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ABSTRACT

This research aims to develop a short-term electricity demand forecasting model
using Artificial Neural Networks (ANN) enhanced with optimization techniques, including Genetic
Algorithm (GA), Particle Swarm Optimization (PSO), and Bee Algorithm (BA). The study utilizes
electricity consumption data from the Phumirajabhat Building, Uttaradit Rajabhat University,
collected over 60 months (5 years) from 2020 to 2024. The dataset is divided into 80% for
training and 20% for testing, ensuring an optimized ANN model through parameter tuning for

each optimization technique.

The experimental results indicate that ANN optimized with PSO delivers the best
performance, achieving the lowest Mean Absolute Percentage Error (MAPE) of 2.15%, compared
to 3.12% for GA and 3.45% for BA. Furthermore, a comparative analysis between actual and
forecasted load demand demonstrates that the optimized ANN model reduces the average
forecasting error by up to 30% compared to the non-optimized ANN. These findings highlight the
significant role of optimization techniques in improving forecasting accuracy. The research findings
suggest that the optimized ANN model can be effectively applied to smart building energy
management systems to reduce peak load costs and enhance long-term energy efficiency. Future
research should explore extending the model to different building types and integrating
environmental .and user behavior data to enhance model accuracy further, ultimately

contributing to the development of adaptive and intelligent energy management systems.

Keyword : Short-term electricity demand forecasting, Artificial Neural Networks (ANN),
Optimization Techniques, Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Bee
Algorithm (BA), Smart Building, Energy Management
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1) matlaaynsunal (Time Series)
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TaseveUszainney (artificial neural network) 138158031 91891UUSTEN
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3) nMyvlireuimesAnuazdndulalanisdiies
a a v A A v =¢ ' ) . .
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If (sum (input*weight) > threshold) then output (1)

31naun1sh (1) e input wnudeyaidn wWindilasane agliveyaidn audu
wminveuaduszausazen nanldaindeyamnuiveswadusyay azsIuiuudanie
WWeUAy threshold 7 Avuall dmasauda1u1nnda threshold udwadUssainazds

[ 1 v Y v 3

Joyaoen sonlitanasaninvzgnasluiloyadinvewadusyamaug weuiululasaiy

=3
e

[ [

fANtesnI1 threshold Aazliifndauanan aatanslunnyusenau 4

ANUTLNBU 4 AUUYBIWaaUsEa I uADUNAADST

andnenssulasenevssainioufinuialUazdidnuvugndng fe fn1sdnwad
Ussamidemduty (layern) %uﬁ%’u%’agal,%’%‘%aﬂ’jw %gu%aagm%”] (input layer) Suiinannanau
2941ATIUBITENTN {Tlu%’mﬂaaaﬂ (oUtpUt layer) daududug Afdaulunisdresiinig
Usvananaagnielufendt dugou (hidden layer) lulnssneysvamidiouenaditudeouls

Y o & a o < [y v 1 &
vagdulassaTaiuguasdanuuziiunisuszneuiuvessuwuy masaluil

2.4.1.1 wuudouldtremi (feed forward network) Tayaniuszianaluiiasiigas

gnaslulufirmaieain Inuadeyawi deiennauie Wuateyaaen lnelilinsdaundu

Y Y

£ = ¥ 1 ) al v = 1= P oW o Y A =
VBIUBLA NIDUULLEA I‘wu@iwummﬂuﬂlummswamaﬂu mmmwlmﬂu 2 bUUAD LbUUHN

FuvsIgaaUTTAMTMALY Lasuuuddy dudeu  d@mmvaiedu lngUniiniswenlesazgn

a

° = i Y A . ¥ & . 13 PN Y g =
ANRUAVUIERINIUNGAN  VOUAUT '3%@3“8@33‘1/1'3']3?’"331Hi”ﬂqwc'/]EJlW!ﬂ@? MNYUNRULE

Wdswaduszamisunnaitusunsidluuisantlnen P259990  Faulgsdruduils o

waRSbUNINUSENBU 5
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AnUsenau 5 antnenssuwuutoulut1eantn

2.4.1.2 wuuidni1stdeulddsundu (feedback network) #3el3enin recurrent
network Teganuseiianalasiinelszamiisuvsiinsdoundudnlugnemsineals Ase
unselaAInaveanun AsinswenlesnigninuadussninuwasUssaniionluguniasg

dounauludstuduy neunttu wienduanelutufeinues auaastunnusznou 6

mMuuszneu 6 aaUsenssukuutoundu

2.0.1.3 lpsensUsgamiisnwuutdeuluinsminvaiesu (multiple feed forward)
Tnswenleswuuleulytrmtusznaudie 3 4u lawn ulvundeyawn igniousiaiutu
104 Wundou wazasiinadederuturadnuadeyardi Wunmaiiudviuduly dudeuds
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Inuatayaldn Inundeyasen

Welled  Tpupdeou

AnUsEnau 7 tassasnanuuteulUinantinvanetu

nsinauvesinuadeyainagyimihiunudiuvesteyadu Ngndeudng 1asetny

LATN1TYINUVRILARY Tuagou egnAnun tngn1svinnuvednuadeyaiiiuay A

% [ 1

uninuuanudniussening Inuadeyal wag Wuageu ngAnssun1svinnuvedvun
U9ya00n IUBYNUNITYINNUYDY Inuageu kavA1tdninsening lnuagey wazinun

Y

Joyasn dnwarn1TvuLUUdasainuan sunuA g nuateyaiilaeenedase
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A I 95 LY ! A 1 A A v
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a 4 ' I v 4 g a fa
adlnmansveslaseneyszanniied wwudeulddamhvanetu uaasdunm dnnmeduns
° 17 3 o & o 1% =
X ={x} Mmuald x ;e Rpwazninasuadns Y= {y} nnuali y e Rm Tq

[

UsenaumegaunIsnIsAmIuIumeluwaaUssa ki assue il
YuLaU

h= o(uj) (2)
p

_ h
Y= Z WiiXj (3)
i=1

RnaunN (2) wag (3) Mvuald Y, AewadnsvenwadUszainly dudeu 3

1<k<m

6 () A activation function
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h = i Y o v - stl I o mL o v v
wyy Ao Avesthvtinuudy k; Wenwadlututeu k Auwadlutudeyawii j
WY fie nawestmin {wy}

2.4.2 sUsuumMsiseuivedlasaiigyseaviiey
= v o =~ o v A a a = v
M3BeuidunsEuIunsNan s iiUGs uMasngfins sy AuAn asnsaieuls

INNTS WOUNISEURE N1581U NSomAlulad @usanuIeants 2 wuu

2.4.2.1 nMsBeuiuuuiinisaeu (supervised learning) 1UN13EELSLULTTNTATIY

AMBU LialieRsieUsuii Yadeyanliaeuiasisasiidneulineensiagineasingli
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° = = | a Vo1 v o Y v 1 a =
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Y

° A oA Yo a A - v a v o a o
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Training parameter

Input Data | Neural Network Training output

T

Target output

AnUsznau 8 Msiseusluviidasu

2.4:2.2 maseuiwuuluiinisaeu (unsupervised learning) Wuniseunuulaiiiy
wugi ldiinsesammeuitgnusens sglaiiirasslunisinaen lasetieazdntudaseaing
yosilemudnwaisvesioya nadnsnlalasetneazaansadnmnnvyueseyals Wy s
LunanwazYedaU WY wagdnd tosldlaeldfifaeuaselunisingeu 1391893589
Tnssairsvesiiosmudnuazvesioya nadwsildiasetisaranunsadamnnyvesioyals
Wun1sfiisnaiunsanendnvazvasay iy Lazdnd waldlagldfinisasuduansly

Awusznau 9
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Training parameter

Input Data Neural Network Network output

AmUsenay 9 nsiteuiuuulidiinnsaeu

2.5 ngufjlassvigussamiisunananlgnues

nauflaseneUszainiisunefinienules (Self-Organizing Maps : SOM) 10U

1 v YV

danesnulaneeUsramiieunieuldunniign Inewufnvedlaswngdszamiieunonime

AuULd Ae NM3vigdeyaiiienAvesiminveseyanila i muaAnINTILIUNGUNABINTT

2 aa o

Juiineiunsdnnguiiesiedaslilassasianminessuulssam WunisSeusuuuld

€

=

deou ddnwarnsBous wuuwiets 2 9u lunisindeyatndimaieda Tiegluguwuy

54

Aa o %

vesdoyaaesiiinonisinnguvesteyaniidnuuzadnoiuazeglulnunlndiidesty Tne
Tssadumavhauveddasielszamiendedafienuios suusnviuihiitdidoyauas
fndedoyaliuiwaduszamduiiaes ylnualuaise vio madpdsmmdduresad
Uszan (array of neurons) sywintussdeusefuseauin (weight) mmfu%’aaga%
gndsludagadusvavluduiides ilevihmsnssufleuinlndiAssivan nansngulaunniian
wiazlnunluduiiasdaudiusiuwuy weuthu (neishborhood relation) vilsinidu
sUnuv 2 3R 9nduagiinisu$ue dwinuesiaiiuguuy (winner) vhlsidoyadidoyaii
WuinnsUsuasy tasidernunisiiouslivangseuas il lanaudeyasonuniy
padws Intudniwadnsa i SunnriunseuIunaT Visualization iitouanaadwsiiléiy

penudunsaviingns o sl denindseneu-10
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AnUsenau 10 NsiseusvedlaTngUssamiisunafimenuLes

