundenunldlasunisanefioinnisuinmevesmaenIsnan

294 state k

5.5.2 fegemsmulnadviaradeiold

szuuiildidusaegslunisdiuan fie svuu IEEE Reliability Test System @afisuan
wiostudalnihianun 32 3o wariimdanisuanandarouawinfu 3605 MW Tnan
geanluszuuilaindu 2850 MW TaesieaziBenvesiaussousvasedosinudaliusas
\seasnisteyalvanliiuanstilunanuan n Gsamsouansivangeanazausiotalus
mugﬂﬁ 5.10
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ndeoyavessruundnlniinazaiuisaasiamisiasidulunisviaiidinisuds

(Capacity outage probability table: COPT) Tamsnadi 5.1

A15797 5.1 11579 COPT w8952 UU IEEE Reliability Test System

Capacity outage Individual Cumulative

State ( MW) Probability Probability

(1) (2) (3) (4)

1 0 0.23639512 1

31 100 0.02999156 0.547601144

40 118 5.52E-09 0.512059147
153 265 1.3116E-05 0.335566652
288 400 0.06572831 0.261873431
444 556 3.4527E-06 0.084578061
488 600 0.00035769 0.062112861
838 950 6.4306E-05 0.007491953
1088 1200 2.4132E-05 0.000791252
1388 1500 2.9915E-07 4.04351E-05

Tefl pedutid 1 e aniuedl i veswuudiaesszuundalniififiansen
AoduT 2 Ao Usuwidslniihianaindanisudn sedanusd |
aeduid 3 Ao evwthenluflisianisuinmdinisndnduuiinaiidands
Inhasneaul 2 vasisazanIug |
podud 4 fo  evwinanduazauiiasienisuaiidanisnandueadesdu

Usunaumasednlninesenedu 2 vesmazaniue i

A < o w o w a 1 =4
1NA15199 5.1 LJUNISHEAIAITIINISVINAISINIAINISHAS Taen519AUUags Uy
N1SVIAAISINISHARTT MR 1388 @niuz Feenundusiegaiesdruntawintu
PNTUNTANUIUAIAYTE EENS Taeadetdulaaseasialvastnandyay (Cumulative

Load Duration Curve: CLDC) mugu#t 5.11 l9a1naunisi (5.9) s (5.10) uandnans
ANUIUATTE EENS eum15799 5.2 Sadudestl EENS NA1U0d09n01%ad9 nuiaLAT9nLie

A lURazLASa3uATU



3000

2500

2000

1500

1000

500

A157197 5.2 AN519uARINaAIUIMAYT EENS

Load (MW)

49

Hour

8726

JUM 5.11 LdulAsszevlianazanvadlnans e daluavesseuy IEEE RTS

No. | Capacity | Expected Energy
unit | - (MW) | Not Supplied (MWh)
(1) 2) (3)

1 50 14,864,642.71
2 50 14,432,210.71
) 50 13,999,778.71
a 50 13,567,346.71
5 50 13,134,914.71
6 50 12,702,482.71
7 400 9,627,410.71

8 400 6,559,728.82

9 76 5,927,422.34
10 76 5,317,899.95
11 76 4,735,459.89
12 76 4,183,912.33
13 155 3,195,016.90
14 155 2,340,412.29
15 155 1,632,253.84
16 155 1,083,617.59

No. | Capacity Expected Energy
unit | (MW) | Not Supplied (MWh)
(1) (2) (3)

17 350 355,137.71

18 20 329,183.45

19 20 306,014.43
20 20 283,726.17

21 20 262,7188.58
22 12 249,765.67
23 12 237,282.90
24 12 225,293.46
25 12 213,804.95
26 12 202,776.69
27 100 129,490.77
28 100 79,204.51

29 100 46,592.79

30 197 15,562.42

31 197 4,569.41

32 197 1,176.30




50

ool podundl 1 Ae  edesiudaliiieesdl | Adndgszuy
Aoduti 2 Ao mdmsuandnseenaiesiudnliiiaio
Aoduifl 3 e el EENS veuadessudalniiedesd i

dmsuszuulnihvessemelne i ldluinednusiidussuuiithadostialuii
85 1309 ANuFsnsltlnihgegaiaviniu 22,500 MW drudeyaaussauzveunies
sudaliihssueliidaunasguees NERC [16] Tasanunsausndssunnléiid 23]

1. Tselnliwdannudousiuin 23 nses SAdawanRnsesIs 8,586.5 MW

2. Tsslufmdsmnudeusiusiuny 49 wiesifdmanfinaasy 15,081.9 MW

3. TsslihAakunRasiuny 13 wn3edimdmaningesiy 847 MW

TnesoaziBeavesranssauzvouaiosinialniiusaziedessnisteyalvanlsii
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MW Hourly Load Duration curve
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6.1 A5n1531aanasnulniInuanldarnwassuay

TuAngndnusatuiiaziausisnisarasandsnulniinnanlaainndssuay 3 356

nsdnaedtaglinisnsvanedeyawuuliyad mstaedagldlassieUssamifion wagnis
Pasdlagldszuvayunuillslsfuuuuiudils ieluSeuiisunaansvenisdnaesdeyaii
gn  eglddayandsnulnihindaldngniuiinlinnaa dndsnunaunuwra unsnang

Jwiaguin vesiwiuauwua 150 kW lnguansdeyanldlunismageununisnsm 6.1

M13199 6.1 Tayanldlunisdraeandsnuliihindslsanndsauay

WAL WAL . h WAl
3| idou | Sound 1 idou | Sounds 2 ideu | | oHeAd Pudnls
(kwh) (kwh) ‘R (kwh)
2005 3 9974 21858 5.22 18804
2005 4 18804 9974 4 28178
2005 5 28178 18804 5.24 6546
2005 6 6546 28178 7.08 26298
2005 K4 26298 6546 7.38 34800
2005 8 34800 26298 6.39 31980
2005 9 31980 34800 6.48 30090
2005 10 30090 31980 4.74 9036
2005 11 9036 30090 4.44 8952
2005 12 8952 9036 5.64 13410
2006 1 13410 8952 5.49 15936
2006 2 15936 13410 4.98 17046
2006 3 17046 15936 4.15 7410
2006 4 7410 17046 3.43 3270
2006 5 3270 7410 4.75 13650
2006 6 13650 3270 4.99 18246
2006 7 18246 13650 1.7 37344
2006 8 37344 18246 6.78 20058
2006 9 20058 37344 4.95 25668
2006 10 25668 20058 4.87 13194
2006 11 13194 25668 4.43 6444
2006 12 6444 13194 5.23 12660
2007 1 12660 6444 5.26 6060
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waa Ul waau L . - Waa Ul
3| idou | Sounds 1 idou | dounds 2 ufou | o AR TinAnle
(kwWh) (kwh) (m/s) (kwh)
2007 2 6060 12660 5.41 19266
2007 3 19266 6060 4.29 11820
2007 4 11820 19266 3.86 6612
2007 5 6612 11820 3.75 6660
2007 6 6660 6612 4.48 13920
2007 7 13920 6660 55 15618
2007 8 15618 13920 6.56 37470
2007 9 37470 15618 5.53 11172
2007 10 11172 37470 4.74 8124
2007 11 8124 11172 4.19 9012
2007 12 9012 8124 5.89 17406
2008 1 17406 9012 5.47 15672
2008 2 15672 17406 5.23 11670
2008 3 11670 15672 4.73 9966
2008 4 9966 11670 3.83 9738
2008 5 9738 9966 6.44 6072
2008 6 6072 9738 4.86 12672
2008 7 12672 6072 4.6 13734
2008 8 13734 12672 4.69 27720
2008 9 27720 13734 5.84 28368
2008 10 28368 27720 4.16 16020
2008 11 16020 28368 4.16 6942
2008 12 6942 16020 5.24 11052

[3
wuulayag

6.1.1 n1s31masteyandsnuluirindalaannasuaulagldnisnszaedaya

miﬁ?ﬁaaﬁagﬁammémlﬂﬁwmﬂwé’amuauﬁ]zﬂizmmﬁhmsmzma%yjammL%’Ja:u

wuulayad tngldAmanuiianaeisainaisned 6.1 anuuiiluwdasanduaiiaslnfing
nanlavaansuauay tnelinsiniaduinvieenveenaiuay Nordtank wuna 150 kW &4

AaTLAATURBUNSANWINTBLANS I WAL AR

& = 9] I3 ~ & Ao = vy PN |
YUNBDUN 1 i'JUﬁfJNSU@NUaﬂ'J']NLﬁ'ﬂaul’ﬁaﬂﬁqEJLWE)UW‘UUVWI'] LLﬁWQIu@]"IiW\T‘V] 6.1 ?jll

F1a% LarA1uIUNIATUAN LUl ULAYAaNA NS UANLLE AR A8 UR LR UNNNT U Tag
a 1 QIJ 1 = d'a = [y} 1 < d' 1 [y}
NTNTIaMNY 1 Tl 1y ieuniaNsand 30 Tu wagA1AULSIRUREEWIU 6.03

m/s MatuIsfesduiardiuIl 720 A1 wagldmnusiameds 6.03 m/s lunisAiuiu
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lanfuanunuiduaratvein1snszewuuliyadluaunsi (4.2) lngdmuanisiines A
= a 3 W = & a I3 K v s

ANaNn1sh (4.3) wagmsfiwes k Wi 2 Fadunslmeisusiilinadwsnanan was
WraLiUANYMEN1INTEANEYITaLaNINTIdn  wanenITTeuguAImISEmes k6
M3 6.2

Tupauil 2 AMuansduaianiausedilus lnaiSeufisussninsiavduusas
AuazaNUzluaranren1snszaewuuliyad NANEIaNRaeTIie s wanIiagua
4.3

Juaaudl 3 wlasAnisguanusrauduaiddnihindelaveandian oy

= a ! < = o o w v

Wisuieusenineanusiaumdesedilusasnsnmasiniivisenvesiaiuay Nordtank
YA 150 KW uannagun 4.4 aglasmaslniihindalaaindaiuauaun 150 kw win
AosnsiansudewduliinupduufiIavduLazAUEIaNRE TR ULEIAILINIY
TJunoun 1-3

M15799 6.2 LansmsiUSeudisudmniineszuisdmiunsnsgarenuuliyad

AN Arndanulnihldannnisnszarenuulivad (kwh)
Wwou-U ITRRER . ¥ y )
(kWh) Wo k=18 | wWoak=19 | wak=20 | wok=21

Jun-05 21858 22654 23898 21505 22314
Feb-05 9974 12255 11772 11600 9977
Mar-05 18804 16076 15831 16039 16680
Apr-05 28178 7756.2 7166.2 6868.4 7477.1
May-05 6546 16642 16624 16705 14130
Jun-05 26298 29202 29095 30673 29674
Jul-05 34800 31123 33259 33740 32018
Aug-05 31980 27439 23524 25731 24542
Sep-05 30090 27209 25907 25287 23964
Oct-05 9036 13956 13578 11027 12437
Nov-05 8952 10971 10258 9324 8965.1
Dec-05 13410 20293 18818 20116 18184

%Error 7.4207 6.1189 5.5405 6.6922

'
a

NMTNA 6.2 wuimsilees k wiriu 2 Wumsifinessuseiilinadnsnaan
LarIUITANAUANYUYNITNTEANLYV0ITeYaNINan 1Aefia1sanInnITiUTeuLiigy
Weswudanuiianaiafiiindusenineassiuailaainnsiuaieisdiasinuduneu
Yoin13nsrrenuUbyasfmnanluud lnsuansdnuurn1snszatgvesaunuilenduaiy

' & < A o =
W19zilureIASIaN Wamvum k=2 ULansmugui 6.1
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Welibull Distribution
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JUN 6.1 Meridupnuiiazluvesrnusiandiensfimesgusie k = 2

6.1.2  n1sdrassdeyandssulniinadaldannisnuaulaglilasetieyssam
Q7

nsPaestoyanswanlninannasvataasauanstunaulagail

& - =~ v = = % ° I a & <

Tupauil 1 wisuteyanazlilunisiseusves ANN Inamnuaddunmnduninusiay
wae, nasuliigeunds 1 weu wazndsnulnindounds 2 Weow wazimuaA1e1viNm
< [ A a 4 £ ] ! A a v Ao v o w !
Wundaulninudals  saudayanivun 46 A1 lnedendunnaindeyanivvdAyse
IVINNLINTIEA HIUAITIN 6.1

Tunoun 2 guidendeyaseniu 2 g Aedeyadmiunisiingeu 40 Jeyauazdoya
dmSunaaeu 6 Teya Inedeyadmiuneasudonludeyan ANN luneiumnow

TURaUN 3 1TaLABUNY UAZIDIVINY 11YN1S normalized wae scaled

Junaui 4 Anuaduudiseulunnazdutou 91U Epochs  tazflenduaislou
(Transfer function) YaduAAEYULOURAL TR IYINT

Tupaudl 5 AMuinlagld ANN Seusuulusunsy MATLAB uaganindoyatinasu uay
LERINASNTDBNIN

TURaUN 6 Unnormalized Yoyato1vinmilanin ANN

& = o 1 ¢ v = = v 1 a

Tupauil 7 A winmalaan ANN snUSeuiieuiua1ase

Tunauil 8 aBnaeINIUNIEiNadNSNANER Insuaninadnsluzuves lasaasng
Ifgm AlviA1 Mean Absolute Percentage Error (%MAPE) #itiaeiign @auansfisniny
gnApdlariiug1veIN1sInaedeya

6.1.3 msinaesdeyandsnulniindnldonwdsnuanlagldssuveyunuiials
WaduwuuuTusala
msaestoyamananlniiionndsnuasanasonanstuneuldril
funoudl 1 wisudeyaiiarldlunisBeudves ANFIS TasfsunAdunndueiuis
auady, wasulnidounds 1 1oy warndsnuliiindounds 2 1ieu wagiwuna
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wnndundsnlainfiudels sudeyaiovan a6 an lasidendunmaindeyaiifdeddny
solomyINATIER MNA13aT 6.1

funoudl 2 quidendeyaseniu 2 yn Aedoyaduiunisiinaou 40 Toyauasdoya
dmunaaou 6 deya Ineteyadmiunaaeusiondudoyat ANFIS lingiiuanieu

fupoudl 3 dayaBunm Lazlenviny 11N normalized Uaw scaled

funoud 4 Joudeyefindeu uasdeyanaaauidng ANFIS Toolbox >>anfisedit

Sunoudl 5 fvueslinvesilaiduaindn snoulasEds wazsuuy Fpochs

Funoudl 6 dunilasld ANFIS Fouuulusunsa MATLAB uazansndoystinaoy
LAZLARINATNTDBNIN

Funoudl 7 Unnormalized dayaieimmitléiain ANFIS

funoudl 8 tanewimiildarn ANFIS sUSeuiisuiusass

funoudl 9 sosfinaesgnauniagliadndinfian Taouanmadnslusuves Tassaia
ﬁaﬁqm A Mean Absolute Percentage Error (%MAPE) ﬁﬁaaﬁqm Fawanadeniny
gnApdlaziiiug1veIN15INaeIteua

6.2 HAN1SVATEUNITINARINEINUINRTinAa LG nwasaIuay

1u"3‘v1mﬁwuéaﬁ’uﬁaﬂ%"i%mﬁmaﬁagawﬁdmulv\lﬁﬂﬁmamlﬁmﬂwé’wmammﬂ
Bashaesuilinanluuduiiomisnmsdiassdeyainiiga eidusumilunmsfiansan
Tudessly

6.2.1 wansnagaun1snaasdayandsnuluiinaalaannnassuanlagldnis
nszaredayawuuliyad

[

1N3UT 6.2 sziiuiridslihiidsiuananunsondalddanling Jusgfuidsaui
annsavilifeiuaundnliiile uddridslwildannisiuiadseshlulfifeussdi
anudedelsuasszuunanliirluundely enafinsranndouainasdefigniuiinliinee
Hudranmsduiiay driufaesiimaieudoudmanmaduniudeyaiinsasuiinly
iieUsuAmsiimes lunsdualiamsaraiidsinilsaeandesiuanuduaie
1Nl

Tuingdnusaduilfideyaiinsatuiinlfanaoduvaunsmumn gifin Sa.dy
foyanasrundenuifeiuanamisanaalalunsazYund3ouiiisuiudeyadiliainnisg
naaou Inefiansanand Plant factor wanswanisiUSeulfisumdanuiindslduasen

Plant factor mmmiwﬁ 6.3
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40000 Wind energy ceeeee Autual
(Kwh) i : .
35000 . - 3 Weibull
30000 AW
Por o {: e :
2 F N\ $i. N P
25000 | : & I H I Pt
20000 § % : I , ] : HE
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10000 | | /% P S PO T 1 N Rt
3 : 74 ¢ | o <
% L) O - 3 . o® D)
. 0.‘ . ..... &
5000
0
L0 L0 ) L0 L0 \O \O \O \O \O \O g Iy~ N~ M~ N~ ~ [ce] [ce] [ce] Q [ce] [ce]
2228333833356 550558383383
P 2 A PeI R reSla F il s\ 5 3
= 2P RIS LlEw "] U \= Vommd =~ S = B/ o0 =
JUN 6.2 wanamsUieuiieundsuliihindaldnnndsuausenineasawaganilaain

mInseRenuulyad

M19199 6.3 uananisIsuLisuseninsdeyandaunuanaInaa  Tunauns N ginfiu
Uoyaa1nnsnsrekuulIyaauasisiuauIuIn 150 kw

