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A B S T R A C T

Circular brine-valorisation chains offer a promising route to address water scarcity and critical raw-material 
recovery, but their large electrical and thermal energy demands can offset environmental benefits if powered 
by fossil sources. This work develops a fully integrated, hourly resolved simulation and multi-objective opti
misation framework for the CARMEn treatment chain − combining nanofiltration, Mg(OH)2 precipitation, 
softening, electrodialysis with bipolar membranes, membrane distillation and reverse electrodialysis – coupled 
with a hybrid solar energy system comprising photovoltaic panels, lithium-ion battery storage, flat-plate solar- 
thermal collectors and a hot-water storage tank. Three representative brine feeds are analysed at a saltwork site 
in Trapani (Italy): reverse-osmosis brine, nanofiltration retentate and saltwork bittern, each targeting 50 t/y of 
Mg(OH)2 production. A deterministic Python model computes 8760 h energy balances, system dispatch, dis
counted cash flows and operational CO2 emissions. A multi-objective genetic optimisation algorithm explores the 
trade-offs between net present value, electrical and thermal coverage, and capital expenditure. Results show that 
all scenarios are economically viable at baseline market conditions (net present value of 224–277 k€, internal 
rate of return of 11–11.5 %, payback of about 8 years), with nanofiltration retentate achieving the best economic 
performance. Bittern attains comparable renewable shares (electrical coverage of 54 %, thermal coverage of 74 
%) at the lowest capital expenditure (514 k€). Sensitivity analysis identifies the electricity export tariff as the 
primary economic driver, while battery capital cost governs storage sizing, with an economic break-even 
threshold around 150 €/kWh. Avoided CO2 emissions range from 37.8 t/y for bittern to 85.4 t/y for reverse- 
osmosis brine, with the thermal contribution dominating in heat-intensive scenarios. The proposed framework 
provides a systematic tool for the co-design of solar-powered circular brine-valorisation systems, with the specific 
quantitative results reflecting the solar resource and regulatory context of the Trapani case study considered 
here.

1. Introduction

Freshwater scarcity is intensifying worldwide due to climate change, 
population growth, groundwater depletion and the increasing frequency 
of extreme climatic events. He et al. [1] project that global urban water 
scarcity will intensify substantially in the coming decades and identify 
technological and infrastructural interventions as key mitigation levers. 
Consistently, Eke et al. [2] document the rapid global expansion of 
desalination capacity and technology deployment as a central strategic 
response to water stress. However, while desalination effectively ad
dresses water scarcity, it simultaneously generates large volumes of 
hypersaline reject streams whose management poses environmental and 

economic concerns. Brine streams typically exhibit salinity levels 
significantly higher than those of seawater and may contain chemical 
additives such as antiscalants and disinfectants, depending on intake- 
water quality and pre-treatment conditions [3]. Deep-well injection 
can be an effective solution for inland desalination plants, as it isolates 
brine in deep confined geological formations, but its feasibility is 
strongly site-specific and must ensure protection of groundwater re
sources [4]. Surface discharge is still the most common practice 
worldwide and, when properly designed and monitored, can be envi
ronmentally acceptable. However, uncontrolled releases may cause 
local salinity and temperature increases (up to 30–40 ◦C); Omerspahic 
et al. [5] document such impacts on marine chemistry and ecosystem 
health in detail. In response to these documented risks, Panagopoulos 
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Nomenclature

Symbols
a the empirically-determined coefficient that accounts for 

convective heat losses at near-stagnant air conditions
a1 the first-order heat loss coefficient [W/(m2⋅K)] [Eq. (14)]
Acoll the total solar-thermal field area [m2]
b the empirically-determined coefficient that accounts for 

the influence of wind on the thermal losses [Eq. (2)]
By the yearly economic benefit [€/y]
cbatt the unit investment cost of the battery [€/kWh]
Cbatt the nominal battery energy capacity [kWh]
cboiler the unit investment cost of the gas boiler [€/kW]
CCO2 ,y the monetized carbon benefit [€/y]
ccoll the unit investment cost of the solar-thermal field [€/m2]
Cel the electrical self-sufficiency fraction [%]
Cgas,y the annual gas boiler fuel cost [€/y]
cgrid the electricity retail price [€/kWh]
cPV the unit investment cost of PV system [€/kWp]
cth the thermal energy cost [€/kWh]
Cth the thermal self-sufficiency fraction [%]
cth,store the unit investment cost of the thermal storage [€/kWh]
Ctot the total investment cost [€]
Dfut(t) the anticipated net energy deficit over the look-ahead 

horizon [kWh]
Ebatt→L the electricity delivered to the load from the battery 

[kWhe]
Eexp, y the annual exported electrical energy [kWhe/y]
Eimp,y the residual annual electricity imported from the grid 

[kWhe]
Eload,y the annual electrical energy demand [kWhe]
Emax the maximum energy that can be stored in the battery 

[kWhe]
EPV→batt(t) the energy directed from PV to battery charging at 

timestep t [kWh]
EPV→L(t) the energy directed from PV to load at timestep t [kWh]
Eres resilience reserve energy of the battery [kWh]
Eroom(t) is the available SOC headroom at time t [kWh]
Eself , y the annual electrical energy served on site (by PV and 

battery) [kWhe/y]
ESOC(t) the instantaneous stored energy [kWh]
Etarget(t) the dynamic minimum SOC target of the battery [kWh]
Eth, store the energy capacity of the thermal storage [kWh]
EFel the emission factors associated with the national electrical 

grid [kgCO2/kWh]
EFth the emission factors associated with an efficient natural 

gas-boiler [kgCO2/kWh]
Gb the beam component of the global solar irradiance [W/m2]
Gd, Hay− Davies the diffuse component from the Hay-Davies model [W/ 

m2]
GPOA the total in-plane irradiance [W/m2]
Gr the ground-reflected irradiance [W/m2]
L the aggregate PV system loss factor [%]
Lfut(t) the cumulative future electrical demand over the horizon 

of 12h [kWh]
LCOMg Levelized Cost of Mg(OH)2 [€/kg]
MCO2 , y the annual avoided emissions [kgCO2/y]
N the project lifetime in years [y]
Ncycles the equivalent number of full charge–discharge battery 

cycles per year [y-1]
OMy the annual operation and maintenance cost [€/y]
PAC, net the AC output PV power [W]
pc the crossover probability [-]
pCO2 the constant carbon price [€/tCO2]

PDC the DC output power [W]
PDC,0 the nominal DC power at reference conditions [W]
pm the mutation probability [-]
PL(t) the instantaneous electrical load [kW]
PL the scenario mean electrical load [kW]
PPV(t) the instantaneous photovoltaic power generation [kW]
pSSP(t) the hourly grid export remuneration [€/kWh]
Pth(t) the thermal power generated at timestep t from solar field 

[kW]
PVfut(t) the cumulative future PV generation over the horizon of 

12h [kWh]
Qboiler,y the thermal energy not covered by the solar subsystem at 

year y [kWh/y]
Qsol, y the useful thermal energy delivered by the solar subsystem 

[kWh]
Qth, load,y the annual thermal load [kWhth]
r the real discounted rate [-]
Ry the cost of optional reinvestments [€/y]
S(t) the net power surplus or deficit [kW]
SOCmax the maximum state-of-charge fraction of the battery [-]
SOCmin the hard lower bound of battery state-of-charge [-]
SOCreserve the minimum state-of-charge fraction of the battery 

retained for instantaneous blackout events [-]
Ta the ambient temperature [◦C]
taut the required autonomy horizon [h]
Tcell the solar cell temperature [◦C]
Tfeed, in the inlet temperature of the feed stream into the chain [◦C]
Tfeed, out the outlet temperature of the feed stream from the chain 

[◦C]
Tm the PV module operating temperature [◦C]
Tmean(t) the mean fluid temperature in the solar collector [◦C]
vw the wind speed [m⋅s− 1]
x the vector of the decision variables of the optimisation 

problem

Greek letters
γ the temperature coefficient of DC output power [◦C− 1]
δPV the PV degradation rate [%/y]]
ΔT the reference temperature difference between the cell and 

the module back surface [◦C]
ϑi the solar incidence angle [◦]
φy the annual derating factor applied to PV-derived energy [-]
η0 the optical efficiency of the collector at reference 

conditions [%]
ηc the distribution index of the Simulated Binary Crossover 

(SBX) operator [-]
ηch the charging battery efficiency [%]
ηcoll the instantaneous solar collector efficiency [%]
ηdis the discharging battery efficiency [%]
ηinv the efficiency of the inverter model [%]
ηm the distribution index of the polynomial mutation operator 

[-]
ηrt the round-trip efficiency of the electrical/thermal storage 

system [%]
σ the mutation scale factor [-]

Acronyms
AGMD Air-Gap Membrane Distillation
BOS Balance of System
CAPEX Capital Expenditure
CARMEn A novel Circular Approach to Recover Critical Raw 

Materials and Energy from Spent Seawater Brines
CHP Combined Heat and Power
CPV Concentrator Photovoltaic
CRM Critical Raw Materials
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and Haralambous [6] review minimal- and zero-liquid-discharge stra
tegies as alternatives that avoid such impacts while enabling resource 
recovery from the concentrated stream. Sewer disposal remains a low- 
cost option for small-scale facilities, yet elevated salinity and chemical 
loads can inhibit biological processes in wastewater treatment plants 
and accelerate infrastructure corrosion, prompting utilities to restrict or 
prohibit such discharges [7].

Given the limitations of conventional disposal methods, current 
research and industrial development increasingly promote brine man
agement solutions aligned with circular-economy principles, aiming at 
maximising water recovery and enabling as the extraction of elements 
such as magnesium, potassium, lithium, and boron, from desalination 
brines [8]. Many of these are listed as critical raw materials (CRM) due 
to their poor availability in Europe and to high-risk, geopolitically 
sensitive supply chains [9]. In this framework, the concept of circular 
desalination has emerged, where brine is no longer treated solely as a 
waste stream but as a secondary resource. Integrated treatment chains 
are being proposed and tested at pilot scale, such as the WATER-MINING 
Mild Liquid Discharge (MLD) scheme in Lampedusa [10], and the 
SEArcularMINE process, which targets the full valorisation of saltworks 
bitterns − the highly concentrated residual brines left by progressive 
evaporation and crystallisation in table-salt production, sometimes up to 
twenty times more saline than seawater − through magnesium recovery, 
internal reagent production and selective extraction of trace elements. 
Recent outputs include a pilot-scale crystallizer for high-purity Mg(OH)2 
from real saltworks bitterns [11], and an ultrafiltration pilot unit for 
ultra-concentrated brines as part of an integrated chain [12], confirming 
the technical feasibility of circular brine valorisation under real oper
ating conditions.

Among emerging circular treatment schemes, one particularly 
promising configuration is the chain developed within the CARMEn (A 
novel Circular Approach to Recover Critical Raw Materials and Energy 
from Spent Seawater Brines) project [13], designed to valorize saline 
solutions such as reverse osmosis (RO) brines and saltworks bitterns. RO 
brines can be directed either to a crystallizer for magnesium recovery as 
Mg(OH)2, or to a nanofiltration (NF) unit for bivalent ion enrichment 
before Mg(OH)2 extraction. In the case of bitterns, due to their very high 
salinity, the NF stage cannot be applied, thus bitterns are solely treated 
in Mg(OH)2 crystallizers. After solids separation, the clarified stream is 
softened and fed to electrodialysis with bipolar membranes (EDBM) 
unit, which generates soda and acid used internally by the reactor and 
the softening resin. The residual saline solution is subsequently 
concentrated in a membrane distillation (MD) unit to produce high- 

purity freshwater. The remaining concentrated brine is valorised in a 
reverse electrodialysis (RED) system exploiting the concentration 
gradient between the concentrated brine and reclaimed water to pro
duce electrical energy, while the final effluent, with composition com
parable to seawater, can be safely discharged, closing the loop..

