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Abstract—Electrical parking lots (EPLs) play a vital role in
the current energy system to achieve the decarbonization goal.
This paper proposes a novel structure for integrating EPLs into
a multi-carrier energy system (MCES) using a Stackelberg game
theory approach. The bi-level optimization is used to model the
Stackelberg game. Within this bi-level optimization model, the
MCES operator minimizes the MCES cost by participating in
the upstream energy market at the upper level, and the EPL
operators maximize their profits by participating in the local
energy market between the MCES operator and themselves
at the lower level. At the upper level, the MCES operator
faces uncertainties in the wind and PV systems. The bi-level
multi-objective information gap decision theory (MO-IGDT) is
employed to address uncertainties at the upper level of the Stack-
elberg game problem, resulting in a nested bi-level optimization
model. The nested bi-level optimization problem is converted
into a mixed-integer linear programming (MILP) optimization
problem using Karush-Kuhn-Tucker (KKT) conditions. The
main research assumptions pertain to EPLs’ privacy and the
KKT-based approach. The results demonstrate that increasing
the incentive/penalty price for self-sufficiency programs from 0.0
$/% to 0.2 $/%, with a 50% self-sufficiency target, can reduce
MCES operation costs by 10.19%.

Index Terms—Bi-level optimization, electrical parking lots,
information gap decision theory (MO-IGDT), multi-carrier
energy system (MCES), multi-objective optimization.

NOMENCLATURE

A. Acronyms

ADMM Alternating direction method of multipliers.
CHP Combined heat and power.

DERs Distributed energy resources.

DRP Demand response program.

Manuscript received September 30, 2024; revised March 1, 2025, accepted
March 27, 2025. Date of publication May 16, 2025, date of current version
July 3, 2025. This work was supported by the first Cycle of ARG Grant No.
ARGO01-0504-230073, from the Qatar Research, Development and Innovation
(QRDI) Council, Qatar. The findings herein reflect the work, and are solely
the responsibility, of the authors. The authors also gratefully acknowledge
support from Qatar University.

S. Dorahaki, S.M Muyeen (corresponding author, email: sm.muyeen@qu.
edu.qa; ORCID: https://orcid.org/0000-0003-1899-4210), and A. Igbal are
with the Electrical Engineering Department, Qatar University, Qatar.

N. Amjady, R. Shah, and Syed Islam are with the Centre for New Energy
Transition Research (CfNETR), Federation University Australia, Mt Helen,
VIC 3353, Australia.

DOI: 10.17775/CSEEJPES.2024.07510

EPLs

EVs

KKT
MCES
MILP
MO-IGDT

PV
SOC

B. Indices

t, Ny
P, Np
Zan

C. Parameters

MT,EPL
Gt p

—CH/DCH, TS
T /

CHP
HA/B/C/SD
FH,Buy/ ell

—G,Buy
G

—E,Buy/Sell
P

C
PA}{BP/C/D
PPV

t
Ave,EVs
PtAp

Wind
Pt 1mn
—CH/DCH,ES
PP

—E,EPL
P

Electrical parking lots.

Electric vehicles.

Karush—kuhn—tucker.

Multi-carrier energy system.

Mixed-integer linear programming.
Multi-objective  information gap decision
theory.

Photovoltaic.

State of charge.

Index and set of time intervals.
Index and set of parking lots.
Index and set of dual variables.

Cost coefficient of micro-turbine unit

($/kWh).

Maximum/Minimum heat storage level of
heat storage (kWh).

Electricity/Heat demand before DRP (kW).
Gas demand (kW).

Maximum/Minimum heat of boiler unit
kW).

Maximum charge/discharge rate of heat stor-
age (kW).

Heat constants of CHP unit (kW).

Maximum buying/selling heat from/to the
grid (kW).

Maximum buying gas from the grid (kW).
Maximum buying/selling electricity from/to
the grid (kW).

Power constants of CHP unit (kW).

Output power of PV system (kW).

Average total charging vehicles in each EPL
(kW).

Output power of wind system (kW).
Maximum charging and discharging rate of
EPL energy storage (kW).

Maximum electricity trading between EPLs
and MCES (kW).
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Maximum electricity generation of EPL
micro-turbine unit (kKW).
Minimum SOC of EPL energy storage (kWh).

Maximum SOC of EPL energy storage
(kWh).

Efficiency of boiler/CHP.

Cost coefficient of storage unit ($/kWh).
Heat storage efficiency.

Desired self-sufficiency level (%).

Electricity buying/selling price ($/kWh).
Heat buying/selling price ($/kWh).

Gas buying price ($/kWh).

Electricity upward/downward DRP price
($/kWh).

Heat upward/downward DRP price ($/kWh).
Incentive/penalty price ($/%).

Price of electricity trading between MCES
and EPLs ($/kWh).

Price of soled energy to vehicles ($/kWh).
Participation of electrical/heat demands in
DRP.

Total operation cost of MCES ($).

Cost of power exchange of MCES ($).
Cost of electrical DRP ($).

Cost of gas exchange ($).

Cost of heat exchange ($).

Cost of heat DRP ($).

Cost of self-sufficiency ($).

Heat storage SOC of heat storage (kWh).
Electricity/Heat demands after DRP (kW).
Buying gas from the upstream network
(kW).

Gas consumption of boiler unit (kW).

Gas consumption of CHP unit (kW).
Charging/Discharging heat of storage unit
(kW).

Buying/selling heat from/to the grid (kW).
Output heat of boiler unit (kW).

Output heat of CHP unit (kW).

Binary variable of CHP unit.
Charging/Discharging binary variables of
the heat storage unit.

Buying/Selling binary variables of electric-
ity from/to the grid.

Buying/Selling binary variables of heat
from/to the grid.

Binary variables of upward/downward elec-
trical DRP.

Binary variables of upward/downward heat
DRP.

Slack variables of lower-level constraints.
Output power of CHP unit (kW).
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pEBw/Sl Buying/Selling electricity from/to the grid
(kW).
P Electricity trading with the EPLs (kW).
Ptl\;[,T’EPL Output power of micro-turbine unit (kW).
ng{ /DCH.ES Charging/Discharging of EPL energy stor-
age (kW).
S OCEZI)) L SOC of EPL energy storage (kWh).
tSS Self-sufficiency level (%).
E,UP/DN

£ Upward/Downward electricity DRP (kW).
Iy Upward/Downward heat DRP (kW).
Dual variables.

I. INTRODUCTION

A. Motivation and Background

HE transitions to a low-carbon and sustainable energy

system requires the mixing of various electricity assets,
providers, and technologies. Electric vehicles (EVs) are one
of the most promising technologies that can contribute to
the decarbonization of the transportation sector and reduce
emissions [1]. However, the large-scale penetration of EVs
poses challenges to the planning and operation of the energy
system, such as grid congestion and power quality issues
[2]. The use of electric parking lots (EPLs) as intermediate
entities between EVs and the grid can be considered a potential
solution to address some of the challenges associated with
the massive integration of EVs [3]. EPLs can optimize the
charging and discharging schedules of EVs based on energy
prices, network conditions, and the preferences of EV owners.
As discussed in [3], EPLs are the active parts of the multi-
carrier electricity system (MCES).

