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H I G H L I G H T S

• Proposing a probabilistic approach for local multi-carrier energy systems operation.
• Developing a multi-objective model for cost and emissions of an energy community.
• Local multi-carrier energy systems model architecture with physical and managerial layers.
• Emphasizing the impact of flexibility and price on local multi-carrier energy systems performance.
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A B S T R A C T

The Local Multi-Carrier Energy Systems (LMCESs) offer a great opportunity for Distributed Energy Resources
(DERs) development in the energy system. The high variability of DERs output and the energy demands of the
LMCESs increase the flexibility requirements in the upstream power system. In this context, an incentive-based
mechanism needs to be considered by the power system operator to motivate the LMCESs to reduce the power
exchange ramp rate with the upstream power system through an efficient energy management system in the
LMCESs. This paper proposes a novel LMCESs optimization model that considers the flexibility constraint im-
pacts on the economic and environmental objective functions. Additionally, the cost objective function accounts
for the incentive to encourage cooperation from the LMCES in the flexibility program. To simultaneously address
economic and emission-related objectives, the epsilon constraint method as a Multi-Criteria Decision-Making
(MCDM) approach is employed. Moreover, a hybrid Probabilistic-IGDT method is employed to model the un-
certainty of energy resources and demands. The optimization results underscore that increasing flexibility de-
faults while keeping flexibility prices constant reduces the operational cost of LMCES, but the impact on cost
when increasing flexibility prices depends on whether the flexibility default is low or high. In particular, the
flexibility price results in a cost reduction of 3.07 % in scenarios with low flexibility defaults and a significant
reduction of 29.64 % in scenarios with high flexibility defaults.
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Nomenclature

Acronyms
ADN Active Distribution Networks
CHP Combined Heat and Power
DERs Distributed Energy Resources
DRPs Demand Response Programs
ESS Energy Storage Systems
CAES Compressed Air Energy Storage
HVs Hydrogen Vehicles
IGDT Information Gap Decision Theory
kW Kilowatt
LMCESs Local Multi-Carrier Energy Systems
MCDM Multi-Criteria Decision-Making
MILP Mixed-Integer Linear Programming
P2G Power-to-Gas
PDF Probability Distribution Function
PV Photovoltaic
RES Renewable Energy Sources
TOPSIS Technique for Order Preference by Similarity to Ideal

Solution

Indices
t,Nt Index and set of times
s,Ns Index and set of scenarios
v,Nv Index and set of hydrogen vehicles
i, j,Ni,Nj Index and set of power nodes
m,n,Nm,Nn Index and set of gas nodes
f ,g,Nf ,Ng Index and set of heat nodes
p,q,Np,Nq Index and set of water nodes

Parameters
ELi,t,s Electrical demand before demand response (kW)

FG,F G Maximum and minimum gas flow (kW)
FEL,F EL Maximum and minimum electrical flow (kW)
FH,F H Maximum and minimum heat flow (kW)
FW,F W Maximum and minimum water flow (m3)
GLm,t,s Gas load (kW)
HHV High heat value (kW/m3)
HB

,H B Maximum and minimum heat of boiler unit (kW)
HA,CHP,HB,CHP,HC,CHP,HD,CHP Constant parameters of the output heat

of CHP unit (kW)
PA,CHP,PB,CHP,PC,CHP,PD,CHP Constant parameters of the output power

of CHP unit (kW)
PE,B,PE,S Maximum buying and selling power from/to the upstream

network (kW)
PG Maximum buying gas from the upstream network (kW)
PGT Maximum power of microturbine unit (kW)
PH,B,PH,S Maximum buying and selling heat from/to the upstream

network (kW)
PPVi,t,s Output power of PV system (kW)

PEch,ES,PEdis,ES Maximum charging and discharging power of
electrical storage (kW)

PEch,TS,PEdis,TS Maximum charging and discharging heat of heat
storage (kW)

PHch,HTS
,PHdis,HTS Maximum charging and discharging hydrogen of
hydrogen storage (m3)

SOCES
,SOC ES Maximum and minimum electrical storage capacity

(kWh)
SOCHTS

,SOC HTS Maximum andminimum hydrogen storage capacity
(m3)

SOCTS
,SOC TS Maximum and minimum heat storage capacity (kWh)

SOCWS Maximum capacity of the water storage capacity (m3)
TLt,s Heat demand before demand response (kW)
VT Vehicle tank capacity (m3)

Wch,WS Maximum input water of the water storage unit (m3)

Wdch,WS Maximum output water of the water storage unit (m3)
WW,Des Maximum output water of the water desalination unit (m3)
δB Conversion rate efficiency of boiler unit
δCHP Conversion rate efficiency of CHP unit
δGT Conversion rate efficiency of microturbine unit
ηEF,W Efficiency rate of the water desalination unit
ηES Electrical storage efficiency
ηP2G Power-to-Gas efficiency
ηTS Heat storage efficiency
ϑE,ϑT Participation rate of electrical and heat demands in

demand response
ζDef Default flexibility capacity (kW)
ζ Cost division factor
πE
t,s Electricity price ($/kW)

πE,dn Electrical downward inconvenience incentive ($/kW)
πE,up Electrical upward inconvenience incentive ($/kW)
πFlex Flexibility incentive ($/kW)
πG
t,s Gas price ($/kW)

πH
t,s Heat price ($/kW)

πT,dn Heat downward inconvenience incentive ($/kW)
πT,up Heat upward inconvenience incentive ($/kW)
χCO,Boiler,χNO,Boiler,χSO,Boiler CO, NO and SO emission coefficient of the

boiler unit (kg/kW)
χCO,CHP,χNO,CHP,χSO,CHP CO, NO and SO emission coefficient of the

CHP unit (kg/kW)
χCO,G,χNO,G,χSO,G CO, NO and SO emission coefficient of the gas

demand (kg/kW)
χCO,MT,χNO,MT,χSO,MT CO, NO and SO emission coefficient of the

microturbine unit (kg/kW)
χCO,Net,χNO,Net,χSO,Net CO, NO and SO emission coefficient of the

upstream power (kg/kW)
ωs Probability
ϖEF,W Conversion rate between seawater and freshwater

Variables
CostEt,s Electrical cost ($)
CostHt,s Heat cost ($)
CostGt,s Gas cost ($)
CostFlext,s Flexibility cost ($)
CostEDRt,s Electrical demand response cost ($)
CostTDRt,s Heat demand response cost ($)
ELDRt,s Electrical demand after demand response (kW)
FGm,n,t,s,FEli,j,t,s,FHf ,g,t,s,F

W
p,q,t,s Gas, electrical, heat, and water energy flow

(kW)
GBB

m,t,s Gas consumption of boiler unit (kW)
GCCHP

m,t,s Gas consumption of CHP unit (kW)
GCGT

m,t,s Gas consumption of microturbine unit (kW)
HB
f ,t,s Output heat of boiler unit (kW)

HCHP
f ,t,s Output heat of CHP unit (kW)

HGch,HTS
s,t ,HGdis,HTS

s,t Charging and discharging of hydrogen storage
unit (m3)

HGHV
s,v,t Consumption of hydrogen vehicles (m3)

HGP2G
s,t Output hydrogen of the P2G unit (m3)
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1. Introduction

1.1. Background and motivation

The global energy landscape is undergoing a transformative shift
towards sustainability, driven by the need to mitigate climate change
and reduce greenhouse gas emissions [1]. A key aspect of this transition
is the increasing adoption of Distributed Energy Resources (DERs), such
as Photovoltaic (PV) systems, wind turbines, Energy Storage Systems
(ESSs), hydrogen fuel stations, and Power-to-Gas (P2G) units [2,3].
DERs offer a promising approach to decentralize energy generation,
improve energy efficiency, and facilitate the integration of Renewable
Energy Sources (RESs) into the grid. Local Multi-Carrier Energy Systems
(LMCESs) have emerged as a propitious solution for enhancing the
management of DERs within energy systems [4]. By integrating various
energy carriers like electricity, heat, gas, and water, LMCESs provide a
versatile platform to leverage the diverse capabilities of DERs and
optimize the overall energy system performance [5,6]. However, the
integration of DERs within LMCESs presents significant challenges in
terms of system flexibility. The inherent variability in the output of
renewable energy resources coupled with the dynamic nature of energy
demands within LMCESs, can lead to rapid and unpredictable changes in
the net load, imposing a significant challenge for the predominantly
conventional thermal power plant-based upstream energy system [7].
Conventional power plants often struggle to quickly adjust their output
to accommodate the rapid fluctuations in net load, impacting the overall
flexibility and reliability of the power system [8]. To address this chal-
lenge, it is imperative for the upstream system operator to introduce a
proactive flexibility program that incentivizes LMCES owners to actively
manage the variability in power exchange with the upstream grid. This
program should provide rewards or penalties based on the LMCES’s
level of engagement and performance in the flexibility initiative,
encouraging them to adopt efficient energy management strategies and
technological solutions to enhance system flexibility. Additionally, the
risk attitudes of LMCES operators can significantly influence their en-
ergy scheduling decisions and their willingness to participate in the

upstream flexibility program. Incorporating the risk preferences of
LMCES operators into the optimization framework is indispensable to
ensure the practical applicability and robustness of the solutions.

