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ARTICLE INFO ABSTRACT

. With the increasing penetration of renewable energy resources in microgrids,
Article type: intelligent energy management has become increasingly important due to the
Research Paper intermittent nature of solar and wind generation. This study presents a deep
reinforcement learning-based energy management framework for a grid-connected
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microgrid consisting of photovoltaic panels, a wind turbine, a battery energy
storage system, a diesel generator, and the utility grid. The main novelty of this
work lies in combining Double Deep Q-Network (Double DQN) with Prioritized

Experience Replay (PER) and designing a multi-objective reward function that
simultaneously considers operating cost, carbon emissions, supply reliability, and
battery state-of-charge management before peak-price hours. This structure
enables the agent to learn not only an economic operating policy but also decisions
that adapt to the temporal patterns of renewable generation and electricity prices.
The proposed model is evaluated over a 24-hour scheduling horizon after 2,000
training episodes. The results show satisfactory convergence, reducing the daily
operating cost from approximately $10 to $3.44, corresponding to a 66% cost
reduction. In addition, total carbon emissions decrease from nearly 41 kg CO: to
16.6 kg CO,, representing about a 60% reduction. Moreover, load shedding is
completely eliminated, and the demand is fully supplied throughout the day.
Battery behavior analysis indicates that the agent charges the battery during
periods of high renewable generation and discharges it during peak-price hours.
The results confirm the effectiveness and scalability of the proposed method for
energy management of renewable-rich microgrids.
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Introduction

The increasing penetration of renewable energy resources in modern microgrids has created new
challenges for energy management due to the intermittent nature of photovoltaic (PV) and wind
generation. Efficient coordination of distributed energy resources is therefore essential to reduce
operating cost, limit carbon emissions, and maintain reliable power supply. Conventional optimization
methods often face difficulties when dealing with nonlinear operational constraints and time-varying
uncertainties. In this study, a reinforcement learning (RL) based energy management strategy is
developed for a grid-connected microgrid consisting of PV panels, a wind turbine, a battery energy
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storage system (BESS), a diesel generator, and the utility grid. The main objective is to determine an
intelligent operational policy that minimizes daily operating cost and environmental impact while
ensuring uninterrupted load supply.

Materials and methods

The proposed microgrid is modeled over a 24-hour scheduling horizon with one-hour time steps. The
system state includes load demand, renewable generation, electricity price, and battery state of charge
(SOC). The control action is defined as a discrete set of battery charging, discharging, or idle
decisions. A deterministic transition model updates the system state according to physical constraints
such as battery capacity, charging/discharging limits, diesel generation limits, and grid import
capability. A Double Deep Q-Network (Double DQN) is employed as the learning algorithm to avoid
overestimation of action values and improve policy stability. Prioritized Experience Replay (PER) is
incorporated to emphasize critical experiences such as peak-price hours, renewable shortages, and low
SOC conditions. The reward function is designed to guide the agent toward economical and
environmentally favorable behavior. It includes grid electricity cost, diesel operating cost, carbon-
emission penalty, load shedding penalty, and an incentive term that encourages maintaining adequate
SOC before high-price periods. The agent is trained for 2,000 episodes. During training, an epsilon-
greedy exploration policy is used, where epsilon gradually decreases from 1.0 to 0.01. All input
variables are normalized before entering the neural network.

Results

The learning process shows clear convergence. In the early episodes, cumulative rewards are strongly
negative because of inefficient battery usage and excessive dependence on grid power. As training
progresses, rewards stabilize at positive values, indicating successful policy learning. Daily operating
cost decreases significantly from approximately $10 in the initial episodes to about $3.44 after
convergence, corresponding to nearly 66% cost reduction. The learned policy also reduces total carbon
emissions from about 41 kg CO: to approximately 16.6 kg CO., representing nearly 60%
improvement. Most importantly, load shedding is completely eliminated. In the daily operational test,
the battery begins the day with around 50% SOC, charges during midday when renewable generation
is high, and discharges during evening peak-price hours. Grid import occurs only in limited intervals,
while diesel generation is activated mainly during critical periods.

Discussion and Conclusion

The results demonstrate that the proposed RL framework successfully captures the temporal
relationship among renewable generation, electricity price, and load demand. Rather than relying
heavily on grid electricity, the agent learns to store renewable energy during low-cost or high-
generation periods and use it strategically during peak-price hours. The integration of Prioritized
Experience Replay accelerates convergence by emphasizing critical operational experiences, while
Double DQN improves learning stability and reduces value overestimation. The learned operational
behavior is consistent with practical microgrid requirements. Battery charging during midday and
discharging during evening peak demand reduces dependence on expensive grid imports and limits
diesel usage. This coordinated control strategy improves both economic and environmental
performance while maintaining supply reliability. Overall, the proposed Double DQN-based energy
management framework provides an effective and scalable solution for renewable-rich microgrids.
Simulation results confirm significant reductions in operating cost and carbon emissions together with
complete elimination of load shedding. These findings indicate that reinforcement learning can be a
promising approach for real-time energy management of future smart microgrids operating under
dynamic and uncertain conditions.
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1. Double Deep Q-Network
2. Prioritized Experience Replay Buffer


https://ses.ut.ac.ir/
mailto:mona.mirrazavi@ut.ac.ir
mailto:hajinezhad@ut.ac.ir
mailto:hajinezhad@ut.ac.ir
https://doi.org/10.22059/ses.2026.413067.1228
https://doi.org/10.22059/ses.2026.413067.1228

oo .
Sl 2y dagl mlio Cudgios o ad Sllog ¢ luud glio Bpas | 30 laoecun) go3yiS slassly S 4
2ol osd Gl il ool b ablie l (2ls g 5lub 6)BB]) plaie 4 phinies ol sl opSose o &
VLA G 4Vl bawgio jsb 4 (98 b VN Sl 5l pdptiaos (650 gladilols cuss 03, ¢ s ptitio lal ol
Slools sy Sldllas [V] sl ospwy Slglys Y/ 390 4 by awesss cadylo FoYe Jlo U g asly ilj8l ao )y
Sl )3 55 oLl g (8 jlaie I amecun; sblie pogde plinios iyl e sladilolo Sl 6 S0y
2 (3dyg3 9 3k aisbe) yiite pdgao (Sl pl wae Gl (Jcnl b [V] col (o8 LB cpdans Gl sbla jl
9049y (B S b ilweydd Cadgioe 5 oy Cuhb pie g Sllog s 4 i 0508 byt
4 Dlgi g0 &S it g syl g oiagd bl o ) ablidnugs (sloypdS daplon ol b ablie (sl (Y] col
sloygome 5l (o 4 o pSanSlien Jliml ptals bl oo )3 [F] 298 pomie jabpods o a8 Sk 5l Mg
oEalS syl US55 (656l Copte (g (Sl yold dnwgs g Cunl 0ad o (6351 slaailel 3 gyl Cunls Lo
0] W8 o Ll 5l (6551 slaailobes Cuans & &8 > 53 008 (el (28 (028 2>

