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ABSTRACT Navigating the complex terrain of microgrid energy management is challenging due to
the uncertainties linked with abundant renewable resources, fluctuating demand, and a wide range of
devices including batteries, distributed energy sources, electric vehicles, and compensatory devices. This
paper presents an advanced two-stage robust day-ahead optimization model designed specifically for MG
operations. The model primarily addresses challenges arising from the integration of power electronics-
based generation units, the unpredictable nature of demand in microgrids, and the integration of small-scale
renewable energy sources. The proposed model includes detailed formulations for MG energy management,
covering optimal battery usage, efficient EV energy management, compensator usage, and strategic dis-
patching of DG resources. The multi-objective function aims to minimize various costs related to energy
losses, power purchases, load curtailment, DG operation, and battery/EV expenses over a 24-hour period.
To efficiently solve this optimization problem, the C&CG algorithm is utilized. Numerical simulations on a
test system validate the effectiveness of the proposed model and solution algorithm, showing a significant
reduction in the operating costs of the microgrid. This approach offers a robust framework to enhance the
resilience and efficiency of microgrid energy management. The results conclusively demonstrate that the
proposed approach surpasses comparable methods by at least 5%, highlighting its effectiveness in improving
key indicators within the microgrid system.

INDEX TERMS Microgrid, two-stage robust optimization, demand response, storage, electric vehicle,

uncertainty.
NOMENCLATURE B. PARAMETERS
A. SET AND INDEX Ry s X um Resistance and reactance of line,
N Set of grid nodes, indexed by n. respectively .
B Set of grid lines, indexed by nm. fftm,t’ wm,e ~ Maximum active and reactive power flow
T Set of hour of a day, indexed by ¢. of the line, respectively.
M Set of step rate for OLTC and SVR, indexed by m. cfub Cost of purchasing power from the
QOLTC  placement of the OLTC bus in the power system. substation.
QSVR Placement of the SVR bus in the power system. cfhed Cost of load shedding.
closs Cost of power losses.
cPe Cost of DG operation.
The associate editor coordinating the review of this manuscript and cfss Cost of ESS operation.
approving it for publication was Mauro Gaggero . cfv Cost of EV operation.
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Initial active and reactive load of the
network, respectively.

Real power output of renewable energy
sources in different scenarios.

Power factor of distributed generation.
Load change percentage in demand
side management program.

Battery capacity.

Minimum and maximum of SOC of the
battery, respectively.

Maximum reactive power of SC and
ShR, respectively.

Taps rate of OLTC and SVR, respec-
tively.

Set of steps rate considered for OLTC
and SVR, respectively.

Maximum charging and discharging
power of the electric vehicle battery,
respectively.

Efficiency of electric vehicles battery
charging and discharging.

Maximum battery capacity in electric
vehicles.

Minimum SOC status of the EV in per-
cent.

Real and reactive power of the substa-
tion.

Real and reactive demand changed in
the DSM program, respectively.
Operated power of renewable energy
resources.

Charge and discharge power of the bat-
tery, respectively.

Real power of distributed generation.
Energy level of the battery.

Charge and discharge efficiency of the
battery, respectively.

Reactive power of SC and ShR, respec-
tively.

Charging and discharging power of
electric vehicles, respectively.

Energy status in the battery of electric
vehicles.

D. BINARY VARIABLES

Zn,t Battery charge status.

Ynm Aucxiliary binary variable for reconfiguration.

On,t The active status of the SC is indicated by a
value of 1, otherwise, it is zero, which denotes
the active status of ShR.

03,‘3‘, ;’,ffi Extra binary variables for SVR and OLTC
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steps.

Yn, Status of charging and discharging of electric
vehicles, if it is equal to 1, the electric vehicle
is charging, otherwise, it indicates the status
of discharging.

E. ABBREVIATIONS

ADMM  Alternating Direction Method of Multipliers.

BD Benders Decomposition.

ML Machine learning.

MG Microgrid.

EV Electric Vehicle.

DG Distributed generation.

C&CG  Column-and-constraint generation.

ADPM  Adaptive Dynamic Power Management.

EISCT Enhanced Instantaneous Symmetrical Compo-
nent Theory.

OHPF Optimal harmonic power flow.

PQ Power quality.

MINLP  Mixed integer non-linear programming.

MMG Multi-microgrids.

BESS Battery Energy Storage Systems.

PCBGA Beasley parallel genetic algorithm.

HSA Harmony search algorithm.

IEMs Integrated energy microgrids.

P2P Peer-to-Peer.

MMG Multi-microgrid.

BDCs Bidirectional converters.

DN Distribution network.

DR Demand response.

MILP Mixed-Integer Linear Programming.

OLTC On-Load Tap Changer.

SVR Step Voltage Regulator.

PV Photovoltaic.

EVPL Electric vehicle parking lots.

ESS Energy storage system.

SC Shunt capacitor.
ShR Shunt reactor.
WD Wind resource.

I. INTRODUCTION

The global energy landscape is undergoing a significant
transformation, with microgrids emerging as key players in
the quest for sustainable, resilient, and decentralized energy
solutions. Microgrids, which are localized and often intercon-
nected energy systems, offer a promising approach to meeting
the changing needs of communities, industries, and critical
infrastructure. However, integrating and managing diverse
energy resources within microgrids pose significant chal-
lenges, amplified by the inherent uncertainties of renewable
sources, fluctuating demand patterns, and the inclusion of
various devices such as batteries, distributed energy sources,
electric vehicles, and compensatory devices. In this com-
plex context, this paper aims to address the critical issues
hindering optimal microgrid energy management. A cen-
tral focus is placed on developing an advanced two-stage
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robust day-ahead optimization model specifically tailored
for MG operations. This model is designed to navigate
and overcome challenges associated with integrating power
electronics-based generation units, the unpredictable demand
nature within microgrids, and the incorporation of small-scale
renewable energy resources.

