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Abstract

The design of sustainable power systems requires planning tools that jointly account for
economic, environmental, and social dimensions. However, multi-objective energy sys-
tem models typically prioritize economic—environmental trade-offs, while the social di-
mension is still rarely included as an explicit optimization objective. Furthermore, many
formulations adopt a low temporal resolution (e.g., annual time steps) and assume fully
flexible power plants, potentially overlooking temporal variability and operational con-
straints. This paper presents a three-objective optimization model for sustainable power
system design that minimizes (i) costs, (ii) greenhouse gas (GHG) emissions, and (iii) so-
cial opposition (i.e., the public resistance to certain energy technologies). Temporal varia-
bility and operational detail are preserved using weighted representative periods with
intra-period time steps and a clustered unit commitment (CUC) formulation. The Pareto
frontier is generated using the normalized normal constraint (NNC) method, highlighting
the space of efficient economic, environmental, and social solutions. A case study focused
on the Italian electricity system exemplifies the model application by providing the cost-
optimal, emissions-optimal, and social-optimal solutions, together with trade-off solu-
tions. Among the trade-off solutions, the selected best balance solution achieves a signifi-
cant reduction in emissions (-20%) compared to the cost-optimal solution, with a limited
cost increase (+5%) and a marginal increase in social opposition (+0.7%). Overall, the pro-
posed model enables transparent quantification of multi-dimensional trade-offs to sup-
port decision-making in sustainable power system design.

Keywords: generation expansion planning; multi-objective optimization; power system
modeling; sustainable development; renewable energy sources

1. Introduction

The transition toward sustainable energy systems calls for planning tools that can
guide investment decisions while balancing multiple dimensions of sustainability [1-3].
In power system design, decision makers increasingly face objectives, often mutually con-
flicting, that go beyond least-cost planning and include environmental and social con-
cerns [3].
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In such a context, the role of energy planners is to communicate the results of energy
system modeling and scenario generation to decision makers in a transparent and com-
prehensive way. In this regard, Prina et al. [4] highlight that multi-objective optimization
provides relevant advantages over single-objective optimization. Specifically, single-ob-
jective optimization returns one optimal solution per run, whereas multi-objective opti-
mization identifies a set of Pareto-optimal solutions that explicitly represents the trade-
offs among competing objectives.

The literature also indicates that model outcomes can be strongly affected by the rep-
resentation of temporal resolution and operational detail [4-7]. As the penetration of var-
iable renewable energy (VRE) sources increases, together with storage deployment and
the need for flexibility, a finer temporal resolution becomes increasingly important to cap-
ture variability and operational patterns reliably [4,5]. However, energy system planning
models often rely on simplified temporal representations to keep the optimization prob-
lem tractable, which may introduce non-negligible approximation errors and bias key re-
sults, such as renewable curtailment, storage operations, and the utilization of dispatcha-
ble generation [6]. A similar trade-off arises for operational detail. Due to computational
restrictions, several energy system planning models adopt simplified operational repre-
sentations, often omitting unit commitment (UC) decisions and key operational con-
straints and cost components, such as start-up costs, minimum up/down times, minimum
operating point, and ramping limits and costs [4]. The literature warns that neglecting
these constraints can distort technology valuation and lead to inaccurate estimates of op-
erational and total system costs, particularly in high-renewable systems [7].

Overall, these findings motivate modeling strategies that balance computational trac-
tability and solution accuracy by combining reduced temporal representations with suffi-
cient intra-period resolution [8] and an adequate level of operational detail [9].

1.1. Literature Review

In recent years, multi-objective energy system models have received increasing at-
tention, driven by the recognition that the traditional least-cost planning paradigm can be
insufficient to capture the complexity of energy transition challenges [1-3]. In this context,
this section provides a targeted overview of methodological approaches, objectives, and
key modeling choices to position this paper and highlight research gaps.

Table 1 provides an overview of representative contributions on multi-objective en-
ergy system planning models. The studies are classified according to: (i) objective catego-
ries covered (economic, environmental, and social), (ii) multi-objective setup (number of
objectives and solution method), (iii) temporal resolution, and (iv) operational detail.

The literature review shows a clear prevalence of bi-objective formulations centered
on the economic—environmental trade-off. Most studies model the economic dimension
through the minimization of total system costs, while the environmental dimension is
commonly represented through the minimization of greenhouse gas (GHG) emissions,
yielding a cost—emissions bi-objective setting [10-19].

Alongside the cost-emissions formulation, other studies extend the objective space
by considering alternative environmental and economic objectives. For instance, Cafarella
et al. [20] replace emissions with land use in a bi-objective cost-land formulation. Other
contributions move to three-objective formulations. Peng et al. [21] combine costs, emis-
sions, and a risk measure based on the conditional value-at-risk of total cost. Prebeg et al.
[22] propose a formulation that minimizes the net present value (NPV) and a normalized
NPV (defined as NPV divided by the total energy produced to cover demand), while max-
imizing the renewable energy share. Parkinson et al. [23] extend the environmental di-
mension by including the minimization of groundwater extraction, alongside costs and
emissions.
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The social dimension is still rarely included as an explicit optimization objective in
multi-objective energy system models. Shidhani et al. [24] formulate a broader set of sus-
tainability criteria by considering costs and emissions together with land use and social
opposition. However, instead of optimizing these criteria simultaneously, they explore
trade-offs through a sequence of pairwise bi-objective optimization, generating Pareto-
front candidates for each objective pair. Trotter et al. [25] combine system costs with two
sub-national electrification-inequality indicators, capturing urban-rural disparities and
inter-regional disparities. Atabaki et al. [26] explicitly include the three sustainability di-
mensions in a three-objective formulation by combining costs, emissions, and job creation.