I leasedi, Whad gihe plie gilodr )l gl @28 slagysld 5l (S glys @ b SoySe (o] 5
gl 5 2y ol ale phnios (5551 plie Jold Cunl (Sas o Sload JS5 oaiSlyy Mg lie ) gl goore
S5 @le [F] asly (Bl (55l 8383 slp bl ) Slasgerme b g (b S L ygil35 Jd asle plniosd
@Vl pre &5 (bodSudin) 53 9 M (398 (o JB g o9 (Bolal llog dea I oulee (S s
dpde el pal ol I s (e acusbaBpas cpl (58)5 oadb )b (Bolai Jb lolE 5 plpiod gl
ol sl (5551 Copte phow S 929 (B Gz 53 [V] 295 Jledd w5l Hlul 5 (o3laiBl ()l oy
s¥bes Lol Lm0l Capte e ool G505 (555 plio ) Sinbon g slazel L el liiadsn g
9 Silwoyd Mg Gliwe) 51 anple) oShes (gilodise 53l Blojle EMS (ol SBlial .ol baaSidsn ) dadgn
by el (Jlocpl b JA] sy Sl @ () l0bL Sy 5 (Sog dinsa U i liabl culls (1530 5 (ol
>k MOPSO 5 'NSGA-II sisle ()l 8 (sl )5 b ook (silodinge slodie Bl » & (55 Copia i
5 Mt 385 (sile il Yaane bayy cnl )l 1y 2Sus talasli g Ly Ll (sl (B (s pdycdllasil o
Pl A8l S5 3 Sles By 9 Mg 53 @ Sl b lalacee )5 Al o

x5k sl pdle (650h dm (Sshan i adll I (S ol pas > (U i @l > o)
Ol D930 S A ez Plaw 3 () Gl S mreal 650k lp 45 Cul pdle (£p50h I ST S oS
8 Bbop |y et slagts) 3 29290 (63,das lacudgiome (6 SOb dlyd ) (Sl dbml b b S (0 AW )
g e o] 43 S LBl e 4 & S sl |y leel Wlsty ole 48 ol ol RL 5 Lol Guan [V 5]
Silwdde 515 &S I ol 0sd ape g diodyi8 (slodnl yeb 4 Bres el (cpSOl @sdS Jlo x> s VY]
Silodine Jluwo J> 1y DRL (ol job 4 08 o0 odlitnl (gt (g8 (6650L slapta)oNl )3 (omas (sloaSid
5 Lyl iyl glio o (Kialon baSudpy wiile (Bly lalame 3 Goos (298 5L (VW] A5 (o0 (6 S mpead
INY] ol 00h o yhas 0iy] (sl simgy (sl Jlnitin S lsie s 3,18 ol 5 amd oo plol |y LS G5 pumo

bulpd 53 Al & Cunl Brae (098 5L p (e iz (G5l Copte wlune S B Glagg cpl San
dele wosylea onl 22 S 1B Pl liebl clll g jlinl wiie g ol Ban aw e (hBpd 5 (Sl

1. Distributed Generators — DGs

2. Energy Management System

3. Non-dominated Sorting Genetic Algorithm 11
4. Multi-Objective Particle Swarm Optimization
5. Deep Reinforcement Learning-DRL



1444 G109 6905 0 | - sayliw y0 AU 1y (5505 Copko (5l (Greos (5T (64 TOL g2y lgr SO drwsi

Sy bg Gogo 4 ly 065 (605 paenal Caslew pglie (6,50L 5 lasws 51 S5 oM (slaoaly cdlys b \a.ﬁ)ﬁfali
ot 45" Lina ] &t dtigg ddamticy (gilodings porde b (g8 (6353b 2,509y cuS 5 50 il cnl (gl S e
(5Pl Spae yialS Wle Baa (pain & WS 3B Slepeal dazes 3)53 5L 5l pettene (£:50L e canl B (ool
S5 ol m3 35 s Sy50 lejen s 4y e £ S5ite 5 Sllas slasizge inlS > Slas 3l il
b b blogs o eanldl Ol i) Jawomo (ababyud g Loy bl b Ll )3 (oY (2U1g5 ises 395 0 cngo &l 9l
o g 05 S S b 4 o] IS 3 Skee o 3 5 S5 il (mishes g5y e SV
WS oo wrl B 1) ploj (b Aty @S el Gl 595 (550l ISl us8 5ok sl )sN I S e
Slods oly (2518 50 lim 58T (el ool A8l 3 3 polie Sludl )l b 35 (sile e 4 Sl oSIT g

Oy aSiilsy (655l Copte ) Maddsr (g5lwdig

Ol y9 0 Y
hiwd ldllas opl Lol Gua .l oad plos! el sy )0 (655 Copie die) > (slodind claying sl dad jo
@ ol il 03g (Jae juiie 5 (yalaols Laulyd )3 0aiSTy Wy glie jlslesel LB 5 jlul coolaBl o)l
2 Gpao g 3o g plio iluKinlon o oad Cughs (s 4 s Sy 55l sloailbs s j] loasis,)
Sbagby) W] cwlond Jas Saden s)lbpoje 9 (> 5 mre 350y, jl (S 4 ola 35l bjlislo B
@ I Coge 4 ol iledine sl sl pelul 1) lagsbg) cnl o cusl 0nd sty dlins (pl Jo (sl (o gite

D)5 el 5 dlwd Y
o 31 a5 5plR) (sl o 3] eolisal b o8 sl (£lSalE (sl S g it slagsig Jols gl G
"MOGWO 42,51 [V0] Ali g Sharma jiassy ;5 ¢ Jbo (sl S o Jo 1y (655 Cupde ddiais g odomy Jluso
ke ) b se auilys sadoly o, Simgsy 5 0 48)S )15 4 (B (slagyogs 4 joome slodSidn) (555 Cu e sl
Lo (glaSissy o (5, Slydl Ca e (slp 'MOEMPA [V8] o)) on o YOUSH g}y p3 .didd LialS doyd Yo
osu YT l5se g Juoyd YE/A g Y/ OV b pa gayliw aw )3 1y (g3 0,00 dja g ) )5 4 o Baiin g bowgs a8 4
by Souas mas 45ud b "SOA 4o, oS5 [VWY] Vijaykumar iass ;5 oy jialS sy VIV o WY |,
Mei Liagh ;5 b e o pd AFIVY Lbdy lelly g o3 AF/AR o]y & o)lgs jiSTas e ooy (sl B s g
Babu iagh; ) cnizzen b amatin 5 (s3latil 2 Slas lojon 290 cge "ASAPSO 52 )5S [VA] oS 5
Oieloyd A g 20> TANE 1) aSd Jl g 3 Ao boodly (st b ol e S w22po8 [VA] oS 5 Babu
e Jols piamw G 5 "MOMVO 2,051 [Y+] L) Ken  ACIEGN ool 55 > islS woys 0+/AA 1y (¢ 5L
Oidos yd ol Cawd 4y oyd <[V ol TLPSP e g ol LialS oy Fo/YY ) ailjy, Slles duje o Juate s,
22,8 Jobs 1y aspy AVARY w Sldes &uja penddyo (il "MOMRFO g, [YV] a2 9 Osama
gLamari Lisgh ;5 g3l ials ws s FY 1y (5,0 Lalls duja PSO &idbsgwy dows [YY] o, Sen 9 ROChd jiag
5 w3 ialS syd YV/AY 1y sy VT jlisl g o ys VYD 1y JS & s cusilys "MOFEPSO p sl [YY] ),

. DRL agent

. Multi-Objective Grey Wolf Optimizer

. Multi-Objective Marine Predator Algorithm

. Combined Seagull Optimization Algorithm

. Adaptive Simulated Annealing Particle Swarm Optimization
. Multi-Objective Multi-Verse Optimizer

. Loss of Power Supply Probability

. Multi-Objective Manta Ray Foraging Optimization

. Particle Swarm Optimization

1
2
3
4
5
6
7
8
9
10. Improved Multi-Objective Particle Swarm Optimization with Feasibility Evaluation Capability



B Cuasd g (Moyd +/+2Y) 55 F 5 Olyuss 0b L PSO I eolaiwl b B s 35 [VF] o) Ser 5 All iag
Obiee Lials gl NSGA-IIL I [Yo] o) Ken 5 Kamarposhti iags ;o .85yl zls 5 Jeb LB 51 (1o ¥/0)
@il JEalS 3565 Gyge 3 MSFL o2,6S)l [Y8] o Kan o MOmeN jimgsy 55 i odlitwl [ Sagll 5 aiyjn
s Wang isgh )0 Ciored b ials ao)d YVOF U )L 060wl rasly gl b g oy YOIYY 1) bas 5o
b Sllas sladja doy3 WAY ¢ (SaoYT ae SN Lials cel, 'MOCO Juo 5 5 [YV] o Ko