A. BACKGROUND REVIEW

In [1], an ADPM and EISCT are introduced to tackle chal-
lenges in PV-wind-battery microgrids, addressing issues like
poor power quality and grid instability. In [2], an OHPF
framework for daily scheduling of a grid-connected micro-
grid is presented, which tackles PQ issues caused by power
electronics and unbalanced loading. In [3], a bi-objective
optimization approach based on the MINLP framework is
proposed to enhance microgrid resilience using the power-
to-hydrogen concept, enabling autonomous operation. In [4],
a fully decentralized adjustable robust operation framework
is proposed for active distribution networks with MMG,
addressing the autonomy and heterogeneity of individual
agents. In [5], a Stackelberg game approach is proposed for
robust microgrid energy sharing, incorporating prosumers
and plug-in electric vehicle charging stations while consid-
ering uncertainties in renewable energy, storage systems, and
load consumption. In [6], a MINLP model is proposed for
optimal placement, technology selection, and operation of
BESS in microgrids, considering variable distributed genera-
tion and energy demand using a methodology with PCBGA.
In [7], a low-carbon operation method is proposed for micro-
grids, addressing the challenge of high carbon emissions
by considering energy-carbon coupling units such as dis-
tributed generators and industrial loads. In [8], the authors
propose an optimal capacitor allocation approach in islanded
microgrids using HSA. In [9], the authors propose a low-
carbon economy operation strategy for multiple IEMs based
on a double-layer Stackelberg game model. In [10], the
authors develop a data-driven scheduling-correction frame-
work for renewable-dominated isolated microgrids integrated
with hybrid seasonal battery storage. In [11], the authors
develop a multi-microgrid P2P low-carbon economic opera-
tion model based on Nash bargaining theory, considering the
coordination of three energy forms (electricity, heat, and gas),
uncertainties on both sides of the source and load, and low-
carbon operation goals. In [12], a two-stage distributionally
robust model is proposed for the optimal design and operation
of islanded MMG systems using a C&CG-based method.
In reference [13], the proposed use of digital platforms for
automating the reliability assessment of microsystems in
modern energy technologies involves employing machine
learning methods with two algorithms designed to analyze
regime indicators and assess reliability. In [14], a data-based
convex model is proposed for the performance of AC/DC
hybrid microgrids with bidirectional converters using the
least squares approximation method with data-based weight
functions to linearize BDC efficiency behavior. In [15],
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a dedicated microgrid planning and operation approach is
proposed, especially to support a DN with pumped hydraulic
storage. In [16], a grid-connected microgrid power opti-
mization model based on the integration of microgrid and
electric vehicles is proposed using an adaptive crossover
multi-particle swarm optimization algorithm. In [17], the
unexplored potential of multi-energy microgrids as virtual
power plants in auxiliary service markets is addressed using
Stackelberg game theory and integrated DR. In [18], a price-
based strategy for coordinating electric springs in microgrids
is proposed, focusing on the economic benefits of smart
loads. In [19], a stochastic multi-objective optimization
approach is presented for optimal performance and coordina-
tion of energy hubs, renewable energy sources, and plug-in
electric vehicles in smart microgrids. In [20], an extensive
review of literature is provided on the energy management
of microgrid control systems, discussing challenges in over-
all control and stable operation. Studies [21] and [22] have
introduced column and constraint generation algorithms for
robust optimization models. References [23] and [24] have
presented a robust optimization model for microgrid island
operation. In [25], a stochastic model for robust optimization
in the presence of demand response management problems is
presented. In [26], an improved energy management strategy
for customer buildings is proposed to minimize microgrid
operating costs and battery degradation factors. In [27], a two-
layer approach is presented to manage and control an AC
microgrid with photovoltaic systems, wind turbine systems,
and battery storage systems connected to the power grid.
In [28], the development of a model for optimizing the use of
local clean energy sources in a microgrid for grid connection
has been investigated. The study [29] provides an overview
for researchers on predictive control methods for economic
modeling of microgrids to achieve objectives such as cost
minimization and profit maximization. In [30], the two-mode
energy management problem in microgrid coordination has
been investigated. The paper introduces a two-stage robust
approach for optimizing operation and coordination in micro-
grids. The methodology utilizes MILP for robustness, C&CG
for optimization, and integrates various components such as
EVs, ESS, compensators, demand response, reactive loads,
and renewable sources. The approach presented in the paper,
which combines MILP and C&CG, offers a comprehensive
and robust solution for microgrid operation. It addresses
multiple objectives and incorporates a variety of elements.
Table (1) showcases the versatility of the proposed model,
surpassing other studies in addressing diverse challenges
and integrating a broad spectrum of components to enhance
microgrid performance. Many studies lack a robust approach,
as evidenced by the absence of “Robust” in the “Approach”
column, which may leave them susceptible to uncertainties
and variations in microgrid conditions. Some studies also
lack the comprehensive integration of essential microgrid
components. For example, [10] and [13] do not consider com-
pensators, [6] excludes EVs, and [14] does not incorporate
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TABLE 1. Comparison of the approach and model of this paper with similar.