Table 1. Classification of literature contributions on multi-objective energy system modeling (v' =
objective category covered, BO = bi-objective, TO = three-objective, WS = weighted sum, EC = e-
constraint, AHP = analytic hierarchy process, MOEA = multi-objective evolutionary algorithms,
NNC = normalized normal constraint, RPM = reference point method, RP = representative periods,
FF = fully flexible, SU = start-up, MUT = minimum up time, MDT = minimum down time, MOP =

minimum operating point, RAMP = ramping).

Reference Economic Environmental Social Multi-Objective TempoT‘al Operatlf)nal
Setup Resolution Detail
Purwanto et al. [10] v v BO (WS) years FF
Gbadamosi et al. [11] v v BO (WS) years FF
Pratama et al. [12] v v BO (WS) years FF
Groissbock et al. [13] v v BO (WS) RP (night/day) FF
Finke et al. [14] v v BO (EC) RP (hours) SU, RAMP
. MUT, MDT,
Louis et al. [15] N N4 BO (EC) RP (hours) MOP, RAMP
Prina et al. [16,17] v v BO (MOEA) hours FF
Viesi et al. [18] v v BO (MOEA) hours FF
Prina et al. [19] v v BO (MOEA) hours SU, RAMP
SU, MUT,
Cafarella et al. [20] v v BO (NNC) RP (hours)  MDT, MOP,
RAMP
Peng et al. [21] v v TO (MOEA) years FF
Prebeg et al. [22] v v TO (MOEA) years FF
Parkinson et al. [23] v v TO (RPM) months FF
Shidhani et al. [24] v v v BO (MOEA) years FF
Trotter et al. [25] v v TO (EQ) years FF
Atabaki et al. [26] v v v TO (AHP) years FF
SU, MUT,
This paper v v v TO (NNC) RP (hours)  MDT, MOP,
RAMP

Multi-objective optimization methods can significantly affect both the efficiency and
the optimization results of energy system models. Based on when decision makers artic-
ulate preferences, multi-objective methods are commonly classified into prior (prefer-
ences specified before the search), posterior (preferences applied after generating a set of
efficient solutions), and interactive approaches (preferences updated during the search).
In the reviewed studies, prior methods include the weighted sum (WS) method [10-13],
the e-constraint (EC) method [14,15,25], and the analytic hierarchy process (AHP) [26].
Posterior methods include multi-objective evolutionary algorithms (MOEA) [16-
19,21,22,24] and the normalized normal constraint (NNC) method [20]. An interactive ap-
proach is adopted by Parkinson et al. [23], using the reference point method (RPM).
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A further point of differentiation concerns the adopted temporal resolution. Several
models adopt a lower temporal resolution using years [10-12,21,22,24-26] or months [23]
as time steps, which supports long-horizon tractability but tends to smooth short-term
variability and operational patterns that become critical in high-renewable systems. Con-
versely, some models adopt a full hourly representation [16-19], improving operational
realism at the cost of a substantially higher computational burden. An intermediate strat-
egy relies on representative periods, which compress the annual time domain while re-
taining finer intra-period dynamics, either through hourly resolution within representa-
tive days/weeks [14,15,20] or through simplified representative slices (e.g., night/day) [13].
The literature explicitly frames the use of representative periods as a trade-off between
computational tractability and the ability to represent the variability of renewables, stor-
age and flexibility requirements [8].

Furthermore, the representation of operational detail remains limited in multi-objec-
tive energy system models. Many models treat dispatchable power plants as fully flexible
[10-13,16-18,21-26], thereby omitting detailed operational constraints (e.g., start-up costs,
minimum up/down times, minimum operating point, and ramp-rate restrictions),
whereas only a few models adopt a UC formulation and include detailed operational con-
straints [15,20]. The literature shows that neglecting unit-commitment constraints can bias
technology valuation and lead to an underestimation of operational costs, particularly at
high renewable penetration [7].

1.2. Research Gap and Contribution

The literature review highlights that multi-objective energy system models are
largely dominated by formulations centered on the economic-environmental trade-off,
while the social dimension remains less represented as an optimization objective. Moreo-
ver, many models rely on coarse temporal representations based on yearly or monthly
time steps, which support tractability but tend to smooth short-term variability and oper-
ational patterns that become critical in high-renewable systems. Due to computational re-
strictions, operational detail is also often simplified in multi-objective energy system mod-
els, with dispatchable power plants frequently treated as fully flexible. This implies omit-
ting UC decisions and key operating constraints and cost components, which can bias
technology valuation and lead to an underestimation of operational costs, especially in
systems with high renewable penetration.

Overall, to the best of our knowledge, no existing model simultaneously addresses
the economic, environmental, and social dimensions within a three-objective formulation
while combining a high level of temporal and operational detail.

To address these gaps, this paper proposes a three-objective optimization model for
sustainable power system design with the following main contributions:

e  Three-objective sustainability formulation that simultaneously minimizes total sys-
tem costs, GHG emissions, and social opposition (defined as public resistance to cer-
tain energy technologies), with the Pareto frontier explored via the NNC method.

e  The target year is represented through weighted representative periods with intra-
period time steps, providing a tractable yet temporally detailed representation of de-
mand and VRE variability, and dispatchable technologies are modeled through a
clustered unit commitment (CUC) approach that retains key commitment decisions
and operating constraints/cost components while limiting computational burden.

e A case study focused on the Italian electricity system in a brownfield setting for a
2040 planning horizon, demonstrates how the proposed approach can quantify and
communicate multidimensional trade-offs among economic, environmental, and so-
cial objectives.
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Although the individual components of the proposed approach have been studied in
the literature, the contribution of this work lies in integrating them into a single optimiza-
tion framework. In this integrated setting, weighted representative periods and the CUC
formulation jointly provide an operationally consistent representation of variability and
commitment-driven constraints while maintaining computational tractability. This allows
the trade-offs among total system costs, GHG emissions, and social opposition to be as-
sessed on a consistent operational basis, rather than relying on simplified operational as-
sumptions. Finally, the NNC method is adopted to systematically construct a well-distrib-
uted representation of the Pareto frontier in the three-objective space, supporting a trans-
parent characterization of efficient solutions and their trade-offs.