” Arvsnaaduvaunsiann giie | Aennsnsztswuubiyad
: NA3U (KWh) | Plant factor (%) | wass1u (kwh) | Plant factor (%)
2005 239,926 18 218,300 18.1
2006 190,926 15 191,183 14.6
2007 163,140 12 167,880 12.8
2008 169,626 13 170,440 12.9

NAN5197 6.3 eifiudmanisidieuiiisuamdany wagen Plant Factor $o3a91n
nmanegeuiialnalfssiudoyadssainaatiuvaunsnumn 9iin U 2005-2008 lag Plant
factor Fnnnanuilsslniadnldasddy 1 9 Faiundnnnsfuuemgslninfings
iRsanunsniluvssgndldifioussiiumnudetioldvosssuundaluilluuseluls

6.2.2 wan1magaun1sinassdagandsnulnirnudalaainndseuanlngly
lasedngUszamiiiey

NNTLVIUNTITEUIvRlATIeUssaiiisunariSn1sasiinasegn laens
USudguailsiduaglou wazirwiuiiseulududeun 1 uas 2 lneidenlassaiananan
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1NN5R1TU1 BMAPE U83yeEndaularyanaaeuteegauIuanInIun1sed 6.4 lag

LL?IGNNaﬂ’]ia’eNa@a@\igﬂﬁﬂ‘wﬂJYﬂIUﬂﬁﬂﬁJU’]ﬂ il

M13199 6.4 laseadraninanveinisitaestegandsnulnidndalanndsuaulagly

lAsengUsza sy
Transfer function %MAPE
No. of : :
Hidden Hidden Output .
neurons Train Test
layer 1 layer 2 layer
11 10 tansig tansig purelin 2.524 3.3041
Tnglassaeiagadiiauihseuluiuteud 1 uay 219w 11 uag 10 Muddy wag
fsnduasloulutugoui

1, 2 wazduewinmdy tansig, tansig waz purelin AuAWY

lagdiA1 %MAPE 7tpeianuayannaoude 2.524% uazilA1%MAPE lasNignuaiyn
A v = Y  dAad g mmmgym— | Gu— ¢ av v 1
adoUfie  3.3041% wawIndenlastasiangalauad iAevinnilaainiaseie

UsgamiienanilSoudisuiuevinniduaadaanssnusud 6.3
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UM 6.3 uanansiSeuiieundanuliiiim
TAs9UeUsEa ey
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6.2.3 wan1svadaun1staesdayawdsnulwiindnldannderuanlagldszuy
ayauialsHeduuudiuaala
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ngUN 6.7 srvveynuialsileduuudiuimla Iinadwsiududwnn uwagldinanly
nsssusnmszandmiviludaesteyanduanliegisivssdnsainuin 39
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6.2.4 wan1sagaun1sIrassdeyandsulnfiaiindaldanwdenuauainnis
$1a0sia 3 35

MsSsuifisundsaulnifinanldnndanuanseninsaasuazaildainnns
1009 3 38 wandlu m1ail 6.6 TnsuanamaIeufisunusuil 6.8 Tnsuansuanisaes
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» . wd Ul findalaannngdanuag (kwh)
Wou — U - <
GAREN Tyad ANN ANFIS

Mar-05 18804 17095 18786 18803.83
Apr-05 28178 7304 28192 28177.94
May-05 6546 15006 6526 6546.001
Jun-05 26298 28834 26309 26297.98
Jul-05 34800 33711 34802 34799.97
Aug-05 31980 26780 32015 31979.95
Sep-05 30090 25412 30157 30090.03
Oct-05 9036 12189 9148 9035.995
Nov-05 8952 9402.2 9024 8951.978
Dec-05 13410 21673 13420 13409.34
Jun-06 15936 18678 14150 15934.53
Feb-06 17046 12920 17004 17048.22
Mar-06 7410 9202.2 8447 7410.143
Apr-06 3270 4198.2 3201 3270.11
May-06 13650 13279 13645 13801.39
Jun-06 18246 14396 18017 18245.75
Jul-06 37344 34706 37299 37343.98
Aug-06 20058 27762 20120 20057.99
Sep-06 25668 14409 26061 25667.98
Oct-06 13194 13880 13303 13193.98
Nov-06 6444 10572 6373 6443.881
Dec-06 12660 16203 12592 12660.71
Jun-07 6060 16358 1027 6060.873
Feb-07 19266 16778 19198 20167.17
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nasulniRndnlaannndssuan (kwh)

oy - U 2 ”
A9 Lyad ANN ANFIS

Mar-07 11820 9661.5 11864 11819.97
Apr-07 6612 6003.9 6409 6611.99
May-07 6660 5951 7417 6659.928
Jun-07 13920 10827 13992 13920.46
Jul-07 15618 17082 16622 15619.26
Aug-07 37470 26781 37434 37469.96
Sep-07 11172 18821 11187 11171.99
Oct-07 8124 12849 8138 8124.13
Nov-07 9012 8644.4 8915 9011.824
Dec-07 17406 22348 17388 16027.98
Jun-08 15672 17574 16038 15671.82
Feb-08 11670 14035 11729 11670.6
Mar-08 9966 12323 9647 9965.889
Apr-08 9738 6551.8 8477 9738.013
May-08 6072 24869 6096 6072.361
Jun-08 12672 12249 12845 12670.99
Jul-08 13734 11151 13809 13734.35
Aug-08 27720 11913 27624 27716.89
Sep-08 28368 21417 28379 28367.98
Oct-08 16020 8472.3 16013 4906.239
Nov-08 6942 7772.2 6934 5268.762
Dec-08 11052 15468 11045 11122.07
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n1sUszliupuLafalavasszuunan i

Tuineniinusaduiasinaueimsusaiuanudoioldvessvuundalnil Inouans
lugUvesiail EENS (Expected Energy Not Supplied) Fadusudfivanandsuiianninegly
annsondnldiodfuedostudaliiliinlufionedos lneteyatamelfinannssiuam
fdrnudeielfveardesiuialwiilefinmnindes Ssuansnsinaluuni 5 deyai
IganmsdunazgninifidudeyadunnuaziewinnilinaaeulunszuiumsSouives
lasstneUsganniien (ANN) Wisuiguiussuuayuuilalsile@uuudsudila (ANFIS)

lunsnegauazsifenldnisusvlivandutl EENS lagldlaseviguszainidioy (ANN)
WisuisuiuszuveyuuinlsileBuuuySudld (ANFIS) ilew3Smsifnandmiunis
Ussiiumnuidetioldueansudnlvidi

szuunageuTildlunisunduil EENS Aesyuu IEEE RTS wagszuulwiivesdsemalng
uansdoyaesssuuiaedtunIAkn N

7.1 anudedsldvasszuunanlniinvesszuunageau IEEE RTS

syuunaaoU IEEE RTS 1uszuuiifiindeeiilaluii 32 pdes mdsnsnaninga
Vavun 3,405 MW AuseIslslningeaadanviadu 2,850 Mw dmsumsiuASIng
wAglihanndsnuaualddeyaduaumedesiiinlnihuasidmanfare nuauiamg
WEIUNALNUAMTURAALITN Y8ensENTIandsnu [15] Sdluinerinusatuioiiuigs
NARINRIFUANTLIA 0.15 MW 1131 10 1A304 Wemidad EENS feisnisvieaniuunes
Hudawansluund 5 iedudeyadunmuasioninndmiunsmnaeuiiaan 42 Joyauans
TunrAxwn 2.

7.1.1 mnageulagldlassinguszamiiios (ANN)

fidunounismaaeudsil

Funouil 1 wisudoyadunnuazioinniianun 42 Yoya Tnetmuadoyadumm 1y
AsIndsuLAs sl SEMARRRRT LazAn Force Outage Rate (FOR) uagni1uum
oyatewinn 1du fuil EENS Tneidendunmaindeyaiideddyseioninnuinian uans
ma:uaiummma ¥

funoud 2 wedoyasenitu 2 dwu Aedoyafindeusiuau 34 Jeya uasdeyannaey
Fau 8 deyn Tnetoyadmiunaaoudeaiuteyail ANN liineifiusnrion

wmauw 3 Muuaduuiligey, 31U Epochs wariliidudnglou

funoudl 4 neaeulngldmaiiouives ANN Uy MATLAB

fupoudl 5 vhmsassiinaowgnauniaglinadnsiiafian delefienantosiian

fupoud 6 thiayaovinniléann ANN sisuiteuifudiase



7.1.2 wamnaseulagldlasengyszamiiisn (ANN)
31NNTEUIUNISIT U VRlATIIgUsTaMTiguLasISA1TassinasIgn taenIs
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YFuasuailanduanelow uazdnuiuiiseulutudeud 1 uag 2 lnsidenlasasneaninian

1NN5RA15U1 BMAPE U83yeEndaularyanaaeuteeNgauIuaninIun1sed 7.1 lag

LLamwamiamﬁmamnﬁwmiummmﬂ il

M15199 7.1 laseasranananvesnisitassteyanaenulniindalanndeuaulagly

lasengUsyamisy
Transfer function %MAPE
No. of
Hidden Hidden Output
neurons Train Test
layer 1 layer 2 layer
10 9 tansig tansig purelin 0.2567 0.7687

TnelAssas1anananisnuiuddseuludugaud 1 waz 2 10U 9 wag 8 audsu wa
Handuansloulutudou
A1 %MAPE Ntiaefignuadys
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A
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Mean Squared Error (mse}
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=

a
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Best Validation Performance is 4.6873e-05 at epoch 26
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7.1.3 managaulagldszuvaysuialsieduuudiuaala (ANFIS)
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Fumouil 1 wisadoyadunnuazioninniimun 42 foya Tnetmuadoyadumm 1y
nssRasuAS e udaln, MEARRART LazAN Force Outage Rate (FOR) uagi1uun
Yoyaiowinn (Ju dvdl EENS Tneidondeyadunmandeyadisiioddydeianinnunniign
uantayalunANLIN 9

fupoud 2 welioyasenidu 2 dau Aedoyafindeusiuau 34 feya uasdeyannaey
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wmauw 3 313 Normalized foya (iloananBeuiues ANFIS

funoudl 4 neaoulng ANFIS Toolbox >>anfisedit
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7.1.4 uamsnagaulagldsruuayunuialsiaduuuusudaald (ANFIS)
I1NNTEUIUNTIEEUITRIsTUUBLINUilsHedLuuUSudilauasisnisasinasign
lnensuSuilaeumviinvasilenduanndn uazduvesilenduaundn lneidenlasad1ena

gAINNTAITU %MAPE V8RN aRULALYANAADUNTDENANLLAAINIUAITIN 7.2
lnguanIHanIsaesRnaanvualunIARLIN A

M13199 7.2 lassaaningavesnisnaaeulagldssuveunuihlsileduuuusudmila

%MAPE
No. of MFs MFs Type
Train Test
6 27 trimf  linear 0.2916 0.6483

Inglassasrainngadisruauilsiduanndnvedunndu 6 2 7 auddu vllaves
<)

HarduauBnvesdunmly timf auaiu wasilanduaun@nveuominmiu linear lngiian
%MAPE fitloeiignuassiindeufo 0.2916% uazildn%MAPE tioeiidauasyanaaoufe
0.6483% lpguanidnumelasaasvesilanduaun@n wagnansinaaulaznagay vu ANFIS
Toolbox UanwugUi 7.3 fa 7.6

Training data: o FIS output : *

$$$$$

Yeespeeeeesseseeseene

] 5 10 15 20 25 30 35
Number of data

5Ufl 7.3 uanawansilnaeuyes ANFIS Uu MATLAB ANFIS Toolbox
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v = ey i =~ v ea P 1o
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Testing data : . FIS output : *

# #* # * #*
0 1 1 1 1 1 1

1 2 3 4 5 G 7 B
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gﬂﬁ 7.4 LAAINANITNAFBUYDI ANFIS UW MATLAB ANFIS Toolbox
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INFUN 7.4 UanIan1snageu LagdlAn %MAPE Neefignvesyainaaume 0.6483%
wuhdeyaRnaeuilavIn1suszanaumves ANFIS SkadnsiAautuiug
inputmf rule outputmf output
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7.2.1 msnadaulneldlassinguszanniisy (ANN)
fiumaunsaaaussl
Funeu 1 m’%auﬁama@uwml,aulmﬁwm Imﬁmum%maﬁuwwﬁy’wm 95 doya 1Uu
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Transfer function %MAPE
No. of : .
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layer 1 layer 2 layer
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Best Validation Performance is 4.5988e-05 at epoch 42
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7.2.3 nanadaulagldszuvayuuilalsieduuuuiudala (ANFIS)
fiumaunsaaaussl
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Training data: o FIS output : *
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7.3 wan15UseiuAMUe 0 lvaIsuUNaR T USsUIg U8 USE I

ANN tag ANFIS

7.3.1 n1sUseiiunvl EENS 98958UU IEEE RTS

GI’]?’N‘T/‘; 7.5 Winuigunan1snaauszing ANN wag ANFIS UuseuU IEEE RTS

ANN ANFIS
Model Back-Propagation Sugeno
Structure Multi-Layer Feed Forward Sugeno 1"

Training Method

Levenberg-Marquardt

Hybrid (Gradient descent)

Training data

34

34

Testing data

8

8

Trasfer function,

Hidden layer 1: tansig, 10 neurons

Input 1: MFs 6, trimf

Membership Hidden layer 2: tansig, 9 neurons Input 2: MFs 2, trimf

function Output layer: purelin Input 3: MFs 7, trimf
Output MF, linear

Epochs 500 100

%MAPE Train 0.2567 0.2916

%MAPE Test 0.7687 0.6483

A15197 7.5 Wun1silSeunieuaatl EENS 99452UU IEEE RTS wlatunndandnlny

INNFLIUAY dmsulassineUseaimiien (ANN) Jugaui 1 4 10 Jaseuldianduanslau

\Ju tansig Judeud 2 1 9 Srseuldilsrdumelowiy tansig Twoninnldileiduaelou

Ju purelin LLaﬂﬁi’ijﬂizmuﬂ’ﬁﬁauiLwU Levenberg-Marquardt 500 epochs laga weight

uag bias 3UAUINNTTEL IN15IT8US 30 SeU telilanadnaininan dmsussuueyunu

Talsieduuudsumle (ANFIS) lalunaile® Sugeno suAU7 1 S1uauNentuaNITnvons 3

dunnde 6 2 7 lelsAduaundnulie timf Ywervinvldflanduaundn linear  lagldy

N3¥UIUNITIEUTUUY Hybrid 100 epochs

M19197 7.6 LUSEUTBUA1LEYNN ANN Wag ANFIS

Gt EENS (MWh)

CREEN ANN ANFIS
14862974 14862944 14862306
14430542 14430653 14430962
13998110 13997971 13998636
13565678 13565746 13566031
13134915 13133779 13133144
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ftl EENS (MWh)

AT ANN ANFIS
12700814 12700809 12699977
9625742 9625742 9625552
6558091 6558091 6558249
5925833 5925834 5925051
5317900 5319505 5346315
4734008 4734008 4737152
4182558 4182558 4180374
3193846 3193845 3188881
2339415 2339415 2346536
1632254 1632493 1644747
1083019 1083018 1080764
354871.4 354871.5 354869.2
329531.6 329533.1 329492
305778.3 305775.3 305837.8
283726.2 283031.4 283527.7
262577.9 262578.7 262554.1
249562.6 249554.1 249374
237089.1 237116.7 237837.5
225106.6 225086 224651.4

213805 213352 209824.8
202605.1 202610.1 202564.3
129372.7 129372.2 128447.2
79126.62 79125.9 80958.54
46542.68 46541.17 45639.78
15562.42 15306.23 15784.12
4562.855 4561.954 4542.341
1174.335 1174.31 1185.272
1173.209 1201.153 1164.733
1172.085 1134.462 1180.063
1170.961 1137.266 1175.289
1169.837 1160.216 1171.328
1168.715 1176.579 1168.182
1167.592 1178.208 1165.85
1166.471 1169.738 1164.332

1165.35 1161.203 1163.629
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At EENS (MWh)

AN ANN ANFIS
1164.23 1159.606 1163.739
1163.111 1160.26 1164.664
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U 7.15 uanamsilSeuliieusiadl EENS 52131a ANN uwag ANFIS
wuilasstneUszamiiien (ANN) Winadnsamyiniussuveyuuialsileduuuyiu
16 (ANFIS) #91564197nA7 %MAPE 09 ANN TndAiesiu %MAPE v83 ANFIS 1nguandnis
WisuifluAneinmilddmsisil 7.6 azuiuin ANN uag ANFIS Tidmeulndlfear1ase
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AN5199 7.7 WSeUigUNanNIsNAaEaUsEnIng ANN ag ANFIS vuszuulninusewmelne