Despite the numerous benefits of incorporating EPLs into
multi-energy systems, it can introduce complexities to the
structure [4]. The MCES operator strives to minimize oper-
ational costs by engaging in the upstream energy networks
and local energy trading with the EPLs. Conversely, the EPLs
aim to maximize operational profits by participating in local
energy trading with the MCES operator. This dynamic can
be appropriately analyzed by the Stackelberg game theory,
where bi-level optimization serves as a key mathematical
tool for managing such strategic interactions. Furthermore,
in addressing the upper level of this bi-level optimization
problem, the MCES operator encounters uncertainties related
to PV and wind generation, which can be effectively modeled
using bi-level multi-objective information gap decision theory
(MO-IGDT). IGDT is an effective approach for modeling
optimization problems under severe uncertainty, such as the
uncertainty of EPLs, without requiring probability distribu-
tions [5]. It also provides flexibility in risk attitudes, balancing
robustness with opportunity in uncertain environments. MO-
IGDT extends these capabilities to non-deterministic optimiza-
tion problems with multiple sources of uncertainty. Hence, a
powerful mathematical framework in the form of a bi-level
multi-objective optimization model is developed to address the
complex problem of MCES with EPLs.
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B. Literature Review

In the last decade, the transition from conventional energy
generation systems to decentralized, decarbonized, and de-
mocratized energy systems has gained significant attention
worldwide. EVs are considered a key part of the energy
transition. To enhance the scheduling of EVs within the energy
system, their charging and discharging processes are integrated
into the EPLs. Given the significance of scheduling EPLs
within the energy system, numerous studies have addressed
this crucial issue in the literature. For instance, a study in
[6] investigates the stochastic bi-level coordination of an
active distribution network and a renewable-based microgrid,
considering the integration of EPLs into the electricity system
without accounting for other energy carriers. The work in [7]
proposes a robust two-stage optimization model for allocat-
ing intelligent Electric Power Loads (EPLs) in an electrical
distribution network. Also, the role of EPLs in the energy
communities is explored by [8]. The results demonstrate the
benefits that EVs can offer to electrical energy communities
when they are optimally utilized, underscoring their potential
to improve both the efficiency and economy of the system.

Several recently published papers suggest that EPLs can
be integrated into an MCES to enhance its economic perfor-
mance. In [9], it is highlighted that the development of a risk-
embedded scheduling strategy for EPLs and combined cooling,
heating, and power systems within a residential energy system
represents a crucial impact on the economic operation. In
[10], a robust scenario-based concept is presented for the
stochastic energy management of an energy system containing
an intelligent parking lot. However, these studies do not treat
EPLs as economic agents, thereby ignoring the interaction
between MCES operators and EPL operators. This oversight
may hinder the EPL’s active and efficient participation in
MCES.

On the other hand, MCESs serve as platforms for integrating
distributed energy resources (DERs) and energy performance
levels (EPLs). A key advantage stemming from the increased
adoption of DERs is the augmentation of self-sufficiency [11].
The notion of self-sufficiency within local energy systems is
intrinsically linked to reducing dependence on external energy
grids [12]. Numerous studies in the literature have examined
the role of self-sufficiency programs in the energy sector. For
instance, the work in [13] proposes a self-sufficient model
for implementing the concept of nearly zero-energy buildings.
The work in [14] evaluates the enhancement of energy self-
sufficiency in residential buildings through the utilization of
solar-assisted heat pumps and various thermal and electrical
storage solutions. The concept of self-sufficiency in renewable
energy microgrids is explored in [15]. Additionally, [16]
analyzes a PV unit and supercapacitor energy system to bolster
self-consumption and self-sufficiency. However, these studies
have yet to introduce formal and practical programs that
account for the preferences of MCESs in their engagement
with self-sufficiency initiatives.

The interaction between the MCES and EPLs can be mod-
eled using various optimization approaches, depending on the
structure of the decision-making process, market mechanisms,

and system constraints. Traditional centralized optimization
models treat the MCES and EPLs as a single entity, solving
a global optimization problem to minimize costs or maximize
efficiency [17], [18]. However, such models often overlook the
independent objectives and strategic behaviors of individual
market participants. Additionally, these centralized optimiza-
tion models may encounter computational burden issues.

The high penetration rate of DERs, such as PV systems
and wind turbines, within an MCES poses another significant
challenge regarding their uncertain generation, which war-
rants attention. Therefore, effective uncertainty management
of DERs emerges as one of the essential issues to address
from the MCES operator perspective. The bi-level IGDT
approach is one of the well-known uncertainty models in
the energy system. For instance, the work in [19] presents
a bi-level IGDT profit maximization model based on game
theory for microgrid aggregators that incorporates demand
response programs (DRPs). In [20], the bi-level MO-IGDT
is employed to address uncertainties in electricity prices,
distributed energy resources (DERs), and loads for a virtual
power plant. Moreover, some papers advocate adopting the
bi-level MO-IGDT approach to model uncertainties, citing its
enhanced accuracy and comprehensiveness. In this regard, the
work in [21] optimizes the scheduling of low-carbon MCES
integrated with hydrogen refueling stations and EPLs using
a bi-level MO-IGDT approach. The operation problem of
EPLs within the MCES is framed as a single-level problem,
while the multi-objective aspect of the MO-IGDT is tackled
through the epsilon-constrained approach. In [22], a stochastic
MO-IGDT approach, which includes both endogenous and
exogenous scenarios and is formulated as a nested bi-level
optimization model, is presented for the operation optimization
of DER aggregators.

In summary, the literature review reveals a research gap
regarding the interaction between EPLs as economic agents
and the MCES operator. Additionally, the participation of the
MCES in self-sufficiency programs to facilitate the smooth
operation of the upstream grid remains a challenge. Moreover,
to the best of the author’s knowledge, the uncertainty of MCES
energy resources has not been addressed using a nested bi-level
MO-IGDT approach.

C. Contributions

To address the above-mentioned gaps, this paper proposes
a novel structure to integrate EPLs into an MCES using
a bi-level Stackelberg game theory approach. The MCES
operator acts as the leader and minimizes the MCES cost
by participating in the upstream energy market at the upper
level of the bi-level approach. The EPL operators act as
the followers and maximize their profits by participating in
the local energy market between the MCES operator and
themselves at the lower level. At the same time, the MCES
operator faces uncertainties from wind and PV generation
in the MCES, which can affect the performance, feasibility,
and robustness of the solutions, as well as the satisfaction of
the self-sufficiency contracts. Therefore, we employ a bi-level
MO-IGDT approach to address the uncertainties at the upper
level of the Stackelberg game problem, resulting in a nested
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bi-level optimization model. The MO-IGDT approach pro-
vides robust solutions against uncertainties without requiring
detailed knowledge of their probability distributions. Unlike
parametric approaches, such as stochastic programming, which
rely on predefined probability distributions, MO-IGDT does
not require such data. Additionally, unlike robust optimization
approaches, it does not require predefined bounded intervals
for uncertain variables. Instead, these intervals are optimized
within the MO-IGDT methodology itself by maximizing ro-
bustness against uncertainties.