2. Materials and Methods

This section presents the proposed methodology. Section 2.1 introduces the adopted
notation, Section 2.2 outlines the problem statement and assumptions, and Section 2.3 de-
tails the mathematical formulation of the three-objective optimization model, including
the objective functions and constraints.

2.1. Nomenclature

The notation used is reported below, which defines the sets, parameters, and decision
variables. Parameters are denoted by uppercase letters, whereas decision variables are de-
noted by lowercase letters.

2.1.1. Sets

e  k € K: energy technologies (generation and storage)

e p € P C K: generation technologies

e p € H € P: thermal generation technologies

e  p € R € P:variable renewable generation technologies
e 5 €S C K: storage technologies

e i € [: representative periods

e t € T:time steps within each representative period

2.1.2. Parameters

e W repetitions of representative period in one year
e A, time-step duration

e C/NV:annualized investment cost

e Cf°M: fixed operation and maintenance cost

Cy°M: variable operation and maintenance cost of generation

e (J°M:variable operation and maintenance cost of storage
e CjV:fuelcost, p€eH

e CSM:emission cost, p € H

e (pY:start-up cost, p € H

CFAMP: ramping cost, p € H

e  EE,: emission factor, p € H

e  S0,: social opposition

e DM;,: electrical power demand

e CPEX: existing installed capacity

e CPY*: maximum new installable capacity

e AF): availability factor

e PY™:minimum stable power output per unit, p € H
P"4X: maximum power output per unit, p € H
e  SU,: maximum start-up power per unit, p € H
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e SD,: maximum shut-down power per unit, p € H
e  RU,: maximum ramp-up rate, p € H

e  RD,: maximum ramp-down rate, p € H

e  MUT,: minimum up-time in time steps, p € H

e  MDT,: minimum down-time in time steps, p € H
e CF,;: time-dependent capacity factor, p € R

e  PE;: power-to-energy ratio

e RT;: round-trip efficiency

2.1.3. Decision Variables

¢™: annual invest cost

e  ¢°™: annual operation and maintenance cost

e  ¢9°": annual generation cost

e ¢/ annual flexibility cost

e cpi™ installed capacity

o cp;®™:new installed capacity

e cpy’: available capacity (cp,” denotes available power capacity for p € P and cpg”
denotes available energy capacity for s € S)

®  gpi:: electrical power generation

e f} . charging electrical power

e fois+ discharging electrical power

e ramp,;.: change in power output (ramp), p € H

e ug”:number of available units, p € H

e w)t,:number of online units, p € H

e wyi, number of starting-up units, p € H

o u;‘f - number of shutting-down units, p € H
*  curt,;,: renewable curtailment (unused available output), p € R
e soc Sf ;.- state of charge in the first repetition of representative period

e socl;,: state of charge in the last repetition of representative period

2.2. Problem Statement and Assumptions

We consider a brownfield power system planning setting, where the existing tech-
nology portfolio provides the starting point and can be expanded through new capacity
investments. Accordingly, the set of technologies k € K includes both existing and can-
didate technologies, comprising p € P generation (thermal p € H and variable renewa-
ble p € R) and s € S storage technologies.

Based on three distinct objectives, i.e., minimizing costs, GHG emissions, and social
opposition, the proposed model determines: (i) which technologies are deployed, (ii) their
optimal expansion size (cpi®”), and (iii) the optimal system operation required to meet
demand at each time step, in terms of generation (g, ; ), renewable curtailment (curt, ;.),
and storage charging/discharging (f;; ., and f;,). Solving the resulting multi-objective
problem yields the Pareto frontier, providing a transparent set of efficient trade-off solu-
tions to support decision-making.

The UC constraints of thermal generation technologies p € H are represented
through a CUC formulation, which aggregates similar units into clusters and replaces per-
unit binary commitment variables with cluster-level variables tracking the number of
online, starting-up, and shutting-down units (u,},, up., and up i¢)- As discussed in the
literature [7,9], for longer-term operational studies and generation expansion planning
problems, incorporating a traditional binary unit commitment (BUC) formulation at the
individual-unit level is typically computationally infeasible. CUC formulations are there-
fore adopted to reduce the computational burden associated with BUC formulations by
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eliminating a large number of identical or very similar commitment decisions [7,9]. For
instance, Meus et al. [9] show that CUC can preserve planning-relevant commitment and
dispatch patterns with limited deviations compared to BUC, while providing substantial
computational savings.

The number of time steps strongly affects the number of variables and constraints,
leading to substantial computational challenges as the problem size increases [27]. To keep
the optimization tractable while capturing the variability of electricity demand (DM;,) and
renewable generation potential (CF, ), the target year is represented by a set of repre-
sentative periods i € I (e.g., days), each composed of t € T time steps (e.g., hours) and
weighted by W; (i.e., the number of times representative period i € I is repeated within
one year).

Figure 1 provides an overview of the considered planning problem, highlighting the
connections between the main components and decision variables.

Clustered Unit Commitment

generation
= charging/discharging
input time series

gp,i,t

cpg'" = CPSEX i Cp;ww

» DMl t !

/\ [ . Tempora.l
presentation

( b >

-Tf@

Figure 1. Problem overview. For the notation see the parameters, sets, and decision variables sub-

sections.

