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Abstract

Plug-in electric vehicles (EVs) introduce both benefits and challenges to
effective energy regulation when considered in contemporary power systems.
To incorporate PEVs with V2G and G2V technology into LMESs, the authors
of this study propose an in-depth MOO framework, which maximizes eco-
nomic profitability and minimizes CO2 emissions through simulations of a
system with gas carriers, electricity, heating, cooling, and other renewable
energy sources (RES), including photovoltaics, CHP units, and thermal stor-
age. The model relies on time-varying operational inputs, including varying
electricity prices and variable RES generation profiles. Findings indicate that
PEV integration progressively improves both economic and environmental
performance across the examined scenarios. Compared with the No-PEV
case, G2V operation increases operator profit from about 120008 to about
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18000$ while reducing CO3 emissions from about 6000 kg to about 4800 kg.
When V2G is enabled, operator profit rises further to about 220008 and total
COg emissions decline to about 3500 kg. The Pareto frontier further confirms
a clear trade-off between environmental and economic objectives, spanning
approximately 1800-3500 kg CO2 and 12000$-22000$ across the sampled
solutions. The study of PEV behavior in clusters further shows differentiated
flexibility patterns for residential, commercial, and industrial users, enabling
more effective scheduling of G2V and V2G interactions and better utilization
of the grid. By promoting the use of V2G and scalable optimization strategies
in multi-carrier energy systems, this work provides a solid foundation for
sustainable energy management.

Keywords: Combined heat and power, local multi-energy system, multi-
objective optimization (MOO), PEV, vehicle-to-grid.

Nomenclature CeoolingDemand,t ~ Cooling demand at time ¢
(kW)

A. Abbreviations I pemand,e,t Retail electricity tariff to
end-users ($/kWh)

AbsChiller  Absorption chiller I pemand, heat,t Retail heating tariff to
end-users ($/kWh)

CHP Combined heat and power  IIpemand, cool,t Retail cooling tariff to
end-users ($/kWh)

DG Distributed generation em: Electricity price in the
wholesale market ($/kWh)

EM Electricity marketxz Ilam,e Natural gas price in the
gas market ($/kWh)

EV Electric vehicle IIpEV, Charge,t Retail electricity tariff
applied to PEV charging
($/kWh)

G2V Grid-to-vehicle IIpEV, Discharge,t ~Remuneration tariff paid
to PEV owners in V2G
mode ($/kWh)

GM Gas market K Aggregation-margin /
transaction-cost
coefficient in V2G
remuneration

LMES Local multi-energy system  7ygas Carbon intensity of
natural gas (kgCO2/kWh)

MOO Multi-objective Ygrid Carbon intensity of

optimization purchased grid electricity

(kgCO2/kWh)



NG
PEV

PHEV

PV

SOC
TES

TESCDGl

TESheat

V2G

B. Index
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Natural gas
Plug-in electric vehicle

Plug-in hybrid electric
vehicle
Photovoltaic

Renewable energy sources

State of charge
Thermal energy storage

Chilled-water thermal
energy storage

Hot-water thermal energy
storage

Vehicle-to-grid

Time period
PEV index

PEV-cluster index

Auxiliary index appearing
in the arrival/departure
notation of PEV
availability

Auxiliary index appearing
in the arrival/departure
notation of PEV
availability

C. Parameters

Apy

Iy

Area of the photovoltaic
array (m?)

Solar irradiance at time ¢
(irradiance unit)

At

Profit Profit

maz> min

Env mazcs Env min

D. Decision Variables
Gonp,t
Pcup

Pcup,seif

Pcrp st
Heupt
Hcup heat,t
HCHP,cool,t

GBoiler,t

HB’oileT,t

HBoilm‘,h,ea,t,t

HBoile'r‘, cool,t

Ppy

Ppv seift

Time-step length (h)
Weight assigned to the
economic objective in the
weighted-sum formulation
Scaling constant in the
weighted-sum formulation
Extreme profit values used
to compute the scaling
constant ($)

Extreme emission values
used to compute the
scaling constant (kgCO3)

Natural-gas input to the
CHP unit at time ¢
(gas-flow unit)

CHP electrical power
output at time ¢ (kW)
CHP power used
internally within the
LMES (kW)

CHP power sold to the
wholesale market (kW)
Total CHP thermal output
at time ¢ (kW)

CHP heat allocated to
heating demand (kW)
CHP heat allocated to
cooling production (kW)
Natural-gas input to the
auxiliary boiler at time ¢
(gas-flow unit)

Total boiler heat output at
time ¢ (kW)

Boiler heat allocated to
heating demand (kW)

Boiler heat allocated to
cooling production (kW)
Total PV electrical power
output at time ¢ (kW)

PV power used internally
within the LMES (kW)
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LHVng

NCHP e

NCHP,th

NBoiler,th

nprPv,e

T Battery, Charge

M Battery, Discharge

NTES

NPEV ,Charge,i,k

NPEV ,Discharge,i,k

cO PHeatPu'rnp ,heat

COPupschitier

BatteryCapacity

BatteryCapacitypEv,i,k

Lower heating
value of natural
gas (energy per
unit NG)
Electrical
efficiency of the
CHP unit

Thermal efficiency
of the CHP unit

Thermal efficiency
of the auxiliary
boiler

Electrical
efficiency of the
PV system
Battery charging
efficiency

Battery
discharging
efficiency
Thermal storage
efficiency

Charging
efficiency of PEV ¢
in cluster k&
Discharging
efficiency of PEV ¢
in cluster k&
Coefficient of
performance of the
heat pump in
heating mode
Coefficient of
performance of the
absorption chiller

Battery storage
capacity (kWh)

Battery capacity of
PEV i in cluster k&
(kWh)

Ppy seiie

P HeatPump,t

H HeatPump,t

CAbsChz'llc'r,t

SOCBattery,t

PBattc'ry, Charge,t

PBattc'I‘y,Discharge,t

Hrps:

HTES’, Charge,t

HTES,DiscILa'r'ge,t

PPEV, Charge,t,i,k

PPEV,Disch,arqe,self,t,i,k

PPEV,Dzscharge,sell,t,i,k

SOCpEv ik

PV power sold to
the wholesale
market (kW)

Electrical power
consumed by the
heat pump (kW)
Thermal output of
the heat pump in
heating mode (kW)
Cooling output of
the absorption
chiller (kW)
Battery state of
charge at time ¢

Battery charging
power at time ¢
(kW)

Battery
discharging power
at time ¢ (kW)
Energy stored in
thermal energy
storage at time ¢
(kWh)
Thermal-storage
charging rate (kW)

Thermal-storage
discharging rate
(kW)

Charging power of
PEV i in cluster k&
at time ¢ (kW)

PEV discharge
power used
internally within
the LMES (kW)
PEV discharge
power sold to the
wholesale market
(kW)

SOC of PEV 7 in
cluster k at time ¢
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Pcup,min, PcaP,mas

HBoilcT, min s

HBoiler,maa:

PBattery ,Charge, mazx

PBattery,Discharge,maz

PPEV,Charge,max,i,k

PPEV,Dischargc,ma:c,i,k

SOOBa,ttery,mm 5
SOCBattery,maz

SOCPEV,mm,i,k»