5 5% 4325 CMINLP CMILP sile ola oo, 51 oS canl ol (ilodigs g siuyaalyp sla s Jolis pgd diwd
e & Bawg [YA] o) Ken o Wei iagh 50 .S o oolitel baSiiy, silwaure slp polie (g3,40l
P b LialS wgwswe job 4 ) s lej g (Sduomy (8 b pes a5 W00)S Sl 500 L e (odawgd
Mo YV 5 5p AVl A5 0 yide (09348 o Moy YV Culg MINLP Juo S [YA] o) Ko 9 Ahmadi iag
"C&CG iy b Lt jgy polie Jao [¥+] o)) Ko ¢ Niknami _gmgs 1 a8 sbl oSSl jLisl gals
Spdly 50 [YV] o)Ken o VEISI [iagh ;0 b el aoje gl by & cund |y Slles d0ja 2o A JBlas
slaasls g ol (ials o Yo sgis 1y (5l Olal ipglie - Bolai (sjydeliy o TKKT Lulyd p we (odawgd
WSy dgue ) S5 (ylly 5 lebl ol

S5 5 S5 (6 S e o] Bt oS sl 298 (555b 5 mile (553 1 e Sl e Jobi g Lz
h/€ a +IVSY NE 511, Slles &5 RL-MOF-EMS o, [YV] oo g HOSSEINI g} 55 ol lacualadpss b
4 doyd FYNO Gl 5eyan il edlawl &y a8 Jbs jo wly ialS VYV hE€ & VYAY hi€ 5l 1) jiole)S a5 </V-Y
ly s (S5l99095 F 30 SO ool (5puSb gy SO [YY] o) e2 5 CUI Limg} jd .cdl ioli8l asys VIV/FY
wlaosa L DON oSl [YF] Abido ¢ Alabdullah iags jo .ol (iol58] asyd YYIVE 1) je5lpl dgw 5 duopd YY/AY
sl [Y0] ,Sen 5 Zheng izgh ;0 )5 Jos MILP ouiS s 5l gmopw plp Yool e i 4 S35
cdls 1y AVl ol 1S5 el 8y ) (oolgiday o g8 (633b g,y by i Baiws 15 V8] o) Ken
G S 5 ales Cal 03l Lioli8l 4l Jdo 4 Cans 2o yd WOIFO U 595 jou> 53 9 doyd WANY U 580 o iy
2,5 4o Jodx 3 ol ) YU lagingl

ulgb‘ 2950 3° LIS 9 Slaal AoV L) Jg-\é

N kol Gilaa! Wt 95! digas g, diwd | cu3,
Lol 55 058 STy iyl 0313 4 s o )5 Aijly N < MOGWO
_ O EWR "
e S50 b i g6 sgn i S by |0 SRS MOEMPAPSO. GA. sy |
g 38l e B NSGA-IMOMVO. ..
oyl s b diore 43k apile) g oS Lol 348>
At ey same o 4 18 nolef 5 (e Ul 52 il g s Lials MILP MINLP ., iuyaaby
dooso Wl g d i o Coe ol Ll 58> Jae 4 5l y
: Slizebo] bl 3oL g polia 6524l S
begbipis )3 gl @ piblas! Jy o gylul
o 6 gy (6] s S5y 653y | S5y (S e .,
) e B g . RL .DRL DQN . 5 otle 55530
GBud dw Glojd oy pis Wb Slyuss 3 (gylul bas (59l g aie ials Y
e o "o MOATD3 e
Sk Gl g ause Jals Sogll juals S)lub ol

. Modified Shuftled Frog Leaping

. multi-objective optimization

. Mixed-Integer Linear Programming

. Mixed-Integer Nonlinear Programming
. Cut-and-Column Generation

. Karush—Kuhn—Tucker conditions

O~NO U~ WN P

. Reinforcement Learning—Multi-Objective Function—Energy Management System
. Multi-Objective Deep Reinforcement Learning Algorithm based on TD3




[4d G109 6905 0 | - sayliw y0 AU 1y (5505 Copko (5l (Greos (5T (64 TOL g2y lgr SO drwsi

GBS sz e amd oo QU ] Sldlllae ygye dadSidi) (S5 Cope B 3 g LB lacdply 22 L
2 42 S S 0000l 5 I oty e B Lise 4T Cuss sl osile (Bl ore oty
2 S S el Glp 5 9 Ll g YT cumle Baes Ll il b 3 Shos (ST L anje ials
2 e Slallas 51 gyl 53 4T pod it Cuslio pdibios Mg g )b @ Ol 9 Cuslabpis () lalasce
Cobld g (SaVT i oulS (asls aw Vgams 5 039 (5ol Arpp Siluained (ol 3508 (B 6553k
FoS 9290 Saiagh 53 eul g (9938] BB 13 d i 3)90 LSy Lozl S B plojer ©jge 4 Gl
Jole ol & Jlo 3 tcanl oad aislyy 5y Cadd gl Clels 5l Gl 5L gdaw Copde 5 b Bk 8,
Sl Al a5y (6ylul 5 (oolaidl 5 Slas > (gloaiS s i85 WilgS o

S35l Capde (dly Bandz Gras (LsB £SOk waily K dreg )yl Gimgd (Lol syl ululn]
S et Cawl 005 o3liiwl PER 9 Double DON Sy 5l o] 55 a8 casl pississ mlie (6YL 3085 b (slaaSii
9 3k el liabl Gl dmosu VT JLasl (glopone duja Glojed Gipo & & 0ad (2hb ojlmeriy Sibl &b
sm3 g0 ojll ole 4y sl oyl 5o Blod (6,80l szl )3 1y G o ) cslaciels 51 Ly (6l 5L pras ke
Ol 3 djgeley (Bly loj 53 12l BB g Jluly el (ol «(gjlvainge dlins ) )Se > 9 385 (Silw e 4 b (g b
wsolaidl o Slae lojen (sjlodingg sl 4l 63,509) B L 1y sl 5 dg290 Mo S o (B Sl g3 <o)
Amd iy aSed sy olsebl bl g Jaoecn;

B gy golge.YV
slrasly plhnuiod g wlie jl glasgemme Jold a8 Cunl diwen glite (g0 yud 1)59,S0 S5 dalllas 3y50 Lilolw
Sl Ly 43,5 15 Lre w55 15 o 53 535 ool ol (5551 (5ilonyd Slis 5 oty ol oueb
aotun; (ST ialS g ekl Cubls Sl (g opope dja palS Wligy (oSl L ptelas (el s
o 535 oI5 (o5 P52 13 s Bpn o (B el 52 850 (B 5155 s> 35y (F it (53 cssloesd

290 S 5 )l ol sl 4Sed 5 U320 5k ol b olye s
pi 5 Sllog ol sslite & Ssdie B L5 5 e e Mt Ll i) lie olsie 4 53k 5 PV ol
did a il oad odlatl g5yl Medgr Cape 5 gileoydd Yl Gl @ il ) galinies glie cosda

Slong Cuodl Joo o cdls b 55U GHli canlie slaplej 3590 15 (6 pSmmenal (sl A g Slles lacodgie

a9 baalpd 53 L sl oY Vb (Sanl g o g Bz Jd> & Jocnl b 095300 485 ) & oty arie lge
el )3 .l ond Jao " piio loj 48,m5 b slozel BB muie S lgis 4 (gl 3y 85 3,8 )3 ookl 390
@ Sk 2sd e 6o e dsr LRl cerge 4SSl (g5l hbly g o9 SV ASd (65l Cuagd (B pae 4l
O boBgy cpl g umb Jo jsb 4 el o B Wl oS canl i a3 )3 Jla (5 astie diljy, by S e
2 ey Sl 4 dble SVl g aujs b ogmel yeus b 4S8 o pie |y Glise mlio 4 013, 50L Jole w5 o
P5dis Tl (8 S5Ok lae Ko 4 (5551 Co e s i 825 g 1] SIS (00l Je s laisy

Wl 04 00l L Y S5 > milie o byl 9 0,579,800 IS ksl

1. State of Charge
2. Time of Use Pricing



VFod oF 5ylod o 630 Shtsls (5! 5 lopissmerw doliliad yy-

( A
Q¢
@ PV System
. J
- N
s N
l Wind Sy Energy Management System
P > 3
L ) . (EMS)
( B DQN Controller
Battery "
Storage = “ >
\ J =) RS
2 S %
o s > <2 o Load Demand
Utility Grid
\ 7
(. 7
- N
'—£'= Diesel
E Generator
.
PV : Photovoltaic power output Grid  : Power exchange with utility grid EMS : Energy Management System
Wind : Wind power output Diesel : Diesel generator power output DON : Decp Q-Network