2.3. Mathematical Model Formulation

The mathematical formulation of the proposed three-objective optimization model is
detailed below. Depending on whether the unit-commitment variables are relaxed as con-
tinuous or enforced as integers, the model can be solved either as a linear programming
(LP) or a mixed-integer linear programming (MILP), respectively. All other decision var-
iables are continuous and non-negative. All sets, parameters, and decision variables used
in the formulation are defined in Section 2.1.
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2.3.1. Objective Functions

The cost function, given in Equation (1), minimizes the total annual system cost. This
cost is defined as the sum of annualized investment costs, operation and maintenance
costs (fixed and variable), generation costs (fuel and emission), flexibility costs (start-up
and ramping). These cost components are computed in Equations (2)—(5), respectively.

min ¢ o5 = cinv 4 com 4 ogen 4 flex 1
Cinv — Z (C}éNVCplrclew) (2)
keK
com — Z(C;fOMcp;in) + Z W; Z Vips E(C;?/OMgp,i,t) + Z(CXOM/‘:;L,:) 3)
kek o e = -~
cgen — Z W; Z A, Z(CZI;U + CIIJEM)gp,i,t W
i€l teT peEH

cflex — Z w; z Z(Cguu;’%‘t + C;;AMPrampp‘i,t) (5)

i€l pEH teT

Equation (6) minimizes the annual GHG emissions related to electricity generation.

min gy = Z Z Z(EFpmAtgp.i.f) (6)

pEH i€l teT

Equation (7) minimizes overall social opposition, defined as public resistance to spe-
cific generation technologies (e.g., due to perceived catastrophic risks, health concerns,
and local impacts). Quantifying social opposition is inherently challenging, as it is an ar-
guably subjective indicator. A common practice in the literature is to operationalize this
dimension through technology-level acceptability/opposition ratings expressed on ordi-
nal or Likert scales, typically collected via surveys or expert elicitation [24]. We use expert
ratings reported in [28] on a 1-5 scale (from least to highest social opposition) and convert
them into a percentage technology-level opposition score (0-100%) via linear rescaling
[24]. The system-level social opposition is then computed as the ratio between the gener-
ation-weighted sum of technology-level opposition scores and total electricity demand.

_ ZpeP Ziel ZteT(SOpVViAtgp,i,t)

min ¢gp = (7)
5 Yier Yeer(Wid:DM;¢)

The generation-weighting is adopted to match the system-level scope of the model

and to obtain a portfolio-level indicator. However, it should be noted that this approach
bears some limitations. The resulting metric does not explicitly capture spatial heteroge-
neity or site-specific visibility effects, which would typically require spatially resolved sit-
ing information. By construction, technologies supplying a larger share of total electricity
demand have a proportionally larger influence on the aggregate score. In addition, social
acceptability scores may evolve over time and can be context and location dependent.
Therefore, the adopted ratings should be interpreted as indicative inputs and are primar-
ily suited to support system-level comparisons of alternative portfolios.

2.3.2. Feasibility Constraints

Equation (8) enforces the power balance at each representative period i and time
step t, with electricity supply (generation plus storage discharging) equal to electricity
demand plus storage charging.

https://doi.org/10.3390/app16062946
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Z Ipit Z fsit = DM, + Z fohe Vit (8)

PEP SES SES

Equations (9)—(11) define capacity expansion and availability for each technology.
Equation (9) ensures that the newly installed capacity for each technology does not exceed
the maximum allowed for new investments, while Equation (10) defines the total installed
capacity as the sum of existing capacity and newly installed capacity. Unplanned and
scheduled outages are captured by derating installed capacity with an availability factor
in Equation (11).

cppe” < CPYMAX vk ©)
cpi® = CPEX + cp®” vk (10)
cp’ < AFycpi™ Vk (11)

Equations (12)—(22) describe the operational constraints of thermal generation tech-
nologies under a CUC formulation. Equation (12) relates available capacity to the corre-
sponding number of available units, while Equation (13) limits the number of online units
at each representative period and time step. Equation (14) governs the evolution of the
commitment state across time steps by accounting for start-up and shut-down events.
Equations (15) and (16) enforce minimum and maximum generation limits. Equations (17)
and (18) impose ramp-up and ramp-down limits. Equations (19) and (20) compute the
effective power ramps between consecutive time steps for ramping-cost evaluation. Equa-
tions (21) and (22) enforce minimum up-time and minimum down-time constraints.

av

up’ < ;;ZX Vp € H (12)

wity <ug’ Vp€H,it (13)
Ut = udt Fwt, —uyi, Vp EH, it (14)
Ipie = BNu ugte Vp €H,i,t (15)

Gpix < PMAXuSR — (PMAX — SU Jusk | — (PM4X — SD,)usd, Vp € H,i,t  (16)

p,i,t

gp,i,t+1 gplt<RU At(u’plt plt) PMIN plt+SU uzsibtt VPEH'i't (17)

gp,it gth+1 <RD At(uplt_ plt) PMIN zt+5D uSd VPEH'i't (18)

it

MIN,,

rampp,i,tzgp,i,t+1 gptt+P plt_SU usut Vp €H,i,t (19)
MIN,, d i
Tampp i = gpit — pic+r + Py Upic — SDpupie VD € H, it (20)
MUT,-1
d su 7
Upie < Upir — Z Upic—et VP EHLE @D
t'=1
MDT,-1
sd i

Uppie < Up” = Uiy — z Upie—e' YPEHLE @2)

t'=1

Equation (23) limits variable renewable generation by available capacity and the
time-dependent capacity factor, with curtailment accounting for the unused share of
available renewable output.
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Ip,it tcurty;, = CF,;.cpg’ Vp ER,i,t (23)

Equations (24)—(31) define the operational constraints of storage technologies. Charg-
ing and discharging power are limited by the available energy capacity and the power-to-
energy ratio in Equations (24) and (25). The state of charge (SOC) dynamics are repre-
sented using the approach proposed by Poncelet et al. [7], which distinguishes the SOC
trajectory in the first and last repetition of each representative period. Specifically, Equa-
tion (26) propagates the SOC between consecutive representative periods by accounting
for the net energy balance over the W; repetitions, while Equation (27) updates the SOC
across time steps within the first repetition. Equations (28) and (29) reconstruct the SOC
of the last repetition consistently with W; and track its intra-period evolution. Feasibility
of the charging and discharging schedule is enforced by the SOC bounds in Equations (30)
and (31), which ensure sufficient energy to discharge and adequate headroom to charge
at every time step.