SOCPEV,ma:E,i,k

SOCPEV,i7Litial,i,k

SOCPEV,desiTed,t,i,k

ta'r‘ri'ual,d,j,i,k

Minimum and
maximum CHP
electrical power
limits (kW)
Minimum and
maximum boiler
heat-output limits
(kW)

Maximum battery
charging power
(kW)

Maximum battery
discharging
power (kW)

Maximum
charging power of
PEV i in cluster k&
(kW)

Maximum
discharging
power of PEV i in
cluster k (kW)
Minimum and
maximum battery
SOC limits

Minimum and
maximum SOC
limits of PEV i in
cluster k

Initial SOC of
PEV i in cluster k&
at arrival

Desired SOC of
PEV i in cluster k&
at departure

Arrival time of
PEV i in cluster k&
(h)

Rm‘id,t

L CHP,t

T Boiler,t

T Battery, Charge,t

X Battery, Discharge,t

L PEV,Charge,t,i,k

T PEV ,Discharge,t,i,k

ReRetail

ReFlembility from DG

ReFiezibitity from PEVs

RePE V' Charging

Electrical power
imported from the
grid (kW)

Binary on/off
status of the CHP
unit

Binary on/off
status of the
boiler

Binary
charging-status
variable of the
battery

Binary
discharging-status
variable of the
battery

Binary
charging-status
variable of PEV 1
in cluster k
Binary
discharging-status
variable of PEV ¢
in cluster k£
Revenue from
selling electricity,
heating, and
cooling to
end-users ($)
Revenue from
selling DG
electricity in the
wholesale market
%)

Revenue from
selling
V2G-exported
electricity in the
wholesale market
$)

Revenue from
electricity sold to
PEV owners for
charging ($)
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tdeparture,d, j,i,k Departure time of PEV ¢ Cost Energy Total energy procurement
in cluster k (h) cost ($)

RampUp cpyp Maximum CHP ramp-up Costpry vag Total remuneration cost
limit (kW per time step) paid to PEV owners in

V2G mode ($)

RampDown opp Maximum CHP Profit Total operator profit ($)
ramp-down limit (kW per
time step)

Ppemand,t Electrical demand at time ~ Env Total CO2 emissions
t (kW) kgCO,

HhpcatDemand ¢ Heating demand attime ¢t OF Combined weighted-sum
(kW) objective function (scaled

objective value)

1 Introduction

The explosive growth in Plug-in Electric Vehicle (PEV) usage has trans-
formed modern power networks, presenting both opportunities and chal-
lenges [1]. Through V2G capabilities, PEVs can serve as adaptable energy
storage devices, improving grid resilience [2, 3]. Unplanned charging and
discharging, however, can increase operating expenses, voltage instability,
and peak loads [4]. These problems underscore the necessity for sophisticated
management techniques that strike a balance between several, frequently
incompatible goals [5]. System operators can optimize technical, economic,
and environmental goals in operational planning by using multi-objective
optimization models, which provide a reliable method for addressing these
challenges [6]. Effective models must consider dynamic electricity prices,
customer preferences, traffic patterns, and the intermittent nature of RES [7].
In the context of PEV-enabled energy scheduling, traffic patterns are com-
monly represented by vehicle availability windows (arrival, departure times
and parking durations), while customer preferences are often captured
through departure SOC targets and feasibility constraints that preserve user
requirements. The literature highlights the complex nature of PEV-grid inte-
gration by presenting a variety of methodologies, such as system-level simu-
lations [8] and algorithmic developments [9]. Notwithstanding these efforts, a
clear gap remains in co-optimizing PEV flexibility with multi-carrier LMES
operation, where electricity, gas, heating, and cooling are coupled through
conversion and storage technologies. To address this gap, this paper develops
a linear multi-objective scheduling framework that jointly dispatches PV,
CHP, heat pumps, boilers, and storage while coordinating segmented PEV
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charging and discharging under mobility availability windows and departure
SOC requirements. The framework quantifies the resulting trade-offs between
operator profit and CO2 emissions, thereby providing operational insight
into the role of bidirectional PEV integration within integrated multi-energy
systems.

1.1 Literature Review

The rapid scale of plug-in electric vehicles has brought forth opportuni-
ties, with operational challenges over the modern power systems. However,
uncoordinated charging and discharging results in peak demand, voltage
fluctuations, and higher operating costs. For this reason, multi-objective opti-
mization has proven to be a viable framework for PEV scheduling because
it utilizes economic, technical, and environmental objectives for local multi-
energy systems. In this context, traffic-related considerations are commonly
represented through mobility-driven charging availability, such as arrival
and departure behavior and parking duration, while user requirements are
reflected through state-of-charge constraints and charging feasibility. A first
group of studies has focused on charging-cost reduction and load smooth-
ing in power networks. Zhang et al. (2017) proposed a time-of-use-based
charging strategy that reduced the charging cost and load fluctuation under
the battery and charger constraints using NSGA-II [10]. Li et al. (2019)
adopted a hierarchical approach to attain valley filling and cost minimization
of distribution systems [11]. Xie et al. (2024) further developed a dynamic
charging and discharging strategy based on linear weighting to improve
load balance, reduce cost, and enhance user satisfaction [12]. Though these
studies have demonstrated the value of coordinated PEV scheduling, they
have mainly addressed electrical networks with no explicit considerations
of coupled gas, heating, and cooling carriers. A second stream has exam-
ined PEV coordination together with renewable energy sources. Karandinou
and Kanellos (2022) developed a multi-objective framework including load
estimates, renewable generation, and electricity prices to support V2G oper-
ation [13]. Zeynali et al. (2020) used NSGA-II to coordinate distributed
generation and capacitor banks under PEV and renewable uncertainty, aiming
to reduce cost, outages, and environmental impact [14]. Zhang et al. (2024)
proposed a DO3LSO-based unit commitment method integrating PEVs and
renewables and reported a measurable cost reduction [15]. These works
strengthened the link between PEV flexibility and renewable integration,
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but many still relied on simplified assumptions and did not fully extend
the analysis to integrated multi-carrier scheduling. Another relevant line
of research has incorporated mobility and charging-station considerations
more explicitly. Kong et al. (2022) studied large-scale EV scheduling with
traffic flow, grid conditions, and charging-station capacities using a large
travel dataset [16]. Cui et al. (2024) used multidimensional traffic infor-
mation for connected PHEV energy management while balancing comfort,
safety, economy, and traffic efficiency [17]. Cuchi et al. (2024) proposed a
multi-objective route and charging planning framework for EVs using A*
search and contraction hierarchies [18]. These studies improved the realism
of mobility-aware scheduling, yet their main emphasis was transport or
charging coordination rather than integrated multi-carrier LMES operation.
Methodological developments have also expanded the set of optimization
tools used in PEV-related studies. Coelho (2016) proposed a hybrid bio-
inspired optimizer for microgrid storage planning [19]. Wang et al. (2021)
combined PSO with Pontryagin’s Minimum Principle for online PHEV
energy management [20]. Yu et al. (2024) applied a Multi-Objective Snake
Optimization algorithm to reduce load variance and operating cost in EV-
related scheduling [21]. Millot (2021) explored exceptional model mining
for subgroup identification in multi-objective PEV scheduling [22]. Wang
et al. (2023) and Zheng et al. (2021) used multi-objective optimization and
response-surface-based approaches in EV motor design [23, 24], while Hanif
and Ehtesham (2015) addressed lifecycle cost and emissions of PHEVs
using vehicle-physics-based sensitivity analysis [25]. These studies show
the diversity and adaptability of optimization methods, but they do not
directly resolve the need for a transparent and integrated LMES scheduling
framework that jointly captures multi-carrier coupling and segmented PEV
flexibility. Research specifically addressing PEVs in multi-carrier energy
systems remains comparatively limited. Jiao et al. (2020) proposed a multi-
objective scheduling method for microgrids with V2G-enabled PEVs [26].
Li et al. (2015) coordinated PHEVs and distributed generation to improve
load ratio and reduce voltage variation, power losses and V2G cost [27].
Wang et al. (2019) optimized less-rare-earth EV motors through multi-
objective design trade-offs [28]. While these studies confirm the potential of
V2G-enabled flexibility, they often emphasize single-carrier settings, single-
objective targets, or simplified operating assumptions. Consequently, a clear
gap remains in jointly evaluating segmented PEV flexibility and coupled elec-
tricity, gas, heating, and cooling resources within one linear multi-objective
LMES framework. This gap motivates the present study.
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1.2 Research Gaps