This paper addresses these challenges by developing a novel opti-
mization model for a sustainable LMCES that incorporates a flexibility-
oriented approach, a hybrid uncertainty modeling technique, and an
incentive-based mechanism to encourage LMCES participation in the
upstream flexibility program. The proposed framework aims to balance
the economic and environmental objectives of the LMCES while ac-
counting for the flexibility requirements of the upstream power system
and the risk attitudes of the LMCES operator.

1.2. Literature review

LMCES have garnered significant attention for their potential to
reduce environmental emissions and optimize system performance.
Several studies have explored the integration of Demand Response
Programs (DRPs) and ESSs to improve the flexibility and responsiveness
of energy hub systems [9]. Additionally, research has focused on
analyzing the effectiveness of active consumer participation in
enhancing the resilience of LMCES [10]. Investigations into the potential
of LMCES in reducing carbon emissions [11], as well as the development
of optimal strategies for cost reduction through the implementation of
DRPs [12], have been extensively examined. Furthermore, a multi-
objective management framework has been devised to optimize the
structure and performance of LMCES [13], while a non-linear stochastic
optimization model has been proposed for multi-LMCES operations to
minimize total operation costs [14]. The literature also highlights the
substantial potential of LMCESs as adaptable platforms for integrating
various energy generation and storage technologies [15], paving the
way for more efficient and environmentally friendly energy utilization
[16].

Besides the vital role of DERs in the power system, challenges such as
high variability inherent in DERs output within LMCES have been
underscored, posing threats to upstream grid stability [17] and flexi-
bility [18]. In other words, flexibility in power systems has become

IBf ,t,s Binary variable of boiler unit
ICHPi,t,s Binary variable of CHP unit

IE,upi,t,s , I
E,dn
i,t,s Binary variables of upward and downward electrical

demand response
IEi,t,s, IHf ,t,s Binary variables of electrical and heat energy exchange
IESi,t,s Binary variable of the electrical storage unit
IHTSt,s Binary variable of the hydrogen storage unit
ITSf ,t,s Binary variable of heat storage unit

IT,upf ,t,s , I
T,dn
f ,t,s Binary variables of upward and downward heat demand

response
IWS
p,t,s Binary variable of the water storage unit
PCHPi,t,s Output power of CHP unit (kW)
PDesi,t,s Power consumption of the water desalination unit (kW)

PE,bi,t,s,P
E,S
i,t,s Buying and selling power from/to the upstream network

(kW)
PG,bm,t,s Buying gas from the upstream network (kW)
PGTi,t,s Output power of microturbine unit (kW)

PH,bf ,t,s,P
H,S
f ,t,s Buying and selling heat from/to the upstream network

(kW)
PP2Gi,s,t Electrical power consumption of P2G unit (kW)

PEch,ESi,t,s ,PEdis,ESi,t,s Charging and discharging power of electrical storage
(kW)

PEch,TSf ,t,s ,PEdis,TSf ,t,s Charging and discharging heat of heat storage (kW)

SOCES
i,t,s Electrical storage level (kWh)

SOCHTS
t,s Hydrogen storage level (m3)

SOCTS
f ,t,s Heat storage level (kWh)

SOCWS
p,t,s Water level of the water storage unit (m3)

TLDRf ,t,s Heat demands after demand response (kW)

Wch,WS
p,t,s Input water to the water storage unit (m3)

Wdch,WS
p,t,s Output water from the water storage unit (m3)

WSW
p,t,s Input seawater (m3)

WW,Des
p,t,s Output water of the desalination unit (m3)

μE,up
i,t,s ,μ

E,dn
i,t,s Upward and downward electrical demand response

program (kW)
μT,up
f ,t,s ,μ

T,dn
f ,t,s Upward and downward heat demand response program

(kW)
ζFlexi,s,t The optimal flexibility (kW)
ϕCHP
t,s Emission of CHP unit (kg)

ϕBoiller
t,s Emission of boiler unit (kg)

ϕG
t,s Emission of gas load (kg)

ϕNet
t,s Emission of upstream power (kg)

ϕMT
t,s Emission of microturbine unit (kg)

ψEmi Emission objective function (kg)
ψCost Cost objective function ($)
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increasingly critical with the rise of RESs penetration rate in LMCES,
which introduces variability and uncertainty into power grids [19].
Addressing these challenges through further research and innovation
will be crucial for unlocking the full potential of LMCES systems and
advancing sustainable energy systems. Several studies have explored
various approaches to enhance upstream power system flexibility,
focusing on DERs, demand side management, fast flexibility-driven
generation, and advanced grid management techniques. For instance,
[20] highlighted the role of DERs in providing flexibility at the interface
between distribution and transmission systems. [21] explored the use of
probabilistic solar power forecasts to inform the procurement of flexible
ramp products in the California ISO. The utilization of ESSs and DRPs
has been demonstrated to enhance system flexibility [18,22]; but it is
accompanied by associated costs and user dissatisfaction [23]. However,
ESSs and DRPs are widely addressed by researchers to address the
flexibility challenges of the power system. For instance, [24] examined
the role of DRP in enhancing the flexibility of transmission networks,
particularly in scenarios involving wind farms, within the context of
generation and transmission expansion planning. A model is presented
in [25] to evaluate the flexibility of microgrids and power systems with
the integration of flexibility tools such as DRP, ESSs, and electric vehicle
parking lots. The study aims to maximize the profitability of these
flexibility tools while minimizing energy costs and voltage deviation.
The optimization problem is constrained by power flow equations,
renewable generation limits, and the operational limits of the flexibility
tools. [26,27] investigated the impact of ESSs technologies on power
system flexibility but did not quantify the degree of flexibility within the
systems. [28,29] assessed how short-term ESSs contribute to reducing
carbon emissions, energy curtailment, and operating costs. However,
these studies overlooked the effects of seasonal energy fluctuations,
thereby not fully capturing the potential benefits of ESSs. [30] investi-
gated the use of ESSs to boost distribution network flexibility, focusing
on the optimal placement and sizing of ESSs to minimize investment
costs while enhancing network flexibility. In [31], the economic feasi-
bility of on-site ESSs for customers was analyzed, yet the flexibility index
was not addressed. Additionally, flexibility evaluation indices for power
systems across various time scales were defined in [32]. Similarly, [33]
introduced a system flexibility balance index and evaluated the role of
ESSs in supporting wind power integration. Nonetheless, these analyses
did not take into account multi-energy complementary behavior, leav-
ing some aspects of flexibility unexamined. [34] presented an imbalance
mitigation strategy using flexible PV ancillary services, exemplified by a
case study in Italy. By utilizing the flexibility of PV systems to provide
ancillary services, such as reactive power support and voltage regula-
tion, the study shows significant potential for reducing grid imbalances
and enhancing the stability of power networks with high levels of PV
penetration. Moreover, some paper address the role of flexible demand
resources in participation in the flexibility improvement of power sys-
tem. For instance, the value of demand-side flexibility is underscored by
[35], who assess its impact on managing wind energy constraints and
curtailment. By engaging flexible demand resources, such as industrial
loads and electric vehicles, power systems can absorb excess wind
generation during periods of high output and shift consumption to times
of lower generation, thereby smoothing the variability of wind power
and reducing the need for curtailment.

Furthermore, some papers in the literature focus on the flexibility
market for flexibility resources. [36] describes a market model for
Active Distribution Networks (ADN) that aims to generate financial
returns from providing flexible services. In [37], the transactions be-
tween energy and flexibility are streamlined using a market-clearing
model. This approach facilitates efficient coordination among various
flexibility sources, simplifying the integration of flexibility into the en-
ergy market. The model aims to optimize the allocation of flexibility
resources, ensuring that the supply and demand of both energy and
flexibility services are balanced effectively, thereby enhancing the
overall market efficiency and system stability. Additionally, [38] models

the Flexibility Pricing Service (FPS) within an active distribution system
that includes renewables and flexibility tools. In this work, a two-level
optimization problem is formulated to maximize flexibility profits sub-
ject to specific constraints while determining the FPS. This necessitates
the incorporation of flexibility requirements within the upstream power
system, emphasizing the importance of incentive-based mechanisms to
encourage cooperation from LMCESs in managing power exchange ramp
rates [39]. Despite numerous research papers introducing the concept of
the flexibility index and proposing solutions for enhancing power system
flexibility, the pivotal role of the energy management system of LMCES
in bolstering this flexibility has been largely overlooked in the literature.
This highlights a notable research gap, emphasizing the need to incen-
tivize LMCES participation in the flexibility program of the upstream
energy network.