Ref. Model Approach Algorithm Multi- EV ESS Compensator Demand Reactive Renewable
Objective Response Load
This MILP Robust C&CG v v v v v v v
paper
[n NLP Deterministic - - - v - - v v
[2] MILP Deterministic ~ Heuristic v v v - v v v
[3] MINLP  Deterministic ~ BD v - - - v v
[4] MIQP Robust ADMM v - v - - v v
[5] MINLP  Robust Stackelberg - v v - v - v
[6] MINLP  Deterministic ~ Metaheuristic =~ v v - - - -
[7] MILP Deterministic - - - v - - v v
[8] NLP Deterministic ~ Evolutionary - - - v v v -
9] NLP Robust Stackelberg - - v - - - v
[10] NLP Deterministic ~ data-driven - - v - - - v
[11] MINLP  Robust ADMM - - - - - B v
[12] MILP Robust C&CG - - - - - - v
[13] NLP Deterministic ML - - v - - - v
[14] LP Deterministic  data-driven - - - - - v v
[15] NLP Deterministic ~ dedicated - - v - - - v
[16] NLP Deterministic ~ Evolutionary v v v - - - v
[17] NLP Robust Stackelberg v v - v - v
[18] MINLP  Deterministic ~ Heuristic v - v - v - v
[19] NLP Stochastic Evolutionary v v v - v - v

demand response. Several studies struggle to address multiple
objectives simultaneously. Specifically, [3], [5], [11], [12],
and [17] do not explicitly include all the listed objectives
(Multi-Objective) in their approach.

B. MOTIVATION

The paper is motivated by the need to address the complex
challenges associated with microgrid energy management,
particularly amidst increasing uncertainties related to renew-
able resources, dynamic demand patterns, and the diverse
array of devices found in microgrids, such as batteries, dis-
tributed energy sources, electric vehicles, and compensators.
The authors emphasize the necessity for a sophisticated opti-
mization model tailored specifically for microgrid operations.
The primary challenges they aim to address include integrat-
ing power electronics-based generation units, managing the
uncertain demand nature within microgrids, and effectively
incorporating small-scale renewable energy resources. These
challenges require a comprehensive approach to energy man-
agement within microgrids. The proposed two-stage robust
day-ahead optimization model focuses on several key aspects
of microgrid energy management. It aims to optimize battery
usage, manage EV energy efficiently, utilize compensators
effectively, and strategically dispatch distributed generation
(DG) resources. The authors stress the importance of address-
ing a multi-objective function aimed at minimizing various
costs related to energy losses, power purchases, load curtail-
ment, DG operation, and expenses associated with batteries
and electric vehicles over a 24-hour period. To solve this
optimization problem efficiently, the paper introduces the use
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of a C&CG algorithm. The authors validate the effective-
ness of their proposed model and solution algorithm through
numerical simulations conducted on a test system. The results
show a significant reduction in the microgrid’s operating cost,
supporting the claim that the proposed approach enhances
the efficiency of microgrid energy management while pro-
viding a robust framework to strengthen the resilience of
the microgrid system. In summary, the paper aims to offer a
comprehensive solution to the intricate challenges of micro-
grid energy management, providing a specialized two-stage
optimization model and algorithm to address uncertainties,
optimize resource usage, and minimize costs. Ultimately,
this enhances the efficiency and resilience of microgrid
operations.

C. RESEARCH GAP

While there has been significant research in the field of
microgrid energy management, the existing body of literature
presents several limitations and gaps that necessitate further
investigation and innovation.

1. Limited Integration of Multiple Energy Resources:

- Many existing studies focus on individual aspects of
microgrid management, such as renewable energy integration
or demand response, without considering the holistic inte-
gration of multiple energy resources, electric vehicles, and
storage systems.

2. Simplistic Optimization Models:

- Several studies employ simplistic optimization mod-
els that do not capture the complexities, uncertainties, and
dynamic nature of microgrid operations effectively. These
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TABLE 2. Grid-Connected mode result.

Proposed Method 1 in Method 2 in

[24] [25]
Objective ($) 86978 93936 91326
Energy purchase (MWh) 0.45 0.474 0.468
Loss (MWh) 0.387 0.410 0.405
Load shedding (MWh) 0.16 0.388 0.319
Voltage deviation (p.u) 0.065 0.068 0.068
PV curtailment (MWh) 225 2.31 2.27
WD curtailment (MWh) 0 0.15 0
Peak of charge of ESS 0.56 0.59 0.58
(MWh)
Total power of the SC 10.66 10.87 10.80
(MVArh)
Total power of the ShR 11.4 11.2 11.24
(MVArh)
CPU time (sec) 131 97 61

models often overlook critical factors such as grid stability,
voltage regulation, and real-time adaptation.

3. Lack of Robustness and Adaptability:

- The majority of existing models lack robustness and
adaptability to handle uncertainties in renewable energy gen-
eration, demand variations, and equipment failures. This
results in suboptimal performance and reliability under
diverse operating conditions.

4. Limited Scalability and Flexibility:

- Many studies focus on specific microgrid configura-
tions or scenarios, limiting their applicability and scalability
to different microgrid sizes, configurations, and operational
requirements.

Given these limitations, there is a clear research gap and
need for innovative approaches that address the complexities
and challenges of modern microgrid operations comprehen-
sively.

Our proposed two-stage optimization model aims to fill
these gaps by:

- Providing a holistic and integrated approach to microgrid
energy management.

- Incorporating advanced optimization techniques to han-
dle uncertainties and dynamic operational conditions effec-
tively.

- Ensuring robustness, adaptability, and scalability to meet
the diverse requirements of various microgrid applications.

By addressing these limitations and providing a tailored
solution for microgrid operations, this research contributes
significantly to advancing the state-of-the-art in microgrid
energy management and addressing the identified research
gaps. However, to demonstrate the research gap and dif-
ferences as well as the advantages, the proposed paper is
designed in Table (1).

D. RESEARCH CONTRIBUTION
The paper makes a significant contribution to the field of
microgrid operations by addressing a specific research gap
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and proposing a sophisticated and robust optimization model.
Here are the key contributions and their explanations:

- The paper introduces a detailed formulation for micro-
grid energy management that encompasses various aspects,
including optimal battery usage, efficient electric vehicle
energy management, compensator usage, and strategic dis-
patching of distributed generation resources.