Significant gaps still exist in multi-objective optimization for integrating
LMES and PEVs, despite advancements in this area. Most studies regard
PEVs as an additional storage source in electrical networks, overlooking the
synergies between gas, heat, cooling, and electricity carriers within a single
linear framework that encompasses V2G and grid-to-vehicle (G2V) activities.
In multi-carrier systems, few models optimize both operator profit and CO2
emissions simultaneously, examining trade-offs under fluctuating market
pricing and emission costs. Furthermore, many assume perfect foresight of
user State-of-Charge (SOC) requirements, traffic patterns, and renewable
energy output, which is impractical for real-world applications that require
data-driven, adaptive strategies to handle dynamic mobility patterns, time-
varying renewable generation, and a range of user preferences. In this context,
traffic patterns should be explicitly parameterized by defining vehicle arrival
times, departure times, and parking availability, while customer preferences
should be operationalized through enforceable requirements such as min-
imum state-of-charge at departure and feasible charging and discharging
constraints. Systematic scenario-based analyses quantifying PEV flexibility
benefits under diverse grid conditions, such as varying renewable penetration
or tariff structures, are also limited, hindering insights into profitability and
emissions impacts. Finally, the necessity for scalable and reliable optimiza-
tion techniques is highlighted by the lack of validation of heuristic algorithms
in large-scale, realistic LMES testbeds. This research presents a comprehen-
sive linear multi-objective model that integrates all energy carriers, strikes a
balance between environmental and economic objectives, and is evaluated
under time-varying operational profiles, providing scenario-based insights
into how PEV flexibility can enhance LMES performance while explicitly
modeling mobility availability and user SOC requirements at the segment
level.

1.3 Innovations

In this paper, several new approaches to modeling and controlling PEVs and
LMES are presented. First, it establishes a comprehensive multi-objective
linear optimization framework that integrates electricity, heat, cooling, and
gas carriers with bidirectional PEV interactions in G2V and V2G modes in
a novel manner, thereby maximizing operator profit while minimizing CO»
emissions. Second, it treats PEVs as adaptable distributed storage devices
by implementing an intelligent PEV management module. This module
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uses optimized charging and discharging techniques to improve economic
and environmental performance while satisfying drivers’ SOC requirements
at departure. Third, the framework optimizes supply-side and demand-side
synergies within a single LMES model by coordinating various distributed
energy resources, including batteries, thermal storage, RES, and CHP, with
flexible loads. Lastly, by contrasting scenarios with and without PEV inte-
gration or V2G capabilities, the exploration performs a methodical scenario-
based analysis to measure the value of PEV flexibility. This study clarifies
the trade-offs between emissions and profitability, providing policymakers
and system operators with helpful information to help them strike a balance
between sustainability and economic objectives.

1.4 Overview of the Paper

The continuation of the article’s sections is as follows. Part 2 presents the
system configuration and modeling of the recommended framework. Part 3
provides the mathematical formulation of the MOO model. In Part 4, the
results are analyzed through an optimization-based case study. Ultimately,
Part 5 wraps up the study, highlighting the main findings.

2 System Configuration and Modeling
2.1 System Configuration of the LMES

The depicted local multi-energy system (LMES) shown in Figure 1, is
founded on a single, integrated energy hub that effectively manages gener-
ation conversion storage, and demand-side resources under one operational
framework. The system diagram in panel (a) illustrates the expectation of the
system to exchange electricity with the external power market and receive
natural gas from the upstream gas network. In the meantime, the system
supplies the building cluster and different PEV charging clusters electricity,
heating, and cooling services. The LMES is equipped with solar PV genera-
tion, a CHP unit, a boiler, a heat pump, an absorption chiller, battery storage,
and thermal energy storage for both heating and cooling, thereby enabling
coordinated MCE management. Panel (b) provides a detailed view of the
system’s internal energy-flow network. The electrical flow paths connect the
grid, PV unit battery PEV clusters, and electrical loads, while the natural
gas path leads to the boiler and CHP unit. The thermal layer is divided into
heating and cooling pathways, through which the conversion units, storage
systems and end-use loads are interconnected. This holistic layout visibly
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Figure 1 Integrated overview and detailed energy-flow schematic of the local multi-energy
system (LMES) for operational optimization.

exhibits the coupling in operations among the sectors of electricity heat
cooling, gas, and transport. Also, it is the starting point for the subsequent
optimization framework, the purpose of which is to enhance the economic
performance, the operational flexibility, and the emissions efficiency.

The entire methodological process of the proposed scheduling framework
is illustrated in Figure 2. Firstly, the system configuration of LMES is set
and time-dependent data are collected. Then, models of the system elements
and the flexibility of PEV are developed. Besides, operational constraints,
energy-balance equations, and objective functions are defined. Next, the
weighted-sum optimization problem is solved repeatedly for various values
of the weighting factor. The solutions obtained are then utilized to plot the
Pareto frontier and carry out the subsequent operational analysis.
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Input LMES configuration and time-varying data
Load profiles, electricity/gas prices, irradiance, and PEV availability/SOC
data

+

Formulate component models
CHP, boiler, PV, heat pump, absorption chiller, battery, TES, and
PEVs
v

Formulate system constraints
Capacity, ramp-rate, SOC, exclusivity, and PEV availability
constraints
v
Write energy balance equations
Electricity, heating, and cooling balance equations

2

Define objective functions
Maximize profit and minimize CO: emissions

2

Initialize weighted-sum parameters
Set ® = 0, Aw, and omax = 1

2

Solve optimization problem for current ®

g Run the YALMIP/MATLAB scheduling model

+ v

ﬁ Store optimization outputs

3 Profit, emissions, dispatch schedules, and SOC trajectories
3

=

=

(=%

=

All ® values processed?