The uncertainty stemming from the inherent variability of renewable
energy sources, dynamic energy demands, and prices is a critical aspect
of effectively managing LMCESs. Stochastic programming approaches
offer a promising avenue for tackling this challenge, but the escalating
computational complexity associated with these methods necessitates
the development of advanced optimization and control strategies to
ensure the reliable and efficient operation of LMCESs. Previous studies
have employed techniques such as the Information Gap Decision Theory
(IGDT) and robust optimization to tackle forecast errors and un-
certainties in energy system scheduling [40,41]. In a study by [40], a
comprehensive risk hedging model was proposed to manage LMCES
operations, aiming to minimize both energy procurement costs and
financial risks. Meanwhile, [41] employed a robust optimization model
to examine the interdependencies among various energy infrastructures,
while considering their technical constraints and uncertainties associ-
ated with wind power. Further research has also been conducted on
residential energy management, incorporating components like micro-
Combined Heat and Power (CHP) units, plug-in hybrid electric vehi-
cles, heat storage units, and rooftop solar panels, while accounting for
uncertainties related to solar panel output using a two-point estimation
method [42]. A novel approach to daily scheduling in smart grids has
been presented, employing a smart LMCES framework and incorpo-
rating stochastic demand response mechanisms [43]. A probabilistic
energy flow analysis framework for integrated electrical and gas systems
has been proposed, investigating the coupling between gas-fired gen-
erators, electric-driven compressors, and energy hubs integrated with
power-to-gas units [44]. Furthermore, [45] proposed a scenario-based
generation and reduction algorithm to address the uncertain behavior
of resources in the cooperative energy management approach for multi-
LMCES.

Table 1 provides a comprehensive comparison of methods and tools
from the literature, focusing on critical features such as the types of
energy carriers involved, the application of multi-objective optimiza-
tion, the integration of hydrogen, P2G technologies, and approaches to
managing uncertainties. Similarly, Table 2 presents a detailed taxonomy
of flexibility enhancement strategies within LMCES and broader power
networks. It categorizes existing approaches across key dimensions,
including flexibility constraints, incentive mechanisms, participation
models, and resource integration. This taxonomy serves as a founda-
tional reference for understanding the current landscape of flexibility
strategies, emphasizing the potential role of LMCES in enhancing grid
operations.

While substantial progress has been achieved in enhancing the
flexibility and addressing uncertainty in LMCES, notable research gaps
persist and need to be addressed. The focus should be on incentivizing
LMCES participation in flexibility programs and developing robust
optimization models to effectively manage uncertainties associated with
renewable energy sources and demand dynamics. Hence, several
research gaps are addressed in this paper as follows:

• Research gap #1:While there have been significant contributions to
understanding flexibility in broader power systems, there is a lack of
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detailed examination on how LMCES can interact with grid opera-
tions through incentive-based mechanisms. Without a structured
program for incentive-based flexibility, LMCES operators may have
little motivation to participate. This lack of participation can limit
the potential benefits that these systems could provide to the broader
power grid, such as balancing supply and demand or mitigating grid
congestion.

• Research gap #2: The literature generally acknowledges various
approaches for modeling risk attitudes in energy systems. However,
there is a research gap in applying these methods beyond flexibility
improvement programs and evaluating the risk-averse and risk-
seeking behaviors of LMCES operators. Specifically, existing studies

have not sufficiently explored how the risk attitude of LMCES op-
erators can impact their participation in flexibility programs, which
is crucial for enhancing system reliability and operational efficiency.

• Research gap #3: Although elements such as P2G and hydrogen fuel
stations have been considered within LMCES, there is a lack of
comprehensive research on integrating all energy carriers (electrical,
heat, gas, and water) within LMCES. There is a need for in-depth
studies focusing on the integrated operation of P2G and hydrogen
fuel stations, with specific attention to managing the synergies and
challenges associated with multiple energy carriers in a unified
framework.

Table 1
Comparison of methods and tools in the LMCES literature.

Refs. Energy Carriers Multi-Objective Hydrogen
Consideration

P2G Uncertainty Optimization
Type

E W G H

[2] ✓ ⨯ ✓ ✓ ✓ ⨯ ⨯ ⨯ MINLP
[9] ✓ ⨯ ✓ ✓ ⨯ ⨯ ⨯ ✓ MILP
[14] ✓ ⨯ ✓ ✓ ⨯ ⨯ ⨯ ✓ MILP
[16] ✓ ⨯ ✓ ✓ ✓ ✓ ✓ ✓ MINLP
[18] ✓ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯ ✓ MINLP
[19] ✓ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯ MILP
[20] ✓ ✓ ✓ ⨯ ✓ ⨯ ✓ ⨯ MILP
[21] ✓ ⨯ ⨯ ⨯ ✓ ⨯ ⨯ ⨯ MINLP
[22] ✓ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯ ✓ MINLP
[24] ✓ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯ MINLP
[25] ✓ ⨯ ⨯ ⨯ ✓ ✓ ✓ ✓ MINLP
[26] ✓ ✓ ⨯ ⨯ ✓ ⨯ ⨯ ✓ MILP
[27] ✓ ⨯ ✓ ⨯ ⨯ ⨯ ✓ ⨯ MINLP
[28] ✓ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯ MINLP
[29] ✓ ⨯ ⨯ ⨯ ✓ ⨯ ✓ ⨯ MINLP
[30] ✓ ⨯ ⨯ ⨯ ✓ ⨯ ⨯ ✓ MINLP
[31] ✓ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯ ⨯ MINLP
[32] ✓ ⨯ ⨯ ⨯ ✓ ⨯ ⨯ ⨯ MILP
[33] ✓ ✓ ⨯ ⨯ ✓ ✓ ✓ ⨯ MILP
[34] ✓ ⨯ ⨯ ✓ ✓ ⨯ ⨯ ⨯ MILP
[35] ✓ ⨯ ✓ ⨯ ✓ ⨯ ⨯ ✓ MILP
[36] ✓ ⨯ ⨯ ⨯ ✓ ⨯ ✓ ⨯ MINLP
[38] ✓ ⨯ ⨯ ⨯ ✓ ✓ ⨯ ✓ MILP
[39] ✓ ⨯ ✓ ✓ ✓ ✓ ⨯ ⨯ MILP
[45] ✓ ⨯ ✓ ✓ ⨯ ⨯ ✓ ✓ MILP
This Paper ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ MILP
E: Electrical W: Water G: Gas H: Heat

Table 2
Taxonomy of Flexibility Enhancement Strategies in LMCES and Power Networks.

Refs. Flexibility
Constraint

Flexibility Incentive
Mechanisms

LMCES Participation in Flexibility
Programs

Risk Attitude Modeling of Operator in Flexibility
Participation

Flexibility Resources

[18] ⨯ ⨯ ⨯ ✓ DRP
[19] ⨯ ⨯ ⨯ ⨯ ESS
[20] ⨯ ✓ ⨯ ⨯ DERs
[21] ✓ ✓ ⨯ ⨯ DERs
[22] ⨯ ⨯ ⨯ ⨯ ESS
[24] ⨯ ✓ ⨯ ⨯ Wind
[25] ✓ ✓ ✓ ⨯ ESS + DRP
[26] ⨯ ⨯ ✓ ⨯ ESS and DRP
[27] ✓ ⨯ ⨯ ⨯ ESS
[28] ✓ ⨯ ⨯ ⨯ ESS + CAES
[29] ⨯ ⨯ ✓ ⨯ ESS
[30] ✓ ⨯ ⨯ ✓ ESS
[31] ⨯ ✓ ⨯ ⨯ ESS
[32] ✓ ⨯ ⨯ ⨯ ESS + DRP
[33] ✓ ⨯ ⨯ ⨯ Water Pumping + ESS
[34] ✓ ⨯ ⨯ ⨯ ESS and DERs

[35] ✓ ✓ ✓ ⨯
Demand-side Flexibility+ Heat
Pumps

[36] ✓ ⨯ ⨯ ⨯ DERs
[38] ✓ ✓ ✓ ⨯ DRP
[39] ✓ ⨯ ✓ ⨯ ESS + DRP
This
paper

✓ ✓ ✓ ✓
LMCES
(e.g. DER + DRP + ESS)
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These gaps present opportunities for further research and develop-
ment in the field of LMCES.

1.3. Contribution

The paper proposes a flexibility-oriented hybrid multi-objective
Probabilistic-IGDT model to address the operation cost and emission
of the LMCES simultaneously using the epsilon constraint approach as a
Multi-Criteria Decision-Making (MCDM) technique. This model in-
corporates electrical, water, gas, and heat energies, along with compo-
nents such as the hydrogen fuel station, P2G Unit, CHP unit, heat and
electrical storage units. The flexibility constraint imposed by the up-
stream entity is considered in the optimization problem to enhance the
upstream flexibility of the energy system. The innovations presented in
this paper effectively cater to the imperative need for enhancing flexi-
bility, risk management, and realistic operation within the LMCES. The
detailed elaborations are as follows:

• In order to address the first research gap an incentive-based mech-
anism within LMCES to enhance flexibility in the upstream network
is proposed: By incentivizing flexibility in the trading patterns of
LMCES, this approach, as a win-win strategy, has the potential to

enhance the performance of the upstream energy system and bolster
grid stability.