Battery : Battery power (charge/discharge)

Gros Q 8l 2 (oo A5 S (812 (63 wba (6551 S pide riemns Sl 10905 . JSWo

Jowo Ulogi —F
S35l Sleesdd 65l S gl Js sty S ool 9 SSlge8) phinied 5l @lie ol gy n 390 22555540

Cawl d).wl)w Lﬁ)" S .""9

W ¥ g s dilolw (g 3w oo N —1\—Y

[TV] 39800 )85 V Aslee 13 g3 15 e g5 b (sl SG) Sloj B 2 53 Ol5 Gl wilobs ()

Poza (1) = Poy (1) + Ruing () + P (1) + Pieser (1) + P (1) + LS (1) (")
U5 P (1) 62k op55 M5 0I5 Puana (1) seiysd S sl ol Py (1) edre s 0l P (1) o 2 &
ol 3y 4 g Big (1) e 320 635 19 P (1) «cs5L 3 003

SO 39 9 s8> S S Y 1Y

3 ol cushad pae g ons 3,3 a5 3 Y 5 ¥ S Volee ,d (459, By y) (63959 0315 Cygo 4 Wind 4 PV ey o)l
Blai g PVIWINA (sba Ly 69y cpdybiod Mg Cualad pas (0,5 Bld (gl 229800 Bl (5500 2l
[TVI S @25 ) Ag Slog 518 005,50k Jale b 355 00 Jlosl So58

E;%al = Z By (I)At (Y)
t

E&‘in'd = Z Puing (t)At (\N)
t

SOC jbxe 539050 ¢ IS Cudyls Jolis (5 5L (sl yiol )y .ol o 43,5 o 15 o3k (g0 powid (6L S o Jae 55k
[YA] 295 o0 Ld £ U F ¥oleo 5o (5550l 035l 5 5,L0 5yl &5

Pa(1) =Py 1)
SOC (t+1) = SOC (t) + ! = o )

cap
°'>jlf Ny 9 S)Lf:.} C)’ Pdis (t) ‘))L‘“’ C)" Pch (t)‘t UL") 22 LS)"L’ ))L" GL“" SOC( t) ‘LS)’L’ JS “"“‘9)"" Ecap U] ) «
SOC,,, <SOC(t)<SOC,,, (0)




vy) G109 6905 0 | - sayliw y0 AU 1y (5505 Copko (5l (Greos (5T (64 TOL g2y lgr SO drwsi

0<P, (1)< R 0<Py (t) <R ")

393195 I8 Jow F—1—Y
22 30 Jpd g onds bld o JSw dlisd Codgame g (g5 pedd 25 (Jpd 00)5 (gels g (pbg) dbsa (gl Jde ol
Y] o)l 18 slre ojb oV dlayly sl I3 (g3 ol S ) 005 ol lg5 Bgame 10 Silg5 o el

Poe’ < Pog (1) < P3” (v)
L] ol onds Jao Jas Q& Udlee Sygeo 0 5 o S0V g A Dolee Sygo 40 S35 05 (6550 o)ljue

Epe = Z Poc (t) (A)

Epe (1) =r- Pog (£) ()

el y3il35 S50 3ly (g g Pog (1) 9 S50 )t o Kipg o 0 &S

ws,S s > ol Gl piegle; cadd Ly Sy g canl glite ilisie (glacasls 5 Sl jl ol B 655l Casd

Sygo & 4SS 5l (SIly (51 (o bl (59)8 g (i Jol5) 3, 1) (5l eriS)ly B L aSd sl oad
LYV] Caol ods Jao VY dolee Cyguo 4 o)) Codgame g Ve Aolre

Esia (t) = Paria (t)At (\ ')

| I:)grid (t)l < I:)(;jrid,max (\ \)
[Fe] ol odol VY Asleo ,d 4t SVl

E§,?§ (t) = Kaid * Foria (t) (W)

98 5 5L b S U590 4 Ao iy g3 Y-

S8b 0 Sl Jole B sl sl Jdo 585 (683b Ao S Cygo 4 1,5 9,Swe (65,5 Co e Ais ¢ yigy cpl
) xSsla 5 SV 2l o fsopte Kigjh (sl Bl cargm o £ 58 13 (S s b o8 ol )5S sl S,
ol 045 iy y35 HIIS Wb 5 Jos (sbad el slad Lol ddhe duw Jobi RL laoscs jlid b ¢jglaio pl (sl 29 )b u“b pie

By S B s Cpl Dad oo puand (0laiBl g (S5 slayanio | (glasgezme b gy 5l csli o y0 ailole b
Wigh oo ] Jole &y oabodbdnwss (55,5 RL Glosl olwl VY dlayly > clls

S, = [soc (1), Proaa (1), Poy (1), Ryng (1), Price(t), Hour(t)] (W)
b Sl g anse 350 Sloraad 5 03,5 Gl 03zl )3 1) i ,li8) Lilgty ole 395 0 oy 2l Jl Lo
&S Sl

Blg5in Jole (oo £ 1 3 dmdse i |y (6,5l Cnddy Byliyd Jole: owenss 45 sl unS G gusnn Ko s (slib
b opl a8 36l Jee o g by 25 L 5Hls o8 25 L 5Ly b 25 L 55 o8 25 L W slaJes 51 (S
llee (olacusgioee plas S wulais alaiadsn | (gl 1, lgn 5 15b ls 5 Lo ool Jy5S ol 395 e il



Jols oyl S o oy (038 D58 g Jele plidl (b Cumsg @ dngi L1y S, Lis Cuxdg s IS &b
b 4 51 SIly (6531 dumlme 0yl pie b byl el il gl o ol 15 dslre 55k SOC Sl 9%
el s 43 959,50 (a3 S 3l et JS a5l (oabad 90 4 IS @6 (oo 5 0y90 o5

' il b b Y

2 0ol @l el os 03,91 VF dlee 3 ol (glin g ons lyb g 3,Sles Ceows 4 Jole colin jolate 4 ol &b
ol 04 031> dewgs 58 (6,50 e (65) Copie jd ly sl el

R= _Cgrid ~ Cicsel s * Fns = %o 'E(t)_'_jsoc 'f(SOC) (\\:)
3> SWVTE() wriionel ol5Pr (3o W5 &ujp Cypy @S | osdislup oly duaCoy ol > &8
i e SOC 32985 ab ol Sy glocsls 1 yose Cags cuslio 83l 53 SOC ils 455 gy Lguis &b F(SOC)
ol 04 (2 525 VO Adlro & yge0 4

f (SOC) =+ SOC(t)—SOC,I (10)
e oo pie 45 Mloss s (16555 & oy scipad anl (1 15 eawOC(1) 5 343 sl o SOC,, o] 2 o8
Do 3o (65l I dliiodgn Bolaiwl dy Jole ylojen 5 390 dos > Cuoud zgl (slacieln 13 il )lg g doy > A o

Double DQN s 59531 .F—¥

R )98 Lobl ggemme b el plp s s ppa oo pll o5, sad o Ui 9 ol ool V& dlasly )3 Q% yels Asleo

DFV] s g ol o 4y o] 301

Q’*(s,a):E[Rt +ymax o (SHl,a')} (V%)
sloiuting Q 3lie " (639] p iy JSaiio &8y (6lys 45" Carol DQN KM gy didlidgugy &5uus Double DQN 555l

5 ST 5] Jas o 5 9o dmbe 15y 8505 Ky 5l oolizl b (an i < Lol DQN bg, 53 .l 005

339l5 S )5 )l g0 dy Jlasl (B2 (slp Q Jlie 25 0 sl 50 nl g 0 plsl S0 S g ] 2L

Sl e il 4 [EY] 3980 U 5251 syl 5 ST OBl i g0 SuSi L JSde o) Double DQN > 563

TFF] ool ool VA Dsleo 13 T b 450 b (B e duusloes g VY Dsleo ,> " Lol 88 |y (yuiS]

a’ =arg max Q, (s.1.a) (W)