2.5.1 JUABUNININUVBING BRlATWIEUsEagUnafnlenuLes
1. Mnsdnnguuesdayailiileglunguieyailnaifes w1015 Normalize A1
Toya wiazia Welildrnataduy

X;-min
Xi= —_— " (3)
max - min

'
=

PNFUNITA (3) IVUAM x,.%050 ., LUUTBUATION Y0 n ABFIuIuFe819T oY

Y Y Y

W1 min A8, ANNTBENgATDIYATRYA max AiD ATININTIAAYDIYATRYA

q 3

2. MrUALlASIEs19bAsI98Us L NisUTUAN BIZEDINA AUA LUILAY x WAZLAL

(% '
! 1 o v a

y Mviuagnvetaya durniminguiy lulasagduanslunindsenay 10

q

| | a v

3. duensuauliivainatsvesngy (cluster center) W={wy,wa,...,w,} 1989 p A8

q

° ] ol & N X
FIWAUNGU INPBTAINANAD W={wi,Wp,..., Wi} 1B 1<j<p

4. AuUIUMTEYEN19sEninalasiglay gafiiiey (Euclidean distance) Liownig

Wug (winner) gmlannlassienldszeenantaainniseun iiementesdian
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min
Clky,ko)= j Cij (4)

P a v a )
119 ky .k, AD mumaﬂmm@us
C.2.=||X_W‘||2 (5)
L) J

Ciz,jZZ(X'WjZ) (6)
i=1

INAUNTIH (6) Wla C;; ApAIANANTENIN Ty x; AUNNWBSINYTN w;;

- I
AEATEAYEY IMuAmauTY

AMUsENeU 11 MsmgyugdmTunIsnsEalevesloya x visalruaiieutiu

5. Aasnansdmsunauiidu afvuzlug suaunisi (6)

w; (tFD=w(D+n(x;-w; (1)) (7)
6. ¥hidunauil 4-5 Juesurndeyathid viaaundirtmiinguazaai
7. Inusidugvuzavaenndowmuennsi (@) We k,j fvivosled wWuduuy

8. Wupilulvuniieutuazgnivuansaunisi (8)

2

h(p,t)=exp <2(; (t)) (8)

9. Mszevieszrinelnuatiu 9 fu Inuedidudvuzaunisi 9)

p=y/ (k;-D)2+(ky))? ©)
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10. MlvuatieudulndiAesiign 1ngvaUnILARAINILNANNENNTTH (10) Lay

(11)
P 2.\,
B (62 (t)> (3 (t)) P 1o
1, Ip|<a,
1
h(p)= 3 a<|p| <3a, (11)
0, |p|<3a,

11. YSumuviin Yaauniazlnuasuaunisa (12)

wi (D =w;; (D+a(Oh(p,) (X' ()-W (D) (9)
2.7 wadlan1sEiaUszansnaw (Optimization Techniques)

wmAlANISIANUTEANTAN (Optimization Techniques) ABN3EUIUNITNIY
adlnenaniuazABuTame SNt tiunIsdumAivsnzanigaue s silines vielugtues
oy neidmanevandenisandeRanainudeifiuUszansnmvesszuuliaszduiianign
eluviunveslasesnoussamidion (Artificial Neural Network - ANN) nafian1giiis
UsgAnsnmgnihunlifiousudimisiived wu tntin (Weights) waganluLea (Biases)

WBLNL AN U1V LA

Y} 1 ~

nsunelan1sinlseansamualalu ANN daudiAgeg1enin Weeain ANN
Id Aa v v 1 a 1 YR % a .
Julueandaniududeusazenanutymiiiu nsineglumadnsiesdiu (Local Optimum)
Feviabilaanuisoussaamanzaungals nnsldmaianisiindssansain iy Particle
Swarm Optimization (PSO), Genetic Algorithm (GA) taz Bee Algorithm (BA) waeliiluing
ansandniasslgninenanile lnen1susuainisdine 081U YaaInNIuNIZUIUAIT

NAADITN 9

2.7.1 Genetic Algorithm (GA)

GA Lﬁu&ﬁﬂ@%ﬁﬁ\lﬁlﬁEJ‘LJLL‘U‘Uﬂﬁ%‘U’J‘LlﬂWiﬂ/lﬂ\iﬁiillslﬁasﬂaﬂa’?wu’m’ﬁ Ineldnaln

YBINITAALABNAINTITUYIA (Natural Selection), N15naneiug (Mutation) wagn1s

1%
a =< A

v ¢ - 1 o il a o LY
HAuug (Crossover) LieasneAneulmifiiuseaninimaduEes q GA wizdmsu



[ '
v [ [

n1swAlgymndnuiaumndudounsalddiady a1u1soasidenuasdodninis qg

$1319 3

AN919 3 ANTILENNTDALAETRINAVBINALANISHANUSLANT AN GA

watan1sNUUSEaNS AN Joh Jaanne

Genetic Algorithm (GA) - danuanansalumspunt - ThaAmwnauudlomsy
ARUIINUNAUM (Global AU PSO 50 BA

o

- gdmsulgmndudou - 91999911 MUATIUILTOU
uazdNuNAumvUIA ey (Generations) kazYUIAVD
Usgang (Population) 1w

bANNSEN

2.7.2 Particle Swarm Optimization (PSO)

PSO \udaneTiuildSuusstunalaainnginssunsiadeuiivesyadng
deunviderlsuan PSO Tnalnuasoynia (Particles) indaudluiufidum (Search
Space) LilofAummauiaign syninzUulgeiuvtesmuleslnfintsanan
Uszaunsaidrusauas iteusangs vilsianusadumaniivanzasiianlsogiasinga

o [

wazilusydnSam anunsaagUdefuasdadninis fwnea 4

AN519 4 ANTINLENITDALALIRIINAVDLNALANISHLUSLENTNIN PSO

mAANISEINUNUSLANS AN Jah Jaa1nn
Particle Swarm - Aumdweulisingiiey. - duuliunashinegly
Optimization (PSO) wingdmsuUgmnluBiadu Local Optimum lagianig

Tutgmninunaunaua

Ty
- USUMILA A LLNUA AW - UsEanSNNe19anaInNn
FUYDU AUUAANNISTLR SIS uA UL

N7 REASEY
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2.7.3 Bee Algorithm (BA)

BA lausstiunialaannuginssuni1snionisvedi lneusagilaazwnuan

AweuluiunAum wagnereuauiuIRdANIaeNANEn (Wu A1AURANATR

Agn) Heazdeansteyanaunuiuiwindy ieifialamalunsAumdneuiivangay

q

Nan weallalidaudangusazaiuisandnidenisineglu Local Optimum lad

9

a1unsaasUTenLastodNnIg AIMIS1e 5

AN 5 A 9LERIYDRALAZTDINAVBWNATANSIALUSEANS AW BA

o/

MATANISIANUSEANS AN Jof J8ANNA

a

Bee Algorithm (BA) - fUsEANSAmALluNIS - AR9USULAIN TS WU

vaniagansineglu Local  91U3URY (Bees) hagitui

Optimum 81533 (Search Radius) T
E
- izdmsutlyni - 910l Audymnd

#99N15NISUSUAIMNIEWDS  YuIRNUNAUILnLALlY

28198L28M

TusAdsinerdunisnensaindsnulninsgezau n1siimatan1siNUsEansan

wianflunlglu ANN drvanteRanainlunisweinsal Wi A1 Mean Absolute Percentage

(%
a v w1

Error (MAPE) uazein Root Mean Square Error (RMSE) 8nvsegigusuusanisiseuives

calo v

a9y ANN Tisiannuaenanediudayatavan un1saifidutounng W

1 '
a1 a

v o a a a a = A [ d' =) o v o
AU NAUANITNNUTZANTNINAINBLTUATDINBE UNVIULNUANYAINYDI ANN

waglasuaMuetievedumadmiunsih lulgnuluamnundeundesnisauwiugas

(%

W NMsuImsdansnasuliiluewan aunsoagudefuaztedainudazds fwm1sg 3

a o

2.6 9UAWANBIVD4

'
a & A

PNNITETRIULNInsAnwINIsanAmaihgegauas seuulyaiUsshvgield
Tunswensallvanlniarmin lngaziiulun1sivenmslul
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Aruta wazAE (2023) lHTAILNTZUUAIUANNEIUTIRS8ZEMSU HVAC (Heating,
Ventilation, and Air Conditioning) Tagl#' ANNs uaz GA Tae ANN grlfifleneinsaliladediil
HARONTTIINAIUVDITTUY HVAC 10U aungll Ay warlvaandsnureserans Tuvas
71 GA grianlfifleyunssiinnsriinutsaszuu HVAC 1w gamgfiithmne seunmsvie
YDIADUNTAYRS warALLSIweInay TiAnUsednsningan lnedflsdanisannisld
nasulnglinsgnuseseRuANaLAINAUIETR LAY NaNTTNAa kAR LN SEUY
aansaannslimdsanuues HVAC as 25% Tuvaziidanssnwinmuniweinianiglueiansli
ogfluszdufingan wonanil stuudsgannissveddasstgliinlurasitardesnisld
NAUES