Despite its strong process performance, the CARMEn chain is energy 
intensive from both the electrical and thermal perspectives. The EDBM 
unit imposes a continuous electrical load, while the MD unit requires a 
stable thermal input at relatively low temperatures (50–80 ◦C). More
over, MD is still a relatively low-technology readiness level (TRL) 
desalination technology and its energy efficiency is not yet fully opti
mised. For these reasons, the integration of renewable energy sources 
(RES) is crucial to render such treatment chains environmentally and 
economically sustainable.

In recent years, an increasing number of studies have investigated 
the coupling of EDBM with photovoltaic (PV) generation, mostly at lab 
scale (TRL ≈ 4), demonstrating that PV-EDBM can achieve techno- 
economic performance comparable to grid-powered operation [14]. 
Herrero-Gonzalez et al. [15] showed that a lab-scale EDBM unit powered 
by a 1.125 m2 PV panel achieved a 40 % reduction in specific energy 
consumption for HCl production, while Cassaro et al. [16] reported 
extended pilot-scale campaigns where EDBM operated continuously in 
summer and winter using renewable energy, confirming the robustness 
of EDBM–RES coupling at higher TRL.

In parallel, membrane distillation has been extensively explored in 
combination with solar energy systems to produce freshwater while 
recovering thermal and, in some configurations, electrical energy. Two 
main strategies dominate: (i) using PV waste heat to drive MD processes 
and (ii) employing photovoltaic/thermal (PV/T) or concentrated 
photovoltaic (CPV) units to supply both heat and power. Wang et al. 
[17] proposed a multistage PV–MD (MSMD) system, in where which a 
cascaded MD module mounted behind a PV panel simultaneously gen
erates electricity (>11 % PV efficiency thanks to cooling) and freshwater 
(~1.7 kg⋅m− 2⋅h− 1). Building on this concept, Amiruddin et al. [18]
developed a multilayered − photovoltaic/air–gap MD (AGMD) system 
for ultrapure water production, later optimized by Fang et al. [19]
through system-level design refinements. At higher solar concentration, 
Rabie et al. [20] investigated a hybrid CPV–DCMD unit where CPV 
cooling heat drives desalination, achieving compact designs with 
improved energy efficiency and water yield. At pilot scale, Bouguecha 
et al. [21] demonstrated a solar-powered DCMD plant combining flat- 
plate collectors and PV panels with a 3.39 m2 membrane area, report
ing a 31.3 % improvement in solar-thermal efficiency through heat 

DC/AC Direct/Alternating Current
DCMD Direct-Contact Membrane Distillation
DHI Diffuse Horizontal Irradiance
DHW Domestic Hot Water
DNI Direct Normal Irradiance
DPBT Discounted Payback Time
EDBM Electrodialysis with Bipolar Membranes
FR Fully Renewable
GC Grid Connected
GHI Global Horizontal Irradiance
GME Gestore dei Mercati Energetici
IEA International Energy Agency
IRR Internal Rate of Return
LC Levelized Cost
LCA Life Cycle Assessment
LCOMg Levelized Cost of Magnesium Hydroxide production
LHS Latin Hypercube Sampling
MD Membrane Distillation
MGP Mercato del Giorno Prima,
MSMD Multistage Membrane Distillation

NF Nanofiltration
NPV Net Present Value
NSGA Non-dominated Sorting Genetic Algorithm
O&M Operation and Maintenance
POA Plane-of-Array
PUN Prezzo Unico Nazionale
PV Photovoltaic
PVGIS Photovoltaic Geographical Information System
PVPS Photovoltaic Power Systems Programme
PV/T Photovoltaic/Thermal
RED Reverse Electrodialysis
RES Renewable Energy Sources
RO Reverse Osmosis
SAPM Sandia Array Performance Model
SBX Simulated Binary Crossover
SOC State of Charge
SSP Scambio Sul Posto
TMY Typical Meteorological Year
TRL Technology Readiness Level

S. Guarino et al.                                                                                                                                                                                                                                Energy Conversion and Management 369 (2026) 122054 

3 



recovery. Several studies have also coupled MD with low-grade waste 
heat (35–80 ◦C) from district heating, CHP plants and industrial cooling 
circuits, using indirect configurations with heat exchangers and thermal 
storage to buffer intermittency and stabilise permeate flux [22].

Although the application of EDBM and MD powered by renewable 
energy sources has been demonstrated at both lab and pilot scales, no 
previous study has integrated both units within a single circular desa
lination treatment chain and simultaneously co-designed the renewable- 
energy system that powers them. In each of the MD-focused studies 
above, single membrane unit is considered in isolation, without battery 
storage, thermal storage, or integration into a multi-stage process chain. 
The literature does not yet offer multi-objective co-optimisation 
frameworks that jointly size PV systems, battery storage, solar-thermal 
collectors and thermal storage to meet the time-varying electrical and 
thermal demands of an integrated (CARMEn-type) process under real
istic solar resource profiles, electricity tariffs, grid export remuneration 
schemes and evolving regulatory incentive frameworks.

The novelty of the present framework therefore lies not in the indi
vidual modelling or optimization techniques employed − photovoltaic 
performance modelling via pvlib, rule-based energy dispatch, dis
counted cash-flow analysis and evolutionary multi-objective optimiza
tion are all established methods − but in their integration into a 
substantially more complex co-design problem than is typically 
addressed in the literature. Specifically: (i) to the authors’ knowledge, 
this is the first framework to jointly size four coupled subsystems (PV, 
battery, solar-thermal collectors and thermal storage) against simulta
neous, explicit electrical and thermal self-sufficiency objectives for an 
integrated, multi-stage circular brine-valorisation chain, rather than the 
one- or two-variable PV-battery or PV-thermal sizing problems common 
in prior studies; (ii) the battery decision space is itself scenario-adaptive, 
with its minimum bound derived from process-specific resilience re
quirements rather than fixed a priori; (iii) the dispatch logic couples 
electrical and thermal storage management under a shared resilience- 
first philosophy, with a conditional economic-export override tied to 
real regulatory remuneration mechanisms; and (iv) each candidate 
design is evaluated through a full 8760-hour hourly dispatch simulation 
nested inside the evolutionary optimisation loop, coupling techno- 
economic, environmental and reliability performance within a single 
four-objective Pareto search. Beyond the framework itself, the resulting 
scenario-specific findings including an economic break-even threshold 
for battery investment and the quantification of the achievable reduc
tion in the levelized cost of Magnesium Hydroxide production (LCOMg) 
provide transferable, practice-relevant design guidance not previously 
available for this class of circular desalination system.

The multi-objective nature of the co-design problem – simulta
neously targeting economic profitability, energy self-sufficiency, carbon 
mitigation and system reliability – requires an optimisation strategy 
capable of exploring complex Pareto fronts in a multi-dimensional, non- 
linear decision space. For this reason, Non-dominated Sorting Genetic 
Algorithm II (NSGA-II) was adopted, being a well-established evolu
tionary algorithm widely used for sizing hybrid renewable energy sys
tems. Prior work has demonstrated its suitability for optimising 
PV–battery configurations under multiple conflicting objectives [23], 
for hybrid PV–wind–storage systems where renewable intermittency 
and storage constraints must be managed [24], and for yielding well- 
distributed Pareto fronts in complex techno-economic optimisation of 
distributed energy systems [25]. Collectively, these studies confirm that 
NSGA-II effectively handles conflicting objectives, non-convex solution 
spaces and mixed discrete–continuous design variables. These proper
ties are particularly relevant to the present co-design problem, which 
involves four simultaneous objectives (net present value, electrical 
coverage, thermal coverage and capital expenditure − CAPEX), 
scenario-dependent adaptive constraints, and a dispatch logic whose 
non-linear interactions between PV sizing, battery operation and grid 
export make gradient-based methods unsuitable.

This study addresses these gaps for the CARMEn brine-valorisation 

chain coupled with a hybrid solar energy supply. Three industrially 
representative feed scenarios are analyzed – saltworks bittern, NF 
retentate and RO brine – covering a wide range of Mg2⁺ concentrations, 
from 2.45 g/L in RO brine as reported for the CARMEn chain [13] to 49 
g/L typical of saltworks bitterns documented in the broader brine- 
valorisation literature [26]. Thermal and electrical loads are taken 
from the techno-economic study of Scelfo et al. [27] at operating pH 
values of 10.6, 10.6 and 12, respectively. For each scenario, the 
framework quantifies key performance indicators including the PV self- 
consumption ratio, the fraction of electrical and thermal energy de
mands covered by on-site renewables, battery cycling behavior, CO2 
emissions avoided, and financial metrics such as Net Present Value 
(NPV), Internal Rate of Return (IRR), and discounted payback period. 
Results are obtained for a single Mediterranean site (Trapani, Italy), a 
single Typical Meteorological Year dataset, and three fixed process 
operating conditions. While the co-design methodology itself − joint 
sizing of PV, battery, solar-thermal and thermal-storage capacity against 
coupled electrical and thermal demand − is readily transferable to other 
sites and processes, its quantitative conclusions (optimal sizing, eco
nomic viability thresholds, achievable renewable coverage) are specific 
to this climatic and regulatory context and should be re-evaluated, 
rather than extrapolated, for sites with materially different solar 
resource, energy market structure, or process characteristics.

2. Materials and Methods

This section presents the integrated modelling and optimisation 
framework developed to evaluate hybrid renewable energy systems for 
the CARMEn brine valorisation chain. Section 2.1 describes the CARMEn 
treatment chain and the structure of the coupled renewable energy 
supply. Section 2.2 introduces the overall simulation architecture, fol
lowed by detailed descriptions of the photovoltaic, battery, thermal, 
economic and environmental sub-models (Sections 2.3-2.7), the multi- 
objective optimisation formulation (Section 2.8), the performance in
dicators (Section 2.9), and the sensitivity and uncertainty analysis pro
tocol (Section 2.10).

2.1. Integrated system: CARMEn treatment chain and hybrid renewable 
energy supply

In this work, the CARMEn treatment chain [13] is integrated with a 
hybrid renewable energy system designed to supply both electrical and 
thermal demands of the process, as schematically illustrated in Fig. 1. 
The renewable section consists of a PV field coupled with a lithium-ion 
battery storage system for the electrical subsystem, and a solar-thermal 
field composed of flat-plate collectors combined with a hot-water stor
age tank for the thermal subsystem. The electrical energy produced by 
the PV system is used to supply the main process units, primarily the 
electrodialysis with bipolar membranes system and, when present, the 
nanofiltration unit, which together represent the dominant electrical 
loads of the chain. The battery system provides short-term energy 
storage, enabling temporal decoupling between PV generation and 
process demand. On the thermal side, the heat required by the mem
brane distillation unit is supplied by the solar-thermal collectors, with 
the thermal storage tank ensuring stable operation by buffering intra- 
day fluctuations in solar availability.

Two alternative operating configurations are considered in this 
study: grid-connected and fully renewable (stand-alone). In the grid- 
connected configuration, the PV system acts as the primary energy 
source, and the generated electricity can be directly used to supply the 
process, stored in the battery, or exported to the grid. In the fully 
renewable configuration, the system operates without grid support, and 
all electrical demand must be met by PV generation and battery storage, 
with any residual unmet demand accounted for as unserved energy, 
which directly penalises the coverage objective in the optimisation. For 
the thermal subsystem, solar collectors and thermal storage remain the 
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primary sources in both configurations, while an auxiliary gas boiler 
provides backup when renewable heat supply is insufficient. The 
dispatch logic governing these interactions is presented in Section 2.4.

2.2. Modelling framework overview

A dynamic techno-economic simulation framework was developed in 
Python to evaluate and optimise the hybrid renewable-energy integra
tion of the CARMEn treatment chain across three industrial scenarios 
(RO brine, NF retentate, and saltwork bittern) under both grid- 
connected and fully renewable (stand-alone) configurations. The 
modelling architecture follows a modular structure in which each 
physical or economic subsystem (photovoltaic generation, battery 
dispatch, solar-thermal production, thermal storage, and economic- 
environmental accounting) is implemented as an independent Python 
function. All components are coordinated by the main simulation 
routine (simulate_system_system()), which ensures consistent hourly 
mass-energy balances over a full meteorological year (8760 h). Fig. 2
summarises the structure of the modelling and optimisation framework, 
highlighting the sequential progression from input data ingestion to 
annual co-simulation, multi-objective optimisation and final post- 
processing stages. The complete code is publicly available in the Zen
odo repository associated with this study (see Data availability).