Y=1+10, () ()

aol t Sloj pl bl g s copo yedin S glayieyly 07 ol dSud slayial ) 6 alaly ol 5 &S

W 55 9 350 (5591 S oo 4O oSlaiwt JuJo N —F—¥
39y slalad 4 Cons RL (sl jg801 095 0 sl plptyios wlio lwgs g platal (glaylid, o551 oo dilolio
o3l Q b (sl puiST oliisl Clsesl 5 sl o ial38l (6455L (gylul Double DON I eolawl b sl yolue
ol S Double DON s S50g oyl Judd 45 098 o0 110 jlul 5 (oolaidl cunlow S 4y Jole g 390 0 (6,55l

[FY] din cuahad pae jouas 5D 385 (laculu ojls 45" Cunl EMS luo ¢l o]

1. Reward Function
2. Overestimation
3. Online Network
4. Target Network



yvr G109 6905 0 | - sayliw y0 AU 1y (5505 Copko (5l (Greos (5T (64 TOL g2y lgr SO drwsi

' locaglgl &2 5L H-F

(s o) 0 WS e P (8,8 150) €95 5 4 S Sloj o e g el sl (6550 slap el
W) x5 lp et b Sl a5 I phm Jinl b Sgd o Bl ply Jlein b by o5 ples
L5 il j JSie ol @y cslp 2y (YL TD error g ons Siye (S5 obisl Jole bl 3 48 oy o5 Loguases
@l Rl (2l Sen copu (Il & Glgs oo pSl 859 ) PER jlledlatul (shlje dloa jl 3980 odlitul sy gyl
Br Ced Sy sbiels (phiniog Wy 39S Wil Shou s 69y xSl i S ye5 ol syl
S 259,500 S35l Copde )3 pogada PER )5 o)ldl ol culiw CudS 5 6)luk 290 SOC a3 ialS
PER 530 .35, (6,550 ;5 oV caenl )b il b PVAgs bab 39008 aile moee Lol 13U sladlasy 15 il el
5 29550 030> Cod Coglgl Jhie Sy 455 po 4y gd OBl gyt Jlenl b Sege sladnd & sl ol ol
JEF] ol ool VA sleo j> )] o8 Al

p, =( iTD error| +¢)* (’1)
a0 Obsl s PER .l o S5pe (S5 oliil Jole a8 ol slaay,os TD error g cugll 156 oo oS
[¥F] Sod yalls (g8l s 45 giin )b 35S, TDerror a5 olads o dgu oo el Yo dlaly 5 0 YU 5,

P(i)= P (¥)

K a8 Ol Jlaisl p g i gy bl JlasI P(i) of o o

"Cuont 39 1 —0-F
LFF] conl onis ob)ai VY dbleo jo (Mol slo i o)liiel Gl 1 (b ol 51 S gl (gl y

Aoy yb 3l g ol dbdls > by IS ol jo N g sl (]38l Ve b gu,0d g ol g /Y 51 B ol 0 &S
Do o Sl yjoyd sds bl glady >0 Cuglel 5 00 dpwloe Las TD error yolie ¢ g 5ok

Tdols 3907 wig F—Y
plos S o b 1) (595 slocel) Sloj p8 Y Jole agil po )3 o canl 3950l Jlim siz S5 Jols ol aiyl)3
higel ol oo 115 (g3l Jloys [+ ] 03l )3 (smme e & 3959 31 U85 ( SOC b il ) oS (slocsonsg
o 9 03,5 yoglS & plale sl b lasl Jole e-greedy cuolus b opuiST Qb o st .l ds o piis 5l o)l
T pobennl 58S Jge 8 il oo (il A JI5a VY b /N B V/+ e jlaie S e odlil oadais Sal il I gy

[¥0] conl osel YT dslas 4
k

N (Gstan ~ Cend )J (YY)

= max y Estart —
SN {Gend Cstart Ndecay
Do o 05D 48L 13 TD-error jlade b ol yed a4y g 3 oo duwlee (5L lade g was clls uiST QB! b o

FUO 99 )l odlaswl b Bun )|A§.o 9 03 ol 4 ujl...u))'”c\.g d‘)—i Prde L;La:c\.g):gd PER )| odlaol b (g :Ll;:-).o 5

ol 3805 b Gun IS5 slagel )l dloye B0 ym ) b ialS (0090 pote JSiie b 39 o0 dumle G 5 Lol

1. Prioritized Experience Replay
2. Importance Sampling Weight
3. Training Procedure

4. g-greedy decay



VFod oF 5ylod o 630 Shtsls (5! 5 lopissmerw doliliad 1244

Cuolw Colps )d g 4Bl doldl Yooe 29501 U Wgy cpl Dgd 0 0,83 3,Sles Jdow (sl (red 3L 5 o Salon
illixo g 0ad Ll s o) S (59 e Sl sl (L )3 295 0 gl s 9y S gy 2l el e
yao L) Load Shedding ylsse « S9N (lie 5 Jpd Gpae @S I I3y (6550 ccgyldpopme IS 4 ales

ol 03l Y S5 55 JS gl 0 )] o pe 9 DQN o yg3Ul oyl gl 03945 s (635051051 SOC s, g (sl

End start

‘ Plot fraining logs ‘ Create MicrogridEnv and DQN

Agent
h h l
- NO
‘ Evaluate greedy policy I More to run? —(—"‘4—{ Print KPls ‘
YES YES
NO
Reset Env Every 50 Episodes?

l y
NO |
> More Steps to run? Log episode metrics

F

YES

Select action (s-greedy)

| _,_

Env step
Store transition in replay buffer

| |

Training Step(Double
DQN+PER)

Update state + counters +
epsilon

!

NO YES

Episode Finished?

DON % 50N & la gld Y S

J5 Lazp Y-Y
4 S5 dgm nlple sl ond iy )93l 35 S0 Bpae A g 483 Sl (Sho)ly (551 A e s 93 Jals JS A ja
YV] 545 oo iy ya3 VY dolre & ygu0

Cootar = Z(Cgrid (t) + Ciesel (t)) (¥v)

t
[¥V] ol Y daly & jg0 0 aSids digso )]y o
Cgrid (t) = Price (t) x ngid (t) (Y\C)



yva G109 6905 0 | - sayliw y0 AU 1y (5505 Copko (5l (Greos (5T (64 TOL g2y lgr SO drwsi

ool w48l 3l SI0)lg (g5l By (1) g pisio oloj dyn5 3ub aSd 5y glabasd cungB Price(t) of o &S
LYV] Conl oais a8 )3 Jlas 5 YO dlaly Ohgo 4 555 Jpd Auje citren (Cawl Celu

Coieset (1) = A6 X Eng (1) (Yo)
el (KWh) U323 6355 (655 Epg (1) 9 (BIKW) a3 J323 (55455 g g &3 Jpp ol o &S

ST A-Y-Y

JB yiso aSol @ ang b [P ] conl oal Y8 dasly (5 g conl Jpo g 4 SV ggeme ply ailole JS°  SanY

g g e COz il &4 ji a8 51 (6531 o)l 9o (3ol o (solS g5 j] & 30 J] g8

Eqa (1) = Eos () + By (1) (v#)
53k S0 3y W) (533 Bty oy S0 b 5 o jalls (3l o 13 it Y5 Tolas J oselansey i

¥ ] Canl 0as YV dolee > ol

R =R ~Wenission * Evota (t) (YV)