Behzadi kaganig (2023) lamunseuuaiuau Peak Load tngld ANN waz Grey
Wolf Optimization (GWO) Falusaneitudaiinuinsilaiuusaiunalaainngingsy
vowU1 ANN gnldlunisiiaseiuaziBaussuuuunslindnuesenans saudanensel
ANuABININEINUAIIT YTl GWO Yiwthilvnarfanzandigalunisdnasndsny
Tinuszuulii Tneadlsdadadudiusaiuasseansamlunisldndanu nan1svaasg
wansliiiudnssuuaansaan Peak Load 1dfa 20% Tedawalvianmnsnansuyundssmly
Prnaiiising uenaini ssuudwsfuefosnmusdassingliinlneanauiunny
Yol naANaIIY

Chen wazay (2023) lgWmun Multi-Agent Al-Based Optimization d1%5U81A1T
wasusaasey Ingld Deep Learning uaz Reinforcement Learning (RL) szuuiloanuuy
wiienszelaandsnusmlutRse i mEsufiunnaaiy Wy ndulaeing
LURMD3d1589 wazlniihannlaswiendn lneldwain RL Wisliunusansey (Al Agents)
aunsaiseusnginssunslindenusazyFusdinagnsnisianisireandsnusuuiEealng
sTUUENINTANTIITUTnaTinIFRsN sl s9ugean (Peak Load) wazvinnisnszany
Tnanlduummeidsomieanialuiniisnelitugunsaiftlisnduludasnaniu dewaly
aan1singaulutag Peak Load Mie 18% uaztrelilasenelwidaamadeossdu
Taiowlunsaifiotmslindssainivassudeutundn

Garcia wagauz (2023) lawWmuaszuy Demand Response (DR) ngld Deep Neural
Networks (DNNs) uay PSO sguviiiiiveiiossliglindsnuaiuisauiuilden
wAnssunslindanuiiieannissaeslassiaslnil-lugisniaaudesnslindsanugs ssuu
14 DNNs Tumsinsesiguiuunislindsaunaznensalfisnarfininudesnisndsnuas
g9y vt PSO gnldlumsusuudsnagusnisniuquivanndsnuiuuealn Wy nisan
dslniwanasedddlniilisnulugig Peak Load wiomsvzasmismsauunineidses
lUgmhanaiindsnunyuisuannsondalduiniy nanseaesuansliifuianusnan
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nslandanuluyis Peak Load 16ga 18% Tareifianaiesnimvediassielniin andunue
Irifweldanu wazantyvinisuiauaaundenulugisaiiaudenisgs

Giglio wagAmg (2023) LAKUAUDIZUUUINITNEWIUAINSU Microgrid Iaeld
Reinforcement Learning (RL) lag Neural Networks szuvillgSuniseenwuuiiieda
mswdsanlu Microgrid fdnslindanuannunasvsudeunagndanudiios Iagld Neural
Networks lunismanisainisndauaganuseenisidngeny wazld RL lunismivaunisdne
wisilugalnandisniulnednlud® ssuuaunsouiudsunagnslunisnszaewdanld
LLUUlmmﬁﬂsﬁuagjﬁuﬂﬁwm o WU @NINBINIA NSHARNSNIUINEAISwas LavUIuIw
wdsufisniuluwunnes nan1svnaaeiu Microgrid S188aNUINSLUUAINISOAANEI91
andeas 22% uaztieiiuiatiosainlunslindanunyudou villik Microgrid anunsa
auldesalivssansanlaglidesiianlasselniimanuinidn

Huy kazAng (2023) lauaue Home Energy Management System (HEMS) Tagld
Artificial Neural Networks (ANNs) wag Reinforcement Learning (RL) dienannsainisld
n¥suuazdunualihuuuEealnd ssuuildsunsesnuuuliannsnGeuinginssunis
ldwdsnunieludiu wagvitnisusulnanndsuvesaunsalsng q lnedaludd Wy
weedlilndi ipdosuiuennia uazssuULaEI WlelRAnNsIna U siiuszAnsam
a9an Tunsnpaes szuvaansnanmsliwasnulutig Peak Load lnetdounionszanenan
nslfugUnsalfilindanugseanludewrsnaia i viedlelindsnuvyuiou
Figane wadnsnuinssuvatunnandunundsuatlads 12% wagdstoifinaiosnm
Tifulaseanglnilaenisannisslvanasan

Mousavi wavang (2023) ladauessuu Al-Based Predictive Control @iy
91A13 Net-Zero Energy Building (NZEB) In&l% Neural Networks wag Model Predictive
Control (MPC) svuviioanuuvanifioannisianaliiiiainlaseie wazifiunislindsny
vyuiousgnsliusyansain lae Neural Networks gnlfitoneansainswdnandanuain
udsEuGsua vt Wy nswensaifidsliiihindaa nuadsansivad laefia1sunain
Yoyaanimeini vaizi MPC gninldiiloauauiiag dnassndsuliivenzauianluls
aztiaan nanRaesiusImsIliwaanuyURsudundn wuhssuuasoanaldane
Frundasiuag 22% wastaeitudnsin sindsmeudouliasdusenaiiod e venand
33UU€J’@6&3aammaw%awé’wuﬁLﬁmmﬂmilﬁ‘uLLazah&JwﬁquﬁﬁUIwam

Nakamura Wagamy (2023) Jatiuluiinisiamun Smart Grid dwfuerasild
nasuvyuie negld Deep Learing wag Particle Swarm Optimization (PSO) syuUil
ansavimsinnsmdsnulaserinduaziunneidises Inge1fe Deep Leamning Tun1s
wensainsrAandanunuvamyuisu warld PSO Tunisuiuudinsaendanuiteli
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Ananuaiesgegn nan1svaasdlueimsnidizdnlilearswaduansliiuitaiunsoan
WA UEYFEAe 14%

Patel wazAuy (2023) lawmululag Long Short-Term Memory (LSTM) Neural
Networks Efi’m%JUﬂ’liWEJ’]ﬂsiﬁiwaﬂwﬁﬂmuﬁuaﬂa’lmiqq LSTM (Juuszinnaas Recurrent
Neural Networks (RNNs) fidnsaandidoualusfnuazannisaiunliuvestoyaluouan
I¢ognaiiuszansnam Tumatldsunistingaedeyadiierfestuaamennia Sasinsld
wdsuluoin waznginssuveedendelueinisgs iletunaisuvudiassfianunsn
AAN1TAINSII NS 1 ua1 T e eg1gudug nan1snaassnandliiuIlumaaunse
wensallnaana1ulALLugIte 92% waganunsaannisignaseuluaag Peak Load lads
18% laerelraimisauinsinnisndsnulaegsiuss@nsnin wazann13zve9lAsetnY

Tl

Rodriguez wazane (2023) mmulﬂwmiwmm Al-Driven Energy !\/\anagement
System du§upianslusmine1ds Tagld ANNs way GA szuuiioanuuusniitefnunsuuuy
nsldnasaulugimsiieu veslfudnns wagverinindnw Iﬂsmwmauymﬂ%wmmuiuam
Uszananan U ANNs tieweinsaluunltunslindenu udsanntu GA aggldlunis
fvusnagnsimuzanlunisauauinanndsu wu msadulvanainwdsnundnllds
wasUnyUIsY vsensauaunIstn-Uasguuyinanuseusaranuduliivssdviam
49EA HANIINAADIIINDIATIUNNTINGIREVUIANAIN U TEUVAINTIAANEULNTN
goyLdeuas 18% Uavdiganenltingaunaanulriuuming sy

Al Smadi uaganiz (2024) lfausszuuarugundsnudaaiosdvivenansild
W uLE1ing Tngld ANNs wag Genetic Algorithm (GA) sxuviildSunseanuuuls
annsafuInSinanduiindnnundleatsisad uaznensainislindanuresennis
dranth 9t GA axgnlfifienmiuamsfivanganiigalumanssnendamliiulnansiis
9 efniundeuaAulunumnaesdises nan1snaasswansliiiuiasyuvanan o
Usgdndnanwesnslinasunasefinglans 30% haamﬂ%mmwé’muﬁqmlﬁa wazUIuan
nsRamndeuaanlasseiudnldedrsiivedrdn Taawnzluganai inday
weseinganusonanlanan

Lee wagAy (2024) laNaUIsEuYUSMTIAN1INEsEInsUom saivdlngly
Artificial Intelligence (Al) waufiy Artificial Neural Networks (ANNs) Lag Genetic
Algorithm (GA) szuuiianmsanensaflvaandsnusasernisarmiilalasendetayaain
nslindsanuluefin aufsan weiniauagnginssuvesgldaunielueians eszuy
annsamansalanudesnslindsnuldegiausiugndn GA azgnlfilon1isnisuinns
wisuimngauiign nefidhvneiioannsliwdsnuiilisndu viulnanludae Peak
Load wazifinuszaninmlagsiuaesens a1nnsvaaesiueiansdinauuuiaivgly
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ilea wudtszuuilanansoann1siindanuas 15% wisunian Carbon Footprint ¥8491A15
Ippgailtdudfny dwalidunuiundenuanas wasdelilasainglihiauaissuiniu