2.3. Photovoltaic system model

The PV subsystem was modelled using a physics-based approach 
implemented in Python in the function simulate_pv_production() by using 
the open-source library pvlib [28], which provides validated reference 
implementations for the simulation of solar energy systems. The Mod
elChain architecture of pvlib allows combining multiple sub-models 
(solar geometry, irradiance transposition, cell temperature, and DC/ 
AC conversion) into a single reproducible workflow. This modular 
structure ensures a balance between physical accuracy and 

computational efficiency, essential in the multi-objective optimisation 
framework adopted in this study.

Hourly simulations were performed using Typical Meteorological 
Year () data extracted from the Photovoltaic Geographical Information 
System (PVGIS) database [29], accessed programmatically through the 
pvlib iotools interface [30]. The meteorological inputs include global, 
direct normal, and diffuse horizontal irradiance (GHI, DNI, DHI), 
ambient temperature, and wind speed. Solar zenith and azimuth angles 
were computed as a function of time, date, and site coordinates, and all 
data were harmonized to the Europe/Rome time zone. Hourly time se
ries with 8760 records were obtained to represent an annual profile.

Since PVGIS TMY datasets do not provide plane-of-array (POA) 
irradiance, the total in-plane irradiance (GPOA) was reconstructed from 
GHI, DNI, and DHI components through the Hay-Davies transposition 
model (see Equation (1)), implemented internally in the function simu
late_pv_production(). This anisotropic sky model was originally formu
lated by Hay and Davies [31] and subsequently refined by Perez et al. 
[32], who introduced a new simplified version of the diffuse irradiance 
model for tilted surfaces, and later extended by Perez et al. [33] to ac
count for circumsolar and horizon brightening effects. Loutzenhiser 
et al. [33] empirically validated these anisotropic approaches against 
measured data for building energy simulation, reporting a 3–5% annual 
accuracy improvement over the isotropic approach under clear-sky 
conditions consistent with the Mediterranean climate considered here. 
The total irradiance incident on the tilted PV array is given by: 

GPOA = Gb⋅cosϑi +Gd, Hay− Davies +Gr (1) 

where Gb is the beam component on the module plane (W⋅m-2), ϑi is the 
solar incidence angle, Gd, Hay− Davies is the diffuse component from the 
Hay-Davies model (W⋅m-2), and Gr is the ground-reflected irradiance 
(W⋅m-2), computed assuming constant albedo of 0.20.

The module operating temperature (Tm) is evaluated with the Sandia 
Array Performance Model (SAPM) [34], using three empirically- 
determined coefficients a, b, and ΔT: 

Fig. 1. Schematic representation of the CARMEn treatment chain integrated with the hybrid renewable energy system, including electrical and thermal subsystems.
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Tm = Ta +GPOA⋅exp(a + b⋅vw)+
GPOA

1000
⋅ΔT (2) 

where, Ta is the ambient temperature (◦C), vw is the wind speed (m⋅s-1), a 
accounts for convective heat losses at near-stagnant air conditions, b 
represents the influence of wind on the thermal losses, and ΔT is the 
reference temperature difference between the cell and the module back 
surface at 1000 W⋅m-2. For an “open-rack, glass-glass” mounting 
configuration, the adopted coefficients (a = –3.47, b = –0.0594, and ΔT 

= 3◦C) were taken from Sandia Array Performance Model empirical 
coefficient tables [34], with their applicability further supported by the 
wind-speed sensitivity analysis of Anderson et al. [35]. Then, the cell 
temperature is internally derived from the module temperature as: 

Tcell = Tm +
GPOA

1000
⋅ΔT (3) 

The DC electrical output is computed following the PVWatts formu
lation [36], which relates power to irradiance and cell temperature as: 

Fig. 2. Overview of the integrated modelling and optimisation framework. The diagram summarises the four main modules: (1) input data and initialisation, (2) 
annual simulation of renewable supply, energy dispatch and techno-economic–environmental assessment, (3) multi-objective NSGA-II optimisation, and (4) sensi
tivity analysis and post-processing.
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PDC = PDC,0⋅
GPOA

1000
⋅[1 + γ⋅(Tcell − 25) ] (4) 

where PDC,0 is the nominal DC power (W) at reference conditions (1000 
W⋅m-2 and 25◦C), and γ is the temperature coefficient (= -0.004◦C-1). 
The AC power is obtained using the PVWatts inverter model with a 
constant efficiency (ηinv = 96%), and aggregate system losses (ohmic, 
mismatch, wiring, soiling, etc.) are represented by a single loss factor 
L = 0.14[37]. The resulting net hourly AC power profile is expressed as: 

PAC, net = ηinv⋅(1 − L)⋅PDC (5) 

The hourly AC power series 
(
PAC, net

)
is then used consistently in the 

energy dispatch, economics and environmental accounting modules. A 
yearly PV degradation rate of 0.8%, that is applied exclusively in the 
discounted-cash-flow model, accounts for the gradual decline of module 
electrical performance caused by encapsulant ageing, UV exposure, 
corrosion, and increased series resistance. This value aligns with the 
degradation-rate ranges reported in the analytical review by Jordan and 
Kurtz [38] and updated in their subsequent compendium of field 
degradation data [39].

2.4. Battery dispatch strategy and hybrid economic control

The battery energy storage system is simulated through an hourly 
rule-based dispatch algorithm that integrates physical constraints 
(charging/discharging efficiencies and state-of-charge (SOC) bounds) 
with anticipatory look-ahead control and, in grid-connected configura
tions, a price-aware surplus export mechanism. The dispatch logic is 
implemented in the function simulate_energy_system() and operates on an 
hourly energy basis (kWh per timestep), ensuring strict energy balance 
at each step.

At each timestamp, the instantaneous power balance between 
photovoltaic generation (PPV(t) ) and electrical load (PL(t) ) defines the 
net surplus of deficit: 

S(t) = PPV(t) − PL(t) (6) 

PV generation is always allocated to the process load with absolute 
priority: EPV→L(t) = min(PPV(t), PL(t) ).

To enhance operational resilience and reduce unnecessary cycling, a 
12-hour look-ahead window derived from TMY data is implemented. 
Since the TMY is fully known in advance, the look-ahead is determin
istic, involving no forecasting uncertainty (the future PV and load arrays 
are pre-computed once before the main dispatch loop); the implications 
of this perfect-foresight idealisation are discussed in Section 4.5. For 
each timestep, cumulative future PV generation (PVfut) and electrical 
demand (Lfut) over the horizon H = 12 h are computed as in Equations 
(7)-(8). 

PVfut(t) =
∑H

k=1

PPV(t + k) (7) 

Lfut(t) =
∑H

k=1
PL(t + k) (8) 

The anticipated net deficit over the look-ahead horizon 
(
Dfut(t)

)
is then 

used to define a dynamic minimum SOC target 
(
Etarget(t)

)
(expressed in 

energy units, kWh) that the battery must preserve: 

Dfut(t) = max
(
0, Lfut(t) − PVfut(t)

)
(9) 

Etarget(t) = max
(

Eres,min
(

Dfut(t)
ηdis

, Emax

))

(10) 

This target is bounded between a fixed resilience reserve Eres =

SOCreserve ⋅Cbatt - where SOCreserve = 0.20 is the minimum state-of charge 

fraction retained for instantaneous blackout events, and Cbat is the 
nominal battery energy capacity - and the upper bound Emax =

SOCmax ⋅Cbatt , where SOCmax = 0.90 is the maximum allowable state of 
charge. It is important to note that SOCreserve is distinct from the hard 
lower bound of the state of charge of the battery (SOCmin = 0.10), below 
which battery operation is never permitted.

During deficit periods (S(t) < 0 ), battery discharge is allowed only 
when the stored energy exceeds the dynamic target (Equation (11): 

Ebat→L(t) = min
( (

ESOC(t) − Etarget(t)
)
⋅ηdis, − S(t)

)
(11) 

where, ESOC(t) = SOC(t)⋅Cbatt is the instantaneous stored energy, in the 
battery at time t, Etarget(t) is the dynamic minimum SOC target defined in 
Equation (9), ηdis is the battery discharging efficiency, and S(t) is the net 
power surplus or deficit at time t. The dischargeable energy is limited as 
in Equation (11). If the SOC is at or below the target, stored energy is 
preserved and the discharge is inhibited; the remaining deficit is covered 
by grid import in grid-connected configurations or classified as unserved 
load in fully renewable systems. An optional weekly cell-balancing 
routine forces discharge to the minimum SOC at fixed intervals of 168 
hours (once per week), emulating period capacity verification. This 
routine is active only in grid-connected mode.

During surplus periods (S(t)⩾0 ), PV surplus is directed to battery 
charging up to the available SOC headroom, defined as the energy that 
can still be stored before reaching the upper bound Emax = SOCmax ⋅Cbatt. 
The charge energy allocated at each timestep is given by Equations 12- 
13: 

Eroom(t) = Emax − ESOC(t) (12) 

EPV→bat(t) = min
(

S(t),
Eroom(t)

ηch

)

(13) 

where, Eroom(t) is the available SOC headroom at time t, and ESOC(t) is the 
instantaneous stored energy. In Equation (13), EPV→batt(t) is the energy 
directed from PV to battery charging at timestep t, and ηch is the battery 
charging efficiency.

In grid-connected configurations, a hybrid price-aware override is 
evaluated at each surplus timestep. When the hourly grid export 
remuneration pSSP(t)(the Scambio Sul Posto SSP mechanism is regulated 
under Italian energy policy frameworks [40]) exceeds the retail import 
price cgrid: 

pSSP(t) > cgrid (14) 

the override activates and the entire PV surplus is exported directly to 
the grid rather than stored. This condition reflects scenarios where 
export incentives, such as the Italian Comunità Energetiche Rinnovabili 
(CER - Renewable Energy Community) scheme [41], make immediate 
export economically preferable to storage and subsequent self- 
consumption. Under baseline market conditions (pSSP≈ 0.108 €/kWh 
< cgrid = 0.22 €/kWh), the condition in Equation (14) is never satisfied 
and the override remain inactive, yielding dispatch behaviour identical 
to the resilience-only logic. The override activates exclusively when 
partial or fully CER incentive levels are considered.

Charging and discharging efficiencies were set to ηch = ηdis = 0.95, 
consistent with the 85–90% -round-trip efficiency reported for lithium- 
ion systems in utility-scale battery storage cost projections [42] and in 
techno-economic assessments of PV-storage systems [43]. SOC dy
namics follow the discrete hourly balance that updates it considering 
charging and discharging energy flows at each time step: 

ESOC(t) = ESOC(t − 1)+ ηch⋅EPV→batt(t) −
Ebatt→L(t)

ηdis
(15) 

where EPV→batt(t) and Ebatt→L(t) [kWh] are the hourly charge (PV to 
battery) and discharge energies (battery to load), before and after effi
ciency losses. SOC is constrained within the admissible operating win
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dow [SOCmin, SOCmax] = [0.10, 0.90], in line with the storage- 
performance measurement protocol of Ferreira et al. [44] and the 
operational assumptions adopted in the REopt techno-economic model 
[45].

Battery cycling intensity is quantified as equivalent full cycles per 
year: 

Ncycles =

∑
tEbatt→L(t)
ηdis⋅Cbatt

(16) 

This metric is used exclusively within the economic degradation 
module and does not influence dispatch decisions. The complete 
dispatch structure, including dynamic SOC targeting and hybrid eco
nomic override, is illustrated as a flowchart in Supplementary Fig. S1.

2.5. Thermal energy subsystem model

The thermal subsystem consists of a field of flat-plate solar collectors 
coupled with a hot water storage tank, designed to supply the heat re
quirements of the MD unit. The MD module operates with a feed tem
perature of approximately 45◦C and requires a continuous thermal input 
to maintain this temperature. In the simulations, this heat demand was 
assumed as a constant load profile to reflect a steady MD operation. Any 
thermal demand not met by the solar system is assumed to be provided 
by a backup source (e.g. a gas boiler), ensuring the MD process can al
ways run at the required temperature. Conversely, any surplus solar heat 
beyond the instantaneous MD needs can be stored or is otherwise 
curtailed.