Moreover, the proposed Stackelberg game approach is an
appropriate framework for this problem because it captures
the hierarchical relationship between the MCES operator and
the EPL operators. In traditional distributed algorithms, such
as the alternating direction method of multipliers (ADMM),
entities are typically treated equally, and the problem is split
into sub-problems that are solved iteratively. However, these
algorithms may not fully capture the economic and strategic
behaviors and interactions that arise from the different objec-
tives and decision-making processes of the MCES and EPL
operators. This distinction is particularly important in our case,
as it allows the framework to effectively incorporate elements,
such as the MCES operator’s participation in upstream energy
markets and self-sufficiency programs, alongside the profit-
maximization goals of the EPL operators. The Stackelberg
game framework enables the MCES operator to anticipate and
influence the responses of EPL, leading to an optimized equi-
librium that balances system-wide efficiency and individual
profitability.

In contrast, ADMM primarily focuses on computational
efficiency through decentralized decision-making but may not
explicitly model strategic interactions and economic incentives
within hierarchical energy markets. The Stackelberg game
framework ensures that the decision-making process reflects
the operational roles of MCES and EPLs, allowing the MCES
to design incentives that align with EPL objectives while con-
sidering uncertainties in renewable generations. Therefore, the
Stackelberg game provides an effective modeling framework
for this study. The main contributions of this paper are as
follows:

o Contribution #1) Unlike the centralized approach in [17],
[18], this paper proposes the integration of EPLs into an
MCES through the Stackelberg game theory approach,
which captures the complex interactions between dif-
ferent entities, resulting in a more advanced modeling
framework.

o Contribution #2) In contrast to [23], which lacks an in-
centive/penalty mechanism for MCES participation in the
upstream self-sufficiency programs, the proposed model
includes this mechanism, ensuring alignment with self-
sufficiency programs and motivating participation.

o Contribution #3) The operation of MCES + EPLs, con-
sidering uncertainties of PV and wind generations, is
optimized by a nested bi-level MO-IGDT approach. The
structure, function, and application of the proposed nested
bi-level optimization approach are different from those of
the nested bi-level optimization model of [22].

To further differentiate the roles of Contribution #1 and
Contribution #3, it is important to highlight that they are con-
ceptually distinct and serve different purposes, each with its
own application. These contributions are independent, mean-
ing that Contribution #1 can be applied without Contribution
#3, and vice versa. Contribution #1 introduces a Stackelberg
game formulation that enables hierarchical decision-making,
making it applicable even in deterministic settings where
uncertainty is not a major concern. In contrast, Contribution
#3 focuses on uncertainty modeling through a multi-objective
IGDT-based nested bi-level optimization, which can be used
in uncertainty-aware optimization problems regardless of the
decision-making structure. While they can be integrated to
form a more comprehensive framework, each contribution
retains its unique novelty, role, and applicability within the
proposed MCES + EPLs operation optimization approach.

D. Main Assumptions

This paper assumes that the merged problem, obtained by
transforming the bi-level Stackelberg game into a single-level
optimization problem, is solved by the MCES operator acting
as the leader. However, the interactions between the MCES and
EPLs as well as the objectives and constraints of the followers
are carefully modeled in the proposed approach. To achieve
this, the leader must have access to the relevant information
regarding the followers’ lower-level objectives, constraints,
and parameters. The study emphasizes methodological and
theoretical contributions, leaving practical privacy concerns
(e.g., safeguarding the data of followers) outside its scope.
Additionally, the bi-level optimization problem is reformu-
lated into a single-level Mixed Integer Linear Programming
(MILP) using Karush-Kuhn-Tucker (KKT) conditions, under
the assumptions of convexity and Slater’s condition [24], to
ensure convergence and computational feasibility.

II. THE PROPOSED FRAMEWORK

The proposed Stackelberg game unfolds as a strategic and
iterative process between the MCES operator and EPL opera-
tors. Initially, the MCES operator strategically formulates de-
cisions to minimize system costs, anticipating responses from
the EPL operators. Subsequently, the EPL operators, acting
as followers, influenced by the MCES operator’s decisions,
respond by maximizing their profits in the local energy market.
This strategic interplay iteratively progresses as the leader
and followers adjust their strategies, ultimately converging to
a stable Stackelberg equilibrium point. At this equilibrium
point, both the leader and followers achieve optimal outcomes,
ensuring efficient operation of the energy market within the
multi-carrier energy system. Fig. 1 illustrates the proposed
nested bi-level MO-IGDT framework to address the mentioned
Stackelberg game. In the proposed approach, a bi-level op-
timization problem is depicted, wherein the MCES operator
minimizes the MCES operation cost at the outer upper level
while determining the energy prices. At the outer lower level,
the EPLs maximize their operational profits and determine
the exchanged powers. Moreover, the proposed framework
employs the MO-IGDT approach to address uncertainties
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Outer upper level: MCES operation problem

MCES minimizes the operation cost

Inner upper level:
Finding maximum uncertainty horizons

Worst case
realization

Uncertainty
horizons ¥

Inner lower level:
Finding the worst realization

Outer lower level: Operation problems of EPLs

Each EPL maximizes the operation profit

Fig. 1. Proposed nested bi-level MO-IGDT approach.

associated with the generation of PV and wind. To address
this, another bi-level optimization model is formulated at the
outer upper level of the main framework, as depicted in Fig. 1.

The primary objective of the inner upper level is to maxi-
mize the uncertainty horizons concerning PV and wind gen-
erations. The primary objective of the inner lower level is to
determine the worst-case scenario for MCES operational costs.

The proposed nested bi-level MO-IGDT optimization prob-
lem, illustrated in Fig. 1, presents a complex hierarchical
structure. To tackle this:

1) The nested bi-level MO-IGDT model is first transformed
into a bi-level MO-IGDT problem by identifying the worst-
case uncertainty realization as shown in Fig. 2.

2) Subsequently, KKT conditions are applied to reformulate
the bilevel MO-IGDT problem as a single-level multi-objective
optimization problem (Fig. 2), as detailed in the Appendix.
This approach preserves the leader-follower interactions while
enabling efficient computation. The strong duality principle
ensures that this KKT-based reformulation yields solutions
equivalent to those of the original lower-level problem, thereby
ensuring convergence to the Stackelberg equilibrium [24].

3) Finally, a lexicographic approach transforms the problem
into single-level, single-objective MILP problems (Fig. 2),
which can be solved using commercial solvers such as
CPLEX.