• To address the second shortcoming, the risk attitudes of LMCES
owners into the hybrid multi-objective probabilistic-IGDT optimi-
zation approach is incorporated: By integrating the risk attitudes of
LMCES owners into energy scheduling and trading processes through
this approach, a more refined landscape is provided for determining
the participation of the LMCES owner in the flexibility program. This
incorporation enhances the decision-making process by taking into
account the varying risk preferences of LMCES owners (risk-averse or
risk-seeker), ultimately leading to more effective and tailored
participation in energy scheduling and trading activities.

• In order to address the third research gap a LMCES comprising
electrical, heat, gas, and water energy carriers, along with technol-
ogies like hydrogen fuel stations and P2G units is provided: The in-
novations introduced by hydrogen fuel stations and P2G units play a
crucial role in supporting the flexibility constraint model, ensuring
that the LMCES can dynamically respond to fluctuations in energy
supply and demand. These enhancements collectively contribute to
the development of more sustainable and resilient energy systems.

Managerial Layer Physical Layer

Fig. 1. The conceptual physical and managerial layers of the proposed LMCES.
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1.4. Paper organization

The paper is organized as follows: Section 2 presents the proposed
model, Section 3 provides mathematical relationships and problem
modeling, Section 4 implements the proposed model on a test LMCES
and presents results, and the conclusion and summary of the problem are
provided in the final section.

2. The proposed conceptual model

In this section, a conceptual framework is presented to address the
operational problem of an LMCES. The proposed physical and mana-
gerial layers for optimizing the LMCES are shown in Fig. 1 while
considering various objective functions.

In the managerial layer, the operator initiates the optimization
process by receiving necessary data. Uncertainties related to the PV
system, electricity prices, and electrical and heat loads are then modeled
using a scenario-based approach. In this regards, historical data is
collected for uncertain parameters and modeled using a Probability
Density Function (PDF). The Monte Carlo method is used to generate the
required number of scenarios, which are then reduced using the K-
means method. The reduced scenarios and other necessary data are
input into the GAMS software for optimization. The multi-objective
parameter, aMO, is determined by the LMCES owner, and a flexibility-
oriented probabilistic model is solved to achieve a no-risk operational
cost. This calculated cost is then utilized in the probabilistic-IGDT
optimization approach. Subsequently, the operation cost division fac-
tor, ζ, is set to zero, and the proposed probabilistic IGDT optimization
approach is solved based on the LMCES owner’s risk attitude. The results
are saved and then ζ is incremented by a specific amount, with the
probabilistic IGDT optimization being resolved iteratively until ζ rea-
ches ζ*.

In the physical layer, the LMCES imports electrical, heat, gas, and
seawater resources. The inclusion of seawater and a desalination unit
ensures a reliable and sustainable supply of freshwater, particularly in
regions with limited access to freshwater resources but proximity to the
sea. The desalination unit converts seawater into potable water,
reducing dependency on external freshwater sources. To further
enhance its self-sufficiency, the LMCES incorporates storage systems for
electrical energy, heat energy, water, and hydrogen. Notably, due to the
consistent price of gas, there is no economic advantage in storing gas,
and as such, the system does not include a gas storage component.
Additionally, to optimize the operational costs, the LMCES implements
electrical and heat demand response programs. Furthermore, the inte-
gration of a P2G unit and a hydrogen fuel station unit allows for the
conversion of excess electrical energy into hydrogen, meeting the de-
mands of hydrogen vehicles and supporting the transition to clean
transportation while reducing reliance on fossil fuels.

Furthermore, it is important to highlight that while the concepts of
flexibility and reserve are commonly discussed concerning large-scale
power systems, this paper intentionally excludes these indices from
the proposed framework. The main rationale for this omission is the
specific focus and scope of this paper, which is centered on local energy
systems. The LMCES considered in this study is comparable to small
communities or neighbourhood-scale systems, emphasizing tailored
solutions that cater to their unique operational dynamics and con-
straints. However, technical scalability can be achieved by replicating
and integrating model components, while operational scalability in-
volves aggregating multiple LMCESs and implementing hierarchical
controls. Moreover, the proposed incentive-based mechanism is adapt-
able to different scales. As the community size increases, the parameters
within the flexibility constraints can be adjusted to maintain efficiency
and effectiveness, ensuring the model remains robust across various
scales. The framework put forth here provides a platform for LMCESs to
interact with the flexibility of the upstream network, thereby improving

the overall flexibility of the power system. However, it should be noted
that the flexibility and reserve of the upstream network may be influ-
enced by several factors such as energy storage systems, fast ramp re-
sources, and DRPs, which are beyond the scope of this paper.

The successful implementation of the proposed model for LMCESs is
influenced by various policy and regulatory factors. Understanding
these influences is crucial for practical adoption and deployment. The
integration of DERs and flexibility programs is often subject to national
and regional energy policies. Policies such as renewable energy in-
centives, carbon pricing, and grid modernization initiatives play a sig-
nificant role in shaping the operational environment for LMCESs. The
proposed model aligns with several existing policies aimed at promoting
renewable energy and reducing greenhouse gas emissions. However, the
model’s effectiveness could be influenced by regulatory frameworks that
dictate the operational flexibility of LMCESs. For instance, policies that
provide financial incentives for flexibility or impose penalties for non-
compliance could affect the willingness of LMCES operators to engage
in flexibility programs. Barriers such as stringent regulatory re-
quirements or lack of supportive infrastructure could impede the
model’s implementation. Conversely, there are opportunities for policy
development that could enhance model adoption. These include intro-
ducing supportive regulations for energy management systems and
flexibility programs, as well as providing subsidies or tax benefits for
technologies integrated within LMCESs.

3. Mathematical modeling

The following section outlines the mathematical model for the pro-
posed framework. Initially, the discussion focuses on the multi-objective
probabilistic optimization model. Subsequently, the epsilon constraint
method is utilized to resolve the multi-objective approach, ensuring
effective decision-making under uncertainty. To accommodate the risk
attitudes of the LMCES owner when faced with uncertainty, the third
subsection introduces the hybrid probabilistic-IGDT approach.

3.1. Multi-objective probabilistic optimization model

In this subsection, a detailed presentation of the probabilistic for-
mulations of the LMCES scheduling problem is provided. The multi-
objective LMCES scheduling model, as shown in Eq. (1), consists of
two objective functions. The first objective function is expressed in
dollars ($) as its unit of measurement, while the second objective
function is expressed in kilograms (kg).

Minimize :
{

ψCost,ψEmi} (1)

The economic objective function, as described in Eq. (2), comprises
different components outlined in Eqs. (3)–(8). The costs associated with
the exchange of power, heat, and gas energies with the upstream
network are represented by Eqs. (3)–(5). The flexibility cost or profit of
the LMCES, based on its participation in the flexibility program, is
modeled by Eq. (6). In this regard, the default ramp rate for electrical
energy trading (denoted as ζDef) is determined by the upstream system
operator, while the LMCES endeavors to calculate the optimal ramp rate
for electrical energy trading (denoted as ζFlexi,s,t ) taking into account the
flexibility price (πFlex) and other relevant parameters. The cost of
participation in electrical and heat DRPs is delineated in Eqs. (7) and (8),
respectively. The extent of upward and downward load shifting is
contingent on the fixed price and the amount of the load factor.

ΨCost :
∑Nt

t=1

∑NS

s=1
ωs

[
CostEt,s +CostHt,s +CostGt,s +CostFlext,s +CostEDRt,s +CostTDRt,s

]

(2)

where:

S. Dorahaki et al. Applied Energy 377 (2025) 124678 

7 



CostEt,s =
∑Ni

i=1
i∈ESP

πE
t,s

(
PE,b
i,t,s − PE,S

i,t,s

)
(3)

CostHt,s =
∑Nf

f=1
f∈HSP

πH
t,s

(
PH,b
f ,t,s − PH,S

f ,t,s

)
(4)

CostGt,s =
∑Nm

m=1
m∈GSP

πG
(
PG,b
m,t,s

)
(5)

CostFlext,s =
∑Ni

i=1
i∈ESP

πFlex
(

ζFlexi,s,t − ζDef
)

(6)

CostEDRt,s =
∑Ni

i=1
i∈ESP

(

πE,up ELi,t,s
ELPeaki,t,s

μE,up
i,t,s + πE,dn ELi,t,s

ELPeaki,t,s
μE,dn
i,t,s

)

(7)

CostTDRt,s =
∑Nf

f=1
f∈HSP

(

πT,up TLf ,t,s
TLPeakf ,t,s

μT,up
f ,t,s + πT,dn TLf ,t,s

TLPeakf ,t,s
μT,dn
f ,t,s

)

(8)

The second objective function, as described in Eq. (9), pertains to the
emissions generated by various resources including the CHP unit, boiler,
gas load, upstream power, and microturbine. These emissions are
quantified by Eqs. (10)–(14), respectively.