foix < PEscpd® Vs, it (24)
fsit < PEscpd® Vs, it (25)
e = soclr 4w Y 8 (JRT, — Z2L) v,
SOCg;t1,6=1 = SOCg 41 i ¢ slsit JRT, S, i (26)
teT N

fr _ fr fs,_i,t P
S0C,; g = SOCs;, + 4, (,/RTS e > Vs, i, t:t # |T| (27)

JRT,

fsi ,
socl, oy =socll_ + (W, —1) Z 4, (JRTS 22 ) vs,i (28)

teT RTS
socll g = soci + 4, (,/RTS AP \]/2;_;1) Vs, i, t:t # |T| (29)
S

At% < socsfyiryt < cpd — A JRTsfh, Vs, it (30)

S
fs'_i:f Ir av + ;

At? S socgiy < epd” — A RTsfge Vs, it (31)

N

2.4. Experimental Design

This section describes the experimental design adopted to evaluate the proposed
model. Section 2.4.1 presents the Italian case study to which the proposed model is ap-
plied, Section 2.4.2 outlines the analysis performed, and Section 2.4.3 reports the experi-
mental setup used.

2.4.1. Italian Case Study

An application of the proposed model to the Italian electricity system is carried out
to test its practical applicability in a real-world context. Specifically, the case study ex-
plores the synergies and trade-offs among cost, GHG emissions, and social opposition for
the 2040 planning horizon, with 2040 treated as the target year.

The analysis adopts a brownfield setting, with the 2024 capacity portfolio used as the
initial system configuration and additional capacity allowed through new investments.
To retain operational realism while keeping the problem computationally tractable, the
target year is represented through 8 weighted representative days with hourly resolution,
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selected using the optimization-based method proposed by Poncelet et al. [8]. In that
study, the authors benchmark their optimization-based selection against alternative ap-
proaches across different numbers of representative days. They show that accuracy im-
provements in capturing temporal variability (e.g., duration-curve metrics) exhibit dimin-
ishing returns as the number of representative days increases, while computational effort
grows nonlinearly with the number of time steps in planning models. In particular, for
their optimization-based selection, they report sub-percent average approximation errors
on duration curves already with 8 representative days. This trade-off supports the use of
a limited number of representative days in computationally demanding planning studies.
In addition, according to the CUC formulation, similar thermal generation technologies
(e.g., natural gas generators) within Italy are aggregated into clusters.

According to Terna [29], the Italian transmission system operator (TSO), Italy’s in-
stalled generation capacity in 2024 includes about 23.6 GW hydropower, 13 GW onshore
wind, 0.8 GW geothermal, 37 GW solar PV, 4 GW bioenergy, and 62.5 GW fossil-fuel ca-
pacity (predominantly natural gas, about 55 GW). Electricity storage is dominated by util-
ity-scale pumped hydro storage (PHS), with an energy capacity of about 53 GWh, while
battery energy storage systems (BESS) account for approximately 6.8 GWh.

The input data, used to feed the model, are partially derived from previous works of
the authors [30,31]. An overview of the main input data categories and their sources is
provided in Table 2.

Table 2. Data sources used in the application of the proposed three-objective optimization model to

the Italian case study.

Data Sources and References
Existing capacity Terna [29], GEM [32], ENTSO-E [33]
Capacity for new investment Terna [34]
Renewable capacity factors Terna [29], EMHIRES [35]
Electricity demand Terna [29,34]
Investment, FOM, VOM costs European Commission [36], Terna [37]
Fuel cost and carbon tax Terna [34]
Cycling features of thermal generators Poncelet [7]
Cycling features of storage systems Poncelet [7]
Emission factors UNECE [38]
Social opposition Grafakos [28], Shidhani [24]

Starting from the 2024 baseline, the capacity mix is allowed to evolve through invest-
ments in additional capacity. The evolution trajectory for this scenario is consistent with
the Italian planning and policy outlook reported in [34]. The changes to the 2024 baseline
are the following;:

e In line with the national coal phase-out schedule, coal-fired power plants are as-
sumed to be fully decommissioned.

e New generation and storage investments are allowed in natural gas, solar PV, on-
shore wind, offshore wind, small nuclear reactors, PHS, and BESS.

e  VRE availability is highly sensitive to the selected weather year. Following Lombardi
et al. [39], we adopt 2016 as the reference weather year for Italy. In that study, 2016 is
identified as the most-typical reference weather year for Italy by screening historical
weather years (1981-2016) and assessing how each year affects the minimum-cost
system configuration.
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2.4.2. Analysis Conducted

The analysis is structured to characterize the trade-offs among the three objectives
and to interpret their implications in terms of optimal capacity expansion and system op-
eration.

First, the anchor points (APs) are computed by optimizing each objective individu-
ally, i.e., the cost-optimal, emissions-optimal, and social-optimal solutions. These extreme
solutions provide interpretable benchmarks and define the boundaries of the attainable
objective space. Subsequently, a set of Pareto-efficient (non-dominated) solutions is gen-
erated to represent the attainable trade-offs among objectives, i.e., solutions for which im-
proving one objective necessarily deteriorates at least one of the others.

To support the identification of a representative compromise configuration, a best
balance solution is selected by minimizing the Euclidean distance to the utopia point (UP).
The UP is defined as the vector collecting the best value of each objective across the anchor
solutions. Since the UP is typically unattainable in the feasible set due to conflicting objec-
tives, the minimum-distance criterion provides a systematic way to select a Pareto-effi-
cient compromise solution that is close to the ideal performance across all objectives. To
ensure comparability across objectives with different units and scales, the distance is eval-
uated in a normalized objective space.

Given a Pareto-efficient solution, the value of each objective is normalized as in Equa-
tion (32), where ¢5°* and ¢¥°s¢ denote the best and worst values of objective n across
the APs.