The solar-thermal collector field and the hot-water storage tank are 
modeled through the functions simulate_solar_thermal() and simu
late_energy_system().

2.5.1. Solar collector efficiency model
The useful heat output of the solar collectors was computed using a 

simplified form of the Hottel-Whillier-Bliss equation for flat-plate col
lectors [46]. At each hour t, the thermal power solar-generated is given 
by: 

Pth(t) = Acoll⋅GPOA(t)⋅ηcoll(t) (17) 

where Acoll is the total collector area (decision variable in the optimi
sation algorithm), GPOA(t) is the in-plane solar irradiance on the col
lector surface [W⋅m-2], and ηcoll(t) is the instantaneous collector 
efficiency. The plane-of-array irradiance values were derived using the 
Hay-Davies transposition model, in accordance with the methodology 
adopted for the PV subsystem, ensuring uniform solar resource inputs 
across technologies. The collector efficiency is estimated using a line
arized Hottel-Whillier-Bliss formulation: 

ηcoll(t) = η0 − a1⋅
Tmean(t) − Ta(t)

GPOA(t)
(18) 

where η0 represents the optical efficiency of the collector at reference 
conditions, a1 is the first-order heat loss coefficient [W/(m2⋅K)], Tmean(t)
is the mean fluid temperature in the collector [◦C], and Ta(t) is the 
ambient air temperature [◦C] [46]. The collector efficiency is ηcoll is 
constrained between 0 and 0.85 to reflect practical operating limits, and 
is set to zero when GPOA < 50 W/m2. The collector efficiency (Equation 
(18) is evaluated at a constant mean fluid temperature Tmean= 32.5◦C, 
taken as the arithmetic mean of the process inlet and outlet temperatures 
of 45◦C and 20◦C. This value is held constant throughout the simulation 
and does not vary with thermal-storage state of charge or MD operating 
conditions. The adopted parameter values are reported in Section S2.2 of 
Supplementary Material.

2.5.2. Thermal storage and dispatch
To maximize solar heat utilisation, a hot-water thermal storage unit 

is included, whose energy capacity 
(
Eth, store

)
is treated as a decision 

variable in the optimisation. The storage is modelled as an insulated 
sensible storage tank with an overall round-trip efficiency ηrt = 0.85, 
consistent with the typical performance range (0.8 – 0.9) of well- 
insulated hot-water systems [47]. A standing loss rate of 2% per day is 
applied, in line with experimental observations for large-scale water 
tanks [47].

The dispatch logic priorities direct use of solar heat for the MD load, 
using the tank to buffer surpluses and deficits. When solar output ex
ceeds the instantaneous MD demand, the excess is diverted to charge the 
storage up to its capacity, with the charging efficiency penalty applied; 
any unused heat is curtailed. When solar output is insufficient, the 
storage discharges to cover the shortfall, subject to the available state of 
charge and discharge efficiency. Any residual deficit is supplied by the 
auxiliary gas boiler in grid-connected configurations or accounted for as 
unserved thermal energy in fully renewable mode.

The state of charge of the thermal tank is tracked over time consid
ering charge-discharge flows and standing losses, applied at each hourly 
timestep prior to dispatch. The storage is initialised as empty at the start 
of the simulation (worst-case assumption). This integrated thermal 
model enables the calculation of a thermal self-sufficiency metric (Cth)

analogous to the electric case – i.e. the fraction of the MD heat demand 
supplied by the solar collectors either directly or via storage – as defined 
in Section 2.9.

2.6. Economic model

The economic model performs a deterministic techno-financial 
evaluation of each candidate configuration generated by the optimisa
tion framework. It quantifies investment costs, annual operating ex
penses, energy-rated savings, and carbon-credit revenues within a 
unified discounted-cash-flow formulation, providing the Net Present 
Value and other derived economic indicators [48]. The model is 
implemented within the function simulate_energy_system().

For each configuration, the total capital expenditure (Ctot) is 
computed as the sum of the investments associated with the photovol
taic field, the battery storage system, the solar thermal collectors, the 
thermal storage tank, and the auxiliary gas boiler: 

Ctot = cPV⋅PPV + cbatt⋅Cbatt + ccoll⋅Acoll + cth, store⋅Eth, store + cboiler⋅Pth, peak (19) 

where PPV [kWp], Cbatt [kWh], Acoll [m2], and Eth, store [kWh] are the 
decision variables representing the installed capacities, and ci are the 
corresponding unit investment costs. The auxiliary gas boiler is sized at 
the peak thermal load 

(
Pth, peak

)
[kWth], with the unit cost cboiler. Since 

thermal loads are modelled as flat profiles, Pth, peak coincides with the 
nominal thermal demand of each scenario. The boiler is replaced once 
during the project lifetime (at year 15), with the replacement cost dis
counted to present value. Note that Ctot corresponds to the CAPEX 
objective in the optimisation framework (Section 2.8), where it appears 
as − Ctot to allow minimisation within a maximisation problem.

Hourly energy simulations are aggregated into annual balances to 
determine electrical and thermal energy flows. The yearly economic 
benefit 

(
By

)
at year y is expressed as: 

By =
(

Eself , y⋅cgrid − Eimp, y⋅cgrid + Eexp, y⋅pSSP,y

)
+Qsol, y⋅cth +CCO2 ,y (20) 

where Eself , y is the annual electrical energy served on site (by PV and 
battery), representing the baseline grid cost avoided; Eimp, y is the re
sidual annual grid import; Eexp, y is the annual exported energy, Qsol, y is 
the useful thermal energy delivered by the solar subsystem (directly and 
via storage);cgrid is the retail electricity import tariff; pSSP,y is the annual- 
average export remuneration under the Scambio Sul Posto mechanism; 
cth is the reference thermal energy cost representing the unit cost of heat 
that would otherwise be supplied by the gas boiler; and CCO2 ,y is the 
monetized carbon benefit as detailed in Section 2.7. The annual boiler 
gas cost, corresponding to the thermal energy not covered by the solar 
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subsystem, is treated as a fuel operating cost and subtracted separately 
within the cash-flow structure. Annual operation and maintenance costs 
are modelled as fixed fractions of the respective CAPEX components, as 
reported in , and remain constant in real terms over the system lifetime. 
Component degradation is accounted for by an annual derating factor 
applied to PV-derived energy benefits φy = (1 − δPV)

y− 1, where δPV =

0.8%/y is the PV degradation rate defined in . The Net Present Value of 
each configuration is then computed as: 

NPV = − Ctot +
∑N

y=1

(
By − OMy − Cgas,y − Ry

)

(1 + r)y (21) 

where r is the real discounted rate and N the project lifetime in years, 
both reported in ; OMy is the annual operation and maintenance cost, 
computed as fixed fractions of the respective CAPEX components () and 
assumed constant over the project lifetime; Cgas,y is the annual gas boiler 
fuel cost, evaluated as Cgas,y = Qboiler,y⋅cth,ref , where Qboiler,y is the thermal 
energy not covered by the solar subsystem at year y; and Ry is the 
replacement cost of battery or thermal storage components at the years 
specified in , zero otherwise.

The Internal Rate of Return (IRR) is obtained as the rate r∗ that 
satisfies: 

0 = − Ctot +
∑N

y=1

(
By − OMy − Cgas,y − Ry

)

(1 + r)y (22) 

and the discounted payback time (DPBT) is defined as: 

DPBT = min

{

y ∈ N :
∑y

k=1

(
Bk − OMk − Cgas,k − Rk

)

(1 + r)k ⩾Ctot

}

(23) 

The IRR computation is performed numerically using the numpy- 
financial Python package[49], consistent with standard financial- 
computation practices in Python [50]. All economic quantities are 
expressed at constant price levels in the baseline configuration; Section 
2.10 relaxes this assumption for the export tariff and thermal energy 
through dedicated sensitivity and uncertainty analyses.

2.7. Environmental model

The environmental model quantifies the avoided carbon dioxide 
(CO2) emissions associated with the renewable energy contribution of 
each system configuration. It evaluates both the electrical and thermal 
shares of the displaced conventional energy sources, converting them 
into equivalent avoided emissions and integrating their monetary value 
directly into the cash-flow structure of the economic model (as described 
in Section 2.6). The total avoided emissions for each year y are computed 
as: 

MCO2 , y = Eself , y⋅EFel +Qsol, y⋅EFth (24) 

where Eself , y [kWh] is the annual self-consumed electrical energy, Qsol, y 
[kWhth] is the useful thermal energy delivered by the solar field, and EFel 
and EFth [kgCO2/kWh] are the emission factors associated with the 
national electrical grid and an efficient natural gas-boiler, respectively 
[51]. The first term accounts for avoided grid-related emissions through 
renewable self-consumption, while the second term represents avoided 
thermal emissions due to solar heat production. Exported PV electricity 
is deliberately excluded from carbon accounting, consistently with a 
conservative approach that attributes emission credits only to directly 
displaced energy consumption.

The annual avoided emissions 
(
MCO2 , y

)
[kgCO2/y] are then con

verted into tonnes of CO2 and monetised through a constant carbon price 
pCO2 [€/tCO2]: 

CCO2 , y =
MCO2 , y

1000
⋅pCO2 (25) 

This value is incorporated directly into the annual economic benefit 
(
By
)

of the discounted-cash-flow formulation (Equation (20), ensuring 
that environmental and economic performance are jointly evaluated. All 
emission factors and the carbon price are treated as scenario-dependent 
parameters and are defined explicitly in Section S2.5 of Supplementary 
Material.

The environmental assessment above is limited to operational 
emissions avoided through renewable self-consumption; it does not 
include embodied (upstream, manufacturing-stage) emissions associ
ated with the renewable components themselves. To gauge the materi
ality of this scope limitation, a screening-level embodied-emissions 
estimate was performed for the PV modules, battery, solar-thermal 
collectors and thermal storage tank of each optimised configuration, 
using representative emission factors from the life-cycle assessment 
literature: 520–700 kgCO2eq/kWp for crystalline-silicon PV modules, 
based on the updated life-cycle inventory data compiled by the Photo
voltaic Power Systems Programme Task 12 of International Energy 
Agency (IEA PVPS) [52]; 100–200 kgCO2eq/kWh for Li-ion batteries for 
stationary applications, derived from the systematic reviews of Bau
mann et al. [53] and Peters et al. [54]; 150–200 kgCO2eq/m2 for flat- 
plate solar-thermal collectors, following Ardente et al. [55]; and 
20–40 kgCO2eq/kWh_th for domestic hot water (DHW) thermal storage 
tanks, drawing on the comparative Life Cycle Assessment (LCA) of 
Berger et al. [56] and the recent findings of Psimopoulos et al. [57]. The 
embodied footprint of the battery is counted twice to reflect its one mid- 
life replacement within the 20-year project horizon, consistent with the 
battery replacement schedule already adopted in the economic model 
(Section 2.6). This screening estimate is not a full cradle-to-grave life- 
cycle assessment: it omits transport, installation, end-of-life and recy
cling stages. It nonetheless provides an order-of-magnitude bound on 
how embodied emissions might affect the environmental-benefit con
clusions reported in Section 4, expressed there as a carbon payback time, 
the time required for operational CO2 savings to offset the one-time 
embodied footprint.

2.8. Multi-objective optimisation framework

The optimal sizing of the integrated renewable system was deter
mined through a multi-objective evolutionary optimisation based on 
NSGA-II [58], implemented entirely in Python within the function 
nsga2_optimize().