Generate Pareto frontier

v

Perform result and scenario analysis
SOC analysis, grid exchange, generation scheduling, battery
operation, and No-PEV / G2V / V2G comparison

Figure 2 Algorithmic flowchart of the proposed multi-objective LMES scheduling
framework.
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2.2 System Modeling

The following sections describe how energy technologies and systems are
formulated and analyzed within the LMES framework.

2.2.1 Modeling of the CHP unit

Both thermal energy and electricity are produced concurrently by the CHP
system. This system’s electrical power output at time t can be written
below [29]:

Pcup,t = Genp ¢ (ncap,e LHVNG) (D)
Pcupt = Ponpself,t + Ponp selnt ()

Here Gcup ¢ denotes the natural-gas flow rate supplied to the CHP unit,
expressed in Nm?3/h, Pcup i, LHV y¢ signifies the lower heat value of NG,
and ncup, o implies the electrical efficiency of the CHP. Pcyp geir,; and
Pcup, sen,: signify the CHP power output for self-consumption within LMES
and for sale to the wholesale market, accordingly.

The CHP unit’s thermal energy output is determined by

Pcup tncHP,th
TICHP,e

3

Henpt =

Henpt = Henp heatt + HeHP coolt “4)

The CHP system’s thermal power is denoted by Hcpp ¢, and its thermal
efficiency is denoted by ncup, tn. The heat fractions needed to cater to
the heating and cooling load via the absorption chiller are Hcgp, o1+ and
H cHP heat t> TESPECtively.

2.2.2 Modeling of the auxiliary boiler
The building cluster’s heating needs are satisfied by the backup boiler in
tandem with the CHP system. The following is one way to model it:

Gas Usage by the Boiler:

HBoiler,t
TBoiler,th * LHV NG

GBoiler,t = (5)
where G'Boiler,t denotes the natural-gas flow rate consumed by the auxiliary
boiler at time t, expressed in Nm? /h; Hpoiler ¢ is the boiler heat output in kW;
TBoiler, th 18 the boiler thermal efficiency; and LHV ng is the lower heating

value of natural gas in kWh/ Nm®.
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Distribution of Heat:

HBoiler,t - HBoiler,heat,t + HBoiler,cool,t (6)

where the fraction of heat used to satisfy the heating, demand is denoted
by HBoiler, heat,t> and the fraction of heat allotted for cooling purposes by

HBoiler, cool,t-

2.2.3 Modeling of the PV unit
The photovoltaic (PV) system’s power production is stated as fol-
lows [30, 31]:

Ppvi=Apv - npve - L (7
where Apy is the photovoltaic array’s area, and 7py, ¢ is the PV system’s
electrical efficiency. The solar irradiance at time t is denoted by 1.

Two components comprise the overall PV power output: the energy used
within the LMES and the excess power sold to the grid. This relationship can
be shown as follows:

Ppv,i = Ppv seti + Ppv selit (8)

The power provided to the LMES for internal usage is denoted by Ppvy selr ¢,
while Ppvy_ el is the PV power output for selling in the wholesale market.

2.2.4 Modeling of the heat pump and absorption chiller
Depending on whether heating or cooling needs are being met, the LMES’s
heat pump can function in two different modes. When the heat pump is
in heating cycle, the power needed to achieve the target heating rate is
determined by:

HHeatPump,t

(€))

HeatPumj
:[ p,[ P
C O HeatPump,heat

The electrical power used by the heat pump to supply the thermal energy
HyeatPump,¢ 18 written as PheatPump,t- The heat pump’s COP in the heating
cycle is denoted by C'O Peat Pump, heat-

Similar formulas for cooling output are used in the modeling technique
when the heat pump is in the cooling cycle.

To satisfy the cooling demand, the absorption chiller transforms thermal
energy from the auxiliary boiler and CHP systems into cooling energy. The
operation of the absorption chillers can be represented as follows:

Cabschitter, t = (Herp cool, t + Hpoiler.cool,t) COP AbsChitler (10)
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CAbsChiller,t Signifies the chiller’s cooling energy utilized to meet the cooling
load, and C'O Papgschiller implies the COP of the absorption chiller.

2.2.5 Modeling of the storage system

To improve flexibility and facilitate energy balancing, the LMES uses a
battery system for electrical energy storage. The battery’s SOC at every given
time step ¢ is represented using the following model [32, 33]:

PBatte At -
ry,Charge,t TIBattery,Charge
SOCBattery,t = SOCBattery, t—At .

Battery Capacity

o PBattery,Discharge,t - At an

TBattery,Discharge * BatteryCapacity

Where the SOC at time t is displayed by SOCgattery,t- SOCBattery,i—At
is the previous state of charge, PBattery, Charge,t and PBattery, Discharge,t Sig‘
nify the charging and discharging power at period t, and 7Battery, Charge
and 7MBattery, Discharge Signify the charging and discharging efficiencies,
respectively. Battery Capacity is the battery’s total capacity.

One way to model thermal energy storage is as follows:

Hres = Hres—aenres + At(Hrgs, charge,t — HTES, Discharge,t) (12)

where Hrgs ; represents the thermal energy retained at time ¢; Htgs ;— At T€p-
resents the thermal energy retained in the preceding time step; 7rgs represents
the storage efficiency accounting for thermal losses; and HTgs, Charge,t and
HTES Discharge,t Signify the charging and discharging heat rates, accordingly.
A similar model can be deployed for cooling thermal energy storage.

2.2.6 Modeling of PEVs

PEVs are grouped into clusters inside the LMES, each of which is distin-
guished by particular characteristics, including (1) battery size, (2) arrival
and departure timings at the charging stations, (3) the initial SOC upon
arrival, and (4) the targeted SOC at departure. In the proposed model, the
traffic pattern of each PEV cluster is represented by its parking availability
window at the charging station, defined by the arrival time and the departure
time. This window determines when a vehicle is physically available to
participate in charging or discharging, while outside the window the charging
and discharging powers are set to zero. Customer preferences are enforced
through the initial state of charge at arrival and a minimum required state of
charge at departure, ensuring that the optimized schedule satisfies the users’
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mobility needs and departure readiness. Both G2V and V2G configurations
of operation are possible for PEVs.

Before reaching and after leaving the charging stations, PEVs are simu-
lated as:

PpEV Charge,t,ik = 0 (13)
PPEV,Discharge,self,t,i,k =0 (14)
PPEV,Discharge,sell,t,i,k =0 (15)

When t is either earlier than fuyival q,j,4,% Or later than tgeparture,d,j,j,k for
every i, k.
The PEVs’ operation during the parking period is characterized below:

(1) Initial SOC at Arrival:
SOCPEV t=turivarix = SOCPEV initial ik (16)
(i) SOC Update for Charging and Discharging While Parking:
SOCpEV t,ik = SOCpEV 1—At,ik

PpEV Charge,t,ik - At - TPEV Charge,ik
BatteryCapacity

_l’_

_ PPEV,Discharge,self,t,i,k At
NPEV, Discharge,i,k - BatteryCapacitypgy ; i
(iii) SOC at Departure:

A7

SOCPEV t=tgeparture, djik = SOCPEV desired t,ik (18)
where SOCPEYV jnitialik and SOCPEYV desired,t,i,k are the initial and

sl ly

desired SOC at the arrival and departure times, respectively, and
PPEV,Charge,t,i,ks PPEV,Discharge,self,t,i,k and PPEV, Discharge, sell,t,i,k T€P-
resent the PEV’s charging, self-discharge, and market discharging
capabilities, respectively. The battery capacity of PEV i in cluster k
is defined as Battery Capacitypgy ;. In cluster k, the charging and
discharging efficiencies of PEV i are represented by 7pgv,charge,i,x and

TIPEV,Discharge, i,k -

3 Mathematical Formulation of the MOO Model

An MOO problem is developed below, drawing on the LMES modeling
discussed in the previous part, to determine the optimal ways to operate
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the technologies and systems, thereby maximizing the profit of the LMES
operator while minimizing the environmental impact.