ANN ANFIS
Model Back-Propagation Sugeno
Structure Multi-Layer Feed Forward Sugeno 1™

Training Method

Levenberg-Marquardt

Hybrid (Gradient descent)

Training data

80

80

Testing data

15

15

Trasfer function,

Hidden layer 1: purelin, 9 neurons

Input 1: MFs 6, pimf

Membership Hidden layer 2: logsig, 8 neurons Input 2: MFs 1, pimf

function Output layer: purelin Input 3: MFs 9, pimf
Output MF, linear

Epochs 500 100

%MAPE Train 3.1513 4.2509

%MAPE Test 4.1918 6.4769

m31971 7.7 iunsiTeuiioudeil EENS vesszuulinvssmealveiderfiumdanae
ulihannndsnuay dmsulassieysvamidien (ANN) Sudeud 1 & 9 Saveuldfleridude
Towdu purelin Fudoudt 2 3 8 TrseuliflsiFudrelowdu logsie %ut@nﬁmmi%ﬁnﬁ%’udm
Toudu purelin LLaﬂ“i’fﬂszmuﬂﬁL%‘EluiLLUU Levenberg-Marquardt 500 epochs lagan
weight WA bias 13ufuaInnsda vinsiioud 30 sou ilelildnadnaififiign dmiuszuy
oysnuihlsileBuuuuiusle (ANFIS) THlannaila® Sugeno Susfufl 1 Sruruilsiduaundn
vostks 3 Buwde 61 9 WilsiduauBnviia pimf Suewiwldiladduanan linear Ineld
N¥UIUNMSLTUIUUU Hybrid 100 epochs

M1319% 7.8 WIBUWIBUANYImM ANN Uag ANFIS

At EENS (MWh)

Actual ANN ANFIS
146918132.4 146396484.1 147842515.3
145679818.8 145188578.3 145988167
144441505.2 143831385.4 144133818.7
143203191.6 142311232.9 142279470.4
39911888.12 39739004.69 39861312.68
38146539.12 38380951.11 38077956.3
36393985.52 36946432.59 36374114.7
34656397.85 35350764.39 34670273.11
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ftl EENS (MWh)

Actual ANN ANFIS
32936584.61 33530820.95 32966431.51
31165462.58 31422485.36 31220182.03
29421396.03 29050708.57 29516340.43
27536656.61 26392354.27 27384621.69
22794755.96 22643900.34 22720465.63
20272603.48 20650772.17 20687059.27
17907192.11 18177477.83 17591802.49
16026387.88 16200157.9 15683327.06
14268043.65 14476475.1 14237334.11
13651204.81 13845112.27 14010456.92
13044151.93 12947543.61 13259156.58
12452686.42 12341129.95 12532557.22
11867910.24 11893843.43 11799309.16
11296864.5 11481900.64 11071601.69
10736073.32 10952753.03 10341308.61
9472737.23 9448129.339 8988623.735
8311866.08 8513481.306 8287511.043
7213522.32 7301354.63 7552785.5
6143707.35 5908862.088 6777798.411
4075131.04 3876464.561 4073427.539
247949564 2663263.326 2481215.129
1535299.47 1753964.278 1534468.22

877392.51 986065.9485 1097240.95
432852.65 332131.6079 434857.8247
192819.34 8112.614169 191667.9818
119651.39 289529.1009 119724.8644
71973.06 150072.0405 71844.66815
64074.72 139934.8334 61725.71963
56925.63 65366.57622 56693.92769
55677.45 44871.91534 57408.02978
140726564.4 140397638.1 139170302.9
138249937.2 138487607.4 137315954.6
135773310 136374499.9 135461606.3
133296682.8 134048109.8 133607258.1
130820055.6 131500635.5 131752909.8
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ftl EENS (MWh)

Actual ANN ANFIS
128343428.4 128727428.6 130332591.6
122816311.4 122379656.9 122813796.6
117289194.4 118936151.1 117332711.1
114410220.4 117226887.4 117225660.9
112518323.2 113864989.7 113703788.2

110626426 109985689.4 109771593.3
108652272.4 105934378.6 105805205
103017709 100316706.7 100351398.7
97465401.99 96142268.45 96453397.34
91863741.15 91899673.12 92500686.37
88931300.49 88792563.48 89678071.08
85998859.83 84642891.55 85745876.22
79961240.07 79382920.82 80522876.18
73923881.96 75502603.1 76590681.32
72032473.64 73270448.41 74381839.62
70141394.24 69668193.35 70449644.77
68168532.97 66240280.95 66483256.4
62419663.69 61933824.54 60978159.85
56685454.13 59052618.24 57019981.91
54805524.53 57371956.8 55100916.76
52928194.48 54851137.71 52480255.47
50891304.62 52508788.54 50722745.34
49996558.26 50634796.11 50077185.88
49102886.06 48701780.11 49056449.13
48169914.27 46934437.2 48075314.52
46551071.59 45220477.81 46587026
44937810.6 43746246.12 44996691.91
43186827.85 42347591.37 43213335.53
41545030.91 41041924.66 41565154.28
54360.57 20843.09633 52306.28783
53071.48 9941.116438 47304.47447
28427.5 32239.72984 28417.07826
27607.13 6140.852205 37100.99056
26808.24 8075.798813 32099.1772
25744.39 10195.06802 26497.79229
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il EENS (MWh)
Actual ANN ANFIS
24718.97 12809.07717 21495.97893
19670.91 24416.17023 19700.92383
15708.1 3754.409927 12758.39977
12489.75 7842.136 16357.80487
9888.42 10978.91388 10772.11341
7795.58 13340.0995 4694.229
6119.63 15084.27466 7393.440003
6118.54 1773.657588 5441.6299
6117.46 5859.93978 8051.662907
6116.23 8951.467308 5268.91921
6115.74 11277.92709 5001.606519
6114.24 13020.22376 5343.349186
6113.36 14319.24382 5685.091853
6112.48 15283.70814 6026.834519
6111.22 15996.88002 6368.577186
6110.64 16522.11698 6710.319852
6109.79 16907.36275 7052.062519
160000000 7 EENS (MWh) = = Actual
140000000 —‘\Q\ ANN
\ = ANFIS
120000000 N
N\
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80000000
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40000000 \\
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wuinlassneUsgamiiien (ANN) inadwsnaninssuveniuialsiteduuuliuiila
(ANFIS) #215041910A %MAPE  ¥83 ANN  1o8nd1 %MAPE ¥89 ANFIS  laguaninis
Wisulauanevinniilanenisned 7.8 aziiudn ANN - Tidmaulndidesaraseunnndd

ANFIS
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FBnsnszanewuuhiyad, WlaseeUssamiien wazdsseuveuuuiialsleduuudsudila
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ac ' = v a0 v v v 1o &
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a a =
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Boudununin ANFIS, Feansteyadunnuaziewiyminnseindudesmndeyaiiioddnsio
lwimnnigndeenaietiyvilunsrunadeyaviednuuzdoyaliidulunamdonis
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uazfiussAvisnindusitfenndn ANN usiileiiduudeyaunielassaiadudouayinanuld
HraauaglFinalunisiFouduiuiu viedsiideyauniduluagyilingnisnsgrinannan
Wsunsaliianansavinaowld,  desnistoyadunnuazieninnitnsssndudemdeyadi
fudfydeieminnuiniigniseraindamlunissvsiudeyaniednvasdeyaluiduly
MATFDINS

FBn1snsgarsuuvhyad WunsAwamudsnismaadamansifaunslunns
AIAMNKUULELLgEN1SAN®IINYAIE Y NUITELAInUIININSEewuUlyadIng
dmfunsnszanedeyaiiliauuinsveandsnuaniiniian Tneisia1ansaiivuadiuiu
iymanuidesmailuldoulderadusedilus medeuniosetuduiniudeanis
vosld Fedoyaiinnasuudaiialndidsaiuiiase finnsanaindr Plant factor vosmasy
Iihiindslsdanteiuailuisasiiousidlndidsanndussauegnann Jamnzdmiu
mstilddelunsiuaneadfvasanuiiazdy  AenuRanainuinnd’ ANN  uag
ANFIS Fadudoidefiinanmsguiiawhliinmunannadousnnniisou

feduismadenldnuitnishaesteyanueumnzauuazaudiosnislunsld
Nusisly



84

8.2 Bmsusziliusvilanuitiefeldvasszuunanluih
TuinednusativiasinaueBnisssdudvil vasssuundnlnii Tngld35lasee
Usganiien wazdSsvuveyunuililsileduuudsuiila dvuanisdndiduaiiudiey
(Priority list), M§InsHARRAR wazAn Force outage rate (FOR) vaaedaariufinlniniiu
dluflasindoadudoyadunm wasdmundall EENS (uewinn Fedeyaromaldanms
Aundvil EENS mumdnnsanuidedielfesseuundnlniuussuunaaey IEEE RTS uas
vuszuuliihUsemelne damadildinuinnisiaessdeyalnglilassineyssamieslinadns
fiffign 1915011910 %MAPE ¥83 ANN fiAntosdign uaniidnvauzdoyamunzaudmiuns
Ussiufaianuidedeldlngliislasseysamiiouunniign sosasnfoldszuveyuny
TlsfleBuuuusuild dsannsnasudnvasteiuastodousasislamed
Blaseedszamifion annsouszananadeyanisuaumnuazdudouldd, lidny
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Wazuveyunuihlsila@uuuuiudild aunsauszaanatoyaliegnasings, ludndu
FFnsnendinaans, dienduaudnlidenldloegimainians warnanIsNAEaULLUEN
uazfiuszavsnmiustenndn ANN udillesldiruaudoyaunnvielassadrsdudeuayyinenls
Hraauarlfialunisideuduiutu viadsfideyamniuluaginlingnisnsevhunnau
Wsunsaliiaansavinewld,  desmsdoyadunnuazieninnitnassndudesmndeyadil
Judfysatenvinnuiniigndsenaindgmlunissusudeyariednunsdeyalsiduly
AUTABINg
FrunsUssdiuenudedelfuenainl¥isnismeadamaniudadannsadonldnu
FBlasseuszamiiion viieisszuvoynuinlsiisduuuuiuils FainsBouifininsni
naziinadwsiusiusuazgnsiomin
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M13199 .1 ToyavenaIeiilaliiluszuy IEEE-RTS

Srunuesesiudalii S wanRnRa (MW) A1 FOR
5 12 0.02
4 20 0.10
6 50 0.01
4 76 0.02
3 100 0.04
4 155 0.04
3 197 0.05
1 350 0.08
2 400 0.12

M58 N.2 Meazdeadeyaasesnidalnihussinnlselnfimdinnuseuvesssuulniives

Uszinelng
T5slwisi U MaInan (MW) FOR (%) NERC
Mae Moh 4 150 0.0576
Mae Moh 6 300 0.0576
BLCP(IPP) 2 673.3 0.0629
EPEC (IPP) 1 350 0.061
IPT (IPP) 2 230 0.061
IPT (IPP) 1 240 0.061
Ratchaburi (IPP) 1 685 0.061
Ratchaburi (IPP) 1 675 0.061
Ratchaburi (IPP) 1 681 0.061
GLOW (IPP) 2 356.5 0.061
GPG(IPP) 2 734 0.061
TECO (IPP) 2 230 0.061
TECO (IPP) 1 240 0.061
RGCO power(IPP) 2 700 0.061
Chana 2 230 0.061
Chana 1 250 0.061
South Bamgkok 2 110 0.061
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T59lwisi U MaInas (MW) FOR (%) NERC
South Bamgkok 1 115 0.061
South Bamgkok 2 200 0.061
South Bamgkok 1 218 0.061
Wang Noi 2 205.4 0.061
Wang Noi a4 223.4 0.061
Wang Noi 2 233 0.061
Wang Noi 1 256.7 0.061
KEGCO (IPP) 1 678 0.061
Bang Pakong 2 386.3 0.061
Bang Pakong V.4 328.5 0.061
Nam Phong 1 120.7 0.061
Nam Phong 2 121.9 0.061
Nam Phong 1 123.7 0.061
Nam Phong 1 124 0.061
Nam Phong 1 125 0.061
REGCO (IPP) 1 294.5 0.061
REGCO (IPP) 1 287.6 0.061
REGCO (IPP) 1 289.8 0.061
REGCO (IPP) 1 302.9 0.061
Ratchaburi (IPP) 2 720 0.1125
Bang Pakong 2 550 0.0696
Bang Pakong 2 600 0.0696
South Bangkok 2 310 0.0531
KEGCO (IPP) 1 69.9 0.0836
KEGCO (IPP) 1 70.2 0.0836
Lan Krabu 1 13 0.0836
Lan Krabu 2 14 0.0836
Krabi 1 340 0.0387




T5sluiil MawWEn (MW) FOR (%) NERC
Lan Krabu 0.0836
Lan Krabu 0.0836
Lan Krabu 0.0621
Surat Thani 0.1046
Nong Chok 0.1046

1519 N.3 Gé’fayJaﬁwé’qiw%maaﬂmmﬁ’ﬂﬁuamu’m 150 kw

Wind Speed (m/s)

Power Output (kW)

0 0

1 0

2 0

3 0

4 1.68

5 9.38

6 21.28
7 34.51
8 49.63
9 65.73
10 81.41
11 95.69
12 107.73
13 115.15
14 117.6
15 117.18
16 115.57
17 113.68
18 112.63
19 112

20 112

21 112

22 112

23 112

24 112

25 112




Power output (kW)

140

120

100

80
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20

Power curve of Nordtank 150 kW wind turbine

7 10 13 16 19 22
Wind Speed (m/s)
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o Installed capacity EENS
Priority list FOR
(MW) (MWh)

1 50 0.01 14862974
2 50 0.01 14430542
3 50 0.01 13998110
a4 50 0.01 13565678
5 50 0.01 13133246
6 50 0.01 12700814
7 400 0.12 9625742
8 400 0.12 6558091
9 76 0.02 5925833
10 76 0.02 5316376
11 76 0.02 4734008
12 76 0.02 4182558
13 155 0.04 3193846
14 155 0.04 2339415
15 155 0.04 1631467
16 155 0.04 1083019
17 350 0.08 354871.4
18 20 0.1 329531.6
19 20 0.1 305778.3
20 20 0.1 283502

21 20 0.1 262577.9
22 v, 0.02 249562.6
23 12 0.02 237089.1
24 12 0.02 225106.6
25 12 0.02 213626.3
26 12 0.02 202605.1
27 100 0.04 129372.7
28 100 0.04 79126.62
29 100 0.04 46542.68
30 197 0.05 15542.74
31 197 0.05 4562.855
32 197 0.05 1174.335
33 0.15 0.2 1173.209
34 0.15 0.2 1172.085
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o Installed capacity EENS
Priority list FOR

(MW) (MWh)
35 0.15 0.2 1170.961
36 0.15 0.2 1169.837
37 0.15 0.2 1168.715
38 0.15 0.2 1167.592
39 0.15 0.2 1166.471
40 0.15 0.2 1165.35
41 0.15 0.2 1164.23
42 0.15 0.2 1163.111
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o Installed capacity EENS
Priority list FOR
(MW) (MWh)

1 150 0.0576 146918132.4
2 150 0.0576 145679818.8
3 150 0.0576 144441505.2
a4 150 0.0576 143203191.6
5 300 0.0576 140726564.4
6 300 0.0576 138249937.2
7 300 0.0576 135773310

8 300 0.0576 133296682.8
9 300 0.0576 130820055.6
10 300 0.0576 128343428.4
11 6438 0.0629 122816311.4
12 673.3 0.0629 117289194.4
13 350 0.061 114410220.4
14 230 0.061 112518323.2
15 230 0.061 110626426

16 240 0.061 108652272.4
17 685 0.061 103017709

18 675 0.061 97465401.99
19 681 0.061 91863741.15
20 356.5 0.061 88931300.49
21 356.5 0.061 85998859.83
22 734 0.061 79961240.07
23 734 0.061 73923881.96
24 230 0.061 72032473.64
25 230 0.061 70141394.24
26 240 0.061 68168532.97
27 700 0.061 62419663.69
28 700 0.061 56685454.13
29 230 0.061 54805524.53
30 230 0.061 52928194.48
31 250 0.061 50891304.62
32 110 0.061 49996558.26
33 110 0.061 49102886.06
34 115 0.061 48169914.27
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. Installed capacity EENS
Priority list FOR
(MW) (MWh)