III. DETERMINISTIC BI-LEVEL OPTIMIZATION APPROACH

This section introduces a deterministic bi-level optimization
approach aimed at modeling the Stackelberg game between
the MCES operator and EPLs’ operators. As this determin-
istic approach does not consider the uncertainties associated
with PV and wind generation, it only involves outer bi-level
optimization without inner optimization (Fig. 1).

The first and second parts of this section address the
upper and lower levels of this deterministic bi-level problem,

Nested bilevel MO-IGDT optimization problem

| Outer upper level optimization |
: Inner upper-level optimization Power '
: (Multi-objective) data Outer-lower level |}
! - T optimization !
/| Uncertainty | A Worst case Y !
/| horizon * ' realization |_____ !
i | Inner lower-level optimization | Price :
! data '

Outer lower-level
optimization

Outer upper-level optimization
(Multi-objective)

Single-level single-objective optimization problem (MILP)

Fig. 2. The execution process of the proposed framework.

respectively. This bi-level optimization problem is converted to
a single-level optimization problem using the KKT approach,
as presented in the Appendix.

A. Upper Level: MCES Cost Minimization
The upper-level optimization problem is formulated as (1)—

41):
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Equation (1) is the objective function of the upper-level
optimization problem for the MCES operator. Equation (2)

represents the electricity trading cost, encompassing expenses
incurred for purchasing electricity from the upstream grid,
revenue earned from selling electricity back to the grid,
and charges for trading electricity with EPLs. Equation (3)
describes the cost of heat transactions, including expenditures
for buying heat from the upstream grid and income generated
from selling heat to the grid. (4) accounts for the expense
of natural gas purchased from the upstream grid, representing
the operational costs tied to gas consumption within the MCES
system. The electrical and thermal demand response costs are
conducted using (5) and (6). Equation (7) represents the cost
of self-sufficiency due to deviations from the desired self-
sufficiency level. Constraint (8) defines the self-sufficiency
constraint, ensuring that the self-sufficiency ratio remains
above a certain threshold—constraints (9)-(11) model the
feasible region of the CHP unit. Constraints (12) and (13)
limit the power and heat output of the CHP unit and (14)
expresses its gas input [4]. The operation constraints of the
boiler unit are presented in (15) and (16). The operation
constraints of the heat storage system are (17)—(21) [25].
Equation (17) shows the hourly stored thermal energy, which
is bounded by (18). Constraints (19) and (20) represent the
maximum and minimum values of charging and discharging
thermal energy and (21) control the operation mode of the
thermal energy storage unit. The electrical load-shifting DRP
is modeled by (22)—(26). The limitations associated with
increasing and decreasing demand are formulated in (22)
and (23). Equation (24) guarantees the balance between the
upward and downward electrical DRPs. The impossibility
of simultaneously executing upward and downward DRPs is
stated in (25), and finally, the amount of demand after DRP
implementation is obtained as in (26). The thermal load-
shifting DRPs can be formulated by (27)—(31) [4]. Constraint
(27) specifies the upper and lower bounds for upward thermal
demand response based on the system’s capacity and activa-
tion status. Constraint (28) defines the bounds for downward
thermal demand response, ensuring it stays within the system’s
operational limits. Equation (29) balances total thermal upward
and downward adjustments over the entire operation time
horizon, ensuring no long-term imbalance. Constraint (30)
ensures that thermal upward and downward demand response
cannot occur simultaneously at a given time. Equation (31)
represents the adjusted total thermal load after accounting for
thermal upward and downward demand response adjustments.
The level of exchanged electricity, heat, and gas with the
upstream network is limited by (32)—(38). In this context, elec-
tricity purchases and sales are constrained by (32) and (33),
respectively. Constraint (34) prevents simultaneous buying and
selling of electricity from/to the upstream grid. Similarly, (35)
and (36) regulate the purchase and sale of heat from/to the
grid, while (37) ensures that heat is not simultaneously bought
and sold from/to the upstream grid. Additionally, the quantity
of gas purchased from the grid is restricted by (38). From the
energy procurement point of view, the equilibrium point for
different heat, gas, and electricity energy carriers within the
MCES is ensured by (39), (40), and (41), respectively.
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B. Lower Level: EPLs Profit Maximization

This subsection presents the lower-level problem, where the
EPL operators aim to maximize the EPL profit while meeting
the EVs’ needs. The optimization problem is addressed in
(42)—(54) as follows:

E,EPLPE,EPL MT,EPL ,MT,EPL

Ne [Ty t.p — Gy t.)
maxz —5ES>EPL(PS;{’E$+ Pt]?pCPf’)ES) Vp
t=1 +7TEV Ptépve,EVs
(42)
S.t.
Jt, = SoCEPL — SoCEFL < 0:nf, Vit,p 43)
JZ, = SoCEy" = 50T, <0:nf, Vt.p (44)
Jp, = =PI <0:ni, Vip (45)
i, = POVES DR <ot v (46)
TP, =P <0l v p (47)
IS, = PO _ PO <0, vt p (48)
SoCPyY = SoCPHl, + PEVPonPPY
_ Pt]?pCH,ES/nEPL : nzp Vi p 49)
Pt]?pCH,ES _ Pt(,JpH,ES _ PtE7)Z;EPL + Ptlt;[)T,EPL
— P{’Apve’Evs : nf)th,p (50)
Ty =P <00, Vip (51)
Ty = Pt - PP < ey Vt,p (52)
Ty = =P PP <0inly, Vip (53)
2 = PR PYTEE <0 gl2 vt p (54)

In (42) the objective function for each EPL is given. The
first, second, third, and fourth terms of (42) represent the
revenue of selling electricity to the upstream network, the
operation cost of the micro-turbine unit, the energy storage
levelized cost, and the revenue of the EPL operator from
selling power to the EVs, respectively. The number of EVs
arriving in each EPL for charging is a random parameter and
its value is randomly generated using the Poisson distribution
function [26]-[29]. The central energy storage in each EPL is
modeled by (43)—-(49) [4]. Constraints (43) and (44) represent
the minimum and maximum capacity limits, respectively, for
the state of charge (SOC) of the energy storage system for each
EPL, ensuring the SOC stays within its allowable operating
range. Constraints (45) and (46) ensure that the charging power
for each EPL remains within the minimum and maximum
allowable capacities, respectively. Similarly, constraints (47)
and (48) guarantee that the discharging power for each EPL
stays within the minimum and maximum allowable capacities,
respectively. Equation (49) represents the SOC dynamic bal-
ance equation for the energy storage system of each EPL. The
proposed model inherently prevents simultaneous charging
and discharging without requiring binary variables, as the
monotonicity of the economic objective function, given in
(42), ensures that minimizing the negative cost term naturally
discourages the simultaneous operation.