- The proposed model incorporates a multi-objective func-
tion aimed at minimizing various costs related to energy
losses, power purchases, load curtailment, distributed gener-
ation operation, and expenses associated with batteries and
electric vehicles. This reflects a comprehensive approach to
microgrid energy management.

- The paper makes a methodological contribution by
utilizing a column-and-constraint generation algorithm for
efficient optimization. This algorithm is specifically high-
lighted as addressing the identified research gap, indicating
an innovative approach to tackling the complexities of micro-
grid energy management.

- The energy management structure of microgrids is
accurately modeled through a well-structured MILP, demon-
strating a high level of detail and precision in representing the
intricacies of microgrid operations.

E. PAPER ORGANIZATION

In the following sections of this paper, we will introduce
the proposed modeling, followed by an explanation of the
problem-solving methodology. We will then analyze the sim-
ulation results and conclude by offering suggestions for future
research directions.

Il. PROPOSED MODEL

The presented optimization problem focuses on compre-
hensive microgrid energy management, taking into account
factors such as optimal battery operation, efficient EV energy
management, compensator usage, and strategic dispatching
of DG resources. The multi-objective function aims to min-
imize costs associated with energy losses, power purchases,
load curtailment, DG operation, and expenses related to bat-
teries and electric vehicles over a 24-hour period. The model
incorporates various equations and inequalities that represent
the balance of real and reactive power, restrictions on using
power from the upstream network, demand-side management
constraints, considerations for flexible loads, adjustments
in active and reactive power, voltage limits, energy storage
system modeling, operational limits for renewable resources,
capacitor and shunt reactor limits, and optimal settings for
OLTC and SVR.

In the optimization problem presented, various aspects of
microgrid energy management are addressed, such as opti-
mal battery charging and discharging, efficient EV energy
management, effective compensator usage, strategic man-
agement of SVR and OLTC, and strategic dispatching of
DG resources. Additionally, the model takes into account
load variations. The multi-objective function, defined by
Equation (1), seeks to minimize several factors: the cost of
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energy losses over 24 hours, power purchase costs from the
upstream grid, load curtailment costs, DG operation costs,
and battery and EV operational expenses.

min 3 3 R (o >+ Fi ) T

nmeB teT

+ Z C‘;Mb (Pfub + Q;ub)

teT

,shed ,shed
+ zchhea' (DQJY e +DZ,; e )
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neN teT

Equations (2) and (3) illustrate the equilibrium of real and
reactive power within the microgrid.

sub ess,dis ess,ch D P
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Inequalities (4) and (5) indicate the restrictions on utilizing
active and reactive power from the upstream network, respec-
tively.

P < pub < P e 4)

0" < QM <0""VieT 5)
Equations (6) and (7) specify the constraints on the total
active and reactive loads within the demand-side management
program. These relationships imply that, in the demand-side
management program, the total microgrid load can be less
than the initial network loads. Essentially, this indicates the
consideration of flexible loads in this study.

S oM <> oiMvier (6)
nenN neN
S oM <> ptMvier ©)
neN neN

Inequalities (8) and (9) express the magnitude of active and
reactive adjustments within the demand-side management
plan, respectively.
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Constraints (10) and (11) delineate the thresholds for the
operation of active and reactive power flow within the micro-
grid, respectively.

P P
—Fopi < Fh,, < FonVt € T,nm € B (10)
—Fpy <Fphy <Fa, Nt €T .nmeB (11)

Equations (12) and (13) define the voltage limits for the
microgrid and reference bus, respectively. It’s worth noting
that the voltage is squared in this paper.

V, <V <V,VneN,teT (12)
Vit = 1V¥n = ref (13)

Equation (14) illustrates the constraint on the operation of real
power from DGs.

PP < PP <PVneN,teT (14)

Equations (15) to (19) encompass the modeling of energy
storage systems within the microgrid. Equation (15) estab-
lishes the discharge power limit, while equation (16) delin-
eates the charge power limit. Equation (17) represents the
energy level in the battery, with equation (18) specifying the
initial battery energy. Lastly, equation (19) outlines the limit
on battery energy.

0< P <C& (1 -z, )VneN, 1T,

ze€{0,1} (15)
0 <P < C% (z,,)¥neN,1 € T,z € {0, 1}
(16)

;f+1 — E;f,sts + P’fis}v,chness,ch _ sz;,disness,dis
VneN,teT,ze{0,1} (17
ES =0VneN,t=1 (18)
s0ctFCEY < E,ff,s <s0c;¥C*NneN,teT (19)

Equation (20) defines the square of voltage in the microgrid,

represented in a convex modeling framework.

Vit =V =2 (Rumfiom.s + Xomfums) Ynim € Bit € T,n € N
(20)

Equation (21) sets the operational limit for renewable energy

resources in the microgrid, encompassing sources such as
wind and PV resources.

0<PRE <P VneN,ieT 1)

Constraints (22) and (23) delineate the operational limits
of the capacitor and shunt reactor within the microgrid,
respectively.

0<0 <Oy pnVneN,teT, pe{01} (22)
—ShR
0< O < 0" (1 —gu)VneN,teT,¢e{0,1)
(23)

Equations (24) to (26) illustrate the determination of the
OLTC tap setting and step for tap changes.

Vi =1x Vo vne QOUC t e T meM (24)

n,t,m

VOLUME 12, 2024



H. Hematian et al.: Robust Optimization for Microgrid Management

IEEE Access
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n,t,m
meM
teT,meM,H {0, 1} (25)
Ze,f,{’f <1IViteT (26)
m

Likewise, relationships (27) to (29) are applied for the SVR.
It is noteworthy that the OLTC tap influences the reference
bus of the microgrid, while the SVR tap impacts the voltage
between two nodes.