3.1 Formulation of System Constraints

3.1.1 Operational constraints of the CHP unit
The capacity and ramp rate constraints are the two primary constraints that
affect the operation of the CHP unit. These constraints are stated as follows:

Capacity Constraint:
Torpt * Poapmin < Pourt < Tonpt - PoHP max (19)
Ramp Rate Constraint:
RampDown cyp < Poupy — Poupi—at < RampUpoyp  (20)

where Pcyp, denotes the CHP’s electrical power output at time t, and
Pctp,min and PcHp max signify the minimum and maximum power output
limits, respectively. The binary variable zcpp indicates whether the CHP
is operating at time t. The maximum permitted decreases and increases in
CHP power during a single time step are represented by RampDowncgp and
RampUpcpp.

3.1.2 Operational constraints of the auxiliary boiler, heat pump,
and absorption chiller

Capacity constraints, which limit energy production within reasonable limits,

are a frequent operational constraint for many energy systems. The auxiliary

boiler is subject to the following capacity restriction:

XBoiler,t HBoiler,min < HBoiler,t < XBoiler,t * HBoiler,max (21)

The capacity constraints for the absorption chiller and heat pump is also
stated in the same way, guaranteeing that their outputs stay within specified
limits.

3.1.3 Operational constraints of the storage system
Besides the operation cycle specified in Equation (11), the battery must cater
to the operational requirements below:

Charging Power Constraint:

0< PBattery,Cha.rge,t < XBattery,Charge,t * PBattery,ChaLrge,max (22)
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Discharging Power Constraint:

0 S PBattery,Discharge,t S XBattery,Discharge,t : PBattery,Discharge,max (23)

Exclusive Operation of Charging and Discharging:

XBattery,Charge,t + XBattery,Discharge,t <1 (24)
State of Charge (SOC) Constraint:

S O CBattery,min S S O CBattery,t S S O CBattery,max (25 )

3.1.4 Operational constraints of PEVs

To explicitly link mobility behavior to the optimization model, PEV traffic
patterns are captured through arrival and departure times that define the fea-
sible charging and discharging window, while user preferences are captured
through minimum state of charge requirements at departure. The following
additional operational constraints are added to the PEV operating modes
specified in the earlier equations:

Charging Power Constraint:
0 < PpEV,Charge,t,ik < XPEV,Charge,t,ik * PPEV,Charge,max,i,k (26)
Discharging Power Constraint:
0 < PpEV,Dischargeself,t,i,k T PPEV Discharge,sell t,ik
< XPEV,Discharge,t,i,k * P PEV,Discharge,max,ik 27

Mutual Exclusivity of Charging and Discharging:

XPEV,Charge,ti,i,k T XPEV Discharge,t,ik < 1 (28)
State of Charge Constraint:

SOCPEV min,ik < SOCprv i,ik < SOCPEV, max,ik (29)

3.1.5 Energy balance constraints of the LMES

To make sure that the supply of thermal, cooling, and electrical energy is
appropriately matched with the corresponding demands, the energy balancing
restrictions are essential. For power, heating, and cooling, these limitations
are stated as follows:
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Power Balance:

Pgrid,t + PCHP,self,t + PPV,self,t + PBattery,Discharge,t
+ § § PPEV,Discharge,self,ti,k
k i
= PDemand,t + PHeatPump,t + PBattery,Charge,t

+) ) Previchargesik (30)
Ko

Heating Balance:

HCHP,heat,t + HBoiler,heat,t + HHeatPump,t + HTES,heat,Discharge,t
— HheatDemand,t + HTES,heat,Charge,t (31)

Cooling Balance:

Cabs,t + CcHP,cool,t + CTES cool,Disch,t = CeoolingDemand,t + CTES cool,Ch,t
(32)

3.2 Formulation of Objective Functions

3.2.1 Economic performance objective function
In this study, the LMES operator is modeled as an energy-service provider
and aggregator. The operator supplies electricity, heating, and cooling to the
building cluster at retail tariffs, purchases electricity from the wholesale mar-
ket and natural gas from the gas market, and schedules local generation and
storage. Moreover, the operator pools electrical flexibility from distributed
generators and V2G-enabled PEVs and can also be a seller of the exported
electricity to the wholesale market. Hence, operator profit is the net daily
cash flow, which is equal to the total revenues less the total costs of energy
procurement and V2G remuneration.

The financial goal is to boost LMES’s profit through:

(1) Revenue from providing end users with thermal and electrical energy.

(2) Revenue from the wholesale market sale of power derived from dis-
tributed energy sources.

(3) The revenue generated by exporting electricity from V2G-enabled PEVs
to the wholesale market.

(4) Profits from PEV owners’ purchases of electricity for charging.
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(5) The cost of buying natural gas and electricity to run the system.
(6) Costs associated with purchasing electricity from PEV owners for V2G
operations.

It is formulated as:

Profit = Regetail + Repexibility from DG + ReFlexibility from PEVs + REPEV Charging
— Costgnergy — Cost pev v2G (33)

Here, the flexibility of PEVs is considered as the amount of electric
energy that can be released from V2G-enabled PEVs back to the wholesale
market. In case the PEV discharging is consumed internally within the
LMES, it does not lead to wholesale revenue; rather, it decreases the imports
from the grid and is therefore shown as a lower cost of energy procurement.
Where:

ReRetail == E (HDemand,e,tPDemand,t + 1_IDemand,heat,tHDemand,t
t

+ l_IDemand,cool,tCDemand,t)At (34)
Rekiexibilty from DG = »_ it (PORP sellt + PPy sellt) At (35)

t
ReFiexibility from PEVs = g g E e, . PPEV Discharge sell,t kAt (36)
k1t

This exported-energy term is denoted by Ppgy Discharge,sell in the revenue
formulation.