Martinez wagmug (2024) lasiau) Adaptive Al-Based Control System dusutinu
99238z lagly Neural Networks wag Evolutionary Algorithms szuuaninsaiseuisuiuy
nslindanuaingunsniaundeley wu ssuvuasaiiiaioddili wazssuudiuene
Ingld Neural Networks lumsiiasgsidegauuuiealng Evolutionary Algorithms aggnly
TumsivunnagnsmsauaugunsaludazaiinitelyiAnussansanngaan msveaesiuthy
99382918090 sruvarnnsaann1Tiindsulagsiulate 25% lagliaaneuniy
avnInauIeveIdegefe wartiglannsalindsnunyuisunnurilsasivadlaogiaiy
Usydngnm

Zhou tagauy (2024) ladnauenisnensalvanndanuvesernsniie lngly
Recurrent Neural Networks (RNNs) k&g Long Short-Term Memory (LSTM) Tuwnadl
aunsaddedanisldndsnuluefnuniieneiuasneinsainislindanuluudazdiswiale
agauaiug sruutgliguITmseInsansauunagnsnslenaanu wu n1suTuusenig
yhaureueieslsuemauagsr Uil s auBedy nanmsmaaemuITsEUUAINID
ANRUNUNGNIURY 17% uazdanuudugilunsnginsallnaanasnugeds 95%

Zhang uazauz (2024) Taiaualuma Al-Based Energy Optimization @1%5U81A1%
ﬁiﬁi’fwé’amumguﬁsu Il Neural Networks tag Particle Swarm Optimization (PSO) e
davsgAvdannlunisdaniandsan ssuuiBududsnsnusadeyanundmiany
Uiy 1wy uwnslvansivaduagiaiuan 91ntu Neural Networks aglidoyadendidie
mansalUnamdsnuiiansananlalusazdaana vazdl PSO gnihanlfiilemnagns
finfgalunisdnasmndsnulifussuulifiagluoiais Tnsfinasansianudesnisld
WA ULAZNI N UNAI W TEUUANAUNG 19T (Battery Storage) RaN1sVAaIuandly
U UUAINSaR RN UNEIILEY 20% Lagannnsanwdsuainlasenelniiman
Tngrawglutisnariindsuviuieuansnsonds dlutuamn venani ssuuddsan
Msgaydendsuannsiamndsnunas nnsiendsnulugsnanitlisudu
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oyl UUNLER8 LS U1IUN1SUSINTIANITNARI LU UD A5 8L anANAI bW

nsusIUNdeyalunuideiladniiunisiagldssuu Automatic Meter Reading

(AMR) Faduszuuiivaudulaenistnilidugiinie deyansavsaulauiannisldu

naulni1ve 1130 isvdy wnInerdes1vigensing lutlnadusibiouuns Ay

W.A. 2563 fanausuiaL w.a. 2567 lnsdidvunegiiielvlddeyanaseunqunisldanu

wasubirlugaunisalivainvaie aseUAaNYILIAINTIELNTNg9an (On-Peak),

Pranamslaliihsian (Off-Peak) uazdoyanslilninluunga (Holiday)

11579 6 Toyan1sldnasnulniiveseInsgiisnvdy unInendesvigensang w.a. 2563

Month Off - Peak On - Peak Holiday Sum Load Season
Jan 200,880.00 64,442.63 52,421.18 317,743.81 Winter
Feb 192,342.18 59,680.47 55,899.98 307,922.63 Winter
Mar 208,562.01 69,540.96 60,090.30 338,193.27 Spring
Apr 124,173.96 56,753.52 39,787.21 220,714.69 Spring
May 139,674.94 53,004.43 61,328.47 254,007.84 Summer
Jun 185,978.49 65,544.92 43,823.73 295,347.14 Summer
Jul 216,785.60 72,398.75 56,346.35 345,530.70 Rainy
Aug 201,393.48 66,619.74 74,886.79 342,900.01 Rainy
Sep 280,050.58 77,592.47 70,030.50 427,673.55 Autumn
Oct 229,716.84 71,223.84 65,976.27 366,916.95 Autumn
Nov 154,741.28 56,664.07 54,248.98 265,654.33 Winter
Dec 138,076.48 54,684.23 40,513.01 233,273.72 Winter
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M58 7 Teyanisldnasnulninvesensniisudy unninendusudgansing w.e. 2564

Month Off - Peak On - Peak Holiday Sum Load Season
Jan 93,711.20 48,734.15 43,311.12 185,756.47 Winter
Feb 148,981.61 52,014.91 48,899.54 249,896.06 Winter
Mar 304,730.46 85,543.23 68,444.00 458,717.69 Spring
Apr 131,026.03 50,737.84 70,380.52 252,144.39 Spring
May 155,264.17 57,383.15 59,088.11 271,735.43 Summer
Jun 204,360.32 70,184.35 54,208.90 328,753.57 Summer
Jul 152,690.63 63,020.72 51,627.04 267,338.39 Rainy
Aug 154,497.68 64,023.08 50,297.23 268,817.99 Rainy
Sep 137,295.67 58,689.21 43,256.57 239,241.45 Autumn
Oct 130,940.49 54,480.60 55,840.16 241,261.25 Autumn
Nov 172,363.55 62,591.37 40,381.72 275,336.64 Winter
Dec 110,409.98 53,386.58 43,761.40 207,557.96 Winter

1379 8 Toyan1sldnasnulnfiaveseinsglissdy unninendusvigansang w.e. 2565

Month Off - Peak On - Peak Holiday Sum Load Season
Jan 97,777.05 54,066.49 44,121.94 195,965.48 Winter
Feb 105,594.92 52,131.71 45,956.72 203,683.35 Winter
Mar 195,699.98 76,657.44 54,896.76 327,254.18 Spring
Apr 159,462.89 58,299.39 71,638.53 289,400.81 Spring
May 172,648.61 65,967.99 54,016.35 292,632.95 Summer
Jun 282,520.30 89,135.40 63,752.07 435,407.77 Summer
Jul 229,510.45 69,544.44 95,766.67 394,821.56 Rainy
Aug 249,794.76 81,402.74 62,467.28 393,664.78 Rainy
Sep 272,7146.61 84,584.63 60,037.31 417,368.55 Autumn
Oct 167,679.36 60,604.51 65,928.51 294,212.38 Autumn
Nov 200,307.93 69,116.93 45,227.95 314,652.81 Winter
Dec 145,007.15 57,402.13 51,550.90 253,960.18 Winter
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M1379 9 Toyanisldnasnulninveseinsgiissdy uniInendusudgansang w.a. 2566

Month Off - Peak On - Peak Holiday Sum Load Season
Jan 127,834.67 56,500.68 37,235.39 221,570.74 Winter
Feb 185,081.18 59,921.41 56,122.29 301,124.88 Winter
Mar 223,748.68 72,182.06 63,598.36 359,529.10 Spring
Apr 161,536.02 55,136.89 69,416.54 286,089.45 Spring
May 205,300.54 70,438.24 66,490.95 342,229.73 Summer
Jun 318,959.12 96,324.13 58,900.32 474,183.57 Summer
Jul 276,658.19 85,074.21 89,386.53 451,118.93 Rainy
Aug 275,862.39 86,782.51 72,434.42 435,079.32 Rainy
Sep 279,572.97 85,199.82 72,059.35 436,832.14 Autumn
Oct 203,994.72 69,323.76 64,003.77 337,322.25 Autumn
Nov 222,811.49 73,773.52 51,978.17 348,563.18 Winter
Dec 191,659.00 67,016.18 61,189.28 319,864.46 Winter

11519 10 Fagamslindsnuluiwetormsnfiswsy univedesydgensing w.e. 2567

Month Off - Peak On - Peak Holiday Sum Load Season
Jan 174,913.57 66,615.86 53,630.97 295,160.40 Winter
Feb 219,116.85 71,790.21 53,646.05 344,553.11 Winter
Mar 255,885.14 81,090.33 82,995.10 419,970.57 Spring
Apr 255,885.14 81,090.33 82,995.10 419,970.57 Spring
May 206,663.54 72,749.13 62,237.28 341,649.95 Summer
Jun 242,991.54 78,867.72 78,229.35 400,088.61 Summer
Jul 303,447.59 98,081.64 56,308.52 457,837.75 Rainy
Aug 260,643.27 86,196.86 70,171.21 417,011.34 Rainy
Sep 274,022.33 85,001.77 65,964.75 424,988.85 Autumn
Oct 235,729.95 82,266.96 64,461.51 382,458.42 Autumn
Nov 213,747.70 70,576.38 52,973.14 337,297.22 Winter
Dec 45,864.95 13,440.94 14,307.00 73,612.89 Winter