35 200 0.061 46551071.59
36 200 0.061 44937810.6
37 218 0.061 43186827.85
38 205.4 0.061 41545030.91
39 205.4 0.061 39911888.12
40 223.4 0.061 38146539.12
41 2234 0.061 36393985.52
a2 223.4 0.061 34656397.85
43 2234 0.061 32936584.61
a4 233 0.061 31165462.58
45 233 0.061 29421396.03
46 256.7 0.061 27536656.61
art 678 0.061 22794755.96
48 386.3 0.061 20272603.48
49 386.3 0.061 17907192.11
50 328.5 0.061 16026387.88
Sl 328.5 0.061 14268043.65
52 120.7 0.061 13651204.81
53 121.9 0.061 13044151.93
54 121.9 0.061 12452686.42
55 123.7 0.061 11867910.24
56 124 0.061 11296864.5
57 125 0.061 10736073.32
58 294.5 0.061 9472737.23
59 287.6 0.061 8311866.08
60 289.8 0.061 7213522.32
61 302.9 0.061 6143707.35
62 720 0.1125 4075131.04
63 720 0.1125 2479495.64
64 550 0.0696 1535299.47
65 550 0.0696 877392.51

66 600 0.0696 432852.65

67 600 0.0696 192819.34

68 310 0.0531 119651.39

69 310 0.0531 71973.06
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. Installed capacity EENS
Priority list FOR
(MW) (MWh)
70 69.9 0.0836 64074.72
71 70.2 0.0836 56925.63
72 13 0.0836 55677.45
73 14 0.0836 54360.57
74 14 0.0836 53071.48
75 340 0.0387 28427.5
76 16 0.0836 27607.13
77 16 0.0836 26808.24
78 22 0.0836 25744.39
79 22 0.0836 24718.97
80 120 0.0621 19670.91
81 122 0.1046 15708.1
82 122 0.1046 12489.75
83 122 0.1046 9888.42
84 122 0.1046 7795.58
85 122 0.1046 6119.63
86 0.15 0.2 6118.54
87 0.15 0.2 6117.46
88 0.15 0.2 6116.23
89 0.15 0.2 6115.74
90 0.15 0.2 6114.24
91 0.15 0.2 6113.36
92 0.15 0.2 6112.48
93 0.15 0.2 6111.22
94 0.15 0.2 6110.64
95 0.15 0.2 6109.79
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A13199 A.1 NANITADINAABIYNNITINADITBLANANTUANAIBNTLUIUNTIEUIVDI ANN

Transfer Function Number of neurons %MAPE

Hidden | Hidden | Output Hidden Hidden .

layer 1 | layer 2 layer layer 1 layer 2 frain fest
tansig tansig purelin 3 2 3.7556 16.6757
tansig tansig | purelin a4 3 3.3149 13.9971
tansig tansig | purelin 5 4 3.4024 14.6903
tansig tansig | purelin 6 5 3.5997 5.2898
tansig tansig purelin 7 6 5.1228 3.9066
tansig tansig purelin 8 7 5.8191 4.0654
tansig tansig | purelin 9 8 2.1208 4.6555
tansig tansig purelin 10 9 2.6945 4.6070
tansig tansig | purelin 11 10 2.524 3.3041
tansig tansig purelin 12 11 2.7018 3.4110
tansig tansig | purelin 13 12 2.4362 4.0023
tansig tansig | purelin 14 13 4.8377 4.5352
tansig tansig | purelin 15 14 4.6878 9.4804
tansig tansig | purelin 16 15 6.7049 7.1181
tansig logsig | purelin a4 4 8.2584 5.1389
tansig logsie | purelin 5 a4 3.6894 7.1247
tansig logsig | purelin 6 5 59192 4.5583
tansig logsig | purelin 7 6 4.7548 6.1915
tansig logsig | purelin 8 7 3.7411 5.9508
tansig logsig | purelin 9 8 6.0421 3.9977
tansig logsig | purelin 10 9 8.6775 5.2015
tansig logsig | purelin 11 10 4.1522 8.0882
tansig logsig | purelin 12 11 4.0376 4.7215
logsig logsig | purelin 3 2 6.0234 11.2841
logsig logsig | purelin a4 3 6.2356 15.4433
logsig logsig | purelin 5 4 4.4440 6.3211
logsig logsig | purelin 6 5 6.2341 6.9654
logsig logsig | purelin 7 6 5.0137 6.3666
logsig logsig | purelin 8 7 4.2379 7.0149
logsig logsig purelin 9 8 3.3467 7.2504
logsig logsig | purelin 10 9 6.1245 5.0023
logsig logsig | purelin 11 10 6.1243 3.3401
logsig logsig | purelin 12 11 4.0029 8.4009




101

Transfer Function Number of neurons 9% MAPE

Hidden | Hidden | Output Hidden Hidden .

layer 1 | layer 2 layer layer 1 layer 2 frain Test
logsig tansig | purelin 3 2 9.0805 17.0657
logsig tansig | purelin 4 3 9.0134 12.0409
logsig tansig | purelin 5 a4 9.0541 12.1876
logsig tansig | purelin 6 5 7.1451 12.2484
logsig tansig | purelin 7 6 8.2353 12.0281
logsig tansig | purelin 8 7 8.4596 12.1409
logsig tansig | purelin 9 8 8.4441 4.2701
logsig tansig | purelin 10 9 5.4571 6.1242
logsig tansig | purelin 11 10 5.4578 6.1124
logsig tansig | purelin 12 11 5.1569 6.1806
logsig | purelin | purelin 6 5 11.1123 22.2584
logsig | purelin | purelin 7 6 12.3321 22.6288
logsig | purelin | purelin 8 7 22.7210 14.8444
logsig | purelin | purelin 9 8 22.6787 11.5543
logsig | purelin | purelin 10 9 22.2643 13.1145
logsig | purelin | purelin 11 10 22.3248 16.6806
logsig | purelin | purelin 12 11 20.2591 14.7679
tansig | purelin | purelin 5 a4 26.5459 18.3797
tansig | purelin | purelin 6 5 20.0078 16.2074
tansig | purelin | purelin 7 6 20.0555 19.7187
tansig | purelin | purelin 8 i 20.1226 15.5240
tansig | purelin | purelin £ 8 20.0040 15.1369
tansig | purelin | purelin 10 9 22.0805 17.0657
tansig | purelin | purelin 11 10 20.0314 10.7210
tansig | purelin | purelin 12 11 19.2134 17.6787
tansig | purelin | purelin 13 12 12.3146 12.2643
tansig | purelin | purelin 14 13 6.5497 12.3248
tansig | purelin | purelin 15 14 5.2436 10.2591
purelin | tansig | purelin 6 5 11.4305 16.5459
purelin | tansig | purelin 7 6 12.0678 10.0078
purelin | tansig | purelin 8 7 20.6468 10.0555
purelin | tansig | purelin 9 8 23.9416 10.1226
purelin | tansig | purelin 10 9 20.0365 10.0040
purelin | tansig | purelin 11 10 20.0544 12.0805




102

Transfer Function Number of neurons 9% MAPE

Hidden | Hidden | Output Hidden Hidden .

layer 1 | layer 2 layer layer 1 layer 2 frain Test
purelin | tansig | purelin 12 11 11.0512 15.5228
purelin | tansig | purelin 13 12 17.3188 20.9797
purelin | tansig | purelin 14 13 12.1456 19.1696
purelin | tansig | purelin 15 14 11.4305 15.9190
purelin | tansig | purelin 16 15 11.0678 10.7210
purelin | tansig | purelin 17 16 10.6468 17.6787
purelin | logsig | purelin 3 2 23.9416 52.2643
purelin | logsig | purelin a4 3 20.0365 12.3248
purelin | logsig | purelin 5 4 50.0544 50.2591
purelin | logsig | purelin 6 5 50.1788 52.1463
purelin | logsig | purelin 7 6 50.7210 54.8444
purelin | logsie | purelin 8 7 57.6787 51.5543
purelin | logsig | purelin 9 8 52.2643 53.1145
purelin | logsig | purelin 10 9 52.3248 56.6806
purelin | logsig | purelin 11 10 50.2591 14.7679
purelin | logsig | purelin 72 11 26.5459 18.3797
purelin | logsig | purelin 13 12 20.0078 16.2074
purelin | logsig | purelin 14 13 20.0555 19.7187
purelin | logsig logsig 9 8 20.1226 15.5240
purelin | logsig logsig 10 20.0040 15.1369
purelin | logsig logsig 11 10 12.0805 17.0657
purelin | logsig logsig 12 11 13.0134 12.0409
purelin | tansig tansig 3 2 22.0541 32.1876
purelin | tansig tansig 4 3 22.1451 22.2484
purelin | tansig tansig 5 4 12.2353 22.0281
purelin | tansig tansig 6 5 12.4596 22.1409
purelin | tansig tansig 7 6 13.4441 24.2701
purelin | tansig tansig 8 7 13.4571 12,1242
purelin | tansig tansig 9 8 13.4578 11.1124
purelin | tansig tansig 10 9 12.1569 11.1806
purelin | tansig tansig 11 10 11.1123 12.2584
purelin | tansig tansig 12 11 12.3321 12.6288
purelin | tansig tansig 13 12 13.2121 16.5241
purelin | tansig tansig 14 13 14.2011 25.3012
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A13199 A.2 KANITABINAADIYNNITINADIVBLYANAITUANMBNTTUIUNTSHUIUDI ANFIS

Input Output 9%MAPE

Number of MFs MFs Type MFs Type Train Test

3 3 3 trimf constant 13.6946 183.1436
3 3 3 trimf linear 0.0089 94.2735
a4 3 3 trimf linear 0.1115 143.0931
q 2 3 trimf linear 1.3787 203.3537
a4 2 a4 trimf linear 0.4757 780.0478
4 2 5 trimf linear 0.0742 278.3023
4 2 6 trimf linear 0.0603 187.1519
a4 2 7 trimf linear 0.0594 227.8867
a4 2 8 trimf linear 0.0384 253.7069
a4 4 9 trimf linear 0.0110 248.3055
a4 2 10 trimf linear 0.0069 57.3381
4 3 5 trimf linear 0.0284 67.9756
3 2 9 trimf linear 0.0119 72.3775
6 2 6 trimf linear 0.0186 62.9453
6 2 7 trimf linear 0.0091 95.6900
6 2 9 trimf linear 0.0013 51.8285
6 2 8 trimf linear 0.0107 51.2383
6 2 8 trimf constant 0.0403 31.1618
6 1 9 trapmf constant 14.8430 114.6456
6 1 8 trapmf linear 10.0207 48.4626
6 1 7 trapmf linear 11.0182 124.1462
6 1 10 trapmf linear 12.0067 46.0994
6 2 7 trapmf linear 15.0032 60.6930
il 2 8 trapmf linear 22.0023 50.6183
a4 2 9 trapmf linear 12.0090 69.6852
5 2 6 trapmf linear 13.0031 32.6110
6 2 9 trapmf linear 11.0046 64.3293
6 2 8 trapmf linear 11.0023 50.6183
6 2 9 trapmf constant 11.6154 61.2763
6 2 10 trapmf linear 10.0014 46.9315
6 1 9 trapmf linear 9.0322 74.7266
7 2 9 trapmf linear 12.1569 65.0507
7 2 6 trapmf linear 9.6542 22.5699
7 2 4 trapmf linear 10.0060 28.5217




Input Output %MAPE

Number of MFs MFs Type MFs Type Train Test

8 2 il trapmf linear 10.0037 28.8809
6 2 5 gbellmf linear 2.0097 83.4739
6 2 6 gbellmf linear 2.0070 41.1735
6 2 7 gbellmf linear 2.0044 59.6341
6 2 8 gbellmf linear 2.0013 45.4542
6 2 9 gbellmf linear 2.0093 59.9276
8 2 4 gbellmf linear 2.0042 36.5840
8 2 5 gbellmf linear 2.0018 59.5105
7 2 2 gbellmf linear 2.3028 33.1838
7 2 8 gbellmf linear 2.8464 29.6683
6 3 6 gbellmf linear 2.0028 61.8660
6 3 9 gbellmf linear 2.94444 59.0616
6 2 9 gaussmf linear 2.7918E-04 45.8170
6 2 9 gaussmf constant 0.0014 39.5218
6 3 9 gaussmf constant 0.0041 73.8461
6 3 8 gaussmf linear 5.1695E-04 48.4943
7 2 9 gaussmf linear 6.1414 E-04 35.5813
) 2 8 gaussmf linear 9.5505 E-04 24.6826
7 1 8 gaussmf linear 0.0041 30.8507
6 4 5 gaussmf linear 0.0027 44.3090
6 3 7 gaussmf linear 0.0012 75.6689
6 2 7 gaussmf linear 0.0059 65.6415
6 1 6 gaussmf linear 0.0316 81.6154
6 2 9 gauss2mf linear 0.0038 66.7857
6 2 8 gauss2mf linear 0.0065 49.6412
6 3 9 gauss2mf linear 0.0019 84.8973
7 2 9 gauss2mf constant 0.0013 48.2891
7 2 9 gauss2mf linear 1.7513 E-04 67.2845
7 2 8 gauss2mf linear 1.9676 E-04 37.2286
7 2 8 gauss2mf constant 0.4448 44.0323
7 2 6 gauss2mf linear 0.0017 19.0456
6 3 5 gauss2mf linear 0.0024 49.8276
7 3 8 gauss2mf linear 3.8649 E-04 46.0569
8 2 8 gauss2mf linear 2.1298 E-04 36.5991
6 2 9 pimf linear 0.0028 59.6181
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Input Output %MAPE

Number of MFs MFs Type MFs Type Train Test

6 2 8 pimf linear 0.0018 43.9435
6 1 9 pimf linear 0.0323 65.7898
6 3 8 pimf linear 0.0011 47.8588
6 3 9 pimf linear 0.0011 59.2514
6 1 8 pimf linear 0.0213 46.6496
6 3 7 pimf linear 0.0019 53.8943
7 2 9 pimf linear 1.5510 E-04 67.0655
7 2 8 pimf linear 3.4135 E-04 41.8175
7 1 8 pimf linear 0.0022 43.6510
6 3 5 pimf linear 0.0023 a7.9124
6 P 7 pimf linear 0.0019 53.8943
6 2 7 pimf linear 0.0020 53.4209
7 3 9 pimf linear 1.5962 E-04 76.5576
f 1 9 pimf linear 3.0037 62.8429
8 1 8 pimf linear 2.0030 7.5842
8 2 8 pimf linear A28 8.6995
6 2 8 dsigmf linear 0.0050 55021
6 3 9 dsigmf linear 0.0016 8.9614
6 3 8 dsigmf linear 6.4846 7.6383
7 2 9 dsigmf linear 11.7991 14.0131
7 2 8 dsigmf linear 2.5508 5.1189
7 1 8 dsigmf linear 0.0089 8.2843
7 2 6 dsigmf linear 1.4522 6.4049
6 3 5 dsigmf linear 6.0022 5.2986
6 2 7 dsigmf linear 5.0022 6.4849
8 2 4 dsigmf linear 2.1912 4.5678
5 2 5 dsigmf linear 6.0074 11.1727
6 2 8 psigmf linear 3.0050 4.5020
5 2 4 psigmf linear 5.0210 6.0743
5 2 5 psigmf linear 2.0074 6.1898
7 2 9 psigmf linear 1.7983 5.0149
7 2 8 psigmf linear 2.6149 13.3389
7 1 8 psigmf linear 3.0089 13.2843
6 3 5 psigmf linear 3.0022 6.2972
6 3 7 psigmf linear 8.0015 5.7052
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M19197 A.3 HANTIARIHNABIYNNNTUTEIUAUWRRBLAMENTEUIUNITSEUTURI ANN LU
J¥UU IEEE RTS

Transfer Function Number of neurons 9% MAPE
Hidden | Hidden | Output Hidden Hidden .
layer 1 | layer 2 layer layer 1 layer 2 frain Test
tansig logsig | purelin 3 2 397.4742 112.7699
tansig logsig | purelin 4 3 15.0307 9.6346
tansig logsig | purelin 5 4 6.6180 1.1363
tansig logsig | purelin 6 5 24.9226 10.4221
tansig logsig | purelin 7 6 9.9098 39727
tansig logsig | purelin 8 7 7.1580 8.3383
tansig logsig | purelin 9 8 0.6019 3.4729
tansig logsig | purelin 10 9 2.6109 55927
tansig logsig | purelin 11 10 0.3029 26118
tansig logsig | purelin [z 11 0.9922 3.0198
tansig logsig | purelin 13 12 0.4946 2.4560
tansig logsig | purelin 14 g 13.9325 4.5720
tansig logsig | purelin 15 14 14.0684 3.5661
tansig tansig | purelin 3 2 80.4273 84.1629
tansig tansig | purelin a4 3 191.4661 36.8944
tansig tansig | purelin 5 a4 7.4373 3.1657
tansig tansig | purelin 6 5 13.0660 4.2854
tansig tansig | purelin 7 6 28.5227 7.8167
tansig tansig | purelin 8 7 1.2935 2.2911
tansig tansig | purelin 2 8 6.1544 2.7327
tansig tansig. | purelin 10 9 0.2567 0.7687
tansig tansig purelin 11 10 8.9178 2.8013
tansig tansig | purelin 12 11 8.0115 4.2345
logsig logsig | purelin 3 2 33.2884 34.7078
logsig logsig | purelin 4 3 17.8925 10.4603
logsig logsig | purelin 5 a4 3.2576 10.3191
logsig logsig | purelin 6 5 13.2279 6.0472
logsig logsig | purelin 7 6 21.6697 2.3550
logsig logsig | purelin 8 7 5.8953 4.6345
logsig logsig | purelin 9 8 1.4031 4.1326
logsig logsig | purelin 10 9 13.1171 5.2424
logsig logsig | purelin 11 10 3.0143 22732
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Transfer Function Number of neurons 9% MAPE