Vit = Vg X VorR — 2 (RumF Yy + XamF iy 1)

n,t,m
vi,me QSR t e T,nmeB (27)
VR =D Bu x O vn e Q'K
meM
teT,meM,0 €{0,1} (28)
SR <ivier (29)

m
Equations (30) and (31) depict the curtailment of active and
reactive loads within the microgrid, respectively.
o< <pPMypeNreT (30)
0<D" <p??MypeNreT 31)

n,t

The upper and lower ramp rate limits for DGs are presented
in equations (32) and (33), respectively.

PZ?H—Pﬁ?fr“anEN,IGT (32)
PP — P <r™neN,teT (33)

Finally, equations (34) to (37) delineate the optimal modeling
for the charging and discharging of electric vehicles.

0< PVl <PV, neNteT (34

0<PEVds <PV (1 VWneNteT
(35)

V.dis
EV EV EV.ch_ch n,t
Ey ., =E, _|_pn’t+“1 ngy — ——VneN,teT
Mgy

(36)
E xE" <EFY <E.'VneN,ieT 37)

Ill. PROPOSED ROBUST APPROACH

In practical scenarios, the operational scheduling problem of
MG is typically addressed one day prior to the actual opera-
tion, which introduces various uncertainties into the planning
process. These uncertainties can arise from unpredictable fac-
tors such as fluctuating renewable energy generation, varying
load demands, equipment failures, and market price fluctua-
tions. The unpredictable nature of renewable energy sources,
such as solar and wind power, can lead to significant variabil-
ity in energy generation, making it challenging to accurately
forecast and plan energy dispatch schedules. Additionally,
variations in consumer behavior, seasonal changes, and unex-
pected events can result in fluctuations in load demand,
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requiring dynamic adjustments to the microgrid operation
schedule. Unforeseen equipment failures or outages can
impact the availability and reliability of DG, necessitat-
ing contingency plans and adaptive strategies. Moreover,
fluctuations in electricity market prices can influence the
economic dispatch decisions, requiring optimization models
to consider cost-effective strategies while ensuring reliable
operation. In conclusion, the proposed two-stage robust
optimization model offers a comprehensive and adaptive
approach to address uncertainties in microgrid operational
scheduling effectively. By considering the range and variabil-
ity of uncertainties in both day-ahead planning and real-time
adaptation, the model ensures robust, reliable, and efficient
microgrid operation under diverse operating conditions and
uncertainties.

A. UNCERTAINTY MODELING
In the context of robust optimization, uncertainties are delin-

eated through suitable uncertainty sets. For the microgrid
load, this set (U, Ug) can be defined as follows:

~p,INI
~p,INI D ZDZ, —p.D
€ S = ,
D e RTITPY < 2 <T}
Ul = nt _t pr NI t
D — %‘4 n,t
~p,INI LINT LINI LINT LINI
th € I:Dﬁz _Dz,t X VaDﬁ,z +DZ,I V]
(33)
ZDq,INI
n,t
~ ,D
DZ’{NI R+| F:],D < n < o
Up=1 " > o
~ ,
~ 4,INI g, INI g, INT g, INI | ~q,INT
Dnt € [Dnt _Dn,t X ’Dn,t +Dn,t V]
(39

According to equations (38, 39), the uncertain load varies
within the interval D%Nl —D’,’,:f}w XY, Dﬁ:iNl—i—Dﬁ:le Xyl
To modify the conservation level of the optimal solution, the
values of I' P and th,D (referred to as the uncertainty budget)
can be adjusted. Specifically, as Ff P and F?’D increase
from O to 24, the conservation level of the optimal solution
increases. Consequently, the time during which the load at bus
n can assume either its lower or upper bounds also increases.
A similar uncertainty set can be defined for renewable power
generation (Ug):

. SO
Py € R+| e < —nZPRE <I,

URE = - m n,t (40)
DRE RE DRE pRE DRE
Pn,t € [Prz,t _Pn,t’Pn,t +Pn,t]

where I'{® represents the uncertainty budget for renewable
power generation.

B. PROPOSED TWO-STAGE ROBUST MODEL
Taking into account the specified uncertainty sets, the formu-
lation of the two-stage robust optimization-based model is as
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follows:
. T . T
min a; x; + max min b:y, (41)
Xt ; e Vi, Vi, Ugg Y1€0(1,...xT . 1,d,8) ; o
Cixt < ¢ (42)
Oxt,...,xr,i,d, 8)
Hiy; < hy
= yl | tht S Ltdt — i,xt — Etx, — tht (43)

Niyr =w —M;x,

Here, x and y represent decision variables for operation
modes. C,E,G,H,K,L,M,and N are auxiliary coefficients,
while a, b, ¢, h, and w serve as auxiliary parameters in the
concise robust model. i, d, and g denote the uncertainty
realization of load demand and renewable generation, respec-
tively. In the proposed two-stage robust model, the first-stage
problem involves determining the robust energy scheduling
of DGs, the energy scheduling of ESS, the energy scheduling
of EV, the power scheduling of capacitors and reactors, and
the tap scheduling of SVR and OLTC. This stage aims to
minimize the total cost of the MG considering worst-case
realizations. Once the first-stage decisions are established,
the worst-case realization of the MG under uncertainties
is computed through an inner max-min model, essentially
addressing a resiliency-oriented problem.

Equation (42) delineates the feasible set for operation deci-
sion variables, encapsulating constraints (2)-(37). The initial
inequality in (43) consolidates constraints exclusively related
to operation decision variables, namely (4), (5), and (14). The
subsequent inequality in (43) is strategically chosen to articu-
late constraints (2) and (3). Lastly, the concluding inequality
in (43) defines the condensed representation of (32) and (33).