The optimisation problem is formulated as a vector maximisation: 

max
x

F(x) =

⎡

⎢
⎢
⎣

NPV(x)
Cel(x)
Cth(x)
− Ctot(x)

⎤

⎥
⎥
⎦ (26) 

subject to: 
⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

0⩽PPV⩽Pmax
PV

0⩽Cbatt⩽Cmax
batt

0⩽Acoll⩽Amax
coll

0⩽Eth, store⩽Emax
th, store

(27) 

where the decision vector x =
[
PPV , CBatt , Ath, Eth, store

]
includes the rated 

PV power [kWp], the battery energy capacity [kWh], the solar-collector 
area [m2], and the thermal storage capacity [kWhth]. The four objective 
functions correspond respectively to: 

i. The NPV, representing the overall economic profitability;
ii. the electrical self-sufficiency index (Cel), i.e. the fraction of the 

electrical demand covered by PV and battery;
iii. the thermal self-sufficiency index (Cth), defined analogously for 

the thermal subsystem; and
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iv. the negative of the total investment cost ( − Ctot), allowing min
imisation of capital expenditure within the same maximisation 
framework.

The optimisation bounds for both grid-connected and fully renew
able configurations are reported in . Each candidate solution is evalu
ated by the deterministic simulation engine (simulate_energy_system()), 
while the NSGA-II relies on stochastic evolutionary operators under 
elitism and Pareto-based ranking. All simulations are executed with a 
fixed random seed, ensuring full reproducibility of the resulting Pareto 
fronts.

The initial population is generated through Latin Hypercube Sam
pling (LHS) [59], ensuring the uniform coverage of the multidimen
sional decision space and reducing initialisation bias. At every 
generation, individuals are ranked using the fast non-dominated sorting 
procedure [58]. Within each Pareto front, the crowding distance metric, 
as defined in the original NSGA-II formulation [58], quantifies the local 
density of solutions and preserves diversity along the front.

Parent selection is performed by binary tournament, favoring in
dividuals with better rank and higher crowding distance. Offspring are 
produced via Simulated Binary Crossover (SBX) [60] and polynomial 
mutation [61]. Elitism is enforced by each generation so that all non- 
dominated individuals survive, ensuring a monotonic improvement of 
the Pareto front. All algorithmic settings are summarized in Section S2.6 
of Supplementary Material.

The algorithm proceeds for a fixed number of generations. The final 
output consists of a set of Pareto-optimal configurations, each repre
senting a trade-off between economic profitability and energy self- 
sufficiency. Three representative designs are then extracted from each 
Pareto front: the configuration maximizing NPV (Best-NPV), the lowest- 
CAPEX solution achieving at least 95% of the maximum NPV (MinCA
PEX-95NPV), and the solution maximizing the combined energy au
tonomy (Cel + Cth) (Best-coverage).

2.9. Performance indicators

This study adopts a consistent set of performance indicators 
computed directly from the hourly balances. Electrical self-sufficiency 
Cel [%] is defined as: 

Cel = 100⋅
(

1 −
Eimp,y

Eload,y

)

(28) 

where Eimp,y [kWh] is the yearly grid import and Eload,y [kWh] is the 
yearly electrical demand. Thermal self-sufficiency Cth [%] is: 

Cth = 100⋅
(

1 −
Qsol, y

Qth, load,y

)

(29) 

where Qsol, y [kWhth] is the useful solar heat delivered (directly and from 
storage) and Qth, load [kWhth] is the yearly thermal requirement of the MD 
unit. Techno-economic indicators include Ctot, NPV, IRR, and DPBT, as 
defined in Section 2.6. The carbon benefit is monetized and integrated 
directly into the NPV in accordance with the environmental model (see 
Section 2.7). Battery cycling behaviour is tracked through the equivalent 
full cycles per year, as defined in Equation (16), which supports 
degradation and replacement cost analyses without influencing dispatch 
decisions. All indicators are evaluated deterministically by the simula
tion engine (simulate_energy_system()), ensuring perfect consistency with 
the energy balances of the PV, battery, and thermal subsystems.

Beyond these discounted-cash-flow indicators, the levelized cost of 
Mg(OH)2 production is used to translate the economic benefit of 
renewable integration into process-economics terms, following the 
approach of Scelfo et al. [13]. Because the Best-NPV renewable config
uration is sized primarily as a grid-export asset rather than dedicated 
process infrastructure (Section 4.1), only the share of the whole 
renewable-system capital expenditure (PV, battery, solar-thermal 

collectors and thermal storage) - rather than its full cost - proportional to 
the fraction of renewable generation actually self-consumed by the 
process is added to the capital expenditure of the CARMEn process chain 
itself [13]; this mirrors how shared infrastructure costs are conven
tionally apportioned between distinct outputs in proportion to usage. 
Because this self-consumption share is itself an outcome of the optimi
sation rather than a fixed input, a single value averaged across the Best- 
NPV configurations of the three scenarios (reported in Section 4.2) is 
applied uniformly for simplicity. Consistent with this allocation logic, 
revenue from exported electricity is not credited in the LCOMg calcu
lation, avoiding double-counting the benefit of the renewable invest
ment and mirroring its exclusion from the operational CO2 accounting 
(Section 2.7).

While the LCOMg indicator translates the economic benefit of the 
Best-NPV design into a single process-economics figure, it does not by 
itself identify which subsystems and design choices actually drive that 
benefit across the wider design space. To address this, the full grid- 
connected Pareto front of each scenario (150 non-dominated solu
tions) was further analysed post-hoc, complementing the descriptive 
reporting of key Pareto-optimal solutions (Section 4.1). Pairwise Pearson 
correlations between the four objectives were computed to characterize 
objective conflicts across the front. Each objective was additionally 
regressed on the four standardized (z-scored) decision variables via or
dinary least squares; the regression coefficients are standardized, 
meaning they are directly comparable and indicate the relative influence 
of each decision variable on the objective, while controlling for the 
mutual correlation of the variables along the front. To extend this driver 
analysis to fair cross-scenario comparisons, scenario comparisons in 
Section 4.1 are further normalised by process load (thermal-to-electrical 
load ratio, and CO2 avoided per unit of total energy demand), separating 
genuine differences in system efficiency from differences that simply 
reflect scenario size.

2.10. Sensitivity and uncertainty analysis protocol

A sensitivity analysis was conducted to assess the robustness of the 
optimal solutions to variations in external economic. The optimisation 
process was re-run for each perturbed scenario while keeping all 
decision-variable bounds and techno-economic inputs unchanged. Three 
sensitivity axes were analysed: 

• Export electricity tariff – five representative scenarios were defined to 
reflect the range of regulatory frameworks governing remuneration of 
electricity exported to the Italian grid. Rather than varying an abstract 
price level, each scenario corresponds to a specific market or incentive 
scheme:

pSSP ∈ {0.086, 0.108, 0.140, 0.173, 0.216} €/kWh 

These values correspond respectively to pessimistic market condi
tions, the baseline market condition based on 2024 (Sicilian day-ahead 
prices, Prezzo Unico Nazionale - PUN) [62], the moderate above-market 
premium scenario, and partially and fully incentivised Renewable En
ergy Community configurations, the latter including incentive contri
butions of approximately 0.110 €/kWh [63]. In each case, the hourly 
export electricity tariff time series is generated by scaling a normalized 
24-hour price shape derived from hourly PUN data for 2024 to each 
scenario level. 

• Battery CAPEX – the specific investment cost of the lithium-ion battery 
was varied across a range reflecting current and projected market 
prices for industrial systems:

cbatt ∈ {400, 300, 250, 200, 150, 100} €/kWh 

The baseline value of 300 €/kWh reflects 2024 European industrial 
installation costs. The150 €/kWh point represents the projected break- 
even threshold in the European context, expected as manufacturing 
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scale-up continues to drive costs down towards the early 2030s [64]. 

• Thermal energy value – the reference cost of displaced thermal energy 
was varied to reflect uncertainty in backup fuel cost [65]:

cth ∈ {0.07, 0.10, 0.13, 0.16, 0.20} €/kWhth 

For each perturbed scenario, a full NSGA-II optimisation is executed 
with identical algorithm settings, as reported in .

To complement the deterministic sensitivity analysis above, which 
re-optimises the design under discrete perturbed scenarios, a Monte 
Carlo uncertainty analysis was additionally performed to test the 
robustness of the already-identified Best-NPV grid-connected design 
under continuous, stochastic variation in its two most influential inputs. 
Rather than re-running the full NSGA-II optimisation, the already- 
optimised sizing (PV, battery, solar-thermal and thermal-storage ca
pacities) was held fixed and re-evaluated via the deterministic simula
tion engine across 1000 independent draws per scenario. Each draw 
jointly samples (i) an annual solar-resource scaling factor, applied to 
both the PV and solar-thermal hourly production series (Normal distri
bution, mean 1.0, standard deviation 5%, reflecting typical inter-annual 
TMY-vs-actual solar-resource variability at Mediterranean sites [66]), 
and (ii) an export-tariff scaling factor, applied to the SSP profile (Uni
form distribution, 0.8-1.3×, matching the range spanned by the five 
deterministic export-tariff scenarios above). This tests whether the rec
ommended design remains viable under uncertainty, which is the 
practically relevant question for a reader deciding whether to build it, 
rather than asking how the optimal design itself would shift under 
different assumptions (already addressed by the deterministic sensitivity 
above). Results are reported in Section 4.

The three sensitivity axes - export tariff, battery capital cost, and 
thermal energy value - were selected as the parameters subject to the 
greatest near-term market and regulatory uncertainty over the 20-year 
horizon: the export tariff reflects Italy’s evolving self-consumption and 
energy-community incentive schemes, battery capital cost is on a steep, 
well-documented decline curve without a comparable near-term 

analogue for the more mature PV technology, and thermal energy 
value tracks historically volatile natural-gas prices. Photovoltaic in
vestment cost, collector degradation, the discount rate and the carbon- 
credit price were also considered; the latter was tested in an earlier 
iteration of this framework and excluded after proving to have a mar
ginal effect (the monetised carbon credit accounts for only 3.8-6.6% of 
annual savings, since only self-consumed electricity is credited).

3. Case Study

This section defines the specific application of the framework 
described in Section 2 to the CARMEn case. The reference site, climatic 
data, and three brine feed scenarios are presented first, followed by the 
full parametric setup (technical, economic, environmental, and algo
rithmic) used in all simulations and optimisation runs reported in Section 
4.

3.1. Site and climatic data

Trapani (latitude 38.017◦N, longitude 12.516◦E), located on the 
western coast of Sicily, Italy, was selected as a representative Mediter
ranean location with high solar resource availability and strong practical 
relevance for industrial desalination and saltworks operations. From 
TMY data retrieved from the PVGIS database [29],Trapani features a 
semi-arid Mediterranean climate, with an annual Global Horizontal 
Irradiation (GHI) of 1842 kWh⋅m− 2, confirming its excellent suitability 
for solar-driven desalination and resource recovery [67]. Based on the 
TMY statistical analysis performed in this study, the daily-average 
ambient temperature ranges between 6.5◦C in February to 31.6◦C in 
August, reflecting mild winters and hot summers. Fig. 3 reports the daily 
mean irradiance profiles derived from the TMY data, showing a clear 
seasonal pattern with summer maxima and winter minima; the pre
dominance of DNI over DHI in summer indicates predominantly clear- 
sky conditions, consistent with a semi-arid Mediterranean climate.

Fig. 3. Daily mean irradiance profiles derived from PVGIS TMY data for Trapani (Italy) [29].
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3.2. Feed scenarios and operating conditions

Three representative brine feed scenarios were analysed, corre
sponding to the three process configurations considered in the CARMEn 
chain: RO brine, NF retentate, and saltworks bittern. Although all three 
scenarios share the same annual Mg(OH)2 production target of 50 t⋅y− 1, 
they differ markedly in feed composition, magnesium concentration, 
hydraulic throughput and, consequently, in the electrical and thermal 
energy demands imposed on the renewable energy system. All scenario 
definitions and process parameters are derived from the techno- 
economic study by Scelfo et al. [27], considering operating pH values 
of 10.6 for both RO brine and NF retentate, while 12 for bittern. These 
values correspond to the conditions exhibiting the lowest levelized cost 
of Mg(OH)2 production.

The renewable system is sized and dispatched under continuous 24/7 
operation using flat electrical and thermal load profiles specific to each 
scenario. 

• Scenario 1 – RO brine: RO brine is the least concentrated feed 
considered (Mg2+ concentration of ~2.0 g/L) and therefore requires 
the largest processing volumes to achieve the same Mg(OH)2 output. 
The corresponding large MD membrane area results in the highest 
thermal demand (42.36 kWth) among the three scenarios.