Hidden | Hidden | Output Hidden Hidden .

layer 1 | layer 2 layer layer 1 layer 2 frain Test
logsig tansig | purelin 3 2 49.6271 46.3973
logsig tansig | purelin 4 3 15.6005 7.4762
logsig tansig | purelin 5 a4 33.0614 9.0169
logsig tansig | purelin 6 5 4.2254 9.7138
logsig tansig | purelin 7 6 45.0536 9.4292
logsig tansig | purelin 8 7 24.7104 6.9387
logsig tansig | purelin 9 8 19.6106 8.1169
logsig tansig | purelin 10 9 2.4755 4.0730
logsig tansig | purelin 11 10 7.9958 1.5213
logsig tansig | purelin 12 11 18.2231 3.8001
logsig | purelin | purelin 6 5 44.8702 37.3736
logsig | purelin | purelin 7 6 43.0916 21.9631
logsig | purelin | purelin 8 7 13.5402 22.8944
logsig | purelin | purelin 9 8 44.5625 16.2498
logsie | purelin | purelin 10 9 32.1676 15.5073
logsig | purelin | purelin 11 10 42.3487 26.4149
logsig | purelin | purelin 12 11 12.1143 13.8822
tansig | purelin | purelin 5 4 52.7057 17.7876
tansig | purelin | purelin 6 5 14.2046 14.3337
tansig | purelin | purelin 7 6 13.0951 10.1496
tansig | purelin | purelin 8 7 40.0870 27.5593
tansig | purelin | purelin 9 8 33.5528 32.5045
tansig | purelin | purelin 10 9 21.4651 25.8021
tansig | purelin | purelin 11 10 6.2720 10.8786
tansig | purelin | purelin 4 11 8.4953 7.1174
tansig | purelin | purelin 13 12 5.4875 12.9862
tansig | purelin | purelin 14 13 2.7884 4.7386
tansig | purelin | purelin 15 14 5.7616 10.3784
purelin | tansig | purelin 6 5 54.1928 38.4569
purelin | tansig | purelin 7 6 81.1705 20.9744
purelin | tansig | purelin 8 7 49.8308 16.7596
purelin | tansig | purelin 9 8 13.5327 8.6086
purelin | tansig | purelin 10 9 1.4234 6.6378
purelin | tansig | purelin 11 10 13.9767 79767
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Transfer Function Number of neurons 9% MAPE
Hidden | Hidden | Output Hidden Hidden .
layer 1 | layer 2 layer layer 1 layer 2 frain Test
purelin | tansig | purelin 12 11 1.8980 5.1367
purelin | tansig | purelin 13 12 4.8747 4.1463
purelin | tansig | purelin 14 13 10.5272 3.2810
purelin | logsig | purelin 3 2 547.3695 211.2726
purelin | logsig | purelin a4 3 47.7738 41.4742
purelin | logsig | purelin 5 a4 36.2074 37.5518
purelin | logsig | purelin 6 5 16.1733 23.1349
purelin | logsig | purelin 7 6 16.4296 22.4553
purelin | logsig | purelin 8 / 19.5173 11.5740
purelin | logsig | purelin 9 8 8.2147 6.4148
purelin | logsig | purelin 10 9 7.7073 3.5252
purelin | logsig | purelin {1 10 32.8916 10.0399
purelin | logsig | purelin 12 11 1.6451 4.0387
purelin | logsig | purelin 13 12 3.0925 4.0632
purelin | logsig | purelin 14 19 33.5741 9.2959
purelin | logsig logsig B 8 1.6967E+05 1.8946E+05
purelin | logsig logsig 10 9 1.6967E+05 1.8946E+05
purelin | logsig logsig 11 10 1.6967E+05 1.8946E+05
purelin | logsig logsig 12 11 1.6967E+05 1.8946E+05
purelin | tansig tansig 3 2 31.4702 19.8377
purelin | tansig tansig a4 3 192.0550 96.4687
purelin | tansig tansig 5 a4 64.6183 49.9005
purelin | tansig tansig 6 5 154.1365 64.1438
purelin | tansig tansig 7 6 3404729 21.5267
purelin | tansig tansig 8 7 2.9335 7.8218
purelin | tansig tansig 9 8 27.4878 25.6536
purelin | tansig tansig 10 9 19.2473 4.7181
purelin | tansig tansig 11 10 6.8581 7.9120
purelin | tansig tansig 12 11 2.3613 7.1185
purelin | tansig tansig 13 12 3.9103 7.8036
purelin | tansig tansig 14 13 8.8732 8.0200
purelin | tansig logsig 11 10 1.6967E+05 1.8946E+05
purelin | tansig logsig 12 11 1.6967E+05 1.8946E+05
purelin | purelin | purelin 12 11 2.6739E+04 | 2.4919E+04
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Input Output %MAPE

Number of MFs MFs Type MFs Type Train Test

3 3 3 trimf constant 98.6524 72.4852
3 3 3 trimf linear 31.4354 33.2589
q 3 3 trimf linear 1.1222 26.6414
a4 2 3 trimf linear 4.1208 26.3330
il 2 il trimf linear 2.6224 15.1354
a4 2 5 trimf linear 0.6655 27.9028
a4 2 6 trimf linear 0.4341 24.9942
il 2 7 trimf linear 0.2301 9.9696
a4 2 8 trimf linear 0.1711 1.4673
a4 2 9 trimf linear 0.1446 3.3300
a4 2 10 trimf linear 0.1066 4.3350
a4 ~ 5 trimf linear 0.4875 33.5489
5 2 9 trimf linear 0.9344 28.4840
6 2 6 trimf linear 0.3884 5.3789
6 2 7 trimf linear 0.2916 0.6483
6 2 9 trimf linear 0.3769 1.2409
6 2 8 trimf linear 0.3191 1.6253
6 2 8 trimf constant 2.6207 6.6420
6 1 9 trapmf linear 0.2919 17.3397
6 1 8 trapmf linear 0.3053 29.2886
6 3 10 trapmf linear 0.3372 25.8833
6 1 10 trapmf linear 0.3227 35.3037
6 2 7 trapmf linear 0.2979 28.9609
a4 2 8 trapmf linear 1.3554 9.1848
4 2 9 trapmf linear 1.7933 9.7425
5 2 9 trapmf linear 0.7037 1.7272
6 2 9 trapmf linear 0.3312 16.2986
6 2 8 trapmf linear 0.3586 21.9765
6 2 9 trapmf constant 2.5433 6.6154
6 2 10 trapmf linear 0.3372 25.8833
6 1 9 trapmf linear 0.2919 17.3397
7 2 9 trapmf linear 0.9907 12.8015
7 2 6 trapmf linear 0.9933 7.9948
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Input Output %MAPE

Number of MFs MFs Type MFs Type Train Test

8 2 4 trapmf linear 2.3753 14.0626
6 2 5 gbellmf linear 1.0299 3.8686
6 2 6 gbellmf linear 0.9715 2.8247
6 2 7 gbellmf linear 1.1621 2.71906
6 2 8 gbellmf linear 1.2213 1.1705
6 2 9 gbellmf linear 1.1694 3.6856
8 2 il gbellmf linear 2.5783 34.9703
8 2 5 gbellmf linear 2.5464 27.1258
7 2 9 gbellmf linear 1.4628 18.2631
7 2 8 gbellmf linear 1.3839 17.4394
6 ] 6 gbellmf linear 1.2723 3.4398
6 3 9 gbellmf linear 1.2028 4.1864
6 2 9 gaussmf linear 1.3197 6.7588
6 2 8 gaussmf linear 1.3213 3.9072
6 3 9 gaussmf linear 1.2469 8.6953
6 3 8 gaussmf linear 1.2546 6.4428
7 2 9 gaussmf linear 24677 25.6119
) 2 8 gaussmf linear 2.4383 24.3000
7 1 8 gaussmf linear 2.3550 13.6215
6 4 5 gaussmf linear 1.3256 4.5793
6 3 7 gaussmf linear 1.2575 3.2691
6 2 7 gaussmf linear 1.3129 5.2828
6 1 6 gaussmf linear 1.1036 15.8193
6 2 9 gauss2mf linear 2.9093 25.2368
6 2 8 gauss2mf linear 2.9322 30.9770
6 3 9 gauss2mf linear 2.8328 26.5946
6 3 8 gauss2mf linear 2.8393 42.1730
7 2 9 gauss2mf linear 0.5995 14.8985
7 2 8 gauss2mf linear 0.5648 4.0216
7 2 8 gauss2mf constant 2.7883 9.9557
7 1 8 gauss2mf linear 0.4598 6.8765
6 3 5 gauss2mf linear 2.8150 59.0869
7 3 8 gauss2mf linear 0.5103 6.4092
8 2 8 gauss2mf linear 2.2703 21.2468
6 2 9 pimf linear 0.5448 26.5469
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Input Output %MAPE

Number of MFs MFs Type MFs Type Train Test
6 2 8 pimf linear 0.8262 25.0181
6 3 9 pimf linear 0.5448 26.5469
6 3 8 pimf linear 0.4638 73.0160
7 2 9 pimf linear 2.3163 20.9433
7 2 8 pimf linear 2.2431 6.7882
7 1 8 pimf linear 2.2359 12.6919
6 3 5 pimf linear 0.2668 162.0233
6 3 7 pimf linear 0.2742 156.7981
6 2 F pimf linear 0.5471 28.9338
7 3 9 pimf linear 2.2286 21.0747
7 t 9 pimf linear 2.3251 20.8982
8 1 8 pimf linear 1.9237 12.5021
8 2 8 pimf linear 1.6055 13.1636
6 2 8 dsigmf linear 1.3137 23.1915
6 3 9 dsigmf linear 1.2235 20.4443
6 3 8 dsigmf linear 1.2197 31.9018
7 2 9 dsigmf linear 0.7616 11.5798
} 2 8 dsigmf linear 0.7996 6.1358
7 1 8 dsigmf linear 1.0451 24.1429
! 2 6 dsigmf linear 0.7191 8.5956
6 3 5 dsigmf linear 1.1963 50.6260
6 2 7 dsigmf linear 1.1927 28.0226
5 2 aq dsigmf linear 1.7599 4.6691
5 2 5 dsigmf linear 2.0543 7.1550
6 2 8 psigmf linear 1.3137 23.1913
5 2 4 psigmf linear 1.7599 4.6690
5 2 5 psigmf linear 2.0543 7.1550
7 2 9 psigmf linear 0.7616 11.5798
7 2 8 psigmf linear 0.7996 6.1354
7 1 8 psigmf linear 1.0451 24.1429
6 3 5 psigmf linear 1.1963 50.6260
6 3 7 psigmf linear 1.1937 42.7372
6 2 7 psigmf linear 1.1957 28.0225
8 2 9 psigmf linear 21477 31.1222
8 2 8 psigmf linear 2.2008 23.1122
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M19197 A.5 HANTIARIHRARIgNNNTUTEINAUWRRBLAMENTEUIUNITSEUTURI ANN LU

szuuliuszinelne
Transfer Function Number of neurons 9% MAPE

Hidden | Hidden | Output Hidden Hidden .

layer 1 | layer 2 layer layer 1 layer 2 frain Test
tansig logsig | purelin 3 2 247.1285 11.2808
tansig logsig | purelin 4 3 68.6599 10.8940
tansig logsig | purelin 5 4 105.8923 10.7430
tansig logsig | purelin 6 5 208.6245 21.9876
tansig logsig | purelin 7 6 26.5476 20.4875
tansig logsig | purelin 8 7 42.1294 21.0052
tansig logsig | purelin 9 8 67.0760 30.8307
tansig logsig | purelin 10 9 72.3878 41.1243
tansig logsig | purelin 11 10 70.9599 50.4371
tansig logsig | purelin [z 11 116.5409 51.2220
tansig logsie | purelin 13 12 82.3163 51.1411
tansig logsig | purelin 14 g 136.0362 50.5910
tansig logsig | purelin 15 14 78.1311 51.0737
tansig logsig | purelin 16 15 31.5027 50.6481
tansig tansig | purelin a4 3 145.6278 92.2434
tansig tansig | purelin 5 a4 56.4478 90.8847
tansig tansig | purelin 6 5 86.8420 91.1002
tansig tansig | purelin 7 6 22.5803 81.1315
tansig tansig | purelin 8 7 104.7186 82.2335
tansig tansig | purelin 2 8 37.4860 71.2070
tansig tansig purelin 10 9 38.3890 71.5843
tansig tansig | purelin 11 10 8.5984 70.9089
tansig tansig | purelin 12 11 31.5385 70.8121
logsig logsig purelin % 2 166.4778 71.8071
logsig logsig | purelin 4 3 113.5583 60.8878
logsig logsig | purelin 5 a4 36.6817 61.1247
logsig logsig | purelin 6 5 38.8555 60.9903
logsig logsig | purelin 7 6 62.8418 60.6939
logsig logsig | purelin 8 7 116.6945 62.0882
logsig logsig | purelin 9 8 39.0084 60.7022
logsig logsig | purelin 10 9 29.7508 60.8091
logsig logsig | purelin 11 10 24.8142 60.9281
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Transfer Function Number of neurons 9% MAPE

Hidden | Hidden | Output Hidden Hidden .

layer 1 | layer 2 layer layer 1 layer 2 frain Test
logsig tansig | purelin 3 2 34.4871 58.9177
logsig tansig | purelin 4 3 47.1481 58.0058
logsig tansig | purelin 5 a4 25.1309 58.1276
logsig tansig | purelin 6 5 84.7434 59.3480
logsig tansig | purelin 7 6 75.8122 59.9522
logsig tansig | purelin 8 7 71.0788 59.5207
logsig tansig | purelin 9 8 58.8142 59.5209
logsig tansig | purelin 10 9 62.4561 59.6761
logsig tansig | purelin 11 10 32.8243 59.5473
logsig tansig | purelin 12 11 21.6287 59.9023
logsig | purelin | purelin 6 5 3.6046 59.4939
logsig | purelin | purelin 7 6 29.6452 26.6080
logsig | purelin | purelin 8 7 11.9627 12.3287
logsig | purelin | purelin 9 8 15.1944 10.0468
logsie | purelin | purelin 10 9 25.0309 25.6294
logsig | purelin | purelin 11 10 28.3076 29.2477
logsig | purelin | purelin 12 11 19.3612 12.8448
tansig | purelin | purelin 5 4 19.3624 12.8450
tansig | purelin | purelin 6 5 10.0263 13.8384
tansig | purelin | purelin 7 6 10.1295 17.8599
tansig | purelin | purelin 8 7 10.1753 9.1046
tansig | purelin | purelin 9 8 10.1367 8.3614
tansig | purelin | purelin 10 9 10.1194 14.9435
tansig | purelin | purelin 11 10 10.1114 25.6122
tansig | purelin | purelin 4 11 10.1232 19.2168
tansig | purelin | purelin 13 12 10.1231 19.2160
tansig | purelin | purelin 14 13 10.3220 12.3106
tansig | purelin | purelin 15 14 10.1715 12.3233
purelin | tansig | purelin 6 5 10.2245 7.9294
purelin | tansig | purelin 7 6 10.2884 3.9335
purelin | tansig | purelin 8 7 10.1334 24.5015
purelin | tansig | purelin 9 8 10.1106 37.2993
purelin | tansig | purelin 10 9 10.2195 22.7384
purelin | tansig | purelin 11 10 10.1340 7.0309
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Transfer Function Number of neurons 9% MAPE