Y bn (x) - cl)ge“
b, (x) = worst — pest vn €N (32)
With the normalization in Equation (32), the normalized UP corresponds to the origin
(i.e., the zero vector). Therefore, the Euclidean distance to the UP in the normalized objec-
tive space, d(x), can be computed as in Equation (33). The best balance solution is selected

as the Pareto-efficient solution that minimizes d(x).

d(x) = Z dn(x)? (33)

nenN

The selected best balance solution is then analyzed alongside the APs in terms of (i)
the optimal capacity-expansion decisions (technology selection and sizing) and (ii) the
corresponding optimal operational schedules (generation mix, renewable curtailment,
and storage charging/discharging).

2.4.3. Experimental Setup

The model is implemented in AMPL (AMPL Optimization, Inc., Mountain View, CA,
USA) and solved with Gurobi Optimizer v11.0.3 (Gurobi Optimization, LLC, Beaverton,
OR, USA). All computations were carried out on a workstation equipped with an AMD
Ryzen™ 9 7845HX CPU @ 3.00 GHz and 16 GB of RAM.

For the Italian case study, the CUC formulation is adopted in its relaxed version,
where commitment variables are defined as continuous cluster-level variables. Under this
assumption, the overall problem reduces to an LP formulation. As discussed in Section
2.3, the proposed formulation also allows solving the CUC component as a MILP by en-
forcing integer commitment variables. Relaxing integrality may smooth discrete commit-
ment transitions at the cluster level and may affect the valuation of start-up and ramping-
related operating costs, with implications for flexibility assessment. As highlighted in the
literature, using continuous rather than integer commitment variables can reduce the
computational burden while having a limited impact on accuracy [7]. In particular, bench-
marking evidence discussed by Poncelet et al. [7] reports sub-percent deviations in total
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system cost between integer commitment and continuous commitment variants, together
with order-of-magnitude reductions in computation time. They also report that the errors
introduced by using a formulation that includes all UC constraints but uses continuous
instead of integer commitment variables are significantly lower than the impact of the
choice of cycling capabilities of thermal generators.

The Pareto frontier of the three-objective problem is constructed using the NNC
method. The resulting set represents the non-dominated (Pareto-efficient) solutions in the
objective space. In this study, each Pareto point is characterized by the value of the total
annual system cost, Equation (1), annual GHG emissions, Equation (6), and social oppo-
sition, Equation (7).

For the Italian case study, the resulting optimization problem comprises 39,805 vari-
ables (all continuous) and 41,174 constraints.

3. Results

The results obtained from the model application to the Italian case study are pre-
sented in the following sections.

3.1. Pareto Frontier

Figure 2 shows the set of non-dominated (Pareto-efficient) solutions obtained with
the NNC method in the three-dimensional objective space (cost, GHG emissions, and so-
cial opposition). Each point represents a feasible power system configuration. The three
APs, obtained by optimizing each objective separately, are highlighted in gray. AP1 cor-
responds to the cost-optimal solution, AP2 to the emissions-optimal solution, and AP3 to
the social-optimal solution. The best balance (BB) solution, selected by minimizing the
Euclidean distance to the UP, is highlighted in red. The generation of the Pareto frontier
required approximately 2 h, with an average computational time of about 10 s per point.

484 O
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o Q@ &)
< \ eo0e0
2" ®o 0
Q
S 45+ ‘o:ﬁ o
© ~ 0 g
£
8 44 o %.. © : *.. AP
‘.o o9
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50 AP3 %6 25
60
GHG [MtCO2eq] 70 28 Cost [bn€]

Figure 2. Pareto-efficient solutions for the Italian case study in the three-dimensional objective space
defined by cost, GHG emissions, and social opposition.

Table 3 reports the objective values and derived indicators for the three APs and for
the BB solution.

Table 3. Objective values and derived indicators for the anchor points and the best balance solution.

Category Unit AP1 AP2 AP3 BB
total cost [bn€] 23.6 27.3 28.0 24.8
GHG emissions [MtCO2eq] 69.8 36.0 63.0 56.5
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social opposition [%] 444 479 43.6 44.7
avg cost per MWh [€/MWh] 60.4 69.5 72.0 63.4
carbon intensity ~ [gCOz2eq/kWh] 178.6 91.6 161.2 144.4

AP1 (cost-optimal) yields the lowest total cost (23.6 bn€) with 69.8 MtCO:eq and
44.4% social opposition. AP2 (emissions-optimal) achieves the minimum GHG emissions
(36.0 MtCOzeq) with 27.3 bn€ and 47.9% social opposition. AP3 (social-optimal) attains the
lowest social opposition (43.6%) with 28.0 bn€ and 63.0 MtCOzeq. The BB solution lies
between AP1 and AP2 for cost (24.8 bn€) and between AP2 and AP3 for GHG emissions
(56.5 MtCOreq), while keeping social opposition close to AP1 (44.7%).

In terms of derived indicators, the average electricity cost ranges from 60.4 €/ MWh
(AP1) to 72.0 €/MWh (AP3), with BB at 63.4 €/ MWh. Carbon intensity ranges from 91.6
gCO2eq/kWh (AP2) to 178.6 gCO2eq/kWh (AP1), with BB at 144.4 gCO2eq/kWh.

3.2. Capacity Expansion Planning

Figure 3 reports the new capacity additions by technology for the APs and the BB
solution, disaggregated into generation (Figure 3a) and storage (Figure 3b).

EPV utility @PVsmall Bwind offshore Bwind onshore B nuclear Enatural gas [@BESS small MBESS utility ®PHS
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Figure 3. New capacity additions by technology for the anchor points and the best balance solution:

(a) generation capacity; (b) storage capacity.