Additionally, considering the efficiency of the storage sys-
tem further prevents concurrent charging and discharging, as
doing so would lead to unnecessary energy loss and increased
costs. This is consistent with the findings in [30], which
demonstrate that such constraints are inherently upheld as a
result of economic disincentives. The electrical energy balance
in EPL is addressed in (50). The selling of electricity to
the MCES is limited by (51) and (52). The output power of
the micro-turbine unit is limited by (53) and (54). It should
be mentioned that, in constraints (43)—(48) and (51)—(54),
Jf,p represents slack variables, and nzm is the corresponding
dual variable. These variables work together to satisfy the
complementary slackness conditions, which are provided in
the Appendix Section.

IV. NESTED BI-LEVEL MO-IGDT MODEL AND ITS
SOLUTION APPROACH

A. Nested Bi-level MO-IGDT Model

The MCES operator encounters uncertainties stemming
from DERs, which can escalate overall costs and jeopardize
the feasibility of the solution. This paper uses the MO-IGDT
optimization framework to address uncertainties in wind and
PV generation, with the primary objective of providing a
robust solution against such uncertainties. To achieve this,
the deterministic bi-level optimization problem introduced
earlier is transformed into its MO-IGDT robust counterpart
using an inner bi-level optimization model embedded in the
upper level of the deterministic bi-level problem (as shown in
Fig. 1). This study adopts a risk-averse strategy for managing
uncertainties in PV and wind power generations, reflecting
practical considerations of the MCES operator. Energy system
operators are typically more focused on minimizing potential
losses caused by unfavorable deviations in renewable genera-
tions [31]. The risk-averse approach aligns with the MCES
operator’s primary goals of minimizing costs and ensuring
system reliability against the worst-case realizations of un-
certainties. While IGDT also supports risk-seeking strategies,
these are more applicable to scenarios where decision-makers
aim to exploit favorable uncertainty realizations for potential
gains. Given the critical importance of robust and reliable
operations in the MCES, the risk-averse strategy is deemed
more suitable for this study [32]. To model the uncertainties
inherent in the problem, envelope-bound models for forecast-
type uncertainties are constructed, as outlined in (55)—(58).

PtPV E UPV(CLPV, PtPV) (55)
R pPV _ PPV
PV, PV PVy _ t t PV
UPY(aPV, PPV = | <a (56)
PtVVind e UWind (CLVVind7 ptVVind) (57)
in ind HWin PWind — PWind in
UW d(aW d’ PtVV d) _ t ptVVindt < aW d (58)

where PP’V and P)Vind are the forecasted PV and wind power
values. Moreover, PFV and PWVid are the actual PV and
wind power values. The inner bi-level optimization problem
is constructed as follows:
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1) Inner Upper Level:
The upper level of the inner bi-level MO-IGDT model is
formulated as below:

max(afV, aVind) (59)
S.t.

MCESQE < (1+ B)Ro (60)
Constraints (3)—(41) & (43)—(58)

Constraints (A2)—(A7), (A9), (A10) & (A12)  (61)

The main objective of the inner upper-level optimization is
to maximize the uncertainty horizons (a”V, a"V"?) to find the
most robust solution. The same uncertainty horizon is used
for PV systems (aV) and the same uncertainty horizon is
used for the wind generators (aV"?) considering the typical
geographical size of an MCES system within which the wind
and solar regimes do not change significantly [33]. MCES\?V%F
in (60) shows the worst-case scenario (the worst MCES objec-
tive function value) that is determined by the inner lower level.
Also, Ry is the cost of the deterministic bi-level optimization
problem (MCES®BY in (1)). [ is the cost deviation factor.
2) Inner Lower Level

The lower level of the inner bi-level MO-IGDT model, as
presented in (62)—(65), aims to identify the worst realization
characterized by the highest unfavorable deviations in uncer-
tain variables.

MCESH¢ = max MCES©BF (62)

S.t.

(1 o aWind,O)pt\Nind S PtVVind S (1 + aWind,O)ptVVind
(63)

(1 - an,o)]sth < Pth < +an,o)pth (64)

Constraints (1) & (61) (65)

The aWind:0 and aPV:O are the a"V'"d and oV determined
by the inner upper level.

The maximum net cost, as per (62)—(65), is evidently
attained at the lowest DER generation. Accordingly, the inner
bi-level optimization problem (59)—(65) can be converted to
the single-level multi-objective optimization problem as (66)—
(69) as follows:

max(afV, aVind) (66)
S.t.
MCESQ =
Ny
{Z (CE 4+ Cl 4 CF + PRy PR 4 CES)}
=1
< (14 B)Ro (67)
pEBwY _ PtE,Sell + PCHP | (1 _ gPV) PPV
NP
+ (1 — WVind) pWind | Zpt]:ll,)EPL — ELPR (68)
p=1
Constraint (61) (69)

where (67) and (68) stipulate the maximum MCES operational
cost (MCES\(;)V%F) and electric energy equilibrium under the
worst-case scenario of PV and wind variability.

B. The Multi-Objective Optimization Solution Approach

In the literature, various methods have been proposed to
address multi-objective optimization problems, with the Lex-
icographic approach being a widely recognized method. This
approach provides clear objective prioritization by sequen-
tially optimizing objectives, making it more straightforward
to implement compared to methods such as the normalized
normal constraint, which involves balancing objectives with
weights and identifying Pareto-optimal solutions. By focusing
on one objective at a time, the Lexicographic approach reduces
computational complexity and simplifies decision-making. The
algorithm first optimizes the highest-priority objective, dis-
regarding other objectives until an optimal solution for the
primary objective is achieved. Subsequently, it moves to the
next objective in the hierarchy, optimizing it within the feasible
region defined by the solution of the previous objective. This
iterative process continues until all objectives are addressed,
resulting in a solution that reflects the predefined priority
order and trade-offs between the objectives. In this study,
the Lexicographic approach is applied within the MO-IGDT
framework to address two competing objectives: maximizing
robustness against PV and wind generation uncertainties. The
prioritization of these objectives is determined by the MCES
operator’s preferences and experiences, with a focus on the
most critical uncertainty. For instance, if the operator identifies
PV generation uncertainty as having a greater impact on the
system performance than wind generation uncertainty (e.g.,
when the PV generation capacity is much more than wind
generation capacity and thus its uncertain fluctuations have a
greater impact on the system performance), it is given a higher
priority. The secondary uncertainty is then addressed within
the feasible region defined by the primary objective. This
approach mirrors practical decision-making, where system
operators assess system vulnerabilities and prioritize objectives
based on their impacts [21]. Based on the Lexicographic
approach, if being immune to the PV uncertainty is a higher
priority objective for the decision maker, the following opti-
mization problem is solved and the optimal value of the a"V
is determined as:

maxa®V (70)

S.t.