ΨEmi :
∑Nt

t=1

∑Ns

s=1
ωs

(
ϕCHP
t,s +ϕBoiller

t,s +ϕG
t,s +ϕNet

t,s +ϕMT
t,s

)
(9)

where:

ϕCHP
t,s =

∑Ni

i=1

[(
χCO,CHPPCHP

i,t,s

)
+
(

χSO,CHPPCHP
i,t,s

)
+
(

χNO,CHPPCHP
i,t,s

) ]
(10)

ϕBoiller
t,s =

∑Nf

f=1

[(
χCO,BoillerHB

f ,t,s

)
+
(

χSO,BoillerHB
f ,t,s

)
+
(

χNO,BoillerHB
f ,t,s

) ]
(11)

ϕG
t,s =

∑Nm

m=1

[(
χCO,GGLm,t,s

)
+
(
χSO,GGLm,t,s

)
+
(
χNO,GGLm,t,s

) ]
(12)

ϕNET
t,s =

∑Ni

i=1

[(
χCO,NETPE,b

i,t,s

)
+
(

χSO,NETPE,b
i,t,s

)
+
(

χNO,NETPE,b
i,t,s

) ]
(13)

ϕMT
t,s =

∑Ni

i=1

[(
χCO,MTPMT

i,t,s

)
+
(

χSO,MTPMT
i,t,s

)
+
(

χNO,MTPMT
i,t,s

) ]
(14)

The LMCES features a CHP unit that is capable of concurrently
generating electricity and heat. The operational setup of the CHP unit is
defined by a set of inequalities (15)–(20). These inequalities model the
feasible generating region of the CHP unit, ensuring that both power and
heat output energies fall within specified limits (18) and (19) respec-
tively, while also considering the gas consumption of the CHP unit by
(20).

PCHP
i,t,s − PA,CHP −

PA,CHP − PB,CHP

HA,CHP − HB,CHP

(
HCHP

f ,t,s − HA,CHP
)
≤ 0 (15)

PCHP
i,t,s − PB,CHP −

PB,CHP − PC,CHP

HB,CHP − HC,CHP

(
HCHP

f ,t,s − HB,CHP
)
≥ −

(
1 − ICHPi,t,s

)
×M

(16)

PCHP
i,t,s − PC,CHP −

PC,CHP − PD,CHP

HC,CHP − HD,CHP

(
HCHP

f ,t,s − HC,CHP
)
≥ −

(
1 − ICHPi,t,s

)
×M

(17)

0 ≤ HCHP
f ,t,s ≤ HB,CHPICHPi,t,s (18)

0 ≤ PCHP
i,t,s ≤ PA,CHPICHPi,t,s (19)

PCHP
i,t,s = GCCHP

m,t,sδ
CHP (20)

The quantity of gas utilized by the microturbine unit, as well as the
power generated, are stated by Eqs. (21) and (22) respectively [46].

PMT
i,t,s = GCMT

m,t,sδ
MT (21)

0 ≤ PMT
i,t,s ≤ PMT (22)

The management of performance constraints for the boiler unit is
addressed through the utilization of Eq. (23) and inequality (24) [47].

HB
f ,t,s = GBB

m,t,sδ
B (23)

H BIBt,s ≤ HB
f ,t,s ≤ HBIBf ,t,s (24)

Charging and discharging power constraints of the electric energy
storage are modeled by (25)–(28), while constraints (29)–(32) stand for
the heat energy storage unit [48].

SOCES
i,t,s = SOCES

i,t− 1,s + ηESPEch,ES
i,t,s − PEdis,ES

i,t,s
(
1
/

ηES
)

(25)

SOC ES ≤ SOCES
i,t,s ≤ SOCES (26)

0 ≤ PEch,ES
i,t,s ≤ IESi,t,sPE

ch,ES (27)

0 ≤ PEdis,ES
i,t,s ≤

(
1 − IESi,t,s

)
PEdis,ES (28)

SOCTS
f ,t,s = SOCTS

f ,t− 1,s + ηTSPHch,TS
f ,t,s − PHdis,TS

f ,t,s

(
1
/

ηTS
)

(29)

SOC TS ≤ SOCTS
f ,t,s ≤ SOCTS (30)

0 ≤ PHch,TS
f ,t,s ≤ ITSf ,t,sPH

ch,TS (31)

0 ≤ PHdis,TS
f ,t,s ≤

(
1 − ITSf ,t,s

)
PHdis,TS (32)

The transfer of diverse energy transactions with the upstream
network, including electricity, heat, and gas, is restricted by Eqs. (33)–
(37). The quantity of electric / heat energy sold to and purchased from
the upstream network is regulated by Eqs. (33) and (34) / Eqs. (35) and
(36); the level of required gas from the upstream gas network is limited
by (37).

0 ≤ PE,b
i,t,s ≤ PE,bIEi,t,s (33)

0 ≤ PE,S
i,t,s ≤ PE,S

(
1 − IEi,t,s

)
(34)

0 ≤ PH,b
f ,t,s ≤ PH,bIHf ,t,s (35)

0 ≤ PH,S
f ,t,s ≤ PH,S

(
1 − IHf ,t,s

)
(36)
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0 ≤ PG
m,t,s ≤ PG (37)

The challenges posed by the constraints of gas flow within pipelines
are inherently characterized by strong nonlinearity, leading to non-
convexity within the feasible region. In addressing this issue, this
paper specifically focuses on the examination of gas flow limitations in
gas pipelines as outlined in Eq. (38), with the aim of mitigating potential
non-convexity [49].

F G ≤ FGm,n,t,s ≤ FG (38)

The LMCEC is characterized by a relatively small and localized
configuration. Consequently, gas pressure fluctuations within the
LMCES are considered negligible and therefore are excluded from cal-
culations [49]. However, limitations of electrical, heat, and water flow
are addressed through Eqs. (39)–(41) as referenced in [3,50].

F EL ≤ FELi,j,t,s ≤ FEL (39)

F H ≤ FHf ,g,t,s ≤ FH (40)

F W ≤ FWp,q,t,s ≤ FW (41)

The fluctuations in energy exchange between the LMCES and the
upstream network have been found to significantly disrupt the flexibility
of the upstream network. To address this issue, a prescribed flexibility
constraint has been introduced to mitigate the excessive variability in
energy exchange rates. This constraint aims to ensure a more consistent
and controlled flow of energy between the LMCES and the upstream
network, thereby enhancing the overall smoothness and efficiency of the
energy exchange process. The proposed flexibility constraint, denoted as
Eq. (42), is inherently nonlinear; however, it can be transformed into a
linear form through the application of auxiliary constraints as repre-
sented by Eqs. (43) and (44).
⃒
⃒
⃒

(
PE,b
i,s,t − PE,b

i,t− 1,s

)
−
(
PE,S
i,s,t − PE,S

i,t− 1,s

) ⃒
⃒
⃒ ≤ ζFlexi,s,t (42)

(
PE,b
i,s,t − PE,b

i,t− 1,s

)
−
(
PE,S
i,s,t − PE,S

i,t− 1,s

)
≤ ζFlexi,s,t (43)

−
(
PE,b
i,s,t − PE,b

i,t− 1,s

)
+
(
PE,S
i,s,t − PE,S

i,t− 1,s

)
≤ ζFlexi,s,t (44)

The utilization of Hydrogen Vehicles (HVs) has been acknowledged
as an effective approach to reduce greenhouse gas emissions and
enhance the overall operational efficiency of transportation systems.
Nevertheless, the infrastructure for providing hydrogen fuel to support
these vehicles is currently underdeveloped. To address this pressing
issue, the proposal involves the establishment of an on-site hydrogen
fueling station. This facility operates independently from the existing
gas network and relies on a P2G unit in combination with a hydrogen
storage tank to meet the required hydrogen demand. The equilibrium of
hydrogen within this system is mathematically modeled using Eq. (45),
taking into account various parameters such as hydrogen production,
storage injection and absorption, and consumption by the fleet of ve-
hicles. Recognizing that arriving vehicles may possess diverse states of
charge, a stochastic parameter is incorporated into Eq. (46) to accurately
capture the demand of each vehicle. Additionally, the output of P2G
unit, which depends on the efficiency of the electrolysis process and
operating temperature, is determined by Eq. (47).

HGP2G
s,t +HGdis,HTS

s,t − HGch,HTS
s,t =

∑Nv

v=1
HGHV

s,v,t (45)

HGHV
s,v,t = Rand(0,1)×VT (46)

HGP2G
s,t ≤

PP2G
i,s,t ηP2G

HHV
(47)

The hydrogen storage system plays a crucial role in optimizing the
overall energy management within LMCES. It effectively stores surplus
energy from renewable resources, allowing for its utilization during
periods of high demand or low renewable energy generation. Conse-
quently, the hydrogen storage system acts as a dependable and efficient
energy reservoir, ultimately enhancing the stability and resilience of the
LMCES. The mathematical representation of the hydrogen storage sys-
tem can be found in Eqs. (48)–(51).