C. C&CG ALGORITHM FOR SOLVING TWO-STAGE RO
MODEL

The min—max—min optimization problem presented in equa-
tions (41)-(43) poses a challenge for commercial software
packages, rendering them insufficient for its resolution. Con-
sequently, a C&CG algorithm, extensively detailed in [21],
is employed to effectively address the proposed robust
model. In contrast to alternative algorithms such as the BD
algorithm [22], the C&CG algorithm demonstrates supe-
rior capabilities in solving master problems with a greater
number of variables and constraints in fewer iterations [23].
Notably, the BD algorithm necessitates the subproblem to be
in linear format, a prerequisite not applicable to the C&CG
algorithm [21].

1) MASTER PROBLEM (MP)

min ¢ (44)

Xt, ¢

Cix; < ¢ (45)

¢=> alx+ > by (46)
teT teT

Hy! < (47)
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Gy’ < Lid’ —i'x — Exx, — K,8” (48)
Niy! <w— Mx, (49)

Here, ¢ serves as an auxiliary variable, and ¢ represents the
iteration index. The primary objective of the master problem
is to identify the optimal first-stage decision based on the
worst-case realizations determined in the sub-problem. Con-
sequently, the master problem establishes a lower bound for
the two-stage robust optimization-based model presented in
equations (41)-(43).

2) SUB-PROBLEM (SP)

The sub-problem is designed to ascertain the worst-case real-
ization within the specified uncertainty sets. Specifically, for
the first-stage optimal robust decisions, denoted as x/, the
sub-problem is formulated as follows:

*) __ . T
1 (x ) B deug,i?l?i?geURE yreL(ngclr.i,d,g) ; brye GO
Hiyr < hy (77) (51)
Giy; < Lid; — itx;k - Etx,* — Kig: (1) (52)
Niy: <w— Mtx,* (1) (53)

Here, n stands as an auxiliary variable, while , y, and @
serve as dual variables for constraints (51)-(53), respectively.
The aforementioned max-min problem establishes an upper
bound for the two-stage robust optimization-based model
outlined in equations (41)-(43). However, direct optimization
of this problem is not feasible. Fortunately, due to the linearity
of the sub-problem, the application of duality theory allows
it to be expressed as follows:

max th-[ Ld_]x*_Ex*_K T
U,V,w,i,d,gz{ 1 t+( tUt Ay tXy tgt) Vi

teT
+ (w + M,x,*)T a),} (54)
H'm, + Gy, + Nl w, = b, (55)
7 <0, <0,0, <0 (56)
doeUP,iie UL, g € Ugg (57)

After solving the derived equivalent formulation for the sub-
problem, the worst-case realization is determined over the
uncertainty sets in each iteration, and the associated con-
straints (46)-(49) are integrated into the master problem. The
iterative process terminates when the difference between the
upper and lower bounds diminishes to a predefined threshold.
Refer to Fig. 1 for the flowchart illustrating the proposed solu-
tion algorithm. In fact, the two-stage model arises because
the optimization problem is divided into a master problem
and a sub-problem, as depicted in the proposed flowchart in
Figure 1. The main purpose of presenting this model is to
operate microgrids while taking into account the considered
uncertainties.

IV. NUMERICAL RESULTS
The proposed approach and model were implemented to
evaluate the performance of a 33-bus microgrid infrastructure
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FIGURE 2. Proposed microgrid schematic.

[31]. Figure 2 presents a schematic representation of the
microgrid, highlighting key components such as electric vehi-
cle parking, energy storage systems, distributed generation
sources, and renewable energy sources. Notably, the model
considers active and reactive demand modifications with
a maximum allowable deviation of 20%. For this study,
energy storage systems and electric vehicle batteries are
assumed to be lithium-based, with an operational efficiency
of 95%. To conduct the simulation, we employed the pro-
posed method and model implemented in Julia and solved
it using Gurobi 10. The 33-node microgrid illustrated in
Figure 2 consists of 32 lines, underscoring the presence of
various elements, including PV resources, WD, EVPL, ESS,
SC, ShR, OLTC, SVR, and DG resources.

Table (2) displays the results of the grid-connected mode
using the proposed method, compared to Method 1 (based
on the Genetic algorithm) from [24] and Method 2 (based on
the Particle Swarm Optimization algorithm) from [25]. The
objective function, which represents the total cost, is mini-
mized by the proposed method, resulting in a cost of $86,978.
In contrast, Method 1 and Method 2 yield higher costs of
$93,936 and $91,326, respectively.
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TABLE 3. Island mode result.

Proposed Method 1 in Method 2 in

[24] [25]
Objective ($) 90154 97005 94660
Energy purchase (MWh) 0 0 0
Loss (MWh) 0.312 0.339 0.324
Load shedding (MWh) 0.978 1.68 1.03
Voltage deviation (p.u) 0.057 0.061 0.059
PV curtailment (MWh) 0.78 1.21 1.04
WD curtailment (MWh) 0 0 0
Peak of charge of ESS 045 0.51 0.47
(MWh)
Total power of the SC 12.43 12.79 12.62
(MVArh)
Total power of the ShR  10.57 10.84 10.74
(MVArh)
CPU time (sec) 154 116 81

Regarding energy metrics, the proposed method achieves
an energy purchase of 0.45 MWh, which is lower than that of
Method 1 (0.474 MWh) and Method 2 (0.468 MWh). Addi-
tionally, the proposed method effectively minimizes losses
(0.387 MWh), load shedding (0.16 MWh), and voltage devia-
tion (0.065 p.u) compared to the other methods.The proposed
method demonstrates superior performance in managing
renewable resources, with lower PV curtailment (2.25 MWh)
and no wind curtailment (0 MWh), whereas Method 1 and
Method 2 experience higher curtailment values. For energy
ESS operations, the proposed method achieves a lower peak
charge (0.56 MWh) compared to Method 1 (0.59 MWh) and
Method 2 (0.58 MWh). Furthermore, the proposed method
optimizes the total power of the SC and ShR more efficiently,
resulting in 10.66 MVArh and 11.4 MVArh, respectively.
Lastly, the computational efficiency of the proposed method
is evident in the CPU time required, which is 131 seconds,
compared to 97 seconds for Method 1 and 61 seconds for
Method 2. Overall, these results collectively demonstrate
the effectiveness and efficiency of the proposed method in
optimizing the grid-connected mode of the microgrid.