Constraints (67)—(69) an

After determining the optimal value of oV, which is
denoted as a”V OPt, the second optimization problem is solved

by considering a”V-OPt as follows:
max qVind (72)
S.t.
aPV 2 aPV,Opt (73)
Constraints (67)—(69) (74)

The proposed multi-objective optimization solution ap-
proach can be summarized as follows. Without loss of gen-
erality, we assume the PV uncertainty horizon has a higher
priority.
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Step 1: The deterministic optimization problem is solved
and Ry is determined.

Step 2: The cost deviation factor is initialized (8 = 0).

Step 3: The optimization problem for the higher priority
objective function, i.e., (70) and (71), is solved and aFV-OPt
is determined.

Step 4: By substituting a in the second priority
optimization problem (72)—(74), it is solved.

Step 5: (3 is increased by 0.1. If 5 < 1, go back to Step 3.
Otherwise, stop the algorithm.

PV,Opt

V. NUMERICAL STUDY
A. Input Data

An MCES, consisting of four EPLs, is employed to test
the proposed model. The electrical and thermal energy prices
are sourced from [25]. The energy demands of the MCES are
shown in Fig. 3 [34]. The forecasted powers of PV and wind
generation systems are obtained from [35]. The number of
EVs arriving in each EPL for charging, illustrated in Fig. 4,
is randomly generated according to the Poisson distribution
function [26]-[29]. The gas price is assumed to be 0.07
$/kWh. The upward and downward demand response price
for both electrical and thermal energies is 0.05 $/kWh. The
maximum participation rate in DRPs for electrical and thermal
energies is 20% [4]. The desired self-sufficiency level is 70%.
The efficiency of the CHP unit and boiler unit is 60% and
85%, respectively [4]. The maximum output of the boiler
unit is 200 kW. The minimum and maximum capacity of the
thermal energy storage is 30 kWh and 300 kWh, respectively.
Additionally, the thermal energy storage efficiency is 95% [4].
The maximum electricity, heat, and gas input to the MCES are
2500 kW, 2200 kW and 1000 kW. The capacity of the EPLs’
energy storage is 150 kW and each EPL has a clean hydrogen
micro-turbine with 200 kW capacity. The proposed model is
solved using the CPLEX solver in the GAMS environment
on a computer with an Intel Core i7 processor and 16 GB of
RAM.

B. Results

In this subsection, the numerical results of the proposed
model are provided. The first subsection presents the results of
the deterministic bi-level model, while the second subsection
covers the results of the proposed nested bi-level MO-IGDT
model.

1) Results of the Deterministic Bi-level Model

The self-sufficiency program of the MCES can yield bene-
ficial consequences for the energy system. To evaluate it, we
assume that the upstream power system operator applies an
incentive/penalty scheme to incentivize MCES participation in
the self-sufficiency program under the self-sufficiency program
proposed in this paper.

Table I illustrates the impact of the incentive/penalty and
the percentage of self-sufficiency on the operation cost of the
MCES. As depicted in Table 1, it’s evident that with the same
incentive amount, the operation cost of MCES rises as the
percentage of self-sufficiency increases (except for the zero
incentive/penalty price). This trend highlights that an increase
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Fig. 3. The energy demands of the MCES.
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Fig. 4. Number of EVs arriving in each EPL.

TABLE I
SELF-SUFFICIENCY ANALYSIS RESULTS

Incentive/ Desired self-sufficiency level (%)
Penalty price ($/%) 50 60 70 80 90

0 1963.9 19639 19639 19639 19639
0.05 19372 1949.1 1961.2 1973.3 1985.2
0.10 18839 1907.8 1931.7 19559 1979.6
0.15 1823.8 18599 18958 1931.2 1967.5
0.20 1763.7 18119 1859.8 1907.9  1955.7

in the desired self-sufficiency level, without a corresponding
increase in the incentive payment from the upstream network,
is unfavorable for the MCES. In such a scenario, the MCES
would be compelled to utilize its high-cost energy resources
to meet the desired self-sufficiency level of the upstream
network, thereby imposing an additional financial burden on
the MCES without commensurate compensation. Moreover,
the table indicates that higher incentives significantly reduce
costs when the desired level of self-sufficiency is low. For
instance, at a desired self-sufficiency of 50%, increasing the
incentive/penalty price from 0 to 0.20 lowers the cost from
1963.9 to 1763.7, as higher incentives further motivate the
MCES to participate in self-sufficiency programs. At higher
self-sufficiency levels (e.g., 90%), lower incentives (e.g., 0.05)
result in higher costs due to the need to avoid penalties by
using high-cost energy resources. This imposes an additional
financial burden without adequate compensation. However,
when incentives increase (e.g., 0.1-0.2), the operation cost
decreases as the rewards from higher incentives outweigh
the cost of using high-cost energy resources. The EPLs can
participate in a local energy market with the MCES operator
and sell their extra energy to the MCES to increase their
operational profit. Fig. 5 shows the selling energy of each
EPL to the MCES. The findings suggest that selling power
to the MCES is more pronounced when the electrical price in
the upstream network is high and the electrical demand is also
high. EPLs feature a micro-turbine and a central energy storage
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system, which significantly enhances the flexibility of their
operations. The performance of the micro-turbine is illustrated
in Fig. 6. As observed, the performance of the micro-turbine
correlates closely with the selling energy to the MCES and
the EVs arriving in the EPLs.

The energy exchange between the MCES and the upstream
network is shown in Fig. 7. As depicted in Fig. 7, the MCES
procures electricity from the upstream network during periods
when the PV system is not generating any power and the
electricity price is low. Additionally, the MCES sells the
electric power to the upstream network during sunny hours.
Furthermore, the purchase of gas is primarily linked to gas-
fueled resources within the MCES, such as boilers and CHP
units. The performance of the thermal energy storage system
is shown in Fig. 8. The results indicate that the thermal storage
charges during periods of low thermal load, i.e., hours 1-
3, and discharges during peak hours, such as hour 5. Fig. 9
illustrates the performance of the electrical and thermal DRPs.
The electrical demand rises during hours 1-2 when the energy
price is low, while it decreases during peak hours 9-12 when
the energy price is higher. Moreover, the load-shifting DRP
moderates the peak thermal demand during hour 5 (Fig. 3),
while increasing the thermal load during valley price hours 7
and 9.
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Fig. 5. Energy trading between EPLs and MCES.
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Fig. 6. Performance of micro-turbines of EPLs.
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2) Results of Nested Bi-level MO-IGDT Model

In this subsection, the results obtained from the proposed
nested bi-level MO-IGDT model are presented. Fig. 10 shows
the impact of the cost deviation factor on the robustness against
PV and wind uncertainties. The results show that the PV and
wind robustness levels increase as the cost deviation factor
increases. Furthermore, the results suggest that altering the
cost deviation factor has a greater impact on the robustness
of the PV system compared to the wind energy system. This
outcome can be attributed to the limited working hours of
the PV system and the higher priority of PV robustness over
wind robustness in the lexicographic approach (see (70)—(74)).
Therefore, PV robustness can be significantly increased with
a small cost division. Fig. 11 illustrates the impact of the
MO-IGDT risk-averse strategy on the exchanged power with
the power grid. According to the figure, it is evident that as
the cost divination factor increases, the amount of purchased
power increases while the amount of sold power decreases.
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Fig. 10. PV and Wind robustness analyses.
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Fig. 11. Exchanged power with the power grid under different robustness
levels (Positive: Purchasing power; Negative: Selling power).