32

a &

Tayaiiiulaainsruu AMR wansiagusuunsidndsnuliinlundagifiou &9

[

asandesnuganIalulsenalneg lawa ganu1d (Winter), goluldiug (Spring), ga3ou
(Summer), gauu (Rainy) kazgluldisas (Autumn) Wuldeiiudeyalunisne 3-7 Nuans
Poyanislindenuluusiagl Yedaiitelin s eiaiasaasioungAnssunsionaeany

Irlwesldnulundazyisianliegednia

wasaannasiivdeya tayanldvrgniiuisiunssuiunismssudeyaiiielinioy

dusunisnensalaelaseneUssamiied (Artificial Neural Networks %158 ANN)

3.4 n1sankuulAsIUIgUsTa e (Artificial Neural Network - ANN)

TAseteUszamiisy (Artificial Neural Network %58 ANN) Wuluusiassfilasunsa

Ly

Jumalannlaswaiawagnisvinnurasaueiysy danuaunsatunisiseuiuazaianisal
Payaniinugudou Inglunuideil ANN gneenuuukazySuwadlimunsaudmiuns
neNIaiANReINsindsulninsgesau Inelitunaunisoanuuusiall

3.4.1a07Upunssuveslassiiedszaminisy
Tnsate ANN AlHlusuAdeihfiunuy Feedforward Neural Network dsfayaayiva
Wlufienafieaanduida (nput Layer) TUffsudsonn (Output Layer) riutugeu
(Hidden Layer) Inglsifinsdfaunduvesdeya uavidenvousaz Uil
3.4.1.1 i (Input Layer)

v Y %

- iUGZJE];JUaG]’JLL‘UiﬁLﬁEJ’J%aQ 1w A1 Off-Peak, On-Peak, Holiday tay Season
~ Snumadluiuiaonadesiusausauusidi (input Features)
3.4.1.2 Sugeu (Hidden Layer)
-1 2 Fudou usazdudl 15 uag 30 WwadUszam MHiladdunianszduiuy ReLU &s
aun1s (9)

f(x) = max (0, x) 9)
3.4.1.3 Fudsoan (Output Layer)
- ilsftun)snseAunuuiBadu (Linear Activation Function) Wilosea3unadws

Wuasaias (Continuous Values) Wy AAIINAeIN1sasu i Anensal

3.5 MsiuUsEanSnwalewmaian1sinUsEansaaw (Optimization Techniques)
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o w

wadAnsiNUsEaNS AN (Optimization Techniques) Wulasesiiadrdglunns

o

YSuusaussansamvesiuuinaedlasetigUseamiied (Artificial Neural Network %38

= ¥ [y L4

ANN) TaganzlunstiNne19997unIsNeINSAIANNLAMUTUTDU WU NITNEINTIAINL
foan1snasnulndissesdu wadawai i unuiniunisusuaInis1iwesvalasatig wu

Wit (Weights) wagA1lukea (Biases) livalilanadnsnudugign

3.5.1 fantuinguszasaildlunsguiunsiiuysednsnmn

(% '
Au A

3.5.4.1 Mean Absolute Percentage Error (MAPE) \Jusa@iia#ldlunisinainy
walugeaLuUsIaeen1TNensel lnufunaainatedsvealesusanuianainwuy
&uysal (Absolute Percentage Error) sg#inenfineinsal ( ) uazA193e (y,) Tunn
Frog1s TelsUiauves MAPE Aeaunsafinnunadsndiuesidus SsirenensiSeuiiou

AIAUNIT

100 <
MAPE = —
n

Y }Tt
Yi

t=1
1989l n A9 IIUIUAIDLIIVIINLUA
y, AD A1939vRiREN t

v, Al ANNINEINTAIVDIFIBENNT t
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NanN15938

a o a’l’ Y =3 a a 4 2 (v
NAN15IA8Y LaRILMAUDIUTEANTNINVDINITNEINSIAUABINITNAI UL
svazau Wneldlaseuneusean ey (Artificial Neural Network: ANN) MiAnUse@nsnine e

wAANSINYSEENS AN (Optimization Techniques) takn Particle Swarm Optimization

v '
v A

(PSO), Genetic Algorithm (GA) Wag Bee Algorithm (BA) lasiin3usziiunan U@ ing

[ 1

@Aty WU Mean Absolute Percentage Error (MAPE)

4.1 WSyuiguanundiugvaeluna

INNITNAADINUIN LULAE ANN LUUALALIANUBLUGIAINIINNTHETUAUMATANIS

WinUseansain IneaiauRanwain (MAPE) 989uaazlalnailnanisnd

1379 11 AmnaRanainesisudduysaliade (MAPE)

ANN + Optimization Technique Value (%)
Artificial Neural Network 4.3038
Artificial Neural Network + Genetic Algorithm 2.2198
Artificial Neural Network + Particle Swarm Optimization 3.8130
Artificial Neural Network + Bee Algorithm 2.1559

snnsnnaesilamiiunisiieUssdiuauuugwesdunalnsawislssamidioy
(ANN) Tunnsnennsalanngdesniswaanuluih wuiilaea ANN wuusaiuiiawanuisaly
nsnensaiaaddieussuiouuluna ANN finausumadanisiiuyseansan Tnea
m’mﬁﬂwmﬂﬁlﬁlﬂiugﬂﬁuaﬂ Mean Absolute Percentage Eror (MAPE) uaaslofisiugianng

wANAStUUSEANS ANBENTAL U

Luwma ANN wuuanin gaviaulaglulasunisusudssismatiaasula « fie
MAPE wifiu 4.3038% Feagviouieninuaainniouiiafigalungusiiegeisnisinaasy

TuvuziluwantasunisuauiumadansfinUseansnniaiaunaineasunanadasng
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Jiulddn Tne ANN 7ld53ufU Particle Swarm Optimization (PSO) ff1 MAPE anaswie

3.8130% Wanadan1susulaanusiudnluseaumni

dlewSeuisufumafindu 9 wud1 ANN+Genetic Algorithm (GA) wan3
UszanSawlaanin PSO Taadien MAPE 111AU 2.2198% ag19l5An1u Tuwma ANN+Bee

Algorithm (BA) HaPSHAANSNIATIRA 7ef1 MAPE Wiied 2.1559% wanataninuuwsiuggegnlu

nsnensallnan b

4.2 N15KUSIUMIBUNTTZIUDIWLAZNTZIUNANAN5Al

AL ausly AwUsEnaun 12 - 15 wandn1siuseuiguseniIneaiinlaass
(Actual Load) waza19iwensal (Predicted Load) lngldluinasig 9 laun ANN, ANN+GA,
ANN+PSO b8z ANN+BA FIHaaNSUDILAaLNI WAL NoUDIANUAINITAVDILULAATUNNT

NYINTUAIAILABINS AR AN TuY 989N AAUA

Comparison of Actual and Predicted Load (ANN)

451

Actual Load i
= = = Predicted Load
0 2 4 6 8 10 12 14 16 18
Sample Index

ANUsENBY 12 N15USHUMEUNITEIUITIHALNITZIUNAINNSAd ¥o9lataa ANN

nslun nysznau 12 wamen1Inennsaivedlaina ANN Luuaaay Gaandlmiuna
ANNUAAIALAAD UNTALIUTUUI9Y98 Inean1Zlutd 19008199 6=8 hay 13-15 AN
NN AU TOTUAIINAUKIUYDIANIDI I A1 IbU U FILARIDITDINTAUDI ANN WUU

S oa A 1 o v a PN a a
AufudielfinsUSuUsmewmeaiansifinuseansnm
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Comparison of Actual and Predicted Load (ANN+GA)

45

25

Actual Load
— — — Predicted Load

0 2 4 6 8 10 12 14 16 18
Sample Index

ANUTENDU 13 N5USHUMBUNITEIIUASILAENNTENUNANANITA] Yo9lataa ANN + GA

ANUIENDU 13 Lansnan1sweInsallag ANN Ainauiu Genetic Algorithm (GA) &4
wiuliangeaInefousEnIeAassagAfinensalanasesslidadAydieiisuiu ANN
LUURAAY Arnensalanansadusiiuuvesanasdlanvulufieurnteiiegne uwliedaingg

Weauuantesluu19tianan Wy Fegiein 4-5

Comparison of Actual and Predicted Load (ANN+PSO)

45

25

Actual Load ||
= = = Predicted Load
2 4 6 8 10 12 14 16 18
Sample Index

ANUSENBU 14 N5USEUMIBUNISEINUISILELANTENUAANNNTL 989kea ANN + PSO

A NTUNINUSENBU 14 WEASNANISNYINTAIVDI ANN Ainaunu Particle Swarm
Optimization (PSO) &ilUse@AnNEAImAnNI1 ANN LuUALAY uidsasianuaainadoueyly
U999 WU F081997 6-7 WazF198197 15-16 p819lsAny wani1swensaidwualdy

TnaAganUAI9TIUINTUNIINISIY ANN L9989 Re
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Comparison of Actual and Predicted Load (ANN+BA)