Hidden | Hidden | Output Hidden Hidden 10.1586 26.1019
layer 1 | layer 2 layer layer 1 layer 2

purelin | tansig | purelin 12 11 10.1340 17.0309
purelin | tansig | purelin 13 12 56.8574 11.6470
purelin | tansig | purelin 14 13 19.6116 10.9644
purelin | tansig | purelin 15 14 30.8462 11.5873
purelin | tansig | purelin 16 15 90.3288 13.0554
purelin | tansig | purelin 17 16 54.6024 10.8233
purelin | logsig | purelin 3 2% 9.3612 5.8448
purelin | logsig | purelin a4 3 9.3624 5.8450
purelin | logsig | purelin 5 4 6.0263 3.8384
purelin | logsig | purelin 6 5 5.1295 7.8599
purelin | logsig | purelin 7 6 5.1753 9.1046
purelin | logsig | purelin 8 7 5.1367 8.3614
purelin| logsig | purelin 9 8 B.134 5 4.1918
purelin | logsig | purelin 10 9 3.1106 7.2993
purelin | logsig | purelin 11 10 3.2195 8.7384
purelin | logsig | purelin 42 11 3.1340 8.0309
purelin | logsig | purelin 13 12 3.1121 9.5530
purelin | logsig | purelin 14 13 3.1586 8.1019
purelin | logsig logsig 9 8 10.1340 7.0309
purelin | logsig logsig 10 29.6452 26.6080
purelin | logsig logsig 1 10 11.9627 12.3287
purelin | logsig logsig 22 11 15.1944 10.0468
purelin | tansig tansig 3 2 25.0309 25.6294
purelin | tansig tansig a4 3 28.3076 29.2477
purelin | tansig tansig 5 4 9.3612 12.8448
purelin | tansig tansig 6 5 9.3624 12.8450
purelin | tansig tansig 7 6 9.0263 13.8384
purelin | tansig tansig 8 7 5.1295 17.8599
purelin | tansig tansig 9 8 5.1753 9.1046
purelin | tansig tansig 10 9 5.1367 8.3614
purelin | tansig tansig 11 10 0.1194 14.9435
purelin | tansig tansig 12 11 5.1114 25.6122
purelin | tansig tansig 13 12 5.1232 19.2168
purelin | tansig tansig 14 13 5.1231 19.2160
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M13199 A.6 HAN1TARIHARBIYNNITUSHIIUATIYRTBlIMENTEUIUNISEUIVDY ANFIS

yuszuuliussmelne

Input Output %MAPE

Number of MFs MFs Type MFs Type Train Test

3 3 3 trimf constant 363.1478 483.8889
3 3 3 trimf linear 115.3201 113.1807
q 3 3 trimf linear 21.3656 109.7984
a4 2 3 trimf linear 36.8464 132.4071
4 2 4 trimf linear 22.8471 227.7104
a4 2 5 trimf linear 14.4657 205.7907
a4 2 6 trimf linear 35.9787 130.7946
a4 2 7 trimf constant 10.7350 50.0194
a4 2 8 trimf constant 12.2482 38.9449
a4 2 9 trimf constant 11.6253 46.1314
a4 2 10 trimf constant 4.7621 29.6477
4 3 5 trimf constant 14.1502 32.6924
5 2 9 trimf constant 3.1717 105.9997
6 2 6 trimf constant 26.8422 31.7939
6 2 7 trimf constant 12.2911 51.2879
6 2 9 trimf constant 4.1610 6.9925
6 2 8 trimf linear 2.3835 104.8867
6 2 8 trimf constant 4.9340 6.6510
6 1 9 trapmf constant 80.3854 9.3847
6 1 8 trapmf linear 3.6682 6.6717
6 1 7 trapmf linear 3.9094 6.7366
6 1 10 trapmf linear 3.6228 9.3244
6 2 7 trapmf linear 4.2510 8.3317
4 2 8 trapmf linear 7.4916 9.9555
4 2 9 trapmf linear 11.2525 11.8494
5 2 9 trapmf linear 20.8033 6.7496
6 2 9 trapmf linear 3.6074 7.0052
6 2 8 trapmf linear 3.3807 9.2404
6 2 9 trapmf constant 22.2000 15.2928
6 2 10 trapmf linear 3.5656 9.2976
6 1 9 trapmf linear 3.4427 7.7093
7 2 9 trapmf linear 3.9585 16.1606
7 2 6 trapmf linear 10.4986 99.6290
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Input Output %MAPE

Number of MFs MFs Type MFs Type Train Test

8 2 a4 trapmf linear 2.3807 11.6497
6 2 5 gbellmf linear 10.8768 115.2211
6 2 6 gbellmf linear 19.4308 147.6488
6 2 7 gbellmf linear 9.1705 40.6537
6 2 8 gbellmf linear 5.7081 30.6882
6 2 9 gbellmf linear 7.0786 55.6123
8 2 il gbellmf linear 8.3469 18.0810
8 2 5 gbellmf linear 6.3360 37.3828
7 2 9 gbellmf linear 5.2166 68.5936
7 2 8 gbellmf linear 3.8480 22.8624
6 ] 6 gbellmf linear 4.9483 26.7770
6 3 9 gbellmf linear 4.2032 88.9593
6 2 9 gaussmf linear 7.2157 43.2972
6 2 8 gaussmf linear 5.0772 34.4127
6 3 9 gaussmf linear 4.9036 19.2673
6 3 8 gaussmf linear 5.2890 46.9574
7 2 9 gaussmf linear 4.6952 33.5293
) 2 8 gaussmf linear 4.6223 34.8574
7 1 8 gaussmf linear 5.0969 25.3966
6 4 5 gaussmf linear 7.0761 120.2927
6 3 7 gaussmf linear 5.2549 25.9202
6 2 7 gaussmf linear 4.8017 40.4181
6 1 6 gaussmf linear 47.5430 174.7961
6 2 9 gauss2mf linear 5.2574 52.8553
6 2 8 gauss2mf linear 4.0478 20.0298
6 3 9 gauss2mf linear 3.9961 16.2645
7 2 9 gauss2mf constant 5.4635 9.4951
7 2 9 gauss2mf linear 3.7085 13.8791
7 2 8 gauss2mf linear 3.7332 22.0805
7 2 8 gauss2mf constant 6.4277 8.0960
7 1 8 gauss2mf linear 5.0779 166.0694
6 3 5 gauss2mf linear 55214 54.5948
7 3 8 gauss2mf linear 3.0926 17.5013
8 2 8 gauss2mf linear 3.6559 5.7391
8 1 8 gauss2mf linear 3.6210 5.0331
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Input Output %MAPE

Number of MFs MFs Type MFs Type Train Test
6 2 8 pimf linear 4.2067 9.7717
6 1 9 pimf linear 4.2510 6.4769
6 3 8 pimf linear 4.0107 6.4639
6 3 9 pimf linear 3.9473 7.5863
6 1 8 pimf linear 5.4212 5.6931
6 3 7 pimf linear 4.2373 20.3990
7 2 9 pimf linear 3.4393 259168
7 2 8 pimf linear 3.5276 26.0736
7 1 8 pimf linear 9.5803 81.2883
6 3 5 pimf linear 4.0096 35.7680
6 P 7 pimf linear 4.2373 20.3990
6 2 7 pimf linear 4.1003 9.9019
7 3 9 pimf linear 3.1333 24.7484
f 1 9 pimf linear 4.7470 26.8471
8 1 8 pimf linear 3.8214 8.2956
8 2 8 pimf linear 2.2016 9.7056
6 2 8 dsigmf linear 4.6331 18.2195
6 3 9 dsigmf linear 3.8514 38.4874
6 3 8 dsigmf linear 3.9371 253121
K 2 9 dsigmf linear 4.0590 22.2337
7 2 8 dsigmf linear 4.1116 29.0985
7 1 8 dsigmf linear 6.5942 206.9235
7 2 6 dsigmf linear 7.3160 124.2532
6 3 5 dsigmf linear 4.3317 42.4581
6 2 7 dsigmf linear 4.7180 24.7270
5 2 a4 dsigmf linear 12.5178 32.7496
5 2 5 dsigmf linear 5.8744 40.0943
6 2 8 psigmf linear 4.6331 18.2192
5 2 4 psigmf linear 12.5184 32.7510
5 2 5 psigmf linear 5.8747 40.0946
7 2 9 psigmf linear 4.0590 22.2337
7 2 8 psigmf linear 4.1116 29.0985
7 1 8 psigmf linear 6.5942 206.9235
6 3 5 psigmf linear 4.3317 42.4583
6 3 7 psigmf linear 3.7401 14.5259
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Evaluation of Wind Energy Production using Weibull
Distribution and Artificial Neural Networks

* Khanittha Wannakam
Department of Electrical Engineering, Faculty of
Engineering, King Mongkut’s Institute of Technology
Ladkrabang, Ladkrabang, Bangkok, Thailand
Email: bee_m_m@hotmail.com

Abstract— Wind turbine power generation planning requires
production estimation. Wind power is uncertain depending on
the location, wind speed and wind turbine efficiency. This paper
presents a method for evaluating wind energy production using
Weibull distribution and Artificial neural networks to compare
the data recorded by Promthep Alternative Energy Station,
Phuket, Thailand. The results show that wind energy estimation
using artificial neural networks produces the most accurate
results. Mean Absolute Percentage Error is used to determine the
minimum error value. Minimal error of training data is 2.524%
and the test data is 3.3041%.

Keywords—Wind energy producti Weibail

Artificlal neural networks (ANN)

1. INTRODUCTION

At present, the energy situation is experiencing a shortage
of fuel power. Energy from oil and natural gas is the fuel
for the generation of power plants. In the future, these fuels are
going to run out and have a very high price [3]. So natural
renewable energy is the best choice for solving this shortage of
fuel. Renewable energy used in Thailand is wind energy, solar
energy, hydro energy, etc. This paper studies renewable energy
from wind turbines. Wind Turbine Power is a renewable
energy that can be used as a substitute. Wind power is a
difficult predictor, depending on the location, wind speed,
weather conditions and wind turbine efficiency [5]. Therefore,
in order to plan the power generation from wind power, it is
necessary to evaluate the power capacity that can be produced
to increase the reliability of the power system to suit the
electricity demand.

Wind power generation can be evaluated in several ways,
such as statistical and probability methods or neural network
method. This paper presents two methods of estimation: 1)
Probabilistic methods using Weibull distribution [4,10], which
is the appropriate method for distributing wind speed data, is
likely to be close to the actual value recorded. 2) Artificial
neural networks (ANN) [6-7] methods, which is the method
used by neurons to learn and try to correct errors to predict the
most accurate results. The results of these two methods are
compared to the energy data generated by the WTG150kW
wind turbine recorded by Promthep Alternative Energy Station,
Phuket, Thailand. Since the installation of the wind turbine is
the first of the Electricity Generating Authority of Thailand and
have all the information recorded to fit the technique used. The

Somchat Jiriwibhakorn
Department of Electrical Engineering, Faculty of
Engineering, King Mongkut’s Institute of Technology
Ladkrabang, Ladkrabang, Bangkok, Thailand
Email: somchat_j@yahoo.com

wind turbine data is recorded monthly and is provided for data
in this paper. These data is recorded in the form of the total
energy of each month. This evaluation will be beneficial to
future planning of wind power generation.

1I. WEIBULL DISTRIBUTION
Weibull distribution is the basis for random sampling of
wind speed. )
A. Weibull distribution function

Probability density function or the probability of each wind
speed of 1 m/s [4,10], is as follows.

f(u)=%(§]*_luv{—[§]k} )

The cumulative density function is as follows.

f(u)=1~=w{- [%ﬂ \\ o

u  isaverage wind speed (m/s), u >1
k is shape parameter, k >0
A is scale parameter, 4> 1

where,

u

A=Tas /b G

where, = T'(x)=Gamma function= _I'e"r" Ldt
°

TI1I. WiND ENERGY PRODUCTION
Calculate the wind speed at time interval by random
number and compare the cumulative density function in (2).
All of the wind speed results in an average wind speed
similar to the average wind speed recorded by the Electricity
Generating Authority of Thailand.

978-1-5386-4956-5/18/$31.00 ©2018 IEEE
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The wind speed is used to determine the wind power
comparing with the wind power curve of a WTG150kW wind
turbine.

=08
2 Random number
8 06
&
e
£ 04
e Wind Speed
] 5 0 15 20
Wind speed (m's)
Fig. 1. Example of wind speed randomization.
120
E3
= w0
g Pawsr Output
‘ower
& s
'g ] e
8 .
& G 0 15 2

Wind speed (m/s)
Fig. 2. Conversion of wind speed into wind power.

Then calculate the total power of the month considered and
collect the value.

Power output (W)

Fig. 3. The power produced by the WTGI50kW,

All data derived from the Weibull distribution are recorded
as a monthly sum of wind energy for comparison to the data
recorded by Promthep Alternative Energy Station, Phuket,
Thailand,

IV. ARTIFICIAL NEURAL NETWORKS

Feed-forward back propagation neural networks consist of
a number of neurons in layers, i.e., the input layer, the output
layer, and the hidden layer [8-9].

The neurons in the input layer will signal to the neurons in
the hidden layer 1. And the neurons in the hidden layer 1 will
send signals to the next hidden layer. Until the neurons in the
last hidden layer send signals to the neurons in the output layer
[2].
In each of the hidden layers, there is a connection between
neurons with a weight and a bias that can be adjusted. There
are also transfer functions that help in calculating the optimal

value.

Artificial neural networks with 2 layers of the hidden layer,
as shown in Fig. 4. Hidden layer 1 has inputs pl, p2, ..., pR
and output al. Hidden layer 2 has input al and output a2. And
output layer has input a2 and output a3. fl, f2 and f3 are
transfer function [1].

AT w3 D 2Tlw 1*p b1 )+b2pb3)
Fig. 4. The structure of Artificial neural networks (ANN).

ai= fi(wl*p+bl) 4)

a2= f2Aw2*al +b2) ()
ad = f3(w3*a2+b3) (6)
where, wl - is weight that connects the input and the hidden
w2 Eyv?eilght that connects the hidden layer 1 and
the hidden layer 2.

w3 is weight that connects the hidden layér 2 and
the output layer.

bl is bias in the hidden layer 1.

b2  _is bias in the hidden layer 2.

b3 is bias in the output layer.

The Levenberg-Marquardt Algorithm during weight and
bias training is adjusted [11-15].

Aw =1JT (I (W) + I (w)-e )

Ab=[JT (B)J(B)+ pIT ' I (B)-e ®)

where, J(w) is the Jacobian matrix comparing the

derivative of the error function with weight.

is the Jacobian matrix comparing the derivative

of the error function with bias.

e is the output error between the neural network
and the target output.

U is a learning parameter.

J(®)
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ANN will train this network with Levenberg-|
Algorithm (‘trainlm’). The modified transfer function [2].

a a K a
Ml g Bl Mt
....................
" _-/ > n u
/]u 0 0
B e 2] =
a = purelin(n) a = logsigin} a = tansigin)

Fig. 5. Transfer function.

For calculation of Mean Absolute Percentage Error.

2 SO — Ot vt (g, (9)

MAPE =
NS Qutput ol

V. CASE STUDY

A. Wind energy production assessment using Weibull
distribution

Step 1: Compile average monthly wind speed data
recorded randomly and calculate the eumulative density
function for the average wind speed. of the month considered.
Considering the intervals of 1 hour, such as the 30-day period,
and the average wind velocity of 6.03 m/s; 720 random
numbers and an average wind speed of 6.03 m/s were used to
calculate the cumulative density funetion in (2).

Step 2: Calculate the hourly wind speed. By comparing
between each random number and the cumulative probability
of Weibull distribution at the average wind speed considered,
shown in Fig. 1.

Step 3: Randomly convert wind speed to wind power.
Compared to the average hourly wind speed and the output
power of the WTG 150 kW wind turbine, and calculate the
wind energy production value by caleulating the total power of
the month considered and keep the data. Consider another
month, calculate the number of random numbers and monthly
average wind speed, shown in Fig. 2, then calculate the steps
1-3.

Step4: Wind energy production was compared to the value
recorded to calculate the error value.

Windeneray
rocrsion (bwh]

g

,, & S\ 14} 2] . |
R R s R s A R P
Fig. 6. Comparison of wind energy production between weibull distribution
and actual data recorded.

Based on the Weibull distribution, it was found that, when
the results were compared with the actual values recorded, the
values were likely to be the same and could be used for
statistical analysis of wind energy. Some of these ranges are
highly erroneous, which can be due to uncertainty of wind
speed and wind turbine efficiency. However, this evaluation is
acceptable and effective in simulating data. This model is
suitable for estimating wind energy statistics. The results of
the predictive results comparison with the recorded data are
shown in Fig. 6.

B. Wind energy production assessment using Artificial neural
networks

Step I: Set input parameters are wind speed, energy 1
month ago, and energy 2 month ago. And set output parameter
is wind energy production. The total amount of data is 46.

Step 2: Set 40 training data and 6 test data. Apply training
and test data to normalization.

Step 3: Set number of neurons in hidden layer, epochs and
transfer function.

Step 4: Calculate base on ANN. Program the program to
calculate it until it reaches the smallest error value by
modifying the number of neurons and transfer functions. Keep
the MAPE to a minimum.

Step 5: Unnormalize and unscaling output values for real
values. Compare the results to the smallest error.

TABLE L LEARNING DATA FOR ANN
Energy of 1 | Energy of 2 Ai veﬂgl * :::;
Dase month ago | month ago spocd Production
(m/s) Wh
*Mar-05 9974 21858 522 18804
Apr-05 18804 9974 4.00 28178
| May-05 28178 18804 5.24 « 6546
Jun-05 6546 28178 7.08 26298
\ 3 : 2
Nov-08 16020 28368 4.16 6942
Dec-08 6942 16020 524 11052
* These data are used in paper ID 640-641 of ICEAST2018.
TABLE IL TEST RESULTS USING ANN
No. of Transfer funetion S%MAPE
newrons | Eayerl | Layer2 | Layerd | Train | Test
1110 tansig tansig | purelin 2524 | 33041

In ANN tests, the smallest error was 3.3041%. The ANN
was feed-forward back propagation neural networks. The
neurons in the hidden layer were 11 10, Transfer function was
"tansig tansig purelin”, set epochs to 100 and Levenberg-
Marquardt Algorithm. During the test, ANN was able to train
well. When the structure is larger, ANN is well trained and
learned. However, in training and testing, until the error value
is minimal, -if the structure is more complex, but ANN can
learn well. Test results are very good and high accuracy. The
results of the predictive results comparison with the recorded
data are shown in the Fig. 7.
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networks and actual data recorded.