• Scenario 2 – NF retentate: NF retentate scenario assumes that the RO 
brine is pre-concentrated through a nanofiltration step, enriching the 
Mg2+ content to ≈3.7 g/L and reducing scaling precursors before 
entering the precipitation and softening stages. Its thermal demand 
falls to ≈31 kWth but the NF stage introduces an additional dedicated 
electrical load (≈4.4 kW), making this the most electrically 
demanding scenario of the three.

• Scenario 3 – Bittern: Saltworks bittern is the most concentrated feed, 
characterized by a very high magnesium content (≈49 g/L) and 
significantly reduced volumetric flowrates. It is the least energy- 
intensive scenario in both the electrical and thermal terms, with a 
thermal demand of only 7.84 kWth.

The unit sizing of each process stage - precipitation reactor, softening 
resin, EDBM triplets, MD membrane area and RED stack - follows 
directly from these feed characteristics and is reported in full by Scelfo 
et al. [27]. The steady-state operating conditions for each scenario, used 
as inputs to the simulation framework, are summarised in Table 1. 
Thermal loads are computed from the process mass flow rate value of 
Table 1, and assuming a specific heat capacity of 4.05 kJ•(kg•K)-1 and 
inlet and outlet feed temperature of Tfeed, in = 45◦C and Tfeed, out =

20◦C.
Electrical load values are net of on-site reverse electrodialysis self- 

generation. RED gross power output is small relative to total process 
demand: approximately 90-106 W for RO brine, 46 W for NF retentate 
and 13-25 W for Bittern (0.5%, 0.21% and 0.09% of the reported elec
trical load, respectively; Scelfo et al. [13]) - a negligible contribution 
that does not materially affect the reported electrical demand regardless 
of the netting convention adopted.

3.3. Model parametrisation

The technical, economic, environmental and algorithmic parameters 
adopted for all simulations and optimisation runs are reported in full in 

Supplementary Section S2 [68–77]. These comprise the decision- 
variable bounds (Table S1), the PV, solar-thermal collector and storage 
technical coefficients (Table S2), the techno-economic baseline reflect
ing 2024 Italian cost levels (Table S3), the dispatch and storage settings 
(Table S4), and the NSGA-II algorithmic configuration (Table S5), 
together with the software environment, hardware specifications and 
computational cost of each optimisation run. Three parameter choices 
are recalled here because they are referenced directly in the discussion 
of results: the baseline battery capital cost of 300 €/kWh, reflecting 2024 
European industrial installation costs; the upper bound of 350 kWp on 
PV peak power, corresponding to the maximum installable capacity 
given a roof area of 3000 m2 at a specific footprint of 6 m2/kWp; and the 
scenario-dependent lower bound on battery capacity, set to guarantee 
three hours of autonomy at nominal load (54.6, 64.9 and 46.1 kWh for 
RO brine, NF retentate and Bittern respectively).

4. Results and discussion

This section presents and discusses the optimisation results obtained 
for the three brine feed scenarios under both grid-connected and fully 
renewable operating modes. Pareto-front analysis and the characteri
sation of best-trade-off configurations are reported first (Section 4.1), 
followed by economic performance and sensitivity analysis (Section 
4.2), an assessment of the robustness of these results to input uncertainty 
and to the scope of the environmental accounting (Section 4.3), and a 
comparative assessment of grid-connected versus fully renewable solu
tions (Section 4.4). The section closes with a discussion of the main 
modelling limitations and their implications for the interpretation of the 
results (Section 4.5).

4.1. Grid-connected optimal configurations

The multi-objective NSGA-II optimisation yields well-distributed 
Pareto fronts for all three scenarios under grid-connected operation, 
spanning a broad range of configurations from minimal investment to 
near-maximum renewable coverage (see Fig. 4). The trade-off between 
NPV and combined energy autonomy (Cel + Cth) shows a consistent 
pattern across scenarios: NPV peaks at intermediate coverage levels and 
declines as autonomy increases, reflecting the diminishing economic 
returns of additional storage investment under baseline export tariff 
conditions. The three representative designs extracted from each front – 
Best-NPV, MinCAPEX-95NPV and Best-coverage – are discussed below.

Across all scenarios, the Best-NPV configuration consistently con
verges to a PV field at or near the upper bound (342-349 kWp), a battery 
dimensioned exclusively for 3-hour resilience minimum (46-65 kWh), 
and a solar-thermal field sized to achieve economically justified 
coverage without reaching the optimisation bound. This convergence 
reveals a clear economic logic: under baseline market conditions 
(pSSP = 0.108 €/kWh), exporting PV surplus to the grid is more valuable 
per kWh than storing it for later self-consumption, so the optimizer 
maximizes PV capacity while keeping battery size at the resilience floor. 
The near-identical PV sizing across all scenarios (342-349 kWp) is not 
coincidental but reflects the saturation of the upper bound, which is 
governed by the available roof area (3000 m2, at 6 m2/kWp) rather than 
by process load: under baseline market conditions, installing additional 
PV capacity is always economically advantageous regardless of scenario, 
since surplus generation is remunerated via grid export. The scenario- 
dependent differentiation therefore manifests not in PV sizing but in 
battery capacity, solar-thermal field and, consequently, in NPV and 
thermal coverage. The resulting export-driven dispatch behaviour is 
illustrated in the hourly energy profiles of Fig. 5. This pattern indicates 
that, at the economically optimal sizing found here, the PV subsystem 
operates less as a dedicated process-energy supply and more as a grid- 
export-oriented asset that happens to be co-located with the process: 
direct on-site consumption, while real, is a secondary rather than pri
mary driver of its size. The system is accordingly best characterised as an 

Table 1 
Scenario definitions (continuous operation, Tfeed, in = 45◦C, Tfeed, out = 20◦C).

Scenario Electric load Thermal load Mass flow rate

​ [kW] [kW] [kg/s]
RO brine 18.21 42.36 0.418
NF retentate 21.63 31.08 0.307
Bittern 15.36 7.84 0.077
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integrated process-and-export configuration rather than a purely 
process-driven one.

Table 2 reports annual energy balances for the Best-NPV configura
tions. The PV system delivers a specific yield of 1775.6 kWh/kWp in all 
three scenarios, consistent with the high solar resource available at the 
Trapani site (GHI=1841.8 kWh/m2/y) and providing an implicit vali
dation on the PV model against expected Mediterranean performance 
benchmarks, differences in annual PV production among scenarios are 
entirely attributable to the marginal variation in installed capacity 
rather than to site or model conditions. The dominant energy flow in all 

scenarios is grid export, which absorbs 83-88% of annual PV production 
against a direct self-consumption of only 10-14%, confirming the export- 
driven nature of the optimal dispatch under baseline market conditions. 
Battery throughput is modest by design, reflecting the small capacity 
sized at the minimum resilience bound.

On the thermal side, the balance is markedly scenario dependent. For 
RO brine, solar heat generation falls short of the thermal even at the 
economically optimal field size of 251 m2, leaving 132.8 MWh/y to the 
auxiliary gas boiler; a direct consequence of the economic saturation of 
solar-thermal investment discussed in Section 4.2. NF retentate, by 

Fig. 4. Pareto fronts for the three scenarios under grid-connected operation. Each point represents a non-dominated design; three extracted representative solutions 
are highlighted: Best-NPV ( ), MinCAPEX-95NPV ( ), and Best-coverage ( ).

Fig. 5. Hourly energy profile (24 h rolling average) for the Best-NPV grid-connected solution of the RO brine scenario: (a) electrical subsystem showing PV gen
eration, grid export and grid import against process load; (b) thermal subsystem showing solar-thermal generation, boiler backup, and thermal storage state 
of charge.
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contrast, generates the largest solar heat volume but also the largest 
curtailment (96.6 MWh/y), its storage being unable to absorb the full 
summer surplus, while Bittern operates on a much smaller scale 
throughout. Storage standing losses remain consistent with the 2%/day 
rate assumed in the model.

Table 3 summarizes the key performance indicators for the Best-NPV 
solutions. NF retentate achieves the highest NPV despite its higher 
CAPEX, owing to a relatively large electrical load that maximizes PV 
self-consumption revenue and a moderate thermal demand that allows 
economically justified solar-thermal sizing without reaching the opti
misation bound. RO brine achieves the lowest NPV, largely because its 
very high thermal demand (42.4 kWth) requires a larger solar-thermal 
investment to maintain comparable coverage, while its lower elec
trical load per unit of PV capacity reduces the self-consumption benefit. 
Bittern achieves an intermediate NPV at the lowest CAPEX, reflecting its 
inherently simpler energy supply requirements.

Electrical self-sufficiency is remarkably consistent across scenarios, 
stabilising at 53-54%. This convergence reflects the saturation of PV 
capacity at the upper bound combined with a flat electrical load profile, 
which produces a near-constant ratio of generation to process demand 
regardless of scenario. Thermal coverage is instead scenario-dependent, 
ranging from 64.2% (RO brine) to 74.4% (Bittern). The lower value for 
RO brine confirms that its thermal demand approaches the economic 
saturation point for solar-thermal investment: beyond 251 m2, the 
additional capital expenditure is not recovered through displaced gas 
boiler costs within the project lifetime. This sub-linear scaling of thermal 
coverage with thermal load is further discussed in Section 4.2.

From an environmental perspective, the Best-NPV configurations 
avoid between 37.8 t/y (Bittern) and 85.4 t/y (RO brine) of CO2 
equivalent annually. The breakdown between electrical and thermal 
contributions reveals a clear scenario-dependent pattern: for RO brine, 

the thermal share dominates (64% of the total), reflecting the large 
solar-thermal field required to serve its high heat demand; for NF 
retentate, the split is more balanced, while for Bittern the electric 
contribution prevails, consistent with its very low thermal load (7.84 
kWth). These figures are computed excluding exported PV electricity 
from carbon accounting, in accordance with the conservative approach 
described in Section 2.7.

Battery cycling intensity is remarkably consistent across scenarios, 
with equivalent full cycles per year ranging narrowly between 244.0 (NF 
retentate) and 244.7 (Bittern). This near-identical cycling behaviour is a 
direct consequence of the small battery being sized at the 3-hour resil
ience minimum in all Best-NPV configurations: the limited capacity is 
fully exercised by the daily PV generation-demand mismatch, indepen
dently of the absolute load level. This metric confirms that the adopted 
sizing strategy imposes a uniform cycling regime across scenarios, with 
implications for lifetime estimation and replacement cost projections.

The MinCAPEX-95NPV solutions achieve 95% of the maximum NPV 
at meaningfully lower investment for NF retentate and RO brine (607 k€ 
and 628 k€ respectively), primarily by reducing PV capacity and thermal 
area while maintaining the same battery size. For Bittern, the Best-NPV 
and MinCAPEX-95NPV solutions coincide, indicating that the optimizer 
has already identified a configuration where further cost reduction 
would disproportionally sacrifice NPV.

The Best-coverage solutions reveal the cost of pursuing high 
renewable autonomy within a grid-connected framework. Increasing 
electrical coverage from ≈ 54% to 69-90% requires battery capacity to 
grow from the resilience minimum to 198-270 kWh, at an NPV penalty 
of 54-79 k€ relative to the Best-NPV solution. Under current battery 
costs (300 €/kWh), this additional storage capacity is economically 
justified only if the operator places an explicit value on energy auton
omy beyond what is captured by the NPV formulation.