SOCHTS
t,s = SOCHTS

t− 1,s − HGdis,HTS
s,t +HGch,HTS

s,t (48)

SOC HTS ≤ SOCHTS
t,s ≤ SOCHTS (49)

0 ≤ HGch,HTS
s,t ≤ IHTSt,s PHch,HTS (50)

0 ≤ HGdis,HTS
s,t ≤

(
1 − IHTSt,s

)
PHdis,HTS (51)

The water desalination unit is subject to specific constraints as out-
lined in Eqs. (52)–(54). Eq. (52) defines the parameter, denoted as
WW,Des

t,s , which represents the output freshwater from the desalination
unit as a fraction or proportion of the input seawater; the power con-
sumption of the desalination unit is quantified by Eq. (53); and the
output water of the desalination unit is restricted by Eq. (54).

WW,Des
p,t,s = WSW

p,t,sϖ
EF,W (52)

WW,Des
p,t,s = PDes

i,t,sηEF,W (53)

0 ≤ WW,Des
p,t,s ≤ WW,Des (54)

The representation of the water storage system is modeled by Eqs.
(55)–(58). The water level within the storage system is described by Eq.
(55), which is constrained by the storage capacity outlined in Eq. (56);
and the inflow and outflow of water in the storage system are controlled
by Eqs. (57) and (58), respectively.

SOCWS
p,t,s = SOCWS

p,t− 1,s +Wch,WS
p,t,s − Wdch,WS

p,t,s (55)

0 ≤ SOCWS
p,t,s ≤ SOCWS (56)

0 ≤ Wch,WS
p,t,s ≤ IWS

p,t,sW
ch,WS (57)

0 ≤ Wdch,WS
p,t,s ≤

(
1 − IWS

p,t,s

)
Wdch,WS (58)

The equilibrium of electrical, heat, gas, and water loads is addressed
by Eqs. (59)–(62), respectively.

PE,b
i,t,s − PE,S

i,t,s +PMT
i,t,s +PCHP

i,t,s − PECh,E,Si,t,s +PEdis,E,Si,t,s +PPV
i,t,s − PP2G

i,t,s − PDes
i,t,s +

∑Nj

j=1
FELi,j,t,s

= ELDRi,t,s
(59)

PH,b
f ,t,s − PH,S

f ,t,s − PHch,TS
f ,t,s +PHdis,TS

f ,t,s +HCHP
f ,t,s +HB

f ,t,s +
∑Ng

g=1
FHf ,g,t,s = TLDRf ,t,s (60)

PG
m,t,s − GBB

m,t,s − GCCHP
m,t,s − GCMT

m,t,s +
∑Nn

n=1
FGm,n,t,s = GLm,t,s (61)

WW,Des
p,t,s +Wdch,WS

p,t,s − Wch,WS
p,t,s +

∑Nq

q=1
PW
p,q,t,s = WLp,t,s (62)
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3.2. Multi-objective solving approach

The mathematical model proposed for LMCES presents a complex
multi-objective optimization problem, which calls for the application of
an MCDM approach for resolution. Among the various methods avail-
able for addressing multi-objective optimization problems, the epsilon
constraint method stands out as a popular choice. This method involves
designating one objective as the primary focus for optimization, typi-
cally the most critical one, while the remaining objectives are trans-
formed into constraints. By optimizing the primary objective within the
constraints set by the other objectives, a balance can be achieved in
addressing conflicting goals. In the context of this study, the operational
cost has been identified as the primary objective to be prioritized in the
multi-objective function. As a result, the proposed multi-objective
function has been redefined to reflect this prioritization as follows.

MinΨCost :
∑Nt

t=1

∑NS

s=1
ωs

[
CostEt,s+CostHt,s+CostGt,s+CostFlext,s +CostEDRt,s +CostTDRt,s

]

(63)

s.t

ΨEmi :
∑Nt

t=1

∑Ns

s=1
ωs

(
ϕCHP
t,s +ϕBoiller

t,s +ϕG
t,s +ϕNet

t,s +ϕMT
t,s

)
≤
(
1 − aMO)ε (64)

Constraints (3-8), (10-62) and (A1)-(A10). (65)

Incorporating a parameter known as epsilon (ε) into the approach is
an essential element, as it represents the maximum allowable deviation
from the optimal solution for each constraint. Moreover, aMO signifies
the acceptable tolerance level for the second objective function.

3.3. Hybrid probabilistic-IGDT model

The proposed hybrid probabilistic-IGDT model has been developed
to effectively capture the uncertainty in both renewable energy re-
sources and decision-making processes. This model not only considers
the stochastic nature of PV generation as a clean energy system but also
integrates the uncertainty associated with the risk attitudes of LMCES
operators. Combining probabilistic techniques with IGDT, it offers a
more comprehensive understanding of the factors influencing opera-
tional costs and emission production, thereby ensuring practical appli-
cability and robustness of the solutions.

In dealing with the uncertainty set of the PV system, the model
adopts an envelope-bound uncertainty approach, enabling a thorough

exploration of the potential range of outcomes.

U
(
P̃
PV
i,t,s, a

PV
)
=
{
PPV
i,t,s :

⃒
⃒
⃒PPV

i,t,s − P̃
PV
i,t,s

⃒
⃒
⃒ ≤ aPVP̃

PV
i,t,s

}
(66)

where, aPV is the uncertainty horizon variable, P̃
PV
i,t,s and PPVi,t,s are the

forecasted power parameter and the output uncertainty variable of the
PV system, respectively. The linear type of Eq. (66) can be expressed as
follows:

P̃
PV
i,t,s
(
1 − aPV

)
≤ PPV

i,t,s ≤
(
1+ aPV

)
P̃
PV
i,t,s (67)

When faced with the uncertainty of PV, the LMCES operator may
demonstrate either risk-averse or risk-seeking behavior. The subsequent
sections will delve into the mathematical expressions for both risk-
averse and risk-seeking approaches.

3.3.1. Risk-averse strategy
In the risk-averse strategy, the focus lies onmaximizing the uncertain

variable aPV. Furthermore, it is crucial to ensure that the maximum
potential cost associated with LMCES remains below the no-risk
expenditure (CostNo Risk). To achieve the maximum cost of the LMCES,

careful consideration of risk factors,
(
1 − aPV

)
P̃
PV
i,t,s, is essential in the

optimization problem. Consequently, the optimization problem can be
restated as follows:

Max aPV (68)

s.t

PE,b
i,t,s − PE,S

i,t,s +PMT
i,t,s +PCHP

i,t,s − PECh,E,Si,t,s +PEdis,E,Si,t,s +(1 − apv)P̃
PV
i,t,s − PP2G

i,t,s − PDes
i,t,s

+
∑Nj

j=1
FELi,j,t,s = ELDRi,t,s

(70)

(71) Constraints (3)–(8), (10)–(68), (70)–(72) and (74).

3.3.2. Risk-seeker strategy
The risk-seeking LMCES operator adopts an approach to uncertain

events with the goal of optimizing outcomes positively. In this strategy,
the LMCES operator involves an optimistic outlook, and his aim is to
minimize the aPV, ensuring that the LMCES cost is lower than the no-risk
cost (CostNo Risk). In order to achieve the minimum LMCES cost,
(
1+ aPV

)
P̃
PV
i,t,sis considered in the optimization problem.

Min aPV (72)

s.t

bad hboxCost :
∑Nt

t=1

∑Ns

s=1
ωs

[
CostEt,s + CostHt,s + CostGt,s + CostFlext,s + CostEDRt,s + CostTDRt,s

]

⩽Costbad hbox(1+ ζ)

(69)

bad hboxCost :
∑Nt

t=1

∑Ns

s=1
ωs

[
CostEt,s + CostHt,s + CostGt,s + CostFlext,s + CostEDRt,s + CostTDRt,s

]

⩽Costbad hbox(1 − ζ)

(73)
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PE,b
i,t,s − PE,S

i,t,s +PMT
i,t,s +PCHP

i,t,s − PECh,E,Si,t,s +PEdis,E,Si,t,s +(1 − apv)P̃
PV
i,t,s − PP2G

i,t,s − PDes
i,t,s

+
∑Nj

j=1
FELi,j,t,s = ELDRi,t,s

(74)

Constraints (3)–(8), (10)–(58), (60)–(62) and (64) and (A1)–(A10)
(75)

4. Numerical study

This section focuses on implementing the proposed optimization
model on a sample LMCES as depicted in Fig. 1. The initial subsection
provides a detailed explanation of the input data employed in the
analysis, whereas the subsequent subsection presents the outcomes and
findings of the optimization process.

4.1. Input data

The proposed optimization problem is a day-ahead scheduling, with
hourly time intervals. The problem is formulated as a Mixed-Integer
Linear Programming (MILP) optimization model and is solved using
the CPLEX solver within the GAMS optimization environment. The
computational process is conducted on a computer with an Intel Core i7
CPU and 16 GB of RAM.