Across all configurations, solar PV provides the largest share of new generation ca-
pacity, and both utility-scale and small-scale PV additions are identical in the four solu-
tions. Investments in new wind capacity are observed in all configurations, including both
onshore and offshore components. Offshore additions are identical across all cases,
whereas onshore additions differ only in AP1, where the new capacity is lower than in the
other configurations. Concerning dispatchable capacity, AP1 exhibits no additions, nu-
clear investments are introduced in AP2 and remain marginal in BB, whereas natural-gas
investments occur only in AP3.

On the storage side, small-scale BESS additions are identical across all solutions. In
AP1, storage expansion is limited to small-scale BESS additions. In contrast, AP2 and AP3
deploy substantial additional storage dominated by utility-scale BESS, with AP2 also fea-
turing new PHS capacity. The BB solution shows a moderate storage expansion, consisting
of both utility-scale and small-scale BESS.

3.3. Operational Schedules

Figure 4 shows the generation mix (Figure 4a) and renewable curtailment (Figure 4b)
for the APs and the BB solution.
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AP1 shows the lowest renewable share (56%), with natural gas supplying the remain-
ing 44% of total generation. The other solutions feature similar renewable shares (around
60%), while nuclear generation differs across them, accounting for 15% in AP2, being ab-
sent in AP3, and reaching 4% in BB. Accordingly, the share of natural gas decreases to
23% in AP2, while it remains higher in AP3 (38%) and BB (36%). Renewable curtailment
varies across solutions, ranging from about 0.5 TWh in AP2 to about 8 TWh in AP1, with
intermediate values of 1.4 TWh in AP3 and 6.4 TWh in the BB solution.
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Figure 4. Generation mix and renewable curtailment for the anchor points and the best balance so-

lution: (a) generation shares by technology; (b) curtailed renewable energy.

Figure 5 shows the average hourly profiles of aggregated storage operation and re-
newable curtailment for AP1 (Figure 5a), AP2 (Figure 5b), AP3 (Figure 5c), and the BB
solution (Figure 5d), with positive and negative values denoting charging and discharg-
ing, respectively.

Figure 5 highlights a recurring diurnal pattern in storage operation across all cases,
with charging concentrated in the central hours of the day and discharging mainly occur-
ring during night-time and early-morning hours. The amplitude of storage operation dif-
fers across solutions. Charging and discharging volumes are highest in AP2 and lowest in
AP1, with AP3 and the BB solution showing intermediate values. In all cases, renewable
curtailment is concentrated around mid-day, with lower levels in AP2 and AP3 and higher
levels in AP1 and the BB solution.
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Figure 5. Average daily hourly profiles of storage operation and renewable curtailment: (a) AP1
(cost-optimal); (b) AP2 (emissions-optimal); (¢) AP3 (social-optimal); (d) BB (best balance).

4. Discussion

This section discusses the main insights from the Italian case study by interpreting
the three-objective trade-off surface (Section 4.1) and its implications for expansion and
operation decisions (Section 4.2). It then summarizes the methodological and managerial
insights of the proposed modeling approach (Section 4.3).

4.1. Trade-Off Analysis

The Pareto set of efficient solutions confirms that the three objectives are conflicting,
and decision support benefits from an explicit representation of the attainable trade-off
surface. The cost-optimal solution (AP1) minimizes expenditure but results in compara-
tively high emissions, reflecting the continued role of natural-gas generation and limited
additional flexibility. Conversely, the emissions-optimal solution (AP2) achieves the low-
est carbon footprint but requires a marked cost increase, consistent with a system that
relies more strongly on low-carbon firm generation and greater flexibility provision. The
social-optimal solution (AP3) attains the lowest social opposition at a further cost pre-
mium and with emissions remaining substantially higher than AP2. This highlights that
resistance to specific technologies such as nuclear does not necessarily align with deep
decarbonization pathways. The best balance (BB) solution provides a compromise among
the objectives. Compared to AP1, it delivers a sizable emissions reduction (+20%) for a
limited cost increase (*5%) and a marginal increase in social opposition (=0.7%).

A further observation is that the attainable range of social opposition is compara-
tively narrow relative to the ranges of costs and emissions. This behavior is consistent
with the adopted metric, defined as the ratio between the generation-weighted sum of
technology-level opposition scores and total electricity demand. Under this definition, the
social opposition score is dominated by technologies contributing most to annual dis-
patch. When dispatch remains concentrated on technologies with similar opposition
scores and when their shares vary moderately across efficient solutions, the system-level
average changes only slightly. In this setting, the social objective is therefore most in-
formative through portfolio effects (e.g., the deployment of contested firm low-carbon op-
tions such as nuclear), rather than through large movements of the aggregated index.

From a policy perspective, the proposed indicator is intended to support system-level
comparisons of alternative generation portfolios and to highlight how contested options
affect compromise solutions in the three-objective space. It should not be interpreted as a
siting or permitting metric, since local acceptance is shaped by spatial heterogeneity and
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visibility-related factors that are not represented in the present system-level formulation.
Accordingly, complementary spatially explicit analyses and participatory assessments are
required when the focus is on location-specific deployment decisions.

4.2. Capacity Expansion Implications

Across the Pareto set, VRE deployment emerges as a consistent expansion signal,
confirming its central role in the Italian 2040 transition. Differences among efficient solu-
tions are driven mainly by the amount and composition of flexibility investments and the
role of dispatchable and firm low-carbon technologies. Moving from cost-oriented to
emissions-oriented solutions systematically increases the need for flexibility and reduces
reliance on unabated thermal dispatch, reflecting the increasing value of flexibility at high
VRE penetration. Conversely, minimizing social opposition can constrain the adoption of
specific firm low-carbon options such as nuclear.