C. Comparative study of wind energy production assessment

In this paper, we propose two ways to predict Weibull
distribution and ANN, which can be predicted for all two
values. The most effective way is ANN, for the most accurate
results. The selection of learning data, the number of inputs, or
the adjustment of weight and bias may make ANN more
learnable and less time consuming. For Weibull distribution
produces less accurate results, but the trend of results is close
to the actual value, which is acceptable. The parameters of the
distribution function can be adjusted to provide more accurate
data distribution. Both methods are suitable for evaluating
wind energy production from wind turbines. This turbine
power data can be used to determine the increase in wind
power capacity. Considering the reliability of the power
generation system and the cost of electricity generation from
wind power in the future.
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V1. CONCLUSION
Wind energy production requires the collection of data
from the operation of wind turbines. There are many methods
- of mathematical evaluation that are presented, such as
statistical methods, probabilities or artificial neural methods.
Each has different advantages and disadvantages.
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Assessment of Wind Power Generation

Khanittha Wannakam
Department of Electrical Engineering, Faculty of
Engineering, King Mongkut’s Institute of Technology
Ladkrabang, Ladkrabang, Bangkok, Thailand
Email: bee_m_m@hotmail.com

Abstract— Wind power generation is an unstable source of
renewable energy. Electricity depends on the weather at the
installation location of the wind turbine. This paper presents the
prediction of wind power by using the Weibull distribution and
Adaptive Neuro-Fuzzy Inference System. The lowest error rates
from the Adaptive Neuro-Fuzzy Inference System were 2.1912%
and 4.5678%. This is the error value of the training data and the
test data respectively.

Keywords— Wind power g atit Weibull  distrib
Adaptive neuro-fuzzy inference system (ANFIS)

1. INTRODUCTION

Natural renewable energy is used as a source of energy for
electricity, such as wind, solar and water. Wind is the energy
that can be used to generate electricity from wind turbines.
Wind power is difficult to predict due to the uncertainty of
wind speed in each area, resulting in unstable wind turbines.
Unlike other energy such as hydro power, which can determine
the flow of water to rotate the propeller, the generator can
generate electricity as needed. Therefore, the installation of
wind turbines must consider the main factor is the wind speed
in the location to be installed.

This paper presents the predictions of wind turbine power
generation using the recorded wind speed and power data. A
database for predicting electrical energy using Weibull
distribution [2,5] and Adaptive Neuro-Fuzzy Inference System
(ANFIS) [1]. This prediction is useful for planning power
generation and optimizing the use of wind turbine power to
meet the demand for electricity.

1. WEIBULL DISTRIBUTION
The wind speed sampling method is a probability method
commonly used for Weibull distribution [2,6]. Because the
distribution of wind speeds is generally skewed to one side,
the distribution is asymmetric and unstable. The cumulative
density function is used to determine random values. The
cumulative density function is as follows.

f(u)=l-=~p{-(—})k} 0

u is average wind speed (m/s), u>1
k is shape parameter, k >0

where,

u

A is scale parameter, A>1, A=——
T+1/k)

Somchat Jiriwibhakorn
Department of Electrical Engineering, Faculty of
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Ladkrabang, Ladkrabang, Bangkok, Thailand
Email: somchat_j@yahoo.com

The wind speed calculation uses random numbers ranging
from 0-1 to represent cumulative probability in (1) and then

converted the random numberg-thewind speed as Fig. 1.

0 W = =
wemgeam1

Fig. 1. Cumulative density function convert to wind speed.

The wind speed is then converted to the power produced by
the power curve of the WTG150kW wind turbine as Fig. 2.

)

e

- 1/ .

Fig. 2. Wind speed convert to wind power.

Finally, the collected wind power is monthly wind power
[11] to compare with the recorded values.

Fig. 3. The wind power produced.
et Bi=7. 1) (1)

The most popular functions are the Weibull Function and
the Rayleigh Function. The Weibull Function consists of two
important parameters, the Shape Parameter (k) and the Scale
Parameter (A), which can be adjusted to suit the distribution.
The Rayleigh Function is a special case of the Weibull
function, which defines the constants of the shape parameter

978-1-5386-4956-5/18/831.00 ©2018 IEEE
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(k). The result is a comparison between the Weibull and
Rayleigh functions. Weibull function will provide more
accuracy. Due to the k value of the Weibull function is the
appropriate variable of wind in each area.

I1l. ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM

Adaptive Neuro-Fuzzy Inference System (ANFIS) is an
ANN applied to the fuzzy logic system as a hybrid system.
The purpose is to bring the advantages of each approach
together and eliminate the limitations of each approach.
Creating fuzzy rules from inputs and outputs to help make
fuzzy diagnostics easier is a boon to fuzzy logic [3-4]. And the
advantages of ANN are used to calculate the function of the
data group. The system learns from the prototype and then
trains the system to know to solve a wider problem and to
make the forecast more accurate [7-10].

Layer | Layer 2 Layerd  TLayerd _ Layers

Fig. 4. The structure of Adaptive neuro-fuzzy inference system (ANFIS).
Layer 1: Premise Parameters Layer

Transforms the input (x;) into a fuzzy value by computing
the membership function.

oi’ E l‘A,L"t)
0 = i, (1)

=12 @)
1i=34 AL (3

Layer 2: T-norm Operator
Multiply the signals sent from layer 1 using T-norm
operator and output to layer 3. The number of nodes in this
layer is equal to the number of fuzzy rule requests. And the
output signal (w ) is the Firing Strength of each rule.
Of =w, = gt () 15, () sisl2 (@)
Layer 3: Normalized Firing Strength Layer
Firing Strength is the sum of all rules equal to one. Firing
Strength is divided by the sum of Firing Strength from all
rules.
o ==t
LG ]

Layer 4: Consequent Parameters Layer

Calculates the result of the fuzzy rule.

where, {p;,q;sn} is the set of parameters in the consequent
rule, which uses the least mean square method.

;i=12 )

Layer 5: Overall Output Layer
Combines the signals from every node of layer 4 into the
output data (y).
2
2 Z“’Wi

0 =w y=Y wy, =1 ®

i=l Wit Wy

For calculation of Mean Absolute Percentage Error
(MAPE).

Qutput yopa) — QUIPUL pregicred
Output g,

N
MAPE=-1 *100% W)

N i=l

IV. CASE STUDY

A. Weibull distribution

Step 1: Calculate the cumulative density function in (1)
using the monthly average wind speed recorded.

Step 2: Random numbers ranging from 0-1 to represent the
cumulative density function. The number of random numbers
depends on the number of hours in each month.

Step 3: Bring cumulative probability density derived from
random numbers converted to wind speed values.

Step 4: The wind speed is converted into the output power.
Using power curve of WTG150kw wind turbine is reference
data.

Step 5: Calculate the wind power by calculating the total
power of the month considered and keep the data. For another
month, calculate the steps 1-3,

Step 6: Wind power generation was compared to the value
recorded to calculate the error value.

Weibull distribution is ideal for creating wind speed
models for the calculation of wind power. From Equation 1,
the scale parameter (A) and the shape parameter (k) are
parameters that can be adjusted. In this section, we will study
the most appropriate parameters for this actual data to
determine the constants for other tests. The scale parameter is
relative to shape parameter as described in (1)

In this section, only k values are evaluated and tests are
performed to find the most appropriate parameter for the data,
taking into account the k value giving the lowest error value
compared to the actual wind data recorded. shown in Table I.

¥ s i
aw ’f\
g 000
E“ / \
fl
57 il 4

Fig: 5. Probability density function of shape parameter (k = 2).

129



DISTRIBUTION

weibll | AT ig | e | 20 | ke
Jun-05 | 21858 2654 | 23898 | 21505 | 314

Feb-05 | 9974 7255 1772 | 11600 | 9977

Mar-05_| 18804 6076 5831 | 16039 | 16680

[Apr05 | 28178 77562 | 71662 | 68684 | 7471
[May-05 | 6546 16642 | 16624 | 16705 | 14130
Jun05_ | 26298 20202 | 29095 | 30673 | 29674

Jul05_| 34800 31123 | 33259 | 33740 2018

Aug-05 1980 27439 23524 25731 24542

| Sep-05 | 30090 27200 | 25907 | 25287 | 23964
Oct-05 9036 13956 13578 1027 2437

Nov-05 | 8952 10971 | 10258 | 9328 | 895.1

Dec-05 13410 20293 18818 20116 18184

%Error 74207 | 61189 | 55405 | 66922

The results from Table I. show that the adjustment of
shape parameters (k = 2) produces the lowest error of
5.5405%. It is suitable for simulation of data using Weibull
distribution.

[ 40000

33000

Wind energy

4

e

3000 y “
AEPEL ISR PEITPP IS 4L
Fig. 6. Comparison of wind power generation between weibull distribution
and actual data recorded.

Weibull distribution, Adjusting the shape parameter makes
the wind speed more accurate. Therefore, the calculation of
wind turbine power is more accurate, But since Weibull
Distribution is a random distribution of data, ing in a
very large error value, but within acceptable limits. Because
they tend to be close to the actual value.

B. Adaptive neuro-fuzzy inference system

Step 1: Set input parameters are wind speed, energy 1
month ago, and energy 2 month ago. And set output parameter
is wind power generation. The total amount of data is 46.

Step 4: Set the number and the type of Membership
function. MFs have multiple functions. (trimf, trapmf,
gbellmf, gaussmf, ...). Modify values of MFs to make the
results with the least error value. And set the number of
epochs. ;

Step 5: Start training and testing. Consider the error value
and try to get the wrong value until the least error value.

Step 6: Unnormalize and unscaling output values for real
values. Compare the results to the smallest error.

Training data: o FISoutput : *
® ®

®

®
@

e @
o tse * o Oﬂ"
sese ¥

L]
o Numberof raning data
s v v @

25 30 35 40
Fig. 7. Results of training using ANFIS.

estigdaa ;. S output:

4 AN :

* Number gf testing dat
———ps TR

Fig. 8. Results of testing using ANFIS.

L)

Fig-9. System structure of ANFIS (MFs 824).

Step 2: Set 40 training data and 6 test data. Apply
and test data to normalization. The value of the data is based
on the normal distribution. The mean is 0(x=0) and the
variance is 1 (o =1). This method is used to increase the
accuracy of ANFIS output data and to reduce the learning time
- of ANFIS.

Step 3: Import training data and test data to the ANFIS
toolbox "anfisedit".

TABLE IL. LEARNING DATA FOR ANFIS
Average Wind energy
Date | Enermy :: e wns | windspeed | Production
WL (m/s (kWh) |

*Mar-05 9074 21858 22 18804
[ TApr-05 18804 9974 4.00 28178
[ May-05 28178 18804 .24 6546
Jun-05 6546 28178 08 26298
Nov-08_ | 16020 28368 416 6942
Dec-08 6942 1 524 11052

6020
. data ane used in paper ID 640-641 of ICEAST2018,

130



distribution is probability method. Predictions may be very
er , but tend to approximate the actual values recorded.

TABLE IIL. TEST RESULTS USING ANFIS
Y%MAPE
No. of MFs MFs Type Trax | Ted
824 dsigmf linear 2.1912__| 45678

ANFIS, the smallest error was 4.5678%. The membership
function is “dsigmf, linear” and is structured as “8 2 4”. Set epochs to
100 and use hybrid method. During testing, ANFIS was able to train
well. But when the structure is larger, ANFIS is slower. Because the
structure is more complex, fuzzy rule processing takes longer. Test
results are acceptable and high . The results of the predictive
r:sultswmpmsunmﬁiﬂ:cmwdeddmmshownmtheﬁg 10.
|20000  wind energy |
o[ | e o

e T I\ f

25000
20000
| 13000 |
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Fig. 10. &mpmnfwmdpwwmumbﬁwwnAdq’ﬁvcm‘ﬁmy
inference system and actual data recorded.

C. Comparative study of' wind power generation assessment

TABLE LV: ‘COMPARATIVE WIND POWER GENERATION ASSESSMENT

V. CONCLUSION

Predicting the electric power produced by wind turbines is
very useful for planning the electricity generation. Weibull
distribution is a distribution of statistical data and probabilities
using random numbers. The error value is very high.
However, Weibull The distribution is also acceptable. The
overall average of wind energy tends to be close to the actual
value. If the researcher wants to predict the data hourly, daily
or monthly, this method will be able to display the values as
needed, so it can be used in many analyzes. For ANFIS, it is
an artificial neural prediction that can learn from the
significant data for wind turbine power generation, and
predicts the most accurate and least error values, but when the
structure of the data distribution is larger, ANFIS performance
is slower, sometimes the program stops working, which limits
the program to improve. In order to use it, it is necessary to
determine the most significant inputs to the output data to
reduce the size of the structure. Both of these techniques can
be used to evaluate the power produced by wind turbines to
determine the capacity of wind turbine installations, based on
the reliability of the "generating system and the cost of
electricity to support further investment.
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Evaluation of Generation System Reliability Using Adaptive

Neuro-Fuzzy Inference System (ANFIS) and Artificial
Neural Networks (ANNs)

Khanittha Wannakam, Somchat Jiriwibhakorn

Abstract — This paper presents an evaluation of the reliability index of power generation systems
using the Adaptive Neuro-Fuzzy Inference System (ANFIS) and Artificial Neural Networks (ANNs)
to compare the results obtained from the basic method of probability. The reliability index used in
this study is the Expected Energy Not Supplied (EENS) index, which is used in planning to
increase the installed capacity for the adequate demand for electricity. The ANFIS and ANNs
techniques will learn the relationship between the priority level, the installed capacity and the
force outage rate (FOR) of the generator, which significantly affect the EENS index. The results
indicated that the ANNs techniques have the best predictive performance. The best accuracy of the
training data was 1.2488% and the testing data was 2.3963%, calculated using a Mean Absolute
Percentage Error (MAPE). Furthermore, the ANNs took more time to learn faster than the ANFIS.
Copyright © 2018 Praise Worthy Prize S.r.L - All rights reserved.

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

Expected Energy Not Supplied (EENS), Generation System, Reliability

I. Introduction

e |’lm_l 1 nt of industrial 1.r or
facilities requires electrical energy power sources. An
electricity supply is therefore a basic part of an
mﬁ'asmmemduuslmpottammmml
development. Continued popuhtrm growth and ongoing
economic growth have increased the annually demands

for electricity. Thus, electricity is very important in daily
living and is fundamental in driving the y. If

This was used to make decisions about increasing the
installed capacity to respond to the demand for
electricity.

Accurate and reliable evaluation are critical to the
adequacy of electrical power, as they can determine the
timing of future investments and operations in electricity
generation. If the evaluation fails, this could ‘affect the
reliability and adequacy of the system. This may result in
insufficient power to meet the needs of the consumer or

there were insufficient power to supply the demand, this
would have a severe effect on the Thai economy. To
ensure the capacity of power plants used in production to
be large enough to generate a sufficient amount of
electricity, it is necessary to plan for reliable electrical
systems in accordance with the specified criteria, then
they should meet the increasing demand for electricity
each year [1]-[27].

The reliability index used for evaluation is the
Expected Energy Not Supplied (EENS), which is an
index used for decision-making to increase the installed
capacity of g ors - in to the d d for
electricity. In calculation by ﬂle probabilistic method, to
find the Reliability Index, the Refiability Test System is
used to compute the database [1]. The calculation is
based on the probability principle of the reliability index
calculation. For the ANFIS and ANNs applications [7],
[13] the program calculates the correlation of the input
and output variables by using a trial and an error method,
which allows accurate and fast evaluation of the
reliability index.
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in insufficient investment in building power plants.
II. Generation Systems
Most power g planning is idered only for

adequacy of the power demand of the system and to
determine its reliability. This is due to the failure status
of the generator, which may result in the total system
capacity being insufficient for the load requirements. In
modeling, the specifics of the generator and the model of
the demand for electricity [1] were considered.

Generally, the operation of the electrical equipment,
such as, generators, is characterized by a period of time
between the available and unavailable states.

Total system generation

O 1 Total system load
G J I +

Fig. 1. Conventional system model

https://doi.org/10.15866/iree.v1313.13534
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The status of the work is not always due to failure or
damage of the equipment, but after. repairs have been
completed, the operation can i The hers
can show the model of the generator using the two-state
Markov model [1].