This situation arises from the greater uncertainty in the
horizons considered for the PV and wind outputs, compelling
the operator to adopt a more robust approach, which results
in higher power purchases and reduced power sales. The
computational times for the deterministic bi-level model and
the nested bi-level MO-IGDT model are 0.2 seconds and
0.5 seconds, respectively, showcasing the computational ef-
ficiency of the proposed approaches. The scalability of the
proposed model, when applied to larger systems with an
increased number of EPLs, can be assessed by evaluating
the solving time performance of the deterministic bi-level
model, as shown in Fig. 12. As seen, the solving time scales
approximately linearly with the number of EPLs. For instance,
when the number of EPLs increases from 4 to 64, the solving
time grows from 0.2 s to 2.31 s, demonstrating the scalability
of the proposed algorithm for larger systems with more EPLs.
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Fig. 12. The impact of the number of EPLs on the solving time performance.

C. Discussion

The numerical results validate the effectiveness of the
proposed nested bi-level MO-IGDT approach in integrating
EPLs into MCES operations while addressing uncertainties in
renewable energy generation. The findings demonstrate that
the Stackelberg game framework enables the MCES operator
to strategically influence EPL decision-making strategically,
leading to cost-efficient and balanced energy allocation strate-
gies. The incorporation of MO-IGDT enhances uncertainty-
aware decision-making, allowing the proposed approach to
balance robustness against cost-effectiveness under uncertain-
ties in PV and wind generation. The participation of MCES
in self-sufficiency programs has a significant impact on opera-
tional cost reductions, depending on the incentive and penalty
mechanisms applied by the upstream energy network. The

observed benefits of the self-sufficiency program reinforce
the practical applicability of the proposed model in market-
driven MCES operations. The results show that increasing
incentive and penalty prices from 0 to 0.2 $/% with a 50%
self-sufficiency target can reduce MCES operation costs by
10.19%, demonstrating that economic incentives play a crucial
role in MCES-EPL interactions.

A direct numerical comparison between the proposed ap-
proach and other methods is not feasible due to their fun-
damentally different structure and components. However, a
qualitative comparison highlights their distinct characteristics.
While the contributions outlined in the Introduction contrast
significantly with those of prior studies, such as [17], [18],
[22], [23], and [36], these distinctions are further highlighted
and discussed here.

Unlike [17], which employs a multi-objective single-level
optimization approach that independently optimizes multi-
ple conflicting objectives—such as cost minimization and
emission reduction—without explicitly capturing the interde-
pendencies between decision-making entities, the proposed
Stackelberg-game-based approach integrates a hierarchical
leader-follower framework to model the strategic interactions
between different energy market participants. The model in
[18] focuses on optimizing the coordination of multi-carrier
energy systems using a stochastic programming approach but
does not incorporate market-driven participation incentives or
hierarchical decision-making. However, the proposed study
extends beyond uncertainty modeling by embedding a game-
theoretic Stackelberg structure, enabling strategic pricing de-
cisions that influence EPL participation. Methods, such as
the ADMM optimization approach, used in energy system
management, enable multiple entities to coordinate decision-
making iteratively. For instance, [36] presented a distributed
collaboration framework, based on ADMM, for peer-to-peer
transactions in reconfigurable distribution networks, where
prosumers optimize their local energy exchanges.

In contrast, the distribution system operator manages net-
work constraints. While such decentralized approaches im-
prove computational efficiency, they do not explicitly model
leader-follower dynamics or the economic incentives that
drive interactions between the MCES and EPL operators. In
contrast, this paper introduces a bi-level Stackelberg game-
based optimization framework, where the MCES operator
serves as the leader and the EPL operators serve as followers.
Unlike ADMM-based approaches, which treat all participating
agents equivalently, our model explicitly captures the leader-
follower dynamics, allowing the MCES operator to strategi-
cally influence the EPL operators’ decisions rather than merely
solving decentralized subproblems. This hierarchical structure
is crucial in energy markets, where economic incentives and
strategic decision-making have a significant impact on system
operations.

Additionally, another key distinction lies in our nested bi-
level MO-IGDT approach, which is different from a con-
ventional bi-level structure constructed by integrating IGDT
uncertainty management into the bi-level structure of the
Stackelberg game. While [36] focuses on deterministic op-
timization, our method is fundamentally different, as it di-
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rectly addresses uncertainties in renewable energy generation
(wind and PV) without relying on predefined probability
distributions. The proposed MO-IGDT framework enables
robust decision-making, optimizing system operations under
worst-case scenarios, which enhances robustness against un-
certainties (i.e., fluctuating energy sources). This significant
capability makes this paper more robust for real-world MCES
applications where uncertainty plays a critical role in oper-
ational planning. The work in [22] explores the operation
of DER aggregators using a nested bi-level stochastic MO-
IGDT framework; however, it does not provide a detailed
market-oriented structure for integrating EPLs as economic
agents. Unlike [23], which only considers self-sufficiency
as an index without incorporating an incentive and penalty
mechanism to encourage or regulate self-sufficiency programs
in the upstream energy market, the proposed model explicitly
integrates such a mechanism. This ensures a more strategic
and structured participation framework for an MCES operating
under economic interactions with EPLs.

Similarly, regarding uncertainty modeling, a qualitative
analysis provides valuable insights into how the proposed and
existing approaches differ in their treatment of uncertainty,
decision-making structures, and practical applicability.

Deterministic optimization assumes that all parameters are
known with certainty and fails to account for real-world
uncertainties. Consequently, it may lead to non-optimal or even
infeasible solutions in practice when realized uncertainties,
such as renewable generation variability, deviate from their
expected values. In contrast, the nested bi-level MO-IGDT ex-
plicitly models uncertainties and provides a structured way to
assess risk levels, making it more robust against uncertainties
and more practical for managing PV and wind variability.

Stochastic programming optimizes expected outcomes
based on scenarios and predefined probability distributions, re-
quiring extensive scenario generation, which makes it compu-
tationally expensive for large-scale systems, such as MCES +
EPLs. Additionally, stochastic programming does not provide
robustness against uncertainties, as it focuses on optimizing
an expected value rather than ensuring feasibility under worst-
case scenarios. Unlike stochastic programming, the nested bi-
level MO-IGDT does not require probability distributions and
explicitly models uncertainties through envelope-bound mod-
els, offering greater flexibility for uncertainty characterization
and modeling. Furthermore, the proposed approach not only
provides robustness against uncertainties but also maximizes
the uncertainty horizons, making it a more reliable approach
for decision-making under uncertainty.