Operational outcomes provide a coherent interpretation of these expansion patterns.
Storage follows a consistent diurnal behavior, with charging aligned with periods of high
VRE availability and discharging shifted toward hours with higher residual demand. Dif-
ferences among solutions are reflected in the intensity of storage cycling and in curtail-
ment levels. Emissions-oriented solutions typically reduce curtailment through stronger
flexibility provision and a lower reliance on thermal balancing, whereas cost-oriented so-
lutions accept higher curtailment and rely more on dispatchable generation to maintain
feasibility at lower total cost. Overall, the case study shows that flexibility investments
and operational constraints jointly shape the achievable trade-offs and the role of storage
and dispatchable resources.

In the cost-optimal solution (AP1), investments in capital-intensive options such as
nuclear and large-scale storage are not selected, and the system relies on the existing dis-
patchable capacity while accepting higher curtailment and emissions. In the emissions-
optimal solution (AP2), nuclear investments emerge as a firm low-carbon option, and the
system places a higher value on additional storage flexibility to reduce natural-gas gener-
ation and curtailment. In this context, PHS is selected as a long-duration flexibility option
that complements BESS. In the social-optimal solution (AP3), minimizing social opposi-
tion discourages nuclear and favors additional natural-gas capacity as a source of firm
flexibility. Consistently, no new PHS capacity is installed, and investments in additional
storage capacity are concentrated in BESS. This outcome can be interpreted as reflecting
both the reduced marginal value of long-duration storage when additional firm flexibility
is provided by natural gas and the lower round-trip efficiency of PHS compared to BESS.

It should be noted that the Italian system is represented as a single node and therefore
does not capture transmission constraints, network congestion, or the spatial heterogene-
ity of renewable potentials. This copperplate assumption may affect both renewable inte-
gration and flexibility valuation, for instance by yielding optimistic system-wide balanc-
ing and curtailment estimates when VRE production is geographically concentrated, and
by shifting the relative role of flexibility options (e.g., storage versus transmission rein-
forcement or local dispatchable capacity) compared with a spatially resolved formulation.
Accordingly, the results should be interpreted as system-level insights under the adopted
aggregation, while a multi-node extension with explicit transmission constraints is ex-
pected to refine the quantification of flexibility needs and VRE integration limits.

4.3. Methodological and Managerial Insights

From a methodological standpoint, the proposed modeling approach shows that
three-objective planning can remain tractable while retaining a high level of temporal and
operational detail. Weighted representative periods compress the annual horizon while
preserving intra-period dynamics that are necessary to represent VRE variability and
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flexibility needs. In addition, the CUC retains key commitment decisions and operating
constraints with a reduced combinatorial burden relative to BUC.

From a managerial perspective, the Pareto frontier supports a transparent compari-
son of efficient alternatives and helps identify compromise regions where meaningful
emissions reductions are achievable at limited cost premiums with only marginal changes
in social opposition, avoiding over-reliance on single-objective optima. Moreover, incor-
porating a high level of temporal and operational detail can improve the interpretability
of expansion plans by linking capacity choices to feasible dispatch patterns under high
VRE penetration.

5. Conclusions and Future Research

This paper presents a three-objective optimization model for sustainable power sys-
tem design that simultaneously accounts for costs, GHG emissions, and social opposition.
The model adopts weighted representative periods with intra-period time steps to pre-
serve temporal variability while maintaining tractability, and it integrates detailed opera-
tional constraints through a CUC formulation, which preserves key commitment deci-
sions while reducing the computational burden compared with BUC. The resulting Pa-
reto-efficient solutions, generated using the NNC method, provide a transparent basis for
decision-making, since they render trade-offs explicit rather than embedding preferences
a priori.

The Italian case study illustrates that the three sustainability objectives are conflict-
ing, and that the Pareto set supports the identification of balanced compromises. In par-
ticular, the best balance solution identified shows that non-trivial GHG emissions reduc-
tions can be achieved with a relatively modest increase in system costs, while maintaining
a limited change in social opposition. Conversely, the anchor solutions highlight how pri-
oritizing a single sustainability dimension can imply markedly different expansion strat-
egies and operational patterns, confirming the value of multi-objective formulations for
transparent decision-making. Results also emphasize the central role of flexibility invest-
ments in reducing curtailment and enabling higher renewable shares, and they show how
social preferences can reshape decarbonization pathways by discouraging specific tech-
nologies such as nuclear.

The proposed modeling approach provides a tractable and operationally informed
basis to support sustainable power system design. However, it presents some limitations
that suggest clear directions for future work. The quantitative outcomes of the Italian case
study are conditional to key input assumptions (e.g., social opposition coefficients, carbon
pricing, 2040 cost projections, weather year selection, and representative period selection).
The analysis can be further strengthened in future work through scenario-based studies
and targeted sensitivity assessments for these inputs. The current formulation relies on a
single-node representation and therefore cannot capture spatially differentiated renewa-
ble potentials, network congestion, and the role of transmission expansion. Extending the
model to a multi-node setting with explicit transmission constraints and reinforcement
options could improve the realism of balancing strategies and flexibility valuation under
high VRE penetration. The model represents a target year rather than a multi-year transi-
tion. A multi-year formulation could enable a consistent treatment of technology lead
times and decommissioning trajectories, investment phasing, and evolving operational
conditions across the planning horizon. Furthermore, incorporating uncertainty in de-
mand, technology costs, fuel prices, and renewable availability could improve the robust-
ness of the derived trade-offs and reduce the risk of results that are overly sensitive to
input assumptions.
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Abbreviations

The following abbreviations are used in this manuscript:

AHP Analytic hierarchy process

AP Anchor point

BESS Battery energy storage systems
BUC Binary unit commitment

CucC Clustered unit commitment
EC e-constraint

GHG Greenhouse gas

LP Linear programming

MILP Mixed-integer linear programming
MOEA Multi-objective evolutionary algorithms
NNC Normalized normal constraint
NPV Net present value

PHS Pumped hydro storage

PV Photovoltaic

RPM Reference point method

SOC State of charge

TSO Transmission system operator
ucC Unit commitment

up Utopia point

VRE Variable renewable energy

WS Weighted sum
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