&19.220 58 9 Silwdwo Obd B AT

Sy Jolete g Al ST AS =) Ll oud (gl Jde g oo 03D b ST uB9y8 Cod W )T g Se (g oyl 5o
=Y Gl Lol b j0 08T Glev 55 0 58 000 g 0l Jde Colpol 98Ty le g baled clali Ly el g 0 a8 S
@5 oy sl oad adS L 5> (Sloj p YY) Jo) S ibpesre 8l 5 col sl S il ilwand Sloj B
odb b5l 05,5 ()0 00 391 g g 5k hldg g B985 Cule s 4 dgdise 1258 Lladed o )3 s
—F ol 01 Jde gupe yeb 4 byl Cualad pae g 1515 JLE Jole Hlis] j3 Tensais bl oy gy ©ygo 4 aSuS
oduis blod Lol (glag s 13 a4l & (655 (99,8 oS cpl )3 9 3l 1) candYl &S 1 (655 3 el 0,59,500
Jlosyl DCIAC Jare s S8 a3 65l =0 290 ol b))y ol &yp0 41 0)lgan Juo 53 &d g cnlplty sl
=l osls w85 3 3 5 5b g Sl Sl g el (58 b §ilas g G)ld plesdl) fcwl fate AC Ll 4,
- oyl ko g ents Jue o] (SO Sldie 5 Ce g Sold wiS oo I 055 b Gl Bagamme )3 g8l 35 0
g ol 4d)S a5 1D o yd Ve Yl & lseb] cubls Y el snd odlinl o Cjgo 4 (SanYT g Chgu
Eee OB S 9 4Sud (s 5l (S 55L8 5 pdiniod Ag 3908 ©ygo 53 W 098 05 (o) (el p ASd (bgels
#8511 5 s> o 510 s 5,05 [ 0 &5 5T SOC iagaoms Jols (38 (slogd A 4 o il ity
A Gl i uSaie 0L U 50 dey s b 3gd pl (28 465 ya ad o Jles!l e IS x4 b Jols oles
Cnl 8391000 jl )b 9y Blg5 g nSiige)ln clg5 CandeS” Plas g 43S (o0 (6 pSmaenal 9551 Ol (59) L 0250k Jale
Gl adlllae

&b g ol Lot Sl ot s N\ —A—Y
SRl ilwodly gy 5l plie (Sp) cwl D BT laJsir Cogo 4 (Giloand 53 odlatul 3)00 (380 sl yally

.(3.3104.53 Mla.;.:

1. Steady-State
2. Determine



1P+ F 5 Lol B 8590 Il (70 (s Bpiiciw doliliad 1474
255950 (0 sl iel,b Y Jgaa
ol 0298 Hlade )
Syt Sy olp Sl 5 kw [¥5]
&b oy Oy Sl ¥ kw [¥V]
29155 Jpd olgs 81 ¥ kw [¥A]
I Mg dujm -yo $/kWh [¥a]
Jps SVl cope - A kgCO2/kWh [6-]
s SV oo -5 kgCO2/kWh [aY]
(BESS) 55k 5o el ¥ Jss
Salyb V298 ylade )
$Pb (ol )b V- KWh [ov]
Sk omb > AR [ov]
el Y s VA [ov]
5k adgl i s -
55/l e iSTas Y kW (o]
5)LBs 5 5L e, -A0 [o¥]
A 333 Ceond JlBg 5 £ Jg>
2l w298 ylaie o)
59y lacels Q2! )3 4l cuyd <N+ $/kWh [00]
Sl ced L (VOB V) 59, e slacelo -V $/kWh [00]
PV Caasd b (YY 6YA) yas g4l slacelo <A $/kWh [00]
Sl 6 el 0 Jgan
Salyb V298 ylade )
b ool pie doy > v-- $/kWh -
oS Lol posin 3935 4 SOC us o35 doy > .Y -
ol > (ST 5 A -
S sl 5l b cwslio SOC 3505 59 BTN -
39> b e SOC 155 (39 0 -
sl sl ) &bl whly 4 > s -y -
& bwans uls ¥

b eoiigel 3950l 35 ¥ (b5l jw RL Jole .l o plovl aicloY¥ Sloj 381 L o ¥ jidu clbgsbe llae o g jloans
by 5 oS 51 GIly 5l ((SadT anie sloasls g oas Ll (9ol sy S (595 (670) wla s Ml celow

Sl u}b))l syl

RL Jole (g 5ol vl Judoxs A\ —F

BB aie polie (o395 (Ib bigel (slinl 45l odd odls LS dgiml 4D mesd ol s g, ¥ UK 5
9 SOC (slados y> £3589 Jloinl 5 (65U 5l cawliol Bolatnl aSuls obj dsa 51 sb aS o)ls =Ve b =V0 290> 4oy
4B o D9t |y 395 Cawliw zu 54 Double DQN o PER 455180 51 edlitwl b Jole dandg sl i piin bl (San Y]
oy Red b i gadge cpl g o L VO B Y s 0 b bl ce 4 Fer giml dgds 5l &S g5 @
a3 8IS s 3o By S0 i o sl s & 5 g sl



yyy G109 6905 0 | - sayliw y0 AU 1y (5505 Copko (5l (Greos (5T (64 TOL g2y lgr SO drwsi

Episode Reward (Learning Curve)

2.5 4

0.0 4

—2.54

—5.0

—7.5 4

—10.0

Total Reward per Episode

—12.5 A

—15.0 A

—17.5 A

raw
MA(20)

T T T T T T T T
250 500 750 1000 1250 1500 1750 2000
Episode

9jml P (xS (WDl kS Wig, Y K

I 21y WLV dgae o) JSAnja gl sladgial )3 amdoe (Lt 1) 2950l JS AL e i 2, ¥ S
13 35 en sb ol gl Gelsl bl 6l 5 Upd 5 Aoyt 5olital 5 45u5 4 Y _Siuly by o cal
ool doms a8 ool Sl a5 gl U3 9 L ) i ol slacels 3 5 55l ) ol o)) lacels

ly ol ol el (ijgel 890 el 3 oF il g Y F U U0 Loy B3game & (og3) a2 L3,

ol YF i50 3 oddiciy p5 RL s sl g ool @l (ol )8 sauS ol a3

Episode Cost

14 4

12 A

10 4

Total Cost per Episode

raw
MA(20)

T T T T T T T T
250 500 750 1000 1250 1500 1750 2000
Episode

dgjml o JS A5 i W, £ JSW

5 0391 55 Lipws LOSS e igel cghind )5 amd s ialed |y 3l 1 55 Q &Sl (6,50l sllas (uSilio & SCS
00 ) (sladiged dlaad ]38l bl uwas A (g)lul pas g b piST (g Bl I 6 aS o)y (g0l cllugs
Se g b plie 4 s oo dg5ul dgun g Wb A G pudy S eSid ) S sl Sloyjepa 9 PER

b yiahl (sLad Il (sl ) aud 5 485 Gjgo (2534 Q & o) w300 JUiS )8, cpl oy o o S35

ol 4B 5 )3



Average Loss per Episode

raw

0.14 MA(20)

0.12

0.10

0.08 -

Loss

0.06 -

0.04

0.02

0.00 -

T T T T T T T T T
0 250 500 750 1000 1250 1500 1750 2000
Episode

Q A (50 lhad (ile .0 S5

e 4 3950l Be e dgas b g odd ggpb Lbjgel clinl 3 Ve (e e amd o Ui Ty € yel)l i e 5 S

bad )3 (clodyinS 5glS )8 (clunl 3 Jole 395 0 el X9, oyl dilo oo ol Loyas o 51 o g Bb o LS /)

5 oihl ge be tals Slojen S 08 o srdabgal (il I 6l 0 Cunms 4y )iy s 5 A2 Pl Jas
ol o] ialS Aol canlio (s 30 LOSS ials

Epsilon Schedule

1.0

0.8

0.6

Epsilon

0.4

0.2 9

0.0 4

T T T T T T T T T
] 250 500 750 1000 1250 1500 1750 2000
Episode

& palyly pud g T JSG

W5 9 350 &l (519 0 6 Jukoxi Y —F
005 (g2 s (53415 (sl it 518 5 0 i (Cslis V) ygesl 55y o g9y RL Jule alad Cslios 250 0l o
Sloads glyseul Sgub a7 (seyn 5l Slej sl ylrges .l