Fig. 2. Two-state Markov model for generating system

The basic generating unit parameter used in the

paci luation is the probebility of finding the unit
on a forced outage of time. This probability is defined in
power systems as the unit unavailability. The unit force
outage rate (FOR) is the ratio of the time value [1]:

A MTIR
U ilability(FOR) = —=——————— (1
navailability( ) AR 3 R (1)
. 5 u MTTF
Availgbllity st M2 = B FI = 2
vailgeRgy ad - wamredmR, | 2

Considering the model of the electrical equipment in
the system to be a long-term agent, the Mean time to
failure is "Up" and the Mean time to repair is "Down".
For this reason, the behavior of the device is periodic.

‘P‘ State
Up = -
MITF MITE MITE
Dows Tt
— MITR (%—  —S\MTIR (4  — Sy MTTR ro—
Fig. 3. Status of equipment in the elecirical system
Regarding the long-term capacity planning, it is

important to know the estimated amount of the electricity
demand and expected peak power. In this case, the
researchers used the load duration curve, which changed
from an hourly load curve.

1 Tous

Fig 4. Cumulative load duration curve (CLDC)

The and load model
up the appropriate risk model [1].

‘were combined to set
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Fig. 5. Generating capacity reliability evaluation

III. Reliability Index

Expected Energy Not Supplied (EENS) is an index
that indicates the expected energy value of an
uninterruptible power supply because the load is greater
than the available capacity. The index represents the
amount of unrepresented power generated by an
inadequate capacity [1]:

N
EENS, =txy_L, ()]

i=l

5 N
EENS, =Y pik;

=1

@)

Installed Capacity (MW)

Cok

\

Load (MW)
g—¥

% 8760
Duration (hous)
Fig 6. EENS index caleulation
TV. Adaptive Neuro-Fuzzy Inference
System (ANFIS)

The Adaptive Neuro-Fuzzy Inference System uses a
hybrid learning algorithm from a two-way learning cycle.
In the forward pass, are adjusted using the
Least Squares Estimate method while the Backward Pass
uses the gradient method, the Gradient Descent for
adjusting the parameters of a set [2], [21], [28].

{V.1.  The Structure of Adaptive Neuro-Fuzzy
Inference System (ANFIS)

Layer 1 would transform input (x) into fuzzy values
by calculating the value of the functions 1, (x) and

g, (%3), which may be an inverted bell function or

another derivative function, such as, a triangular
function. Trapezoid functions and the nodes in this layer
would be rectangular, which would indicate that the

International Review of Electrical Engineering, Vol. 13, N. 3
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parameters could be adjusted. The parameters in this
node would refer to the parameters of the membership
function called Premise Parameters.

Layer | Layer 2 Layer3 Layerd Layers

Fig. 7. The structure of Adaptive Neuro-Fuzzy Inference System [13]

Layer 2 would be responsible for mulnplymg the
signals sent from the first layer together using the T-
norm Operator and exporting them to the third layer. The
number of nodes in this layer would be equal to the
number of fuzzy rules and signals. Export (w) would be
the Firing Strength of each rule. The nodes in this class
would be in a circular form, which would indicate that
the parameters could not be adjusted.

Layer 3 would adjust the Firing Strength to one rule
by dividing Firing Strength by Firing Strength. From all
rules, the result is called Normalized Firing Strength
(w). In this class, a circle would indicate that the
parameter could not be adjusted.

Layer 4 would be useful to calculate the result of the
fuzzy rule. The nodes in this layer would be rectangular,
indicating that the parameters of this node could be

fjusted. These p s are called Consequent
Parameters.

Layer 5 would serve as the aggregate of the signals
from all four nodes together. Regarding the ontgoing data
(y), the nodes in this class would be in a circular form,
which would indicate that the parameters could not be
adjusted.

V.2, Membership Function

Selecting a member’s function to choose the
appropriate data coverage to be received [2] by being
able to be overlapped for a smooth operation would have
many member values, so the membership function would
be changed to suit the purpose:

{ Trinngulq MFs Trapezoidal MFs
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 Bell-shaped MFs Z MFs

V. Artificial Neural Networks (ANNs)

The neural network is a mathematical model that
simulates the human brain in leaming and memorizing
by connecting, processing, and analyzing information.
The result, called knowledge, is the outcome of the
learning process.

In general, neurons of the ANNs are simulated. When
input data are sent, they could be multiplied by the
weight, which would represent the importance of each
input. The sum of the weighted values resulting from the
input data multiplications and the weight values would
be .malyzed by the transfer function as a result of the

Fig. 8. Neuron network model [7]

Various reaemuhm have proposed a variety of ANNs

for use in a variety of
app[umions, such as, feed forward, feedback or
recurrent, and competitive models. In order for the
network to learn and show the desired behavior, learning
would be divided into two types: Supervised Learning
and Unsupervised Learning. In this article, the
researchers focused on Supervised Learning, as it is used
up to 80% of the time.

Supervised neural network modeling is the process of
leaming. It requires input and output data to be used to
learn and memorize relationships [12].

V.1.  Multi-Layer Feed Forward Neural Networks
1 input neuron model (Fig. 9).

Input- Neuron witnout bias Input  Neuron with bias

2 w SWirT e A [ a
7] S]]

A NN A L

o= fipt a=up-t)
Fig. 9. Neuron with no bias and bias [7]

Multi-input neuron model (Fig. 10).

International Review of Elecirical Engineering, Vol. 13, N. 3
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Input Neuron w Veetor Input

R = number of
elements in
input vector

2= AWp-E)

Fig. 10. Single neuron with R inputs [7]

V.2. Transfer Function [7]
Typical transfer functions are illustrated below:

iﬁg-ﬂigmoid Tan-Sigmoid

a a

= Pl
] -4_.,u ¥ .;n

70

T
a=logsig(n)

-1
da-=tansiginj

a = purelinfn)

V.3. The structure of Artificial Neural
Networks (ANNs)

When taking multiple neurons in parallel, they are
made up of layers, and if each layer is serialized, it is a
multilayer. When layered together, these are called
multilayer feed-forward neural networks. The most
popular structure is the multilayer neural network. This is
a forward-feeding structure consisting of three layers: the
input layer, the hidden layer, and the output layer. The
hidden layer may have more than one layer [3]-[6].

Each layer consists of one or more nodes, and data are
sent from the input side to the output side without being
returned.

The nodes in the same layer are not connected. As
shown in Fig. 11, the researchers used the
backpropagation technique [14]-[18], which is a way fo
adjust weight values connected between the nodes, based
on the difference between the actual and desired results.

Each layer is connected by weight (w) and bias (b). al,
a2 and a3 are the outputs of the hidden layers 1 and 2
and the output layers. f1, 2 and f3 are the transfer
functions of the hidden layers 1 and 2 and the output
layer [22])-[23].

The error e(i) when i = 1,2.3, ... 53 at the output layer
is the difference in the output of a3(i) of the neural
network and the value of #(i):

e(i)=t(—-a3(i); i=12,3s3 ®)

V4.  Algorithm

Therefore, in learning, the training data and algorithm
would need to be adjusted for two important parameters
in the learning process: weight and bias. Furthermore,
multilayer feed-forward neural metworks would use the
backpropagation algorithm [8]-[10].

The principle of backpropagation would be to adjust
the weight and bias according to Equations (6)-(7), so
that the error sum of squares (SSE) of Equation (8)
would approach zero [12]:

W = Wi+ AW ®)

by, =b5g +Ab ()]
N

SSE=Y (t-a) (®)
i=1

The Levenberg-Marquardt algorithm (LMA) during
the weight and bias training was adjusted by Equatiens
©)-10):

MW=L IR AT T O
Ab=[J" (B)J(b) + T I (b)-e (10)

During learning, 4 would be multiplied by a constant;
such as, 10 if the new SSE increased and divided by 10 if
the new SSE decreased.

If the norm of J'(w)e or J'(b)e was less than the
minimum value set, or was greater than the maximum
value set, the program would stop the training
immediately:

Fig. 11. The structure of Artificial Neural Networks [12]

The neural network consists of an input layer, a
hidden layer (layer 1 and 2) and an output layer (layer 3).

Copyright © 2018 Praise Worthy Prize S.r.l. - Al rights reserved
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[ 2e(D) e(l) de(l)
owd(L1)  ow3(l,2) aw3(l,52)
oe(2) 9e(2) de(2)

Jow)= Bw?:(;z,l) 603(:2,2) aw3(:2.,32) an
de(s3) de(s3) de(s3)

L ow3(s31)  Ow3(s3,2) y Ow3(s3,52) |
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de(l)
ab3(1)
de(2)
J(b)=| b3(2) (12)

de(s3)
2b3(s3)

V.5. Normalization Method

The methodology was used to increase the accuracy of
the ANNs output data and to reduce the learning time of
the ANNs. The normalization input and output data sets
must be made prior to the ANNs learning process, so that
the value of the data would be based on the normal
distribution. The mean is zero (1 =0) and the variance is
one (6=1).

If each input or output side contains "n", the data set
would be (X}, X,..., X,). Thus; the normalization data

sets could be obtained using Eq (13)-(16),
respectively [12]:
" /
X 4
§~ el then  p =L (13)
- n
_Xﬂ
Yl-‘ xf_ﬂx
iy, =
T ) =0 (4
YnJ X — My
15)
o (X -p)la,

2 X, — lo e
2|22 [ e A PER N o)
5 o, : i, =0

Z, (X,=u,) o,

These should then be scaled or bundled into the
transfer function using Equations (17)-(19) to enhance
the efficiency of the ANNs after the learning process
created the a linear distribution model with values
between [0.1,0.9] for "n" and there would be a value
between [-0.9,0.9] for the "n" set of the output data to be
used for learning:

a7
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bw=b-aw-mx (18)

Scaling = aw-Z, +bw d=12n  (19)

V.6. Unnormalization Method

If the O matrix represents the normalization and
scaling of the data set on the output side of each learning
curve, then each ANNs output field could be realized by
unscaling and unnormalization using Equations (20)-
(21), respectively [12].

The Q matrix represents the "n" data set of each ANNs
derived data set that would be compared against each
target data set. After the learning is completed, the
weight and bias values would be stored:

O, law—bwi aw
|0y /aw—bw/aw

[£] (20)

0, /aw=bw/aw

Lo, +,

T @n

L, o, +p,

VL. Test

VL. Test procedures using Adaptive Neuro-Fuzzy
Inference System(ANFIS) [13] =

Step’l: Bring the  input ~and output data to
normalization from Equations (13)-(19).

Define 3 input variables:

1) Priority level of the generator,

2) Installed capacity of the generator.

3) FOR of the generator.

Define output 1 variable:

1) EENS index of the generator.

Step 2: Select data as training data and testing data.
The priority level, installed capacity and FOR are input
walues and the EENS index is the output value.

Step 3: Put the prepared data set into the M-file in the
MATLAB. The train matrix is the training data and the
test matrix is the testing data. Then click on the Run &
Save button. The data set is saved to the workspace in the
MATLAB and it is prepared for the run.

Step 4: Use the “anfisedit™ in the command window to
run the ANFIS.

Step 5: In the Load data field, select the workspace,
then choose Load Data and type “train” into the input
variable name field to bring the Train data into the
ANFIS.

Step 6: Select Load Data and type “test” into the input
variable name field to bring the testing data into the
ANFIS.

International Review of Electrical Engineering, Vol. 13, N. 3
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Step 4: Calculate by allowing the ANNs learn from
the training data and use the test data in the ANNs
learning test.

Step 5: The output obtained from the ANNs is
compared to the actual output in the form of error values.

Step 6: Let the ANNs learn until they receive the
smallest error value,

Step 7: Unnormalize and unscaling using Equations
(20)-21) to find the optimal result. Perform the
procedure shown in Fig. 16.

[anrr—

- ¥ - e
a ST

Fig. 16. Results & error of the ANNSs training program

VII. Performance Measurement
of ANFIS and ANNs

The measurement of the accuracy of the ANFIS and
ANNs used the Mean Absolute Percentage  Error
(MAPE) from the ANFIS and ANNs programs, which
were d with the refe output as follows [12]:

MAPE =
Lio"“l"‘m = OutPUl e |

(22)
x100%
NS Output ..\, I

VIIL. Results

In Case 1, 32 units of the IEEE Reliability Test
System (RTS) were used in the testing in which the
installed capacity was 3405 MW and the peak load was
2850 MW [11]. All the learning was done on the
MATLAB program using the ANFIS / ANNs Toolbox to
find the minimum error value. Case 1 compared the
results between the ANFIS and the ANNS using the same
set of data. For the RTS systems, there were 32 data sets:
27 training data and five testing data. The input data were
the priority level of the generator, installed capacity, and
FOR. The output data were the EENS.

Copyright © 2018 Praise Worthy Prize S.r.1. - All rights reserved
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Case 1: Learning using the ANFIS technique on the
RTS system: When defining a system structure as 7 2 5
using a linear membership function of the type "trimf",
the ANFIS learning had the least esror value. The MAPE
of the training error was 2.2344% and the testing error
was 3.9895%, as shown in Table I. For leaming using the
ANNSs technique on the RTS system, when determining
the number of neurons to 13 12 and the transfer function
of the hidden layer 1, 2 and 3 was "tansig", "purelin” and
"purelin”, respectively, it was found that the learning of
the ANNs would be the smallest error. The MAPE of the
training error was 1.2488% and the testing error was
2.3963%, as shown in Table [I. When comparing the
values between the ANFIS and ANNs, the ANNs showed
results closer to the real values than the ANFIS, as
displayed in Fig. 17.

TABLEI
TEST RESULTS USING THE ADAPTIVE NEURO-FUZZY INFERENCE
SYSTEM IN THE RTS SYSTEMS
No. of MFs MFs Type RIATE
- Train Test
P25 trimf  linear 22344 3.9895
TABLEI
TESTRESULTS USING THE ARTIFICIAL NEURAL NETWORKS IN THE
RTS SYSTEMS
No. of Transfer function Y%MAPE
1 o2, 3 Train Test
1312 tansig purelin purelin 12488  2.3963

NAgele mea o s RAR AR ARRARERE AR

Fig. 17. Comparision of the results between the ANFIS
and ANNs.in Case |

In Case 2 using Thai thermal power plant systems, 85
units based on PDP 2015 were used in testing in which
the installed capacity was 37,612 MW and the peak load
was 30,218 MW [19]. All learning was done on the
MATLAB program using the ANFIS / ANNs Toolbox to
find the minimum error value. Case 2 compared the
results between the ANFIS and ANNs using the same set
of data. For Thai thermal power plant systems, there
were 85 data sets: 70 new training data and 15 new
testing data. The input data were the priority level of
generator, installed capacity, and FOR. The output data
were the EENS.

Case 2: Leaming using the ANFIS technique on the
RTS system: When defining a system structure as 6 3 6

International Review of Electrical Engineering, Vol. 13, N. 3
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using a linear membership function of the type
"gbellmf", ANFIS learning had the least error value. The
MAPE of the training error was 2.1225% and the testing
error was 4.0133%, as shown in Table II1. For leamning
using the ANNs technique on the RTS system, when
determining the number of neurons to 11 10 and the
transfer function of the hidden layer 1, 2 and 3 was
"tansig", "logsig" and "purelin”, respectively, it was
found that the learning of the ANNs would be the
smallest error. The MAPE of the training error was
2.4739% and the testing Error was 3.5219%, as shown in
Table IV. When comparing the values between the
ANFIS and ANNs, the ANNs showed results closer to
the real values than the ANFIS, as displayed in Fig. 18.

TABLEII
TEST RESULTS USING THE ADAPTIVE NEURO-FUZZY INFERENCE
SYSTEM IN THE THAI THERMAL POWER PLANT SYSTEMS

No.of MFs MPsType AR
Train Test
636 ghellmf linear 21225 40133
TABLEIV
TEST RESULTS USING THE ARTIFICIAL NEURAL NETWORKS IN THE
THAI THERMAL POWER PLANT
No. of Transfer function %MAPE
g 1 7] Train__ Test
1110  tnsig  logsig  purelin 24739 - 35219

. Comparision of the results between the ANFIS
and ANNSs in Case 2

IX. Conclusion

The reliability evaluation of power generation using
the Adaptive Neuro-Fuzzy Inference System (ANFIS)
and Antificial Neural Networks (ANNs) was based on a
comparison of the accuracy of the learning of each
technique. The test found out that the average error was.
good and acceptable. However, the ANFIS would take
more time to learn than the ANNs. Because of the more
variable input and membership functions that would
make the be more complex, the ANFIS would
run slower or stop working, which was a limitation of the

g

were closer to the actual values that were the most
accurate. The ANNs could also be improved by adding
the number of hidden ‘layers to make learning more
effective.

As such, the preparation of the training and test data
must be simulated from the program, which would take a
long time, so it should be prepared faster. The test data
must be different from the training data and must never
be used for learning. The input variables used must be
significant for the output variables because if they are too
large, they will consume more time and memory and
would not improve the performance. The preparation of
the training data must be distributed consistently and
sufficiently in quantity, so that they are of good quality,
resulting in better performance and less time. Thus, these
techniques could be used to plan long-term capacity
expansion.
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