Repev charging = Z Z Z IIpEv, ChargetPPEV, Charge ik At (37
k1t
CostEnergy = Z(HGM,tLHV VnG (Genp e + Gag,t) + Hen, i Periay) At
t
(38)
Costprv vag = Z Z Z IIpEv, Discharge,t (PPEV, Discharge,self,t,t,k
k1t
+ PPEV Discharge,sell,t k k) At (39)

where Profit is the total profit from revenue minus energy costs; Regetail
is revenue from selling electricity, heating, and cooling to end-users;
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Repiexibility from DG 18 revenue from selling flexible DG electricity in the whole-
sale market; Repexibility from PEVs 18 revenue from PEVs selling electricity
back to the grid; Repgv charging 15 revenue from PEV owners purchasing
electricity; Costgpergy 18 the total cost of purchasing energy; Costpgy vaG
is the cost of electricity transactions with PEV owners in V2G mode;
Ipemand,e,t > Ipemand,heat,t and IIpemand,cool,s are prices of electricity, heating,
and cooling sold to end-users at time ¢, respectively; and Ilgn; is the
electricity price in the wholesale market at time ¢. The pricing assumptions
adopted in this study are as follows: the retail electricity tariff applied to PEV
charging, IIpgy Charget» 18 se€t equal to the electricity selling price to end-
users, IIpemand,e,t- For V2G operation, the operator remunerates PEV owners
at Ilpevpischarget = KIIEare, where k € (0,1) captures the aggregation
margin and transaction costs.

3.2.2 Environmental performance objective function

With emissions assessed over time, the environmental objective function
reduces CO4 emissions from fossil fuel-based energy systems, taking into
account both natural gas and grid electricity consumption. This can be
expressed numerically as:

Env = Z(’YgasLHVNG(GCHP,t + Goiler,t) + VeridPeria ) At (40)
t

where v, represents the carbon intensity of natural gas, and 7giq refers
to the carbon intensity associated with the electricity purchased from the
grid. These values indicate the amount of CO5 emitted per unit of energy
produced, with the grid’s emissions depending on the fuel composition used
for power generation [34].

3.3 Multi-Objective Optimization Approach

Using a weighted sum approach, the optimization issue strikes a balance
between maximizing operator profit and reducing CO2 emissions, thereby
satisfying both economic and environmental goals concurrently. The expres-
sion for the combined objective function is:

OF = ¢ - w(—Profit) + (1 — w) - Env 41)

Where w is the weight assigned to the economic objective and c is a
scaling constant used to balance the numerical magnitudes of the two objec-
tives. To construct the Pareto frontier, w is swept uniformly over [0, 1] with a
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fixed step of Aw = 0.1, and the optimization problem is solved for each w
value, yielding a discrete set of trade-off solutions. The extreme cases w = 1
and w = 0 correspond to the economic and environmental single-objective
optima, respectively, while intermediate values represent compromise solu-
tions. Since Profit and Env have different units and numerical scales, a fixed
scaling constant c is used to prevent unit-driven dominance in the weighted-
sum objective. In this study, ¢ is computed once from the two extreme
single-objective solutions and then kept fixed for all w values in the Pareto
sweep. where Profity.x, Profityin, Envmax, and Envy, are obtained from the
solutions at w = 1 and w = 0. The resulting value of c is then kept fixed for
all w values in the Pareto sweep.

4 Result Analysis and Optimization-Based Case Study

A multi-objective optimization model for an LMES serving office build-
ings in Turin, Italy (climatic zone E), which incorporates CHP units, PV
generation, thermal loads, and battery storage, is implemented using the
YALMIP toolkit in MATLAB. The terms residential, commercial, and indus-
trial are used to denote PEV user clusters characterized by distinct availability
windows and departure SOC requirements. The LMES demand profiles cor-
respond to an aggregated office-building case study, and end-use electricity,
heating, and cooling demands are not segmented by customer type; segmen-
tation is applied on the PEV side through enforceable mobility and SOC
constraints. Using three PEV categories, the case study simulates a January
day with an hourly resolution. The numerical study focuses on a single rep-
resentative winter weekday in January with an hourly time step. This choice
is made for two reasons. First, the adopted input datasets for building electric
and heating demand, Turin irradiance used for PV generation, and the hourly
electricity and gas market prices are reported for a typical winter day in Jan-
uary, enabling traceable and reproducible benchmarking. Second, the objec-
tive of this work is to analyze intra-day operational trade-offs and technology
coordination within a day-ahead scheduling horizon; extending the horizon
to multiple seasons or an annual time series would introduce additional inter-
day storage and behavioral variability that is outside the scope of the present
benchmarking exercise. Therefore, the reported results should be interpreted
as representative day-level operational insights rather than year-round perfor-
mance guarantees. In Section 4.1, input parameters are explained. Sections
4.2-4.8 evaluate the Pareto frontier, SOC profiles, grid flows, generation
profiles, thermal load, PEV integration, and battery management.
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4.1 Model Input Parameters

One hundred small office buildings are intended to be served by the suggested
LMES configuration. Based on in-depth surveys of tertiary-sector buildings
in cold climate zones, such as zone E in Italy, Figure 3 displays sample hourly
profiles of heating and energy use for a typical winter day in January [35].
The demand profiles exhibit notable peaks in the morning and evening, cor-
responding to heating needs and occupancy patterns. Turin’s meteorological
records serve as the basis for the hourly solar irradiance data used to calculate
PV generation [36]. Based on historical January 2020 data from the Italian
energy markets, Figure 4 displays the constant gas market price (GM) and
dynamic electricity market price (EM) used in the economic analysis [37].
The following assumptions apply to the case study. The simulated horizon is
24 hours with At = 1 hour, representing a typical winter weekday operating
condition. Demand and irradiance profiles correspond to winter conditions
in Turin, and market prices are taken from hourly January data. Emission
factors for grid electricity and natural gas are treated as constant over the
horizon. Storage devices operate within their specified SOC limits, and the
analysis does not model inter-day carryover effects beyond the 24-hour
boundary. PEV participation is constrained by segment-specific availability
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Figure 3 Electrical and Heating Load Profiles of the Building Cluster over a Representative
Winter Day in January.
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Figure 4 Hourly price profiles of electricity and gas markets.

Table 1 Technical parameters and reference values of system equipment
Capacity Efficiency Charge Discharge SOC

Component  [kW or kWh] [%)] Rate [kW] Rate [kW]  Range
CHP 100 80 nan nan None
PV 200 14 nan nan None
Battery 1000 90 100.0 100.0 0.2-1.0
PEV 40 95 7.2 7.2 0.4-1.0
Heat Pump 60 300 nan nan None

windows and departure SOC requirements, which represent mobility-driven
charging opportunities within the selected day. The most recent technical
information about the system’s energy components is shown in Table 1. Gas
and electricity are assumed to have carbon intensities of 0.202 and 0.354 kg
CO2/kWh, respectively [38, 39], by accepted European environmental
impact assessment criteria.

4.2 Pareto Frontier Analysis

As shown in Figure 5, the Pareto frontier exhibits the expected trade-off
between environmental and economic performance. The environmental opti-
mum corresponds to approximately 1800 kg COy with an operator profit
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Figure 5 Pareto frontier of the V2G-enabled LMES under multi-objective optimization.

of about 12000$, whereas the economic optimum reaches approximately
22000$ at about 3500 kg COs. Intermediate points represent compromise
solutions between these two extremes.

4.3 Clustered SOC Analysis of PEVs

To clarify how the three PEV clusters differ in operational terms, their
segment-level operational characteristics over the optimized daily schedule
are summarized in Table 2, providing the basis for interpreting the SOC
trajectories discussed in this subsection.