59y S slaciele ;3 48 oo SET /8 395 SOC L 1) jg) (b a3 e Ui 1y oy (o (55L SOC @l ¥ IS5
S35 b edaldl 13095 0 YU +/A /YD 5905 B SOC 4 &S o 55L5 |y 5L RL Jole b o (]38l 0L 5 PV u)gi &S
4 S e el |y a5l 51 g B Ui g d9bee )05 @plia b (VY BIA) e gl slacelo 4 o0
SOC & bgsyo (gldosy> 5 (guid sloc)ls W o L 65 (pl dusy o /¥ 3905 4y SOC g, slasil o &5 (laigs
Sy 4 15 o35 5] 6ol 5 Sy slaciely 5 5 (55l 5 & |y Jole sy (F-F i) bl o
> S Colin dcgion



yva G109 6905 0 | - sayliw y0 AU 1y (5505 Copko (5l (Greos (5T (64 TOL g2y lgr SO drwsi

SOC over Time

0.80 A

0.75 7

0.70 4

0.65 4

< 0.60

0.55 7

0.50 4

0.45

0.40 4

T T T T T
0 5 10 15 20
Hour

395 b 5L SOC Oy Y JSCi5

ol L 3 453 5| 5 I3lg sl 0 a0y L5 sl ans 0030l s 5 45 5 Il s A UK 5
el plod jd Unserved asue oS Jlbs jd @gd 0 00 0l slacels » So 8 Sy Gypo 4 5 290w
Lok Jsed s ol ol PV caslis oS 5 b ol audlys RL Jole a5 08 o 0l goige ol sl otile 8L yao Ly 5
39y Sy 0uti ol (6350 Hlade ' KPI y3 a5 jobo lows 138 ¢ ;Sol> Load Shedding gods jl 5 18 cyoli Jol 5l &
4 1l Llyod 55 (oS slaclagiyl b 50 3l Cllllas gl L)) ool ul 0dd (315 jho (0]
S5 e mdaw &Sl (655 Clbyly ialS yews Wlgi o (ilwo uid ladilols j niadan gyl o e &7 laigS
1071 53 olpo (655 (lad L3 Gal331 b ol (San sl ) iz 0 a3l ailigy ol 31,

Grid Import (kW) & Unserved (kW)
2009 Grid Import
Unserved
1754
1.50 4
1.25
E 1.00 +
0.75 4
0.50 4
0.25
0.00 4
T T T T T
0 5 10 15 20
Hour

ol el g5 g 4Kl 1 (13,19 oylg7 A S

B oy 0 F KW D0 &y puas glacsln )0 )b a8 o duglie |y (S asdl)L g0l ey PV lgs bldgp A ISUS

a9 0)b il s blsl 5 b slacels (S 50 ok g b o il e g Cunl ddn gl Jlos 0 PVAg &S
03,8 (6L 5L 4 Al YU wg slaceli )3 ¢ Sloj (oSl ol 5l 650 pe0 LRL Jole S oo oS Waojl ol 53 5L cyuoli
My g mlie cuvlio Sy ¢oplpls 08 o oolitnl a8 9 33 51 5l Sygo 10 9 (s5L 6,30l S b slaceln jd
bjg> 3l Sldllae @l b (g pose 590 cnl 29 (el 4 4 3L Sl g )b 29 el ol Sl [ 5l

1. Key Performance Indicator



b g oxSTy Mg lassly uipiod lie s Aty (Kidlon a5 (GlaisS 4 fcal Ll o3 aSudin) (ool iy

PV, Wind and Load (kW)

61— pv
wind
—— Load
5,
4
23
2
1 K
1]
T

o4

T T T
5 10 15 20
Hour

GRSl 53k ol PV ol iy A JSd

2 b o oo (U |y 4l B0 Ceed g Ve JSB Sl Sl b)ly ) Jele slamsead e 555 sl
$/kWh & yac g4l slacelo o g 4Bl ials +/+V $KkWh & 5oy Jle slacelo 3 o/Ve SKWh il lacels el
2 s b @l i 5 o) el 5 bues RL Jols aad o ol Vo g A oIS duslie sy o +/VA
o Js & o ol ool o ol ()55, o s () 35 o o3l J3pd 5 (55l 51 i o) 5 (sloceele
ol 0352

2 s S g e sanlio & jabilan amd g (toled |y (slilaxd SVl g 4955 S (298 oly V) S
b 5o SauYlcwl (el el plo 3 g dgd 0 Jld cuosd 74l slacelo Sonp Baos D9l Celw L
L UK cpl daolie )y Jod BB Jlade /A KGCO/KWH [Lisil oys 0 dogi b ol jlake g 39 0 yalls ol pes
Sud Cad b & a8 0 o3l (Janlyd )3 Gludy @ite plgie @ Jps SIRL Jele s lis Ve 5 A la S
P 392y Jl o 53 ) 39 (BLS Mg & jl Load Shedding I s Sal> 5 (55l SOC Lis (¢l b 5 casVly
Sles (Bb JBls 50 5l edlazul ons el obl ol > SauYl de o

Price ($/kwh)

0.18 +

0.16 1

0.14

$/kWh

0.10 4

0.08 4

T T T T T
0 5 10 15 20
Hour

s G52 Coond iy N v S



VAl G109 6905 0 | - sayliw y0 AU 1y (5505 Copko (5l (Greos (5T (64 TOL g2y lgr SO drwsi

Diesel Power (kW) & Emission (kg)

4.0 4 —— Diesel Power
Emission (kg)
3.5 1

3.0 1

Value

151

1.0 1 |

0.5+ i

0.0 1

T T T T T
o 5 10 15 20
Hour

3195 s (2ep sldied (Swia¥l g ol VY UK

S b r-f

b ey JB oL Ly gyl oy digy Cusluw Cul diwslys Double DON i oSl s o lis (65lwdnd zols
Ao oy FF als (Sl as sl ialS Yo Y/FY dgas 4 jY Ve dgas adgl Jlude 5 gl ye e ST AL e 205
Lo)d Fe g oduwy jeel (slosl ;3 VE/F kg CO2 dgas 4 olul (sladgiwl 13 ¥V kg CO: Hludo I 55 IS SauVT el
w08l ol Son I e cdtsly (So g8 palie adol slasgiul )5 a8 oaitipel los Jlade (ol g ogMe il azily als
SPL Poe yob 4 RL Jole aad o Ui 55 (5,50 8, .l o )55 e Load Shedding jlase 4 o CBis Mols
seb 4ol ol il ]y (SaoYl g dbia gyl pl g 00,8 5HlEd zol lacels 3 g §Hli CueddeS ol jo )
Gl 00 4o £ Jod 0 ol s ( IS

e @ Jgae T Jgas

3,8es yad L Ayl ke sl e Sget 2y
&ljo, JS duse AR AL LS V55
CO: S ¥+ Kg 5 kg oals /e
Load Shedding (+¥=+0) gl sladgil 53 o ke . Jol8 Bl 7Y e
=les SOC ~.b ~o ¥ (a5 Jubos) -
ol gyl ol +) b B

o st F—F

B3 awoliie 5,90 NSGA-II ddinsiy (iludings wi)sNl b (b9 63653k 2 (e (o3l 09y 3)Ses il
I Slasgerme (( SV Ll (lie g sibpose duie Glojes (siludiceS” Bun b NSGAIL o )o5Ul .ol 43S
Ol e300 ol sl aad Gl euiles ool Glie 4 ol A gl e & WS e Mg L) 50k sladeol,
Gk il baes dan cpl Lol el (SuuYl g anie Jlas jl age sla Jooly 4 olaws 4y o8 NSGA-IT 45 51 s> 0
xS e gy (e > ol 00 Lol Slre Bl (S5 B o alas 5,5 g il 5 (55l 0 s
ogMe S Laas 5yl g 43 pes] (glodgase 0 1) (6 5L 5L pdaw Cuwl diuilys Load Shedding oS GBls yeus g5
0l (3890 o)l (el > a8k )b 6y ol 3Shes (olly s 5l R RL (b9 and 00 (L lawlie ol ol 2
Bl55 Sl g0 (ol 483 ialS NSGAL (535 Sl & Canu 351, COx Ll o 5 (s foponte JS i
ol (8ly Ll 3 iy (655 Cappdo Sl ot 9 Jolete ) Ceslps Sy 553 3 RL



bl s & RL by g o wogwme pMl (gilwainy clp 2ia3,08 515l SO NSGA-I 45 51 (ggemme pd
Copde Sptuns > oo ilwadly lp spcwlie A4S (Fjlate 3Sas g SVL ()l (SN (S wread
ol o 00l isled V Jgda )0 gy 93y (930 gull gy oo Hledd 4y Mesier (55,