45

251

Actual Load
= = = Predicted Load
0 2 4 6 8 10 12 14 16 18
Sample Index

ANUIENBU 15 NM5USHUMIBUNITZIIUITILALNITENUNAINNIT! Vo9laLaa ANN + BA

ns1luanUsenau 15 \Wunadnsain ANN kg uiu Bee Algorithm (BA) @4
LEAIHANIINEINIUNANGALUUTIALUWaANAaRY ArinensailiaaulndiAsium1a3wIn
Mgalunniieinegs madeavuiidesunniieliieuiuisn15au q LAAITIAINEIN1TATDS

ANN+BA lunsdnnisiuanuiuniuyeayakas nensallaaeaudug

nAmUsEneu 16 - 19 1unisuaneuarenstml Scatter Plot FauSeuifiay
5813191934 (Actual Load) fuanfinensel (Predicted Load) tagldlanasing 9 léun
ANN, ANN+GA, ANN+PSO wag ANN+BA Tagluusiaznsm gadeyafieglndviesguuiduls

uansfannuduiusiugauad agavvioutienruuiug1vein TneNsaligey

Scatter Plot of Actual vs Predicted Load (ANN)
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nslunmusznau 16 Wunadwsainnisweinsalsag ANN WUUAURAY WU3190

Toyailn1snszateiisenanidulsluvaiedis lnsanigluusnuanidivaanuagAnd

Wangs agvioulviiiiuin ANN wuuasRuddedainlunisiumudy

wUsUwarA1AILFINITNAII U

Scatter Plot of Actual vs Predicted Load (ANN+GA)
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Amsgnau 17 naluuunszanaaedinanasauazlnanfatanisad veslina ANN + GA

nslunInysznau 17uansNanIsweINIalues ANN ANaIUAU Genetic Algorithm

(GA) wudnatauanszarglndiuidudsuinduiliomis uiu ANN WUURAGAY kanadianis

UFuusanusdugvesnisnginsal adeyaduualtdunizdnesiniudulyludnyuen

a1LEaNaUINTU Tnga Nz luT9AIAINABINTS AR UIUNA1S

Scatter Plot of Actual vs Predicted Load (ANN+PSOQ)

45t Jis
,/
’/ [ ] b
— [ ]
z 4 4
= &
~ 7
o rd
S 7
S35t e e
8 0
3
3 A0
D!: 3r , ’
’ 7 [ ]
s
25 /, [ ]
A
2%
5 ‘ ‘ ‘ !
2 25 3 35 4 45

Actual Load (MW)

AmUsgnau 18 naluuunszanaaesinanasuazinania1anisad veslima ANN + PSO



39

nslunmuseneu 17 uanwranisng1nsalves ANN fnauiu Particle Swarm
Optimization (PSO) &akaneAuusiugANd1 ANN wuuauas uadeiin1snszanedivesyn
Tayasonaintdulzluundie lnglaniglugianiilvangs n1susulgediasviouds

o o w

ANNALNT09D9 PSO Tunisiiuauisiugvaes ANN agelsianny Falidasndaluuiansdl

Scatter Plot of Actual vs Predicted Load (ANN+BA)
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5.1 9AUS18NAIUIY

nan1saaelundailuandiiudsszansnmaedassiedssamiion (Artificial
Neural Network - ANN) finanufumeafianmssiinuszansam (Optimization Techniques)
Tunsnennsaliinudesnisndsnulifiiuuussesdy (Short-term Electricity Dernand
Forecasting) Mndayanislnundsnulniiivesensgisivdy winedessigensand
Tnewseuiieuluina ANN wuusadufulumaildimaianisiiudss@nsaam wu Particle
Swarm Optimization (PSO), Genetic Algorithm (GA) tay Bee Algorithm (BA) Wu1n
ANN+BA ﬁﬂ’;’mLLzJ'uETTQQQW 1asiiA1 Mean Absolute Percentage Error (MAPE) Gil”]ﬁlfcjﬂ
WU 2.1559% Geagviouliiiudl BA fnnuannsolunsuiuusenisiinesues ANN
ogneflUszaNSaIm sevasAe ANNEGA wa% ANN+PSO d@au ANN wuusafiniian MAPE
aeandl 4.3038% Wansfadadninues ANN wielsidinisusumsidimesifiai

NaNIsIASIERTanliiiud nsifiumaiansfinuszans amdasanainy
aarmndeuluntsnennsal villueaauisatuaiududeuvesdoyaldddu uazatunan
ses3un1sdsunvasasngingsuntsiindenulniluudazydaanatldd nsldaddu

[

nOUsEasA WU ITAE, MAPE wag RMSE 9agidiuainuudugveduinalagnisyianning

[
Y o

Hanatnludagseunisiseus el n15USuni518nesuad ANN srewmaila BA Swtigan

Yamnishnegluenaansyiastiu (Local Optimum) Fudulgmddglunszuiunisiy

Y52aNTNINVBI ANN
5.2 UYDLaUDLUY
5.2.1 Msunadagluly

NanN15398a11u1501 MUTUTRI N9 U LA Z US U5 ANS T UUNS I U NN wu

¢ v @ & A Y o
NSNEINTAUAIUADINTITNAINUTUNUNFS 9 ﬂ’1i‘lJi‘U‘Uiqflﬂ’JWQJQJUVN“UaﬂizUUIW‘W’] bbe1& NS
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fvuaulsuneiiiosesiunaivlnvesnislindsmiluouean Tnslawzlunsdidesideya
Fednfifaududon
5.2.2 MW lnaLisAY
AY5AANTUINITHAN ANN Aunadanisdfinyusednsamdu o wu Whale
Optimization Algorithm (WOA) %38 Grey Wolf Optimization (GWO) dewSeuiiieu

Y

UszanSamuaziiinninudangulunslianu suwfennsuuasuilsiduingussasdls
wanzaufunsdifnwivainvany
5.2.3 MafiuAnamanviatevesdose
mnﬁmamam’fagﬂaLﬁmammﬁuﬁﬁu 7 AfngAnssunslindsnuliifuansig
fu Wy wagaaINnIN Wafiino1de uiaRuilvuun o 8uaunINTITY uay
pyRaeUmNEBnIavesinalunsUsTInanateyaTitdn vz oz
5.2.4 nawaLLATeileE
msiaBumeflevTeveriuiisesunslinuuuusealng ietelvimieau
Ay esasnhuansnensallUd U LT uazannsauussransnmuesliing
Tuszezen
5.2.5 9A53¥ 3
318 ANN Aifianududeugeenafiuamnudesnssuninennsaouinmes Jsaasd
nsUszdualddneuarninensilisiudunisdinuszansamlaina Weldaiunsn

AtiunsliegeruAuaz S8
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AMARNUIN

Code MATLAB M.file ¥89 ANN

% B1utayadnbilad Excel

fileName = 'load_forecasting_data.xlsx; % wWagutaldnuteyaiasna

data = readtable(fileName);

if iscell(data.OffPeak)
data.OffPeak = cellfun(@str2double, data.OffPeak);

end

if iscell(data.OnPeak)
data.OnPeak = cellfun(@str2double, data.OnPeak);

end

if iscell(data.Holiday)
data.Holiday = cellfun(@str2double, data.Holiday);

end

a5

season_mapping = containers.Map({'Winter', 'Spring’, 'Summer', 'Rainy', 'Autumn’}, [1, 2,

3, 4, 5));



if iscell(data.Season)
data.Season = cellfun(@(x) season_mapping(x), data.Season);

end

% L@ Missing Values

data.OffPeak = fillmissing(data.OffPeak, 'constant’, mean(data.OffPeak, 'omitnan’);
data.OnPeak = fillmissing(data.OnPeak, 'constant’, mean(data.OnPeak, 'omitnan’))
data.Holiday = fillmissing(data.Holiday, 'constant’, mean(data.Holiday, 'omitnan’)),
data.SumLoad = fillmissing(data.Sumload, 'constant’, mean(data.SumLoad,

'omitnan'));

X = [data.OffPeak, data.OnPeak, data.Holiday, data.Season]; % Features
Y = data.Sumload; % Target (Load)

% Normalize Sé’fau”a Input

X = normalize(X, 'range’);

% UUstayadmnsu Train Uag Test
cv = cvpartition(size(X, 1), 'HoldOut!, 0.3);

idx = cw.test;

X_train = X(~idx, 2);
Y train = Y(~idx);
X _test = X(idx, 1),
Y test = Y(idx);

% ANN (Ll Algorithm 1&3u)

46



disp(Running ANN...");
hiddenLayerSize = [15, 30]; % USulasea319 ANN

% &519lATaUEUILEMALL
net = feedforwardnet(hiddenlLayerSize, 'trainlm’);
net = configure(net, X _train', Y_train’);

net = train(net, X train', Y_train’);

% WeNTR

Y pred = net(X_test);

errors = Y _test - Y _pred}
MAPE = mean(abs(errors ./ Y_test)) * 100;
RMSE = sqgrt(mean(errors.A2));

% WARIHNAGNG
fprintf(MAPE: %.4f %%\n', MAPE);
fprintf(RMSE: %.4f\n', RMSE);

outputFile = ‘forecasting results ann.x(sx’
resultTable = table(Y test, Y pred', errors, ...
'VariableNames', {'ActuallLoad', 'PredictedLoad', 'Error'});

% LNUsEANSANluANse

ar



a8

performanceTable = table({ MAPE'"; 'RMSE'}, [MAPE; RMSE], ...