Hourly state-of-charge trajectories for the three PEV clusters (Residen-
tial, Commercial, and Industrial) over the 24-hour period are displayed in
Figure 6. The Residential cluster always has the highest SOC level: it is
about 0.90 at hour 1, it gets to 1.00 at about hours 3—4, and it stays more
or less saturated close to 1.00 until hour 23, only slightly dropping to about
0.97-0.98 by hour 24. In contrast, the Commercial cluster exhibits the largest
SOC variation, rising from roughly 0.50 at hour 1 to a peak near 0.80
around hour 7, then decreasing steadily to its minimum of approximately
0.20 around hours 19-20, before recovering to about 0.42 by hour 24. The
Industrial cluster exhibits an intermediate pattern: SOC falls from 0.80 at
hour 1 to a low of about 0.40 at hours 13-14 then it slowly grows and is
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Table 2 Segment-level operational characteristics inferred from the optimized daily sched-

ules
Segment Residential Commercial Industrial
Initial SOC 0.90 0.50 0.80
Approximate SOC 0.90-1.00 0.20-0.80 0.40-0.80
range
Peak/minimum Reaches 1.00 at Peaks near 0.80 at Minimum near 0.40
SOC timing about 3—4 h and about 7 h; minimum  at about 13-14 h;
remains near full near 0.20 at about recovers by 24 h
until about 23 h 19-20 h
Dominant charging 1-4h 1-7h and 20-24 h 14-24 h
phase
Dominant very limited, mainly 7-20 h 1-14 h
discharging phase near 23-24 h
Operational Intermediate Highest intra-day High state-of-charge
interpretation flexibility with a SOC swing and availability with
pronounced strongest limited intra-day
mid-day depletion time-varying flexibility
and recovery pattern  flexibility requirement
1 T T T ~
/ Residential
Commercial
Industrial
0.8 ¥
O
8 0.6 - / o
0.4 .
02 ' : .
0 5 10 15 20 25
Hour

Figure 6 Clustered SOC profiles of PEVs over 24 hours based on user types.
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Figure 7 Hourly grid power exchange obtained from the multi-objective optimization.

nearly at 0.79-0.80 by hour 24 again. In fact, Figure 6 very clearly illustrates
the differentiated SOC motions across the segments, their approximate SOC
ranges directly read from the plotted profiles being 0.90-1.00 (Residential),
0.20-0.80 (Commercial), and 0.40-0.80 (Industrial). Such disparities comply
with the segment-specific mobility availability windows and departure SOC
requirements stipulated in the PEV model that determine when each cluster
can most likely perform charging or discharging during the day.

4.4 Grid Power Flow with Bidirectional PEV Charging

Figure 7 presents the hourly grid power exchange associated with PEV
operation, where positive values represent grid-to-vehicle charging (G2V)
and negative values represent vehicle-to-grid export (V2G). The G2V profile
increases from approximately 100 kW at hour 1 to a morning maximum of
about 320 kW around hour 7, after which it gradually declines throughout the
day, reaching roughly 180 kW at hour 16 and about 80 kW by hour 24. V2G
export appears from about hour 4 (approximately —10 kW), increases in mag-
nitude through the morning, and reaches its strongest export around hour 10 at
approximately —100 kW. After the export peak, the magnitude decreases pro-
gressively, approaching about —10 kW by hour 17 and becoming negligible
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thereafter. A notable feature is the concurrent operation of both modes from
approximately hours 4 to 17, indicating that charging demand and export
support occur within the same day. Quantitatively, V2G partially offsets G2V
during this window; for example, at hour 10, G2V is about 260 kW while
V2G is about —100 kW, implying a net import of roughly 160 kW and an
offset on the order of 38% of the simultaneous G2V magnitude at that hour.
Near the G2V peak at hour 7, V2G is approximately —60 kW against roughly
320 kW of G2V, corresponding to a net import of about 260 kW and an offset
of about 19% at the peak hour. Importantly, the onset and disappearance
of V2G export align with the enforceable availability-window and SOC-
at-departure constraints, since charging/discharging actions are set to zero
outside the parking intervals in the adopted PEV formulation.

4.5 Optimized Generation Analysis of CHP and PV Units

Figure 8 compares the hourly electricity generation profiles from photo-
voltaics (PV) and combined heat and power (CHP). PV output follows a
pronounced daytime pattern, rising from near-zero early values to approx-
imately 105 kW at hour 5 and about 140 kW at hour 6, then reaching
its maximum of roughly 280 kW around hours 12-13. PV remains above
approximately 200 kW over a broad mid-day interval (roughly hours 8-16),
before declining to around 175 kW at hour 17, about 105 kW at hour 19,
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Figure 8 Power generation profiles of CHP and PV.
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approximately 70 kW at hour 20, and near-zero levels after hour 23. In
contrast, CHP appears as a dispatchable contribution concentrated in limited
time windows: CHP output is around 200 kW near hour 7, is negligible during
the mid-day period when PV is highest, and then reappears in the evening
window, reaching approximately 160 kW over hours 18-20. The profiles in
Figure 8 therefore indicate distinct timing roles for the two sources, with
PV dominating the mid-day generation range (approximately 210-280 kW
during hours 8-17) and CHP contributing primarily when PV is lower,
particularly around hour 7 and during the evening period.

4.6 Thermal Load Breakdown Over Time

Figure 9 depicts the hourly thermal-power shares of the CHP unit, heat pump,
and boiler, along with the overall thermal load. The aggregate thermal output
starts at around 271 kW in the wee hours, then it ramps up to about 300 kW
at hour 6, and it goes on to reach a daily peak of nearly 329 kW around hours
11-12. Subsequently, the total thermal requirement continually decreases,
hitting about 315 kW at hour 16, around 285 kW at hour 20, and roughly
270 kW by hour 24. During the night and early morning, the main heating
source is the boiler while the heat pump only provides a small supporting
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Figure 9 Optimized heat load contribution from distributed thermal resources.
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contribution and the CHP unit is out of use. For instance, at hour 1, the
boiler delivers about 238-240 kW out of around 271 kW total, while the heat
pump accounts for about 32-33 kW. A major operational switch is clearly
visible from hour 7 and the CHP unit becomes the dominant contributor.
At about hour 7, CHP provides nearly 215 kW of a total close to 308 kW,
while the heat pump contributes about 48—-50 kW and the boiler supplies the
remaining 40—45 kW. Around the peak period, the load is more evenly shared:
at approximately hour 12, the total thermal power reaches about 329 kW,
of which CHP contributes around 195-200 kW, the heat pump about 65—
70 kW, and the boiler about 60-70 kW. From the late afternoon onward,
the CHP contribution declines steadily, and by hour 20 it falls to roughly
170 kW, while the boiler and heat pump provide about 70-75 kW and 40 kW,
respectively. After hour 20, CHP output drops to zero and the boiler again
becomes the principal thermal supplier, with the heat pump maintaining a
modest auxiliary role. Based on the plotted profiles, the LMES supplies
approximately 7.2 MWh of thermal energy over the day, with the boiler
contributing about 3.4 MWh, the CHP about 2.7 MWh, and the heat pump
about 1.1 MWh, corresponding to approximate shares of 47%, 37% and 16%,
respectively.