B 29,5 dunlio Joua .V Jooo

ks SOC Load Shedding (kWh) CO: (kg) st ($) Js auja O¥9;
2 . YeYA ¥.vo NSGA-II (Knee)
B . \£ 5 YFY RL (Proposed)
+Y.. -Y5SA EARR] (RL — NSGA-II) Q,Uﬁ

Jlo @y p> ol piitie oo dalllae diz b oaddll)] gz laz 5,8es colpidy By, ol g Jliel 2L5)) Helate 4

ol oolidy gy b o odalia A Jgdo )3 &5 LS len Cunl odd duslie aSLd iy (GFP1 Copte Bl D 3

Ol yob 4 Cul dtuily daans bl ol sl o PER L ol e Double DON (o55,631 5l (650,00 b (i
il Bie |y ool Hb JolS Bl g oan VT ,Lis) LialS o)l po e diujo dags b zals

28] St Ol b gdliubny g, 5 yShos unliie A Jgia

e e . 20509155 W cn e e ,
1ol g b dmslio it w9l gy | e | pae | G,
Double DQN + PER jl osliul cpols imgh 5
SR i T I R P T I NSV PR T N W orS boang Sodp 4 glws
) 2 ) 9> ) /d) )J e .‘)“’. 2 s A S5 0)as & 2l DON 2022 [vf] \
V25 kg CO2 ¥V jl 35 (SauVl g (Ll 785) dwp | MILPa cons YU Sloslre ey
(Lmls £+ 7) b sals kg CO2
Uh9y @yl 3550 oul p i ool ddlllas aS” Jbs
wbol Ban dw lojen g gl cnl ety | 5 Slhles 098 caley p Lol 550 _ Safe
e i e Reinforcement | 2023 | [0A] Y
Load 4 esls ides |y luedsl cublB g (Sau ¥l s sn 1000 el Learning
ol 033l o 4 1, Shedding
|y bl siojls 4 5 )b sl LS Lo
ol TSI ok & 25s B 4 ) Multi-objective
e e GE9% Cnl (Oledny Uhe) Wit (2l Obe )k slacler degens &) Evolutionary | 0 | |5 v
Olojan 4 o3l 1l o Slles (o)l o0 ol i) oo g (eolazsl Gilaal Reinforcement
ool o izl @ dbin Learning
L ow)wlgw)bwmlfwy
o> (FFL) YL sy (s0baiBl sgupy gl img}s o
3935 yicpel gdaw 3 lig SOC Jbs g o gond | (58,5 )5 55 b oolatdl 3900 /¥ 3905 _ Deep
T _ o L Reinforcement | 2024 | [¢-] ¥
b 3 pdslate oyl 0yt ;Soky 45 0l Lais - &5l dad i lals Learning
ol
oL @l hmgR cpl 3 4Sud) poal Jlbls 929 L
Sa YT jieS Ay s Cunl diilyy (ool sy, dwd Loy 53 (65l Cu o dgup ~ Deep
L{ s g . y;" ) L’ﬁ” < ¢ ”fl» ’ . ” . * A e Reinforcement | 2025 | [#)] o
e Olajed yobo 1) oatipeli )b JolS B g 108 R IPP 9 A Learning
&8
S5 4 g Sou .0

Ay 6509 Capde ) Cuwl ailes PER L ol yos Double DON e (golpiuiy oyl ol lis (g5lwdns zols
sl a5 sy lin 2 Sen & Bise] 393l J3n ¥ 5] e oSl ke a3 4l Uy B 3,5l
Wligy il A (oS o8 5l S sl (50 Ak 9 598135 U sl pdihies glie le 6550 ()l o
5 abobe JS SuoVl copimen ol (oolaidl gndbio oy 55, Sly oS il Gials YD YIFF 4 ,Ys Ve dqas



vAY G109 6905 0 | - sayliw y0 AU 1y (5505 Copko (5l (Greos (5T (64 TOL g2y lgr SO drwsi

0938wl Hlil yials woys Fr olee &S 8l yialS pySaSl6d 0 Sk VS 4 p S 6 £,56lS TN Do
Iy ;b Lol dLoad Shedding g48g ool Candly Jole g dwy yio 4 jo,y slacelo plo )3 osis el Hb Hlade ool
phia 35 ke oy Ay cand @il RL ol s 0l g Sllas )3y o 45 sl JlS b &
S5 ey Mg &S ) Sle lacele 13 65l 0Kk e ) Gr Sloj 4w 5 b Sl pdinies
gl Jlade 1 55l 5HLS ol 00l 5)L8S (VY B IA) cad gl slacsbos )3 5 008 55U Conl 108 (50 Cansd g i
xS 9 g9 sdlaiBl (61> o0 B lis &S skile (8L /¥ dgas oy LU 40 5 Al Lil38l 59y &le > +/A dgas b+ /0
s & ) ole dtudly abimsin bl b shb 48 cul o] whe ,1) cpl ol jluoysd wlolis I el b
il 0390 1y il bl g Jautocins 5 o eolail Blual lojan 45 1S Colun  ola 6 S paonas

o33l el PER L Double DON ¢S 5 ccanss 3)S o)l 3)50 L2 4 (500 iy (nl slogd o ke Sl
wigzr lojer (8,5 Sl Sl dassn bl @b (BAhb s> Cwl oad ol Sen Copw g xS ©Hluk
3 aises (oolaiting gy A3 0 LS gl epgu Cul 03,8 w03 1y (63l 5L s Sy e g lizabl B ((SuY]
i S epdga teud 035 G o |y ol Jy IS i Sl wdgy jipe a5 2Ll
& Cand 35 plcans g odgime sl jobs ddlles Lo cpl 5939 b o)l (6oL Cuenl aSiis,y Jos (g)l0 0500
Oygods By S 9 (63b W (b yod Wy ol sl by 4SSl cunss S (astiie |y oan] Glidios e Sl 0
olls o Lol clacaabibpie o adly Ll ) & b 55 lodd a5 b 5 acloVF 38l Sy (gl g poked
S S Ol g ol )5 e )3 edl g0 dy (55l Jae epgd il LSS i 3 Slas Wl oo (Sniug
OISl 5 08 € 55,3 4553 ] 55 oy o gy o) 3 il o Bl i (slacspions o ok
(G el g (pdgy dja el olacudgicee BB Heils5 Jps Jde iomen Cul ondi Jae 4SS @ (55 (B9
Ll blodd i s Cabls b5yl 52 35 po3 cnge do)ST ncgilumdles ol Canl Swalsd 398 ¢ 3,5 clo; Jolas
S sl bl Ll 5 Jde e (gllols 15l oo

pdgos mlie (YL 3585 b (cloaSid ) ) canl B (ool gz lag Wp o0 LS Gimgl ol @S cggecme )
9 Sl caopdFe Jials gyl po o A (cho 358 ials amd &l IS LB g ol ciedgn J S canlas SO
G5l Capde sl oo (60,09, Blg o Gres o8 (633l I ookl &S cunl ] ,S5Ly Load Shedding JolS s
5 Pl pEBd o e ey Sloj (slagdl uabaBpas Lalyd (> Jde dawg ol j3 bl ounl (claasiiss,
38 55 gy npelio J| (65383 ygas Llgiige PPO 5 TD3 'SAC b (5 5t piy (slaipis 9 | dunglio
o lio o]y a5 caleledis o8 (6 pS0b slags lan jl odlatul woles ;> > &)l 1,5 9,5k (claptuws sy
Jomt 555 S SgySen sl e digdoe LS Sialen bl s (sla oo Luogs (456 oS35 scs5t)
SrilS ges B s b (g5l awen Ayja ile Ctanily (o3laiBl slapadls (2938 (cpizran Al sl S
Db sales il Jae xio

1. Soft Actor-Critic
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3. Proximal Policy Optimization
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