Robust optimization, which also avoids probabilistic mod-
eling, differs from the proposed nested bi-level MO-IGDT
in its treatment of uncertainty. Robust optimization focuses
on worst-case scenarios within predefined uncertainty sets,
ensuring feasibility under extreme conditions; however, it
may lead to overly conservative solutions that can reduce
operational efficiency. Additionally, robust optimization re-
quires predefined uncertainty bounds, limiting adaptability to
real-world renewable energy fluctuations. The nested bi-level
MO-IGDT, on the other hand, offers an adjustable level of
robustness, allowing decision-makers to dynamically balance

robustness and cost-effectiveness, making it particularly well-
suited for integrating PV and wind into MCES. Furthermore,
the proposed approach can be implemented more easily in
practice because setting a threshold for the cost through the
cost deviation factor is much simpler than defining bounded
intervals for uncertain variables in robust optimization for
MCES operators.

This qualitative comparison highlights the significant ad-
vantages of the proposed nested bi-level MO-IGDT approach
in providing robust solutions against uncertainties, striking a
balance between robustness and cost-effectiveness, and facil-
itating practical implementation in MCES + EPLs operation
problems. The rationale behind developing and proposing this
approach lies in its ability to bridge the gap between com-
putational efficiency, strategic decision-making, and modeling
real-world uncertainty.

The findings highlight several real-world applications of
the proposed framework, particularly for MCES operators,
policymakers, and energy market stakeholders. By incorpo-
rating a bi-level game-theoretic approach, the MCES operator
can incentivize EPLs to participate in local energy markets,
ensuring cost-effective and self-sufficient energy exchanges.
The MO-IGDT-based nested bi-level optimization enables
MCES operators to adjust risk preferences while maintaining
economic sustainability proactively. The proposed framework
offers a structured approach for integrating self-sufficiency
programs, illustrating how incentive mechanisms can result
in substantial operational cost reductions. The results suggest
that a well-designed combination of Stackelberg game incen-
tives and robust uncertainty modeling can improve market
efficiency, making MCES operations more robust and econom-
ically viable.

VI. CONCLUSION

This paper applies Stackelberg game theory and MO-IGDT
to integrate EPLs into MCES using a nested bi-level optimiza-
tion model. The bi-level problems are simplified into single-
level ones using KKT conditions and worst-case scenarios,
then solved using Lexicographic optimization. Through the
proposed model, EPLs can effectively exchange energy with
the MCES, thereby increasing the profit of EPLs and decreas-
ing the operation cost of MCES. Additionally, the participation
of MCES in the self-sufficiency programs is modeled within
a nested bi-level optimization framework. The proposed bi-
level deterministic model and nested bi-level MO-IGDT model
have been tested on an MCES with electricity, heat, and gas
networks as well as four EPLs. The results indicate that 1) for a
desired self-sufficiency level of 50%, increasing the incentive/
penalty price of the self-sufficiency programs from 0 $/% to
0.2 $/% results in a decrease in the MCES operation cost
by 10.19%, 2) the integration of EPLs reduces the MCES
daily operational cost, 3) changing the cost deviation factor
has a more significant impact on the robustness of the PV
system compared to the wind energy system. This difference
can be attributed to the limited operating hours of the PV
system and the higher priority of the PV system robustness
in the lexicographic approach, and 4) it can be concluded
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that increasing the robustness level against the PV and wind
generation uncertainties leads to an increase in the purchased
power and a decrease in the sold power of the MCES from/to
the upstream network.

APPENDIX

The bi-level optimization problem models the Stackelberg
game between the MCES and EPL operators. It is converted
into a single-level MILP problem using KKT conditions,
which replace the convex follower problem. The Lagrangian
function for each EPL optimization problem (42)—(54) is as
follows:

N E,EPL ,E,EPL MT,EPL ,MT,EPL
s P, —a Py
L,= Z _5ES,E1§L(PCI§,’ES n PDé"ﬁ,Es) n EVPAVC EVs
t=1 t,p t,p
—nt,(SoCEPY — SoCEPL) — 2 (SoCEPL — Son )
*77?,;;( PtCH ES)* tp(PtC;I s FC ’ES)*
N, ﬁf‘p( PEpCH Eb) fp(PDCH JES ﬁ CH, ES)_

L 7 SoCEDE — SoCEPL — pOLES oL
,p( ) PDCH Eg ]EPL

t,p
t=1
7 p(PDCH JES PCH JES PE EPL

+ PM’T‘ ,EPL PAVC,EVS)_

E, TP pEEPL _ pEEPL
7h,p( P )= ( L - MT,EPL
MT EPL MT,EPL _ 55MT,
Rf,p ) tli(Ptp - P )

nt,p(
(AL)

It should be noted that for each EPL in the lower level or
follower problem, wE’EPL is considered as a parameter as it
is determined by the MCES operator. Based on the Lagrange
function, the KKT conditions are as follows:

oL,

W = 77t,p 77752,;; - 77t7,p + 7):5771,;9 =0 Vi,p (A2

oL s
Cin,ES = —"SEPL 4 77?,17 - 77?,17 + 77EPL77t7,p + 77t P
oP;,
=0 Vi,p (A3)
oL ES,EPL EPL
DCﬁ,ES =—0" + n?,p - n?,p - 77t7,p/77 - nts,p
oP
=0 Vi,p (A4)
oL EEPL
—EEPL =T iy H i, —niy =0 Vip  (AS)
opP;;
oL MT,EPL
MTEPL = —Oep ~ Tip T Tip =iy =0 Vtp
oP;,

(A6)

m D 77t ) 77t D m P 77t ) 77t D nt ) 77t D 77t . 77t »=0 (A7)
The complimentary slackness conditions are as follows:

Lomi, =0 Vi€ {1-6,9-12} (A8)

The above-mentioned constraints are non-linear. Consider-
ing the slackness conditions, the big-M method is used for the
linearization as follows:

MU, -1) < J;, <0 Vie{1-6,9-12} (A9)
0<mn,<MU;, Vie{1-6,9-12} (A10)

where Uti is the binary variable and M is a sufficiently large

E,EPL pEEPL ;
positive constant. The nonlinear expression 7, P,

(2), in the upper-level or leader problem, is replaced with linear
. E,EPL , . .
expressions (7" is variable in the upper-level problem).
At first, according to the strong duality theory, the objective
function of the dual problem (42)—(54) should be equal to the
primal problem as follows:

. N
Z P 8 PAvc EVs + 77127? ,

=1 ’%

N E,EPL E EPL _  MT.EPL MT JEPL

t
Z SES, EPL( PCH f:s PDdﬁ ES) EV PAve EVs
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(A11)

The nonlinear term 7TE EPLPtE pEPL is obtained from (A1l)

and is used to linearize (2) as follows:

E,B E,B E,Sell HE,Sell
CtE:wt’“yP’“y—wt’Se Pt7se+
— EPL CH,ES
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