4.1.1. Pareto-front structure and design drivers
Beyond the three representative solutions above, the structure of the 

full 150-point Pareto front reveals which design variables actually shape 
each objective. Contrary to what a four-objective trade-off might sug
gest, NPV is strongly and positively correlated with both CAPEX 
(r=0.81-0.89) and thermal coverage (r≈0.91) across all three scenarios: 
within the explored design space, greater investment yields greater NPV 
up to a point of diminishing returns, rather than the two being strictly 
opposed. Electrical and thermal coverage, in contrast, are essentially 
uncorrelated for Bittern and RO brine (r≈0 and r=0.15 respectively, 
neither significant) and only moderately coupled for NF retentate 
(r=0.44), confirming that the electrical and thermal subsystems are 
largely independent design axes. Standardized regression of each 
objective on the four decision variables (Fig. 6) shows that CAPEX is 
overwhelmingly determined by PV capacity (β=0.75-0.90, R2≈1.00) 
rather than battery or thermal-side sizing; electrical coverage is jointly 
driven by PV and battery capacity, while thermal coverage is driven 
almost exclusively by collector area, with thermal storage playing a 
secondary role. The dominant driver of NPV is scenario-dependent: for 
RO brine and NF retentate, PV and thermal area contribute comparably, 
whereas for Bittern - the lowest-thermal-load scenario - NPV is driven 
almost entirely by PV capacity alone (β=0.97), with thermal-side vari
ables contributing negligibly. This mirrors the embodied-carbon- 
payback asymmetry identified in Section 4.3 and reinforces that eco
nomics of Bittern reduce, in practice, to a PV-sizing problem. The de
cision variable themselves also reveal how the two storage technologies 
relate: across the Pareto front, battery and thermal-storage capacity are 
essentially uncorrelated in all three scenarios (r=-0.19 to -0.01, not 
economically meaningful), indicating that they are sized independently 
rather than substituting for one another, whereas thermal-storage ca
pacity is strongly correlated with collector area (r=0.58-0.84); the two 
thermal-side components scale together as a single thermal subsystem 
decision, while the battery is sized on its own, resilience-driven logic 
largely decoupled from both.

Table 2 
Annual energy balances for Best-NPV configurations (grid-connected).

RO brine NF retentate Bittern

Electrical subsystem ​ ​ ​
PV production [MWh/y] 607.3 616.1 619.6
PV specific yield [kWh/kWp/] 1775.6 1775.6 1775.6
PV self-consumed [MWh/y] 72.1 84.8 61.4
Battery discharge [MWh/y] 13.6 15.8 11.3
Grid export [MWh/y] 519.8 513.4 545.3
Grid import [MWh/y] 73.5 88.5 61.5
Export/PV production [%] 85.6 83.3 88.0
Thermal subsystem ​ ​ ​
Solar heat generated [MWh/y] 289.5 316.9 81.5
Solar heat delivered to the chain [MWh/y] 238.2 200.9 51.1
Curtailed heat [MWh/y] 30.3 96.6 25.4
Storage thermal losses [MWh/y] 21.0 19.4 5.0
Boiler backup [MWh/y] 132.8 71.5 17.6

Table 3 
Best-NPV solution key performance indicators (grid-connected).

Indicator RO brine NF retentate Bittern

PV peak power [kWp] 342 347 349
Battery capacity [kWh] 56 65 46
Solar-thermal area [m2] 251 275 71
Thermal storage [kWhth] 602 436 115
CAPEX [k€] 647 652 514
NPV [k€] 224 277 259
IRR [%] 11.5 11.2 11.0
DPBT [years] 7.7 7.9 7.89
Cel[%] 53.7 53.1 54.1
Cth[%] 64.2 73.8 74.4
Service level elec. [%] 100 100 100
Service level th. [%] 100 100 100
Battery equivalent cycles[y-1] 244.2 244.0 244.7
CO2 avoided – electrical [t/y] 30.6 36.0 26.0
CO2 avoided – thermal [t/y] 54.8 46.2 11.8
CO2 avoided – total [t/y] 85.4 82.2 37.8
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Taken together, these results translate into concrete design guidance. 
Practitioners sizing a similar system should treat PV capacity, con
strained by available roof area, as the primary design lever and expect it 
to saturate near that physical limit under baseline market conditions 
regardless of process scale. Battery capacity should be sized to the 
resilience requirement rather than enlarged for arbitrage, since it is only 
weakly linked to the other design variables and its own economics do 
not currently justify a larger role. Solar-thermal collector area and 
thermal-storage capacity should be sized together, as a single coupled 
decision, and scaled to the thermal-to-electrical load ratio of the process 
rather than to its absolute thermal demand.

4.1.2. Physical drivers of inter-scenario differences
The comparison across RO brine, NF retentate and Bittern is shaped 

primarily by one physical parameter: the thermal-to-electrical load ratio 
(2.33, 1.44 and 0.51 respectively; Table 1). Because Best-NPV PV ca
pacity saturates near the same roof-area-limited bound in all three sce
narios (see Section 4.3), this ratio, rather than absolute scenario size, 
determines how thermal or PV-dominated the economics and environ
mental profile of each scenario become. RO brine, with the highest ratio, 
requires the least collector area per unit of thermal load (5.9 m2/kWth, 
vs. 8.8-8.9 for the other two scenarios) yet reaches the lowest thermal 
coverage (64.2% vs. 73.8% for both NF retentate and Bittern; Table 3); 
direct evidence of the economic saturation of solar-thermal investment. 
Capital efficiency (NPV per € invested) rises monotonically as the ratio 
falls: 0.346 for RO brine, 0.425 for NF retentate, 0.505 for Bittern (from 
the NPV and CAPEX values in Table 3). Bittern turns every euro of 
CAPEX into the most NPV of the three, because its low thermal load 
means its economics reduce to a near-PV-only sizing problem, consistent 
with the standardised-regression analysis above, where Bittern NPV 
driver is β=0.97 on PV capacity alone. The flip side is environmental: 
normalised per unit of total energy demand rather than reported in 
absolute terms, CO2 avoided is actually highest for Bittern (0.185 t CO2/ 
MWh of demand, vs. 0.178 for NF retentate and 0.161 for RO brine): its 
lower absolute CO2 avoided (37.8 vs. 82-85 t/y; Table 3) reflects having 
less total energy to decarbonise, not a less effective renewable integra
tion, and its longer carbon payback (see Section 4.3) reflects the same 
fixed, roof-area-bound PV footprint being amortised against a smaller 
operational base.

4.2. Economic performance and sensitivity analysis

All three Best-NPV configurations are economically viable at base
line market conditions, with positive NPVs (224-277 k€), IRRs of 11.0- 
11.5%, and discounted payback times of approximately 8 years 
(Table 3). These results confirm that the integration of a hybrid PV-solar- 
thermal system with modest battery storage could deliver robust returns 

for circular brine-valorisation plants under current Italian market con
ditions, without requiring incentive schemes.

4.2.1. Impact of renewable integration on the Levelized Cost of Mg(OH)2 
production

Beyond pure energy economics, the renewable integration produces 
a meaningful reduction in the Levelized Cost of Magnesium Hydroxide 
production. As described in Section 2.9, allocating the whole renewable- 
system CAPEX, weighted by the self-consumption ratio (≈11% across 
scenarios), to the CARMEn process cost model [13] reduces the LCOMg 
by approximately 20% relative to the baseline without renewable inte
gration: from 2.77 to 2.24 €/kg for RO brine, from 2.66 to 2.12 €/kg for 
NF retentate, and from 1.41 to 1.13 €/kg for saltworks bittern. This 
reduction is particularly significant for the bittern scenario, where the 
combination of the lowest process CAPEX and the smallest renewable 
system already delivers a LCOMg well below 1.5 €/kg even without 
incentive schemes, reinforcing its attractiveness as a near-term indus
trial configuration. By partially subsidising process capital through 
shared infrastructure, renewable integration materially improves the 
competitiveness of circular Mg(OH)2 recovery against conventional 
supply chains.

4.2.2. Export electricity tariff sensitivity
The electricity export tariff is the dominant driver of economic per

formance across all scenarios (Fig. 7). At the pessimistic market scenario 
(pSSP = 0.086 €/kWh), NPV remains positive (101-154 k€), confirming 
economic robustness even under adverse conditions. Under full CER 
incentive conditions (pSSP = 0.216 €/kWh), NPV increases by 221-282% 
relative to baseline, reaching 845-902 k€. Critically, under these con
ditions, the hourly export tariff exceeds the grid import price (0.22 
€/kWh) during peak hours, activating the hybrid dispatch override: the 
system shifts from a storage-priority to an export-priority strategy in 
those hours, further improving economic performance and qualitatively 
changing the optimal dispatch behaviour. The slope of the NPV-pSSP 
curve is steeper for RO brine and NF retentate (which have larger PV 
fields relative to their electrical loads and therefore larger export vol
umes) than for Bittern.

4.2.3. Battery CAPEX sensitivity
At the current battery cost (300 €/kWh), the resilience constraint is 

the binding lower bound on battery sizing: removing it would reduce the 
optimal battery to near-zero capacity with a NPV gain of only 12-16 k€ 
(Fig. 8). This confirms that under current market conditions, battery 
storage in grid-connected systems is economically justified exclusively 
for resilience purposes. The break-even threshold (below which battery 
storage becomes economically attractive independently of the resilience 
constraint) is approximately 150 €/kWh for Bitter and RO brine, and 

Fig. 6. Standardized regression coefficients ranking the influence of each decision variable (PV, battery, thermal collector area, thermal storage) on each objective 
(NPV, electrical coverage, thermal coverage, CAPEX), computed across the full 150-point grid-connected Pareto front for each scenario. Larger absolute values 
indicate a stronger influence; sign indicates direction.
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≈100 €/kWh for NF retentate. These thresholds are consistent with 
projected European market prices for industrial lithium-ion systems in 
the early 2030s [64], suggesting that the economic case for larger bat
tery systems will strengthen significantly within the project lifetime.

4.2.4. Thermal energy value sensitivity
NPV increases approximately linearly with the reference thermal 

energy cost across all scenarios (Fig. 9), reflecting the direct propor
tionality between the value of displaced gas heat and the solar-thermal 

Fig. 7. Export tariff sensitivity across all scenarios.

Fig. 8. Battery CAPEX sensitivity across all scenarios.
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benefit in the cash-flow model. NF retentate shows the steepest NPV- 
thermal value slope (+201 k€ over the range 0.07–0.20 €/kWhth), fol
lowed by RO brine (+195 k€) and Bittern (+55 k€). A notable crossover 
occurs near the baseline thermal value (0.10 €/ kWhth): below this 
threshold, Bittern yields the highest NPV owing to its low thermal 
CAPEX, while above it NF retentate becomes the most profitable sce
nario as its larger solar-thermal field generates proportionally greater 
savings on displaced gas costs. For RO brine, the optimal thermal area 
approaches the upper bound (≈250–296 m2) across the full sensitivity 
range, meaning that the NPV sensitivity manifests primarily through 
economic returns rather than through changes in system sizing. For 
Bittern, the small thermal load (7.84 kWth) means that both the optimal 
sizing (58–139 m2) and the NPV respond strongly to gas price variations, 
even though in absolute terms the NPV gain remains modest.

4.3. Robustness to uncertainty and life-cycle scope

The analyses above establish the deterministic economic and envi
ronmental performance of the optimised designs. This subsection tests 
how far those conclusions can be trusted once three simplifications are 
relaxed: the assumption that solar resource and export price are known 
with certainty, the restriction of the environmental accounting to 
operational emissions only, and the use of a reduced computational 

budget for the sensitivity analyses in Section 4.2.

4.3.1. Robustness under solar-resource and price uncertainty
As described in Section 2.10, a Monte Carlo uncertainty analysis tests 

the robustness of the already-optimised Best-NPV grid-connected design 
of each scenario under combined solar-resource and export-tariff un
certainty. Across all three scenarios, economic viability proved robust to 
this combined uncertainty: none of the 3000 simulated draws yielded a 
negative NPV, with the 5th-percentile NPV remaining substantially 
positive in every case (83 k€ for RO brine, 143 k€ for NF retentate, 132 
k€ for Bittern, against published deterministic values of 224 k€, 277 k€ 
and 259 k€ respectively; the Monte Carlo median is somewhat above the 
deterministic baseline in each case, reflecting the 1.05× mean of the 
uniform price-factor distribution rather than any bias in the underlying 
model). As Fig. 10 shows, the resulting NPV distributions are unimodal 
and comfortably clear of the break-even line for all three scenarios, and 
RO brine - the scenario with the lowest baseline NPV and thus the least 
economic headroom - is correspondingly the one whose distribution sits 
closest to, though still clearly separated from, zero; Bittern and NF 
retentate, with higher baseline NPV, show proportionally wider clear
ance from break-even. Electrical and thermal coverage were essentially 
insensitive to this uncertainty (within one percentage point of the 
deterministic value in all cases), as these are governed primarily by the 

Fig. 9. Sensitivity of NPV to the thermal energy value across all scenarios.