4.7 Operational Dynamics of the Battery System

Figure 10(a) shows the hourly battery charge and discharge power schedule.
Charging occurs primarily from approximately hours 4 to 13, beginning near
20 kW at hour 4, increasing to a maximum of about 90 kW around hour 8,
and then declining gradually toward roughly 20 kW by hour 13. Discharging
starts around hour 11 (approximately —10 kW), increases in magnitude to
a peak discharge of s about —80 kW around hour 16 and then decreases in
magnitude toward approximately —10 kW by around hour 21. Figure 10(b)
shows the corresponding SOC evolution, rising from approximately 0.50 in
the early hours to about 0.76 by hour 8 and around 0.90 by hour 10, reaching
its maximum near 0.95 around hours 11-12. After the SOC peak, the curve
declines steadily to about 0.84 at hour 14, around 0.67 at hour 16, and
approximately 0.55 at hour 18, returning close to 0.50 from hour 20 onward.
Across the full day, SOC varies over a range of approximately 0.50 to 0.95
(ASOC = 0.45). From the hourly power bars, the total charged energy is
approximately 0.56 MWh and the total discharged energy is approximately
0.52 MWh, indicating that the battery shifts on the order of 0.5-0.6 MWh
across the day under the plotted schedule.
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Figure 10 Battery operation profiles obtained from the optimization model: (a) hourly
charge/discharge power profile of the battery system. (b) SOC variation over 24 hours.
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4.8 Scenario Comparison of PEV Impacts

Figures 11(a) and 11(b) compare the three operational scenarios, namely
No PEV, PEV (G2V), and PEV (V2G), in terms of operator profit and

24,000 L L L
22000
22,000 L

20,000 r
18000
18,000 - r

16,000 - r
14,000 o
12000
12,000 r

10,000 r

Operator Profit [$]

8,000 -

6,000 r

4,000 4 L

2,000 r

0- L
No PEV PEV (G2V) PEV (V2G)
Scenario

(@

7,000 . ! !

6000
6,000 - -

5,000 4800 L

4,000 L
3500

Emissions [kg]

3,000 -

CO.

2,000 o

1,000 L

No PEV PEV (G2V) PEV (V2G)
Scenario

(b)

Figure 11 Optimization-based comparison of economic and environmental performance.
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total CO emissions, with the corresponding numerical values summarized in
Tables 3-7. As shown in Figure 11(a), the lowest operator profit is obtained
in the No PEV case, at approximately 12000$. When PEVs are introduced in
G2V mode, the operator profit increases to about 180003, indicating that even
unidirectional charging can improve the economic performance of the LMES.
The highest profit is achieved in the V2G scenario, where operator profit
reaches approximately 22000$. Relative to the No PEV case, this corresponds
to an increase of about 83%, while the V2G case also improves profit by about
22% compared with the G2V scenario. Clearly the results in Figure 11(b)
have a pattern that Environmental performance is one of the main features

Table 3 Operator’s economic profit in different PEV operational scenarios
Scenario Operator Profit [$]

No PEV 12000
PEV G2V 18000
PEV V2G 22000

Table 4 Comparison of Cos emissions across various PEV operational scenarios

Scenario Coz Emissions [kg]

No PEV 6000
PEV G2V 4800
PEV V2G 3500

Table 5 Scenario-based analysis of economic and environmental indicators
Scenario PEV Present  V2G Active  Profit[§] Coz Emissions [kg]

No PEV No No 12000 6000
PEV G2V Yes No 18000 4800
PEV V2G Yes Yes 22000 3500

Table 6 Impact of PEV integration on system economic and environmental performance

Scenario PEV Present  Profit [§] Co2 Emissions [kg]
No PEV No 12000 6000
With PEV(G2V) Yes 18000 4800
With PEV(V2G) Yes 22000 3500

Table 7 Impact of V2G activation on system economic and environmental performance
Scenario V2G Active  Profit[$] Coz Emissions [kg]
With PEV(G2V) No 18000 4800
With PEV(V2G) Yes 22000 3500
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of the trend observed. emissions caused by No PEV case are the highest and
are almost 6000 kg. emissions through G2V operation is still at a level of
the 4800 kg, which is almost 20% less than the baseline case. Emissions
as low as these can go as a result of V2G scenario as recorded the lowest
which in time of the total emissions of COs can be lowered to 3500 kg. This
is a reduction of about 42% in No PEV case and about 27% in G2V case,
overall. In general, the comparison of scenarios depicts a No PEV to G2V
improvement and also G2V to V2G improvement. V2G is the best in the
combined effect in the present scenarios by the way of providing the highest
operator profit with the lowest CO emissions as well, which indicates the
economic and environmental benefits of bidirectional PEV integration in the
LMES.

5 Conclusions

To manage Local Multi-Energy Systems (LMES) with Plug-in Electric Vehi-
cles (PEVs) while striking a balance between environmental sustainability
and economic viability, this study presents an MOO framework. Using pho-
tovoltaics, combined heat and power (CHP) units, thermal storage, and PEV's
with vehicle-to-grid (V2G) and grid-to-vehicle (G2V) capabilities, the model
combines gas carriers, electricity, heat, and cooling. By considering time-
varying operational profiles, such as shifting electricity prices and variable
renewable generation, it maximizes operator profit while reducing COs2
emissions. The Pareto frontier analysis reveals a clear trade-off between
environmental and economic objectives, with the sampled solutions spanning
approximately 1800-3500 kg CO5 and 12000$-22000$. Compared with the
No-PEV case, the G2V scenario increases operator profit from about 12000$
to about 18000$ while reducing CO5 emissions from about 6000 kg to about
4,800 kg. When V2G is enabled, operator profit rises further to about 22000$
and CO; emissions decline to about 3500 kg, indicating that bidirectional
PEV participation provides the most favorable combined outcome among
the examined scenarios. By utilizing PEVs as distributed energy resources
to reduce peak demand, V2G enhances grid flexibility. The framework’s
innovation lies in its comprehensive integration of multi-carrier systems,
which fills in the gaps left by earlier research that concentrated on a single
goal. It captures a variety of mobility patterns by grouping PEVs into resi-
dential, commercial, and industrial groups, allowing for customized charging
strategies. While commercial and industrial fleets offer dynamic flexibility,
improving grid responsiveness, residential PEVs offer steady storage during
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periods of high demand. Energy allocation is optimized through the coor-
dinated dispatch of boilers, heat pumps, and CHP, with heat pumps taking
advantage of favorable conditions for efficiency and CHP controlling periods
of high demand. A limitation of the present study is that the numerical
analysis is restricted to a single representative winter weekday in January;
therefore, the reported results should be interpreted as day-ahead operational
insights within the selected seasonal context rather than as year-round perfor-
mance guarantees. Although the proposed optimization framework performs
effectively under the modeled conditions, its scalability should still be exam-
ined on larger LMES testbeds. In addition to extended scenario assessments
to evaluate various grid situations, future research should investigate adap-
tive algorithms to manage time-varying renewable generation and dynamic
mobility patterns. To enable resilient and sustainable energy systems, this
study recommends the adoption of scalable optimization and Vehicle-to-Grid
(V2G) technologies, providing operators and policymakers with practical
insights that can inform their decisions.
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