Table (3) presents the results of the islanded mode using
the proposed method, compared with Method 1 from [24]
and Method 2 from [25]. The objective function, represent-
ing the total cost, is minimized by the proposed method,
resulting in a cost of $90,154. In contrast, Method 1 and
Method 2 produce higher costs of $97,005 and $94,660,
respectively. Regarding energy metrics, the proposed method
achieves zero energy purchase, losses of 0.312 MWh, and
load shedding of 0.978 MWh, demonstrating its effectiveness
in ensuring energy self-sufficiency during islanded mode
operation. In comparison, Method 1 and Method 2 show non-
zero values for these metrics, indicating less efficient resource
utilization in islanded mode. The proposed method excels
in minimizing voltage deviation (0.057 p.u) during islanded
mode, outperforming Method 1 (0.061 p.u) and Method 2
(0.059 p.u). In managing renewable resources during islanded
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mode, the proposed method achieves lower PV curtail-
ment (0.78 MWh) compared to Method 1 (1.21 MWh) and
Method 2 (1.04 MWh). Wind curtailment remains zero across
all methods, indicating efficient utilization of wind resources.
For energy storage system (ESS) operations, the proposed
method optimizes the peak charge, resulting in a lower value
of 0.45 MWh compared to Method 1 (0.51 MWh) and
Method 2 (0.47 MWh). Additionally, the proposed method
optimizes the total power of the shunt capacitor (SC) and
shunt reactor (ShR) more effectively, resulting in values of
12.43 MVArh and 10.57 MVArh, respectively. The compu-
tational efficiency of the proposed method is reflected in
the CPU time required, which is 154 seconds, compared to
116 seconds for Method 1 and 81 seconds for Method 2. Over-
all, these results highlight the effectiveness and efficiency
of the proposed method in optimizing the islanded mode
of the microgrid, emphasizing its capability to ensure self-
sufficiency and reliability during periods of disconnection
from the main grid.

The comprehensive evaluation of the grid-connected and
islanded modes, presented in Tables (2) and (3), offers valu-
able insights into the performance of the proposed microgrid
optimization method compared to existing methodologies
(Method 1 from [24] and Method 2 from [25]). In the
grid-connected mode, the proposed method demonstrates
superior economic efficiency by minimizing the objective
function to $86,978, surpassing the results of Method 1
($93,936) and Method 2 ($91,326). This cost-effectiveness
stems from optimized energy purchases, reduced losses,
and minimized load shedding, highlighting the method’s
adept management of energy resources. Additionally, the
proposed method excels in mitigating voltage deviations,
curtailing PV generation, and efficiently operating the ESS,
resulting in lower peak charges. The optimized total power
of the SC and ShR enhances overall system performance.
Importantly, the proposed method achieves these outcomes
within a reasonable computational time of 131 seconds,
emphasizing its efficiency for real-time applications. In the
islanded mode, the proposed method continues to demon-
strate its effectiveness by minimizing the objective function
to $90,154, outperforming Method 1 ($97,005) and Method 2
($94,660). The method’s capability to completely elimi-
nate energy purchases while maintaining minimal losses
and load shedding highlights its effectiveness in ensuring
energy self-sufficiency during islanded operation. Moreover,
the proposed method excels in voltage regulation, reducing
PV curtailment, and optimal ESS management, contribut-
ing to enhanced resilience of the islanded microgrid. The
optimized total power of SC and ShR further emphasizes
the method’s ability to maximize renewable resource utiliza-
tion. The computational efficiency of the proposed method
remains reasonable at 154 seconds, ensuring its practical
applicability in real-world scenarios. In summary, the pro-
posed microgrid optimization method not only surpasses
existing methodologies in economic efficiency, renewable
resource utilization, and voltage regulation but also maintains
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FIGURE 3. Comparison of purchased energy between grid-connected and
island modes.

commendable computational efficiency. Collectively, these
results affirm the method’s viability and effectiveness in
addressing the complex challenges associated with microgrid
operation in both grid-connected and islanded modes.

Figure (3) presents a comparative line graph showing the
average energy consumption in grid-connected and islanded
modes over time. In this visual representation, the grid-
connected mode appears as the more expensive option,
whereas the islanded mode emerges as the more economical
choice. The x-axis of the graph represents time in hours,
while the y-axis indicates energy purchases measured in
MWh. The two distinct lines on the graph represent the
average energy consumption trends for the grid-connected
and islanded modes, respectively. As shown in the graph,
the grid-connected mode demonstrates higher energy con-
sumption compared to the islanded mode. This difference
stems from the continuous need to purchase energy from
the grid in the grid-connected mode, even during periods
of reduced demand. In contrast, the islanded mode relies
solely on locally generated energy, eliminating the need for
external energy procurement. This comparison underscores
the significant energy-saving potential of the islanded mode,
positioning it as a more cost-effective and sustainable option
for energy consumption.