Fig. 10. Monte Carlo distribution of NPV under combined solar-resource (±5 % annual, Normal) and export-tariff (0.8–1.3×, Uniform) uncertainty for the Best-NPV 
grid-connected configuration of each scenario (1000 draws each). The dasched black line marks the published deterministic NPV; the dotted red line marks the break- 
even threshold (NPV = 0).
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fixed sizing and load profile rather than by the perturbed solar resource 
or price. These results indicate that the reported economic viability is 
not an artefact of the deterministic TMY and price assumptions but holds 
under a realistic range of interannual solar-resource and market-price 
variability.

4.3.2. Screening-level embodied-emissions comparison
Section 2.7 described a screening-level estimate of the embodied 

emissions excluded from the operational-only environmental assess
ment above. Fig. 11 compares this one-time embodied footprint against 
the annual operational CO2 avoided for the Best-NPV configuration of 
each scenario. The resulting carbon payback time, that is the time 
needed for operational savings to offset the embodied footprint, is 3.4 
years for RO brine and 3.6 years for NF retentate, but 6.4 years for 
Bittern (with a plausible range of 5.4-7.5 years depending on the 
emission-factor assumptions used). This asymmetry follows directly 
from the sizing logic identified in Section 4.1: Best-NPV PV capacity 
saturates near the same roof-area-limited upper bound across all three 
scenarios, whereas the operational CO2 avoided for Bittern is markedly 
lower due to its smaller thermal and electrical loads, so the (similarly 
sized) embodied PV footprint is proportionally harder to offset. Over the 
full 20-year project life, the net lifecycle carbon benefit remains clearly 
positive for all three scenarios: the embodied footprint amounts to 17- 
18% of cumulative operational savings for RO brine and NF retentate, 
and 32.1% for Bittern, confirming that the central environmental 
conclusion of this paper is not overturned by this exclusion, but the 
magnitude of the benefit is scenario-dependent and should be read with 
this qualification in mind, particularly for lower-load scenarios such as 
Bittern.

4.3.3. Convergence of the reduced NSGA-II setting used in the sensitivity 
analyses

The sensitivity analyses in Section 4.2 use a smaller NSGA-II popu
lation/generation setting (60×60, or 40×50 for the thermal-energy- 
value sensitivity - see) than the 150×150 baseline, for computational 
tractability across the 5-6 parameter levels explored in each analysis. To 
confirm this does not compromise the comparability of the sensitivity 
conclusions with the baseline results, the grid-connected optimisation 
for RO brine, that is the scenario with the widest electrical/thermal 
trade-off, was re-run at the reduced 60×60 setting and compared against 
the published 150×150 Pareto front using the hypervolume indicator, a 
standard single-number multi-objective convergence metric. Fig. 12
shows the two fronts overlaid: the reduced setting retains 97.4% of the 

hypervolume of the baseline and identifies a best-NPV solution within 
1.3% of the baseline optimum (220.9 vs. 223.8 k€), confirming that the 
reduced setting is sufficiently converged for the Section 4.2 conclusions 
to be comparable with the baseline.

4.4. Grid-connected vs fully renewable

The comparison between grid-connected and fully renewable con
figurations reveals a fundamental economic asymmetry (Table 4, 
Fig. 13). All fully renewable configurations achieve near-complete 
electrical autonomy (99.9% Cel) but at an economic cost that renders 
them unviable under current market conditions: NPV is strongly nega
tive (-1,061 to -1,261 k€) and the discounted payback time never ma
terialises within the 20-year project lifetime.

The additional investment required for autonomous operation 
ranges from 566 to 739 k€ (87 - 113% above the grid-connected CAPEX), 
driven primarily by battery capacity, which increases by a factor of 
between 19.7 and 24.9 (from 46 - 65 kWh to 913 - 1,460 kWh). At 
current battery costs (300 €/kWh), battery CAPEX alone reaches 274 - 
438 k€ in the fully renewable case - a 20-fold increase from the 14 - 20 k€ 
of the grid-connected resilience battery. Even at 100 €/kWh, battery 
investment would still reach 91- 146 k€, insufficient to recover eco
nomic viability.

A notable anomaly concerns thermal coverage in the fully renewable 
case. Despite much larger solar-thermal fields (up to 500 m2) and 
thermal storage (up to 2000 kWhth), thermal coverage for NF retentate 
(67.7%) and RO brine (82.3%) is lower than in the grid-connected case 
for NF retentate (73.8%), though higher than grid-connected for RO 
brine (64.2%). This apparently counter-intuitive result for NF retentate 
arises because the thermal field bound (500 m2) proves insufficient to 
meet its large thermal demand (31 kWth) throughout the winter period 
without gas boiler backup, which is unavailable in the fully renewable 
mode - unlike the grid-connected case where the boiler seamlessly 
covers residual deficits at no additional capital cost. Only Bittern, with 
its very low thermal load (7.84 kWth), achieves near-complete thermal 
autonomy (98.6%) in the fully renewable configuration.

Achieving economic viability under full autonomy would require 
either external financing or battery costs well below 150 €/kWh - a 
threshold plausible within the project lifetime [64], but not yet reached 
in European markets.

Fig. 11. Screening-level comparison of embodied manufacturing emissions: one-time, mid-estimate; PV, battery, including one replacement, solar-thermal collectors, 
thermal storage (left) against annual operational CO2 avoided (right), for the Best-NPV grid-connected configuration of each scenario. Panels ordered: RO brine, NF 
retentate, Bittern.
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4.5. Limitations

While the results above demonstrate the economic viability across all 
three scenarios, several modelling choices bound the scope of these 
findings and are discussed here in turn: the dispatch strategy itself, the 
extent to which its robustness has been tested against uncertainty, the 
treatment of long-term economic parameters, and the assumption of 
perfect short-term foresight.

The framework relies on a deterministic, rule-based dispatch strategy 
rather than an optimal operational-scheduling formulation (e.g. model 
predictive control or mixed-integer linear programming). This choice is 
a direct consequence of the optimisation architecture: each candidate 

sizing is evaluated through a full 8760-hour dispatch simulation, 
repeated for every individual across 150 generations of a 150-member 
NSGA-II population (in the order of 104 full-year simulations per sce
nario). Embedding an hour-by-hour or rolling-horizon operational 
optimisation inside this outer sizing loop would increase the computa
tional cost by orders of magnitude, making the four-objective co-design 
search intractable at the population and generation sizes used here. The 
resilience-first, look-ahead dispatch heuristic adopted instead is physi
cally motivated (it reflects standard prosumer behaviour under reli
ability constraints) and is consistent with common practice in hybrid 
renewable energy sizing studies, where operational detail is deliberately 
traded off against the ability to explore a large design space. The re
ported economic performance should therefore be read as a conservative 
lower bound: a fully optimised operational schedule could only match or 
improve upon, not worsen, the dispatch outcomes obtained here, so the 
economic viability demonstrated in this study is unlikely to be an arte
fact of a suboptimal dispatch policy.

A related but distinct source of uncertainty is addressed empirically: 
a Monte Carlo analysis confirms that economic viability is preserved 
under realistic solar-resource (±5% annual) and export-price (0.8-1.3×) 
variability for the already-optimised designs. This analysis, however, 
does not cover two other deterministic assumptions: the process elec
trical and thermal loads are treated as fixed, continuous specifications 

Fig. 12. Pareto front comparison for RO brine (grid-connected): baseline NSGA-II setting (150 × 150, circles) vs. the reduced setting used in the sensitivity analyses 
(60 × 60, crosses). The reduced setting retains 97.4 % of the hypervolume of the baseline and identifies a best-NPV solution within 1.3 % of the baseline optimum.

Table 4 
Optimal system sizing for grid-connected (GC) vs fully renewable (FR): best-NPV 
solutions across the three feed scenarios.

RO brine NF retentate Bittern
GC FR GC FR GC FR

PV peak power [kWp] 342 316 347 552 349 513
Battery capacity [kWh] 56 1386 65 1,460 46 913
Solar-thermal area [m2] 251 500 275 500 71 200
Thermal storage [kWhth] 602 2000 436 2000 115 931

Fig. 13. Economic and energy performance comparison between grid-connected (GC) and fully renewable (FR) best-NPV configurations across the three scenarios.
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inherited from the CARMEn process design rather than as stochastic 
operational variables, and PV performance degradation is modelled as a 
deterministic annual derating rather than as an uncertain rate, while 
solar-thermal collector performance is assumed constant over the proj
ect lifetime. Propagating uncertainty in load variability and 
degradation-rate assumptions and re-optimising the sizing itself under 
uncertainty, are natural extensions for future work.

Several economic parameters are held fixed by simplifying assump
tion: the grid electricity import tariff, operation-and-maintenance cost 
fractions, and the thermal energy value are held constant in real terms 
over the 20-year project horizon, a standard convention in discounted- 
cash-flow analysis that avoids compounding forecast uncertainty in 
inflation-adjusted commodity and service prices. The export tariff, the 
thermal energy value, and battery capital cost are test-stressed in Section 
4.2, but the grid import tariff and the O&M fractions are not varied. 
Directionally, rising real electricity import prices (plausible given the 
ongoing European energy transition and its associated grid and carbon- 
price costs) would increase the value of self-consumption and therefore 
improve, not worsen, the reported economic performance; declining 
O&M costs, consistent with continued technology maturation for 
photovoltaic and battery systems, would have the same effect. The re
ported net present values should therefore be read as reflecting a con
servative, present-day cost structure rather than a forecast of a specific 
future price trajectory.

A final idealisation concerns the operational information available to 
the dispatch algorithm itself: the 12-hour look-ahead of the battery 
dispatch assumes perfect foresight of future PV production, since it is 
computed directly from the already-known TMY rather than from a 
forecast. Real-world operation would instead rely on day-ahead irradi
ance and load forecasts subject to non-trivial error, particularly under 
partly-cloudy conditions; forecast error would be expected to degrade 
dispatch quality relative to the results reported here, most likely 
increasing grid reliance and reducing self-consumption at the margin, 
though quantifying this would require a dedicated forecast-error model 
and is left for future work.

5. Conclusions

This study presented a multi-objective optimisation framework for 
the integration of hybrid renewable energy systems (combining photo
voltaics, battery storage, solar-thermal collectors and hot-water thermal 
storage) with the CARMEn circular brine valorisation chain, applied to a 
Trapani, Sicily case study. Three industrially representative feed sce
narios (saltworks bittern, NF retentate and RO brine) were evaluated 
under both grid-connected and fully renewable operating modes, using 
NSGA-II with four simultaneous objectives: net present value, total 
CAPEX, electrical coverage and thermal coverage. The following con
clusions can be drawn from the results.

Under grid-connected operation, economically viable configurations 
exist across all three scenarios at current Italian market conditions, 
without requiring incentive schemes. Best-NPV configurations consis
tently size the PV field near the upper design bound -and battery ca
pacity at the 3-hour resilience minimum: NPV range from 224 k€ (RO 
brine) to 277 k€ (NF retentate), with IRRs of 11.0-11.5% and payback 
times around 8 years. Allocating the self-consumption share of renew
able CAPEX to the process cost model reduces the levelised cost of Mg 
(OH)2 production by approximately 20% relative to the CARMEn 
baseline without renewables- for all three scenarios. Thermal coverage 
-scales sub-linearly with thermal load, -reflecting economic saturation of 
solar-thermal investment beyond a scenario-specific threshold. The 
export tariff is the single dominant economic driver (NPV up 221-282% 
under full incentive conditions), while battery storage under current 
market costs is justified only for resilience, with a break-even investment 
threshold of roughly 100-150 €/kWh expected within the -project life
time. Environmentally, avoided emissions range between 37.8 to 85.4 
tCO2/y across scenarios, with the thermal share dominating heat- 

intensive cases.
Fully renewable operation achieves near-complete electrical auton

omy across all scenarios but is economically unviable under current 
conditions (NPV from -1,061 to