'VariableNames', {'Metric', 'Value'});

% Weuas Excel
writetable(resultTable, outputFile, 'Sheet', 'Results’),
writetable(performanceTable, outputFile, 'Sheet', 'Performance’);

disp(['Results saved to ', outputFile]);

% nsNUTEUTBUAMTSazATTinennTal

figure;

plot(1:length(Y test), Y test, 'b', 'LineWidth', 1.5); hold on;
plot(1:length(Y test), Y pred, 'r--, 'LineWidth', 1.5);
legend('Actual Load', 'Predicted Load', 'Location’, 'best’);
title('Comparison of Actual and Predicted Load);
xlabel('Sample Index’);

ylabel('Load (MW));

grid on;

% N3N Error Distribution

fiure;

histogram(errors, 20, ‘FaceColor', 'r');
title('Error Distribution?);
xlabel(‘Error (MW)Y);
ylabel('Frequency’);

grid on;

% A5 Scatter Plot SEMIN9ANSILALATNEINT A

fiure;
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scatter(Y _test, Y_pred', 50, 'filled);

hold on;

plot(Imin(Y_test), max(Y_test)], [mi e max(Y_test)], 'k--, 'LineWidth', 1.5);
title('Scatter Plot of A /ﬂ-/!,\

xlabel('Actual Lo ‘ ‘

ylabel('Predi D3

grid on;




Code MATLAB M.file U89 ANN + GA

% g1utayadnbila Excel

fileName = 'load_forecasting data.xlsx’; % L‘Uﬁ&ﬂ%@lﬂﬁmmﬁamﬂammﬂm

data = readtable(fileName);

if iscell(data.OffPeak)

data.OffPeak = cellfun(@str2double, data.OffPeak);

end

if iscell(data.OnPeak)

data.OnPeak = cellfun(@str2zdouble, data.OnPeak);

end

if iscell(data.Holiday)

data.Holiday = cellfun(@str2double, data.Holiday);

end

50

season_mapping = containers.Map({'Winter', 'Spring’, 'Summer', 'Rainy', 'Autumn’}, [1, 2,

3, 4, 5]);

if iscell(data.Season)

data.Season = cellfun(@(x) season_mapping(x), data.Season);



end

% LU Missing Values

data.OffPeak = fillmissing(data.OffPeak, 'constant’, mean(data.OffPeak, 'omitnan’);
data.OnPeak = fillmissing(data.OnPeak, 'constant’, mean(data.OnPeak, 'omitnan’)),
data.Holiday = fillmissing(data.Holiday, 'constant’, mean(data.Holiday, 'omitnan’)),
data.SumLoad = fillmissing(data.Sumload, 'constant’, mean(data.SumLoad,

'omitnan));

X = [data.OffPeak, data.OnPeak, data.Holiday, data.Season]; % Features
Y = data.Sumload; % Target (Load)

% Normalize Gi’fauua Input

X = normalize(X, 'range);

% UUsUayadIvsu Train Wag Test
cv = cvpartition(size(X, 1), 'HoldOut', 0.3);

idx = cv.test;

X train = X(~idx, :);
Y train = Y(~idx);
X_test = X(idx, 2);
Y test = Y(idx);

disp('Running ANN+GA...");
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hiddenLayerSize = [15, 30]; % Usulassas1s ANN
objectiveFunction = @(weights) gaObjectiveFunction(weights, X train, Y _train,

hiddenLayerSize);

b =-0.5* ones(1, (size(X train, 2) + 1) * hiddenLayerSize(1) + ...
(hiddenlLayerSize(1) + 1) * hiddenlLayerSize(2) + ...
(hiddenLayerSize(2) + 1) * 1);

ub = 0.5 * ones(1, numel(lb));

options_ga = optimoptions('ea’, 'PopulationSize', 30, 'MaxGenerations', 50, 'Display’,

iter");

[bestWeights ga, ~] = galobjectiveFunction, numel(lb), [1, {1, [I, [, b, ub, [,

options_ga);

net ga = feedforwardnet(hiddenLayerSize, ‘trainlm);
net ga = configure(net ga, X _train', Y _train’;

net ga = setwb(net ga, bestWeights g¢a"),;

Y pred = net ga(X test’);

errors = Y_test-Y_pred}

MAPE = mean(abs(errors ./ Y._test)) * 100;
RMSE = sgrt(mean(errors./2));

% WANINAANS

forintf(MAPE: %.4f %9%\n', MAPE);
fprintf(RMSE: %.4A\n', RMSE);

% JuinNaansas Excel
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outputFile = 'forecasting results ga.xlsx]

resultTable = table(Y test, Y pred’, errors, ...
'VariableNames', {'ActuallLoad', 'PredictedLoad’, 'Error});

% \iuUsyAnsnwlue 3

performanceTable = table({ MAPE'; 'RMSE'}, [MAPE; RMSE], ...
'VariableNames', {Metric', 'Value'});

% Weuas Excel

writetable(resultTable, outputFile, 'Sheet', 'Results’);

writetable(performanceTable, outputFile, 'Sheet', 'Performance’);

disp(['Results saved to ', outputFile]);

% nyNiUTeuBUATS LAz Ainennsal

figure;

plot(1:length(Y_test), Y test, 'b', 'LineWidth', 1.5); hold on;
plot(1:length(Y_test), Y _pred, 'r--, ‘LineWidth', 1.5);
legend('Actual Load', 'Predicted Load', 'Location’, 'best’);
title(Comparison of Actual and Predicted Load);
xlabel('Sample Index');

ylabel('Load (MW));

grid on;

% N3 Error Distribution

fiure;

histogram(errors, 20, 'FaceColor', 'r);
title('Error Distribution");
xlabel('Error (MW));
ylabel('Frequency');



grid on;

9% n379 Scatter Plot 5¥1#I9AN93IMAZATNYINTEL

fiure;

scatter(Y_test, Y_pred', 50, 'filled);

hold on;

plot(fmin(Y_test), max(Y_test)], [min(Y_test), max(Y_test)], 'k--, 'LineWidth', 1.5);
title('Scatter Plot of Actual vs Predicted Load");

xlabel('Actual Load (MW)');

ylabel('Predicted Load (MW));

grid on;

function rmse = gaObjectiveFunction(weights, X, Y, hiddenlLayers)
% a3nlasseUsEanLigy
inputSize = size(X, 2);
outputSize = 1;
net = feedforwardnet(hiddenLayers, ‘trainlm");

net = configure(net, X, Y";

% $9A1 Weights Wa¥ Biases 21n GA

net = setwb(net, weights);

% VUIBHAANS

Y pred = net(X');

% AUINAT RMSE
rmse = sqrt(mean((Y - Y_pred’).A2));

end
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Code MATLAB M.file 9489 ANN + PSO

% g1utayavnild Excel

fileName = 'load_forecasting_data.xlsx; % wWagudalnanuteyarasaa

data = readtable(fileName);

if iscell(data.OffPeak)

data.OffPeak = cellfun(@str2double, data.OffPeak);

end

if iscell(data.OnPeak)

data.OnPeak = cellfun(@str2double, data.OnPeak);

end

if iscell(data.Holiday)

data.Holiday = cellfun(@str2double, data.Holiday);

end
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season_mapping = containers.Map({'Winter!, 'Spring’, 'Summer’, 'Rainy', 'Autumn’}, [1, 2,

3, 4, 5));

if iscell(data.Season)

data.Season = cellfun(@(x) season_mapping(x), data.Season);

end
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% L@ Missing Values

data.OffPeak = fillmissing(data.OffPeak, 'constant’, mean(data.OffPeak, 'omitnan’);
data.OnPeak = fillmissing(data.OnPeak, 'constant’, mean(data.OnPeak, 'omitnan'))
data.Holiday = fillmissing(data.Holiday, 'constant’, mean(data.Holiday, 'omitnan’)),
data.SumLoad = fillmissing(data.Sumload, 'constant’, mean(data.SumLoad,

'omitnan));

X = [data.OffPeak, data.OnPeak, data.Holiday, data.Season]; % Features
Y = data.Sumload; % Target (Load)

% Normalize %ayja Input

X = normalize(X, 'range");

% wUsoyad sy Train Lay Test
cv = cvpartition(size(X, 1), 'HoldOut', 0.3);

idx = cv.test;

X_train = X(~idx, :);
Y train = Y(~idx);
X_test = X(idx, 1);
Y test = Y(idx);

disp('Running ANN+PSO...");
hiddenLayerSize = [20, 40]; % USulAs9a31s ANN
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objectiveFunction = @(weights) psoObjectiveFunction(weights, X train, Y _train,

hiddenLayerSize);

lb =-0.5 * ones(1, (size(X train, 2) + 1) * hiddenLayerSize(1) + ...
(hiddenlLayerSize(1) + 1) * hiddenlLayerSize(2) + ...
(hiddenLayerSize(2) + 1) * 1);

ub = 0.5 * ones(1, numel(lb));

options_pso = optimoptions(‘particleswarm’, 'SwarmSize', 50, 'Maxlterations', 100); %

WL SwarmSize wae Maxlterations

[bestWeights_pso, ~] = particleswarm(objectiveFunction, numel(lb), (b, ub,

options pso);

net pso = feedforwardnet(hiddenLayerSize, 'trainlm’);
net_pso = configure(net pso, X train', Y_train’);

net pso = setwb(net pso, bestWeights pso’);

Y pred = net pso(X_test');

errors = Y_test-Y_pred}
MAPE = mean(abs(errors ./ Y._test)) * 100;

RMSE = sgrt(mean(errors.A2));

% WLAAINADNG
fprintf((MAPE: %.4f %9%\n', MAPE);
fprintf(RMSE: %.4f\n', RMSE);
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% TuinNaansas Excel

outputFile = 'forecasting results.xlsx’;
resultTable = table(Y _test, Y pred', errors, ...
'VariableNames', {ActualLoad’, 'PredictedLoad’, 'Error'});

% LisUszansnwlumng
performanceTable = table({ MAPE'; 'RMSE'}, [MAPE; RMSE], ...