Figure (4) depicts a graph comparing the average micro-
grid voltage between grid-connected and islanded modes.
The x-axis of the graph represents time in hours, while the
y-axis indicates voltage magnitude in per unit (p.u.). The
graph illustrates that the grid-connected mode maintains a
higher average voltage compared to the islanded mode. This
difference arises because the grid-connected mode is linked
to the main power grid, which provides a stable voltage.
In contrast, the islanded mode operates independently of the
main power grid, leading to voltage fluctuations based on the
microgrid’s power generation and consumption levels. The
graph also reveals that the voltage magnitude in both the grid-
connected and islanded modes fluctuates over time. Various
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FIGURE 5. Comparison of the total of state of charge of grid-connected
and island-mode ESSs over time.

factors, such as the load on the microgrid, can influence
the voltage of both modes. Overall, the figure demonstrates
that the grid-connected mode maintains a higher and more
consistent voltage compared to the islanded mode.

Figure (5) presents a line graph comparing the total state
of charge of grid-connected and islanded ESSs over time.
The x-axis of the graph represents time in hours, while the
y-axis indicates the state of charge as a percentage. The
graph illustrates that the islanded ESSs maintain a higher total
state of charge compared to the grid-connected ESSs. This
difference arises because the islanded ESSs are responsible
for supplying all the energy to the microgrid, whereas the
grid-connected ESSs can draw energy from the grid when
required. The graph also reveals that the total state of charge
for both grid-connected and islanded ESSs fluctuates over
time. This fluctuation occurs because the state of charge
for both types of ESSs depends on the amount of energy
generated and consumed by the microgrid. Overall, the figure
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FIGURE 6. Comparison of microgrid active load in demand response
programs.

demonstrates that the islanded ESSs maintain a higher total
state of charge than the grid-connected ESSs, indicating that
the islanded ESSs can store more energy. This stored energy
can be utilized to power the microgrid during periods of low
or no renewable energy generation.

Figure (6) presents a visual comparison of load profiles
within the demand-side management program in two dis-
tinct modes: islanded and grid-connected. Remarkably, the
islanded mode shows instances of load shedding, particularly
at nodes 12-16, 24, 25, 33, and 32. This observation high-
lights a significant difference in load reduction between the
islanded and grid-connected modes. The noticeable pattern
of load shedding in the islanded mode indicates a more
pronounced and effective reduction in overall load demand
compared to the grid-connected mode. This result aligns
with the inherent advantages of islanded operation, where
the microgrid autonomously manages and optimizes its load
distribution, showcasing its resilience and ability to adapt
to varying demand scenarios. The visual representation in
Figure (6) offers valuable insights into the contrasting load
dynamics, confirming the efficiency and flexibility provided
by the islanded mode in demand-side management.

Figure (7) displays a comprehensive line graph illustrating
the hourly energy trends of EVs in both grid-connected and
islanded modes over time. The x-axis of the graph represents
time in hours, while the y-axis measures energy in MWh.
The graph clearly shows that the energy consumption of grid-
connected EVs exceeds that of islanded-mode EVs. A closer
look at the graph reveals dynamic fluctuations in the energy
consumption of both grid-connected and islanded-mode EVs
throughout the observed period. These variations can be
attributed to several influencing factors, such as the time of
day, the day of the week, and prevailing weather conditions.
The complex interaction of these elements highlights the
intricate nature of energy consumption patterns for both types
of EVs. The visual representation in Figure (7) serves as a
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FIGURE 7. Comparison of the hourly state of energy of EVs of
grid-connected and island-mode.

valuable tool for understanding the nuanced dynamics of EV
energy consumption, providing insights into the impact of
operational conditions on their energy usage.

V. CONCLUSION

Managing energy in microgrids is a complex and challeng-
ing endeavor due to the uncertainties linked to renewable
energy resources, fluctuating demand, and a variety of
devices. This paper introduces a sophisticated two-stage
robust day-ahead optimization model designed specifically
for microgrid operations. The model tackles challenges
associated with integrating power electronic-based genera-
tion units, managing uncertain demand within microgrids,
and incorporating small-scale renewable energy resources.
It includes detailed formulations for microgrid energy man-
agement, covering optimal battery usage, efficient EV energy
management, compensator usage, and strategic dispatching
of DG resources. The multi-objective function aims to mini-
mize various costs, including energy losses, power purchases,
load curtailment, DG operation, and expenses related to bat-
teries and EVs over a 24-hour period.

The optimization problem is efficiently solved using a
C&CG algorithm. Numerical simulations carried out on a
test system confirm the effectiveness of the proposed model
and solution algorithm, showing a notable reduction in the
operating costs of the microgrid. The proposed approach
offers a robust framework to strengthen the resilience and
improve the efficiency of microgrid energy management.
The results clearly demonstrate that the proposed approach
surpasses comparable methods by at least 5%, highlighting its
effectiveness in enhancing key performance indicators within
the microgrid system.

Overall, the proposed approach represents a significant
advancement in microgrid energy management, providing a
robust and efficient framework to reduce operating costs,
strengthen resilience, and improve efficiency.
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It addresses the key challenges of microgrid energy man-
agement, including the integration of power electronic-based
generation units, the uncertain nature of demand, and the
incorporation of small-scale renewable energy resources.

x It features meticulous formulations for optimal battery
utilization, efficient EV energy management, compensator
utilization, and strategic dispatching of DG resources.

* It employs a C&CG algorithm to efficiently solve the
complex optimization problem.

x It demonstrates significant cost savings and improved
performance over comparable methods.

The proposed approach presents a promising foundation
for future research in microgrid energy management. Poten-
tial areas for further exploration include:

% Developing more sophisticated uncertainty modeling
techniques to account for a wider range of factors, such as
weather conditions and market prices.

* Investigating the use of machine learning and artificial
intelligence to improve the efficiency and accuracy of the
optimization process.

x Exploring the integration of the proposed approach
with other microgrid management systems, such as demand
response and fault tolerance mechanisms.

Overall, the proposed approach represents a significant
step forward in microgrid energy management, offering a
robust and efficient framework to minimize operating costs,
fortify resilience, and enhance efficiency. It provides a solid
foundation for future research in this important and rapidly
developing field.
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