The electrical, heat, gas, and water requirements of the LMCES are
depicted in Fig. 2. It is observed that the system experiences its highest
demand for electricity at hour 21. Consequently, the LMCES operator is
compelled to explore effective strategies to manage this surge in de-
mand. Additionally, it is noteworthy that the peak load for heat occurs
between hours 15 and 19, with periods of low demand observed be-
tween hours 8 and 10. Moreover, it is significant to acknowledge that the
peak periods for gas and water consumption predominantly occur

a) Electrical b) Heat

c) Gas d) Water

Fig. 2. The energy demands: a) Electrical demand, b) Heat demand, c) Gas demand and d) Water demand.

Table 3
The electrical, heat, and water energy storage parameters.

Parameter Value Parameter Value

SOC ES 0 SOC TS 0

SOCES 300 SOCTS 300

PEch,ES 100 PEch,TS 100

PEdis,ES 100 PEdis,TS 100
ηES 0.98 ηTS 0.98
SOCWS

max 200 Wch,WS
max 50

Wdch,WS
max 50 πG 0.072
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a) Electricity price

b) Heat Price

Fig. 3. The energy prices: a) electricity price and b) Heat price.

Table 4
The input fixed parameters of the CHP, microturbine, and boiler units [52].

Parameter Value Parameter Value

PCHPA 263 (kW) HCHP
C 120 (kW)

PCHPB 195 (kW) HCHP
D 0 (kW)

PCHPC 45 (kW) δMT 0.35 (kW)
PCHPD 56 (kW) PMT 100 (kW)
δCHP 0.3 δB 0.35
HCHP
A 0 (kW) H B 0 (kW)

HCHP
B 210 (kW) HB 50 (kW)

Table 5
The emission coefficients [52].

Parameter Value
(kg/kW)

Parameter Value (kg/
kW)

Parameter Value (kg/
kW)

χCO,Boiler 0.37 χNO,Boiler 0.00009 χSO,Boiler 0.000003
χCO,CHP 0.37 χNO,CHP 0.00009 χSO,CHP 0.000003
χCO,G 0.37 χNO,G 0.00009 χSO,G 0.000003
χCO,Net 0.368 χNO,Net 0.0008 χSO,Net 0.0002
χCO,MT 0.37 χNO,MT 0.00009 χSO,MT 0.000003

Table 6
The P2G unit, hydrogen storage, hydrogen vehicle, and water desalination unit
parameters.

Parameter Value Parameter Value

VT 0.122 HHV 33.33
ηP2G 0.6 SOCHTS 1

PHCh,HTS 0.4 SOC HTS 0

PHDis,HTS 0.4 ϖEF,W 0.8

ηEF,W 0.33 WW,Des 300

Fig. 4. The number of available HVs in the hydrogen fuel station.

Fig. 5. The output power of the PV unit.

Fig. 6. The Pareto optimal result of operation cost and emission with
increasing aMOfrom 0 to aMO

* .
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during the midday hours.
The upper limits for both electrical and heat energy exchange with

the upstream grid are set at 1000 kW each. Furthermore, the maximum
gas intake from the upstream network is restricted to 1000 kW. The
highest allowable levels for electrical, heat, gas and water flow in
LMCES lines are 600 kW, 900 kW, 1000 kW, and 300 m3, respectively.
The default rate for flexibility is considered 150 kW/h. The incentive
offered for participating in upward and downward DRPs in the both
electrical and heat sectors is fixed at a rate of $0.02 per kilowatt (kW)
[51]. The rate of participation in DRPs for electrical and heat demands is
reported to be 10 % [51]. The constant parameters of electrical, heat and
water energy storage are provided in Table 3.

The variability of electrical and heat energy prices in the upstream
sector is a critical consideration due to their uncertain nature. As shown
in Fig. 3, the output scenarios for these energy prices exhibit distinct
patterns. Notably, the peak electrical energy prices are most pronounced
during the time between hours 14 and 16. Similarly, the highest heat
energy prices are observed within the time intervals of hours 4 to 8 and
15 to 19.

The fixed input parameter of the CHP unit can be found in Table 4,
and the emission coefficients are detailed in Table 5. Additionally,
Table 6 provides an overview of the input parameters for the P2G unit,
hydrogen storage, and HVs. Furthermore, a visual representation of the
random discrete parameter, which signifies the quantity of HVs acces-
sible at the hydrogen fuel station, is illustrated in Fig. 4. Lastly, the
output power of the PV generation unit is shown in Fig. 5.

4.2. Optimization results and discussions

4.2.1. Probabilistic results
The following section provides an analysis of the probabilistic results

obtained from the study. Referring to the epsilon constraint method, the
economic target is considered the primary focus for optimization, and
the environmental target is transformed into constraint. Applying the
maximum acceptable deviation from the optimal solution, ε, and
acceptable tolerance level, aMO, the Pareto-optimal solution be achieved
as illustrated in Fig. 6. It should be mentioned that ε is set at 6842.88 in
the optimization process and a balance between costs and emissions
within the LMCES can be achieved by altering aMOfrom zero to aMO

* .
Referring to Fig. 6, it can be observed that the economic and

environmental objectives are conflicting with each other. Consequently,
the operator of the LMCES is faced with the challenge of selecting an
operational point that lies between the Pareto-optimal solutions. This
selection necessitates a delicate balance between minimizing opera-
tional costs and reducing emissions, as the pursuit of one objective may
lead to a trade-off with the other.

To address the trade-off between economic and environmental ob-
jectives, the proposed LMCES model employs the Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS) approach as a
MCDM strategy. TOPSIS is a widely recognized method for ranking and
selecting from among alternatives based on their distance from an ideal
solution. This approach allows for the effective balancing of economic
and environmental objectives by identifying the best trade-offs between
these conflicting objectives. A detailed description of the TOPSIS
method can be found in [53]. Using the TOPSIS approach, the optimal
operation point results in a cost of $4916.98 and emissions of 6842.88
kg.

In subsequent analysis, the outcomes are derived with consideration
of the economic aspect as the highest priority, and the search space
index, i.e. aMO = 0, is set at zero.

The fundamental objective of this paper is to achieve the most effi-
cient operation of the LMCES, considering the limitations of upstream
flexibility. In this regard, the crucial factors determining the optimal
operational cost of the LMCES are the flexibility price and the default
flexibility offered by the upstream network. To assess the impact of
essential flexibility parameters on the operational cost, Fig. 7 is incor-
porated. Using Fig. 7, it can be seen that an increase in flexibility de-
faults, while keeping flexibility prices constant, leads to a decrease in the

Fig. 7. The optimal operation cost of the LMCES with various flexi-
bility parameters.

Fig. 8. The optimal hourly flexibility for the LMCES.

Fig. 9. The electrical, heat and gas energy exchange with the upstream grid.
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operational cost of the LMCES. Nevertheless, the consequences on the
operational cost of the LMCES, when increasing flexibility prices while
keeping flexibility defaults constant, are contingent upon whether the
flexibility default is low or high. In the case of low flexibility defaults,
such as 0 kW, raising the flexibility price results in an increase in the
operational cost as the LMCES cannot meet the system operator’s
specified flexibility default. However, for higher flexibility defaults,
such as 50, 100, and 150 kW, the operational cost decreases as the
flexibility prices increase. The optimal hourly flexibility for the LMCES is
indicated in Fig. 8. It shows that increasing the flexibility price induces a
heightened level of attention from the LMCES operator, leading to an
enhancement in the overall operational flexibility of the upstream
network.

The exchange of electrical, heat and gas energy with the upstream
network is shown in Fig. 9. The findings reveal a consistent trend in the
exchange of electrical energy with the upstream grid, primarily attrib-
uted to the consideration of flexibility constraint. Furthermore, the use
of the PV system leads to a significant reduction in the procurement of
electrical energy from the upstream network during sunny hours.
Notably, the highest energy purchases occur in the time frame from 18
to 24, aligning with the period of heightened electrical load demand.

Fig. 10. The output hydrogen of the P2G unit and the demand for the HVs.

b) Electrical
c) Heat

a) Hydrogen b) Water

Fig. 11. The state of charge of storage systems: a) Electrical storage, b) Heat storage, c) Hydrogen storage, and d) Water storage.

Fig. 12. The electrical and heat demand response programs.

Fig. 13. The output power of the CHP and microturbine unit.
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Additionally, the results on heat energy exchange indicate that minimal
procurement from the upstream network transpires during hours from 6
to 8, corresponding to peak heat prices and reduced heat demand.
Moreover, key gas-consuming components in the proposed LMCES
include boiler unit, CHP unit, microturbine, and gas demand, all of
which collectively shape the level of natural gas procured from the
upstream gas network. Taking into account the performance of the PV
system, which generates power during midday hours, a simultaneous
decrease is observed in the electricity output of both the microturbine
and the CHP unit. Consequently, this decrement in electricity generation
leads to a reduced dependence on natural gas acquisition from the up-
stream gas network during these specific time intervals.