'VariableNames', {Metric', 'Value'});

% Weuas Excel
writetable(resultTable, outputFile, 'Sheet', 'Results");

writetable(performanceTable, outputFile, 'Sheet', 'Performance’);

disp(['Results saved to ', outputFilel);

% nyNiUTBUTBUATSLazATTiwennTal

figure;

plot(1l:length(Y test), Y test, 'b', 'LineWidth', 1.5); hold on;
plot(1:length(Y test), Y_pred, r- LineWidth', 1.5);
legend('Actual Load!, 'Predicted Load, Location’, 'best),
title('Comparison of Actual and Predicted Load);
xlabel('Sample Index’);

ylabel('Load (MW));

grid on;

% N3N Error Distribution

fisure;

histogram(errors, 20, 'FaceColor, 'r');



title('Error Distribution");
xlabel('Error (MW));
ylabel('Frequency’);

grid on;

% N3 Scatter Plot 55#iNA93 LA ATNENNTA]

figure;

scatter(Y_test, Y_pred', 50, 'filled);

hold on;

plot(fmin(Y_test), max(Y_test)], [min(Y_test), max(Y_test)], 'k--, 'LineWidth', 1.5);
title('Scatter Plot of Actual vs Predicted Load);

xlabel('Actual Load (MW)");

ylabel('Predicted Load (MW));

grid on;

function mse = psoObjectiveFunction(weights, X, Y, hiddenLayers)
% a3snlassUIsUTE ALy
inputSize = size(X, 2);
outputSize = 1;
net = feedforwardnet(hiddenLayers, 'trainlm’);
net = configure(net, X', Y');
% Hae Weights ltag Biases 910 -PSO
net = setwb(net, weights");
% YINUNENARNS
Y pred = net(X),
% AUINAT MSE
mse = mean((Y - Y _pred).A2) + 0.01 * sum(weights.A2); % iy Regularization

end
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Code MATLAB M.file U89 ANN + BA

% g1utayadnbila Excel

fileName = 'load_forecasting data.xlsx’; % L‘Uﬁ&ﬂ%@lﬂﬁmmﬁamﬂammﬂm

data = readtable(fileName);

if iscell(data.OffPeak)

data.OffPeak = cellfun(@str2double, data.OffPeak);

end

if iscell(data.OnPeak)

data.OnPeak = cellfun(@str2zdouble, data.OnPeak);

end

if iscell(data.Holiday)

data.Holiday = cellfun(@str2double, data.Holiday);

end
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season_mapping = containers.Map({'Winter', 'Spring', 'Summer', 'Rainy’, '‘Autumn’}, [1, 2,

3, 4, 5]);

if iscell(data.Season)

data.Season = cellfun(@(x) season_mapping(x), data.Season);



end

% LU Missing Values

data.OffPeak = fillmissing(data.OffPeak, 'constant’, mean(data.OffPeak, 'omitnan’);
data.OnPeak = fillmissing(data.OnPeak, 'constant’, mean(data.OnPeak, 'omitnan’)),
data.Holiday = fillmissing(data.Holiday, 'constant’, mean(data.Holiday, 'omitnan’)),
data.SumLoad = fillmissing(data.Sumload, 'constant’, mean(data.SumLoad,

'omitnan));

X = [data.OffPeak, data.OnPeak, data.Holiday, data.Season]; % Features
Y = data.Sumload; % Target (Load)

% Normalize Gi’fauua Input

X = normalize(X, 'range);

% UUsUayadIvsu Train Wag Test
cv = cvpartition(size(X, 1), 'HoldOut', 0.3);

idx = cv.test;

X train = X(~idx, :);
Y train = Y(~idx);
X_test = X(idx, 2);
Y test = Y(idx);

disp('Running ANN+Bee Algorithm...";
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hiddenLayerSize = [15, 30]; % U5ulAs9a319 ANN
objectiveFunction = @(weights) beeObjectiveFunction(weights, X train, Y _train,

hiddenLayerSize);

lb =-0.5 * ones(1, (size(X train, 2) + 1) * hiddenLayerSize(1) + ...
(hiddenlLayerSize(1) + 1) * hiddenlLayerSize(2) + ...
(hiddenLayerSize(2) + 1) * 1);

ub = 0.5 * ones(1, numel(lb));

% Bee Algorithm Parameters
numBees = 30;
numeElite = 10;

numlterations = 50;

[bestWeights_bee, ~] = beeAlgorithm(objectiveFunction, numBees, numelite,

numlterations, b, ub);

net bee = feedforwardnet(hiddenLayerSize, '‘trainlm’);
net bee = configure(net bee, X train', Y train);

net bee = setwb(net bee, bestWeights bee");

Y pred = net bee(X test);

errors = Y _test - Y pred}
MAPE = mean(abs(errors ./ Y_test)) * 100;

RMSE = sqgrt(mean(errors./2));

% LAPINATNS

forintf(MAPE: %.4f %%\n', MAPE);
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fprintf(RMSE: %.4f\n', RMSE);

outputFile = 'forecasting results bee.xlsx';
resultTable = table(Y test, Y pred', errors, ...
'VariableNames', {'ActualLoad', 'PredictedLoad’, 'Error'});

% LiinUsEaAMBAMIUAITNg
performanceTable = table({' MAPE'; 'RMSE'}, [MAPE; RMSE], ...

'VariableNames', {'Metric', 'Value'});

% Weuas Excel
writetable(resultTable, outputFile, 'Sheet', 'Results’);

writetable(performanceTable, outputFile, 'Sheet', 'Performance’);

disp(['Results saved to ', outputFile]);

% nsMUTBUiB AT LagATTINENsal

ficure;

plot(1:length(Y test), Y test, 'b', 'LineWidth', 1.5); hold on;
plot(L:length(Y test), Y pred, 'r--, LineWidth', 1.5);
legend('Actual Load!, 'Predicted Load!, 'Location’, 'best);
title('Comparison of Actual and Predicted Load");
xlabel('Sample Index);

ylabel('Load (MW));

grid on;



% N3N Error Distribution

figure;

histogram(errors, 20, 'FaceColor', 'r);
title('Error Distribution’);
xlabel(Error (MW));
ylabel('Frequency),

grid on;

9% N3 Scatter Plot $#iNAI93IUAZAINEINTAL

figure;

scatter(Y _test, Y_pred', 50, ‘filled);

hold on;

plot(fmin(Y_test), max(Y_test)], [min(Y_test), max(Y_test)], 'k--, 'Linewidth', 1.5);
title('Scatter Plot of Actual vs Predicted Load");

xlabel('Actual Load (MW)');

ylabel('Predicted Load (MW));

grid on;

function mse = beeObjectiveFunction(weights, X, Y, hiddenLayers)
% asnlassUneUTEa N
inputSize = size(X, 2);
outputSize = 1;
net = feedforwardnet(hiddenLayers, ‘trainlm”);

net = configure(net, X', Y');

% $9A1 Weights wag Biases 910 Bee Algorithm

net = setwb(net, weights’);
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% VUBNAANS

Y pred = net(X');

% AUIAT MSE
mse = mean((Y - Y _pred).A2) + 0.01 * sum(weights.A2); % il Regularization

end

function [bestWeights, bestFitness] = beeAlgorithm(objectiveFunction, numBees,
numeElite, numlterations, b, ub)

% AMPUATUINUTEVINT

numParams = length(lb);

population = repmat(lb, numBees, 1) + rand(numBees, numParams) .* repmat((ub
- b), numBees, 1);

fitness = zeros(numBees, 1);

for iter = 1:numlterations
% AN Fitness
for i = 1:numBees
fitness(i) = objectiveFunction(population(i, :);

end

% AnLdean Elite
[~, sortedldx] = sort(fitness);

elite = population(sortedldx(1:numélite), -);

% BUWAUTZYIINT

newPopulation = elite;
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for i = numeElite+1:numBees
selectedElite = elite(randi(numeElite), :);

perturbation = (rand(1, n ; -0.5) *(ub-1b)*0.1;

newPopulation

population(l, :);

tness(1);
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