The hydrogen production of the P2G unit and the demand of HVs are
graphically depicted in Fig. 10. The P2G unit emerges as a pivotal and
power-intensive component within the LMCES. This component syner-
gistically interfaces with renewable energy systems, such as the PV
system, to efficiently capture and store surplus energy in the form of
hydrogen. The findings demonstrate the effective synchronization of
hydrogen production by the P2G unit with the demand of HVs for a
significant portion of the day. Notably, during sunny hours, the P2G unit
generates an excess of hydrogen surpassing immediate demand, thereby
offering potential for subsequent utilization through controlled
hydrogen discharge later in the day.

The status of the electrical, heat, hydrogen, and water storage sys-
tems’ charges is presented in Fig. 11. It can be concluded that the
electrical storage unit undergoes charging between hours 10–14,
aligning with sunny hours and off-peak demand periods. Furthermore,
the electrical energy storage system is discharged during peak pricing
periods. The operation of the heat energy storage system is primarily
influenced by the upstream heat energy price, as it charges during hours
1–4 and 9–14, and discharges during hours 5–8 and 15–19. Additionally,
the hydrogen storage system charges during sunny hours and reserves
stored hydrogen for later use, thereby fulfilling the hydrogen demand of
hybrid vehicles. The water storage unit is charged by the water desali-
nation unit during the midday hours when the PV system generates
power and electrical energy prices are low. Subsequently, it discharges
during high electricity price hours, effectively reducing power con-
sumption by the water desalination unit during peak pricing periods.

The findings of the electrical and heat DRP are shown in Fig. 12. It is
evident that both programs exhibit remarkable efficacy in reducing
demand during peak hours when energy prices are at their highest,
while also adequately fulfilling demand during off-peak hours when
energy prices are lower.

Fig. 13 depicts the power generation outputs of the CHP unit and the
microturbine unit. Analysis of the results indicates that both units
consistently operate at their maximum power outputs for the majority of
the day. Nevertheless, during midday hours when the PV system

generates substantial power and electricity prices are relatively low, the
microturbine unit is deactivated, resulting in a decrease in power output
from the CHP unit. Moreover, Fig. 14 illustrates the heat outputs of the
boiler unit and the CHP unit. The heat generation from these units is
carefully aligned with the heat requirement and heat energy pricing
within the LMCES. This coordination ensures that the heat output is
efficiently tailored to meet the heating and energy needs of the system,
while also optimizing cost efficiencies relative to heat energy pricing.

The water output of the desalination unit is shown in Fig. 15. Anal-
ysis of the data indicates that the unit produces potable water during
daylight hours and stores it in the water storage system. This approach
plays a crucial role in mitigating the energy consumption of the

Fig. 14. The output heat of the boiler and CHP unit.

Fig. 15. The output water of the desalination unit.

Fig. 16. The impact of PV system capacity on operation cost reduction.

Fig. 17. The performance of the LMCES system in the risk-avares mode.
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desalination unit during subsequent periods.
Renewable energy resources, such as PV systems, play a significant

role in reducing the costs associated with LMCES. To quantitatively
evaluate this impact, Fig. 16 illustrates the correlation between PV
system capacity and operational costs. The analysis shows that a 40 %
increase in PV system capacity leads to a 6.74% reduction in operational
costs. This cost reduction is attributed to the increased availability of
renewable energy, thereby diminishing the reliance on more costly
conventional energy sources. Conversely, a 40 % decrease in PV system

capacity results in a 7.75 % increase in operational costs. These findings
underscore the importance of optimizing PV system capacity to achieve
cost-effective and sustainable energy management within LMCES.

4.2.2. Hybrid probabilistic-IGDT results
In this section, the results of the hybrid Probabilistic-IGDT approach

have been presented. Utilizing the previously determined no-risk cost of
$4916.99, both risk-averse and risk-seeking analyses were conducted.
By applying the proposed hybrid model to solve the scheduling problem
for ζ = 0 to ζ = 0.0224, the optimum robustness and opportunity
functions, as well as critical costs, have been identified, which are
illustrated in Fig. 17 and Fig. 18, respectively. The analysis revealed that
the impact of uncertainty within the PV system on the net cost appears to
be negligible in the risk-averse mode. Even a discrepancy of 11 % in PV
system forecasting results in only a 2.24 % rise in operational cost,
highlighting the robustness of the proposed approach in risk-averse
scenarios. Conversely, the opportunity function within the framework
serves as a tool to quantify potential cost reductions or advantageous
outcomes linked to various decision alternatives. The results indicate
that the operation cost of the LMCES decreases in proportion to the
optimism of the operator. However, it is important to note that this
optimistic approach may prove challenging in situations where un-
certainties are realized to a significant extent.

The impact of the LMCES owner’s risk strategy on participation in
the flexibility program is evaluated in Figs. 19 and 20, considering risk-
averse and risk-seeking strategies, respectively. Fig. 19 demonstrates
that the flexibility profit of the LMCES owner increases as the robustness
function is enhanced. This is attributed to a reduction in PV system
generation, leading to a decrease in the ramp rate of power exchange
with the grid, thereby increasing the flexibility profit. On the other hand,
Fig. 20 depicts the correlation between flexibility cost/profit and the
opportunity function. It shows that as the opportunity function in-
creases, indicating a risk-seeker strategy, PV system generation also
increases. However, this results in a decline flexibility profit due to
higher ramp rates and less effective participation in the flexibility
program.

5. Conclusion

This research introduces a multi-objective optimization model
designed specifically for the LMCES aiming at minimizing operation
costs and reducing emissions. The model consists of two layers: the
physical layer, which encompasses a multi-carrier energy system
including electrical, heat, gas, and water infrastructure, as well as pro-
visions for HVs and hydrogen refueling stations; and the managerial
layer, which integrates a flexibility constraint to align with the LMCES’s
proactive approach to enhancing flexibility through optimization.
Additionally, the model effectively addresses uncertainties associated
with energy prices and demand using scenario-based methods. The re-
sults highlight the LMCES’s ability to execute optimal flexibility-
oriented optimization, emphasizing the pivotal influence of flexibility
default and flexibility price on performance. Specifically, the flexibility
price leads to a 3.07 % cost reduction in low flexibility default scenarios
and a substantial 29.64 % reduction in high flexibility default scenarios.
The findings underscore the delicate balance between minimizing
emissions and operational costs, emphasizing the need for careful se-
lection of optimal operating points from the Pareto frontier by LMCES
operators. Notably, the collaborative operation of the P2G unit and the
hydrogen storage system is identified as a crucial factor in cost reduc-
tion. An innovative aspect of this study is the consideration of hydrogen
vehicle availability as a random parameter, suggesting that future
research could explore the integration of HV owners within the LMCES,
incorporating behavioral theories as a promising avenue for further
investigation. In future research, there is a need for further exploration
into demand response strategies, which could encompass the consider-
ation of additional energy carriers such as water and gas loads.

Fig. 18. The performance of the LMCES system in the risk-seeker mode.

Fig. 19. The robustness function vs flexibility cost analysis in the risk-
averse strategy.

Fig. 20. The opportunity function vs flexibility cost analysis in the risk-
seeker strategy.
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Moreover, the investigation of the flexibility of heat energy holds
promise as a research topic for future inquiries. Furthermore, it would be
beneficial for future research to explore a bi-level framework to assess
how the involvement of LMCES in flexibility programs affects the
reserve capacity of the upstream power system.
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Appendix A. Appendix

The participation of users in electric and heat load-shifting demand response is represented by Eqs. (A1)–(A10). The limits for electrical / heat
upward and downward DRPs are defined by Eqs. (A1) and (A2) / (A6) and (A7), respectively; Eq. (A3) / Eq. (A8) ensures that the cumulative upward
and downward electrical / heat demand response remains balanced; the simultaneous implementation of electrical / heat upward and downward
demand response is constrained by Eq. (A4) / Eq. (A9); the electrical / heat demand after implementing electrical load shifting DRP is calculated using
Eq. (A5) / Eq. (A10) [51]

0 ≤ μE,up
i,t,s ≤ ϑEIE,upi,t,s ELi,t,s (A1)

0 ≤ μE,dn
i,t,s ≤ ϑEIE,dni,t,s ELi,t,s (A2)

∑Nt

t=1
μE,up
i,t,s =

∑Nt

t=1
μE,dn
i,t,s (A3)

IE,upi,t,s + IE,dni,t,s ≤ 1 (A4)

ELDRi,t,s = ELi,t,s + μE,up
i,t,s − μE,dn

i,t,s (A5)

0 ≤ μT,up
f ,t,s ≤ ϑTIT,upf ,t,s TLf ,t,s (A6)

0 ≤ μT,dn
f ,t,s ≤ ϑTIT,dnf ,t,s TLf ,t,s (A7)

∑Nt

t=1
μT,up
f ,t,s =

∑Nt

t=1
μT,dn
f ,t,s (A8)

IT,upf ,t,s + IT,dnf ,t,s ≤ 1 (A9)

TLDRf ,t,s = TLf ,t,s + μT,up
f ,t,s − μT,dn

f ,t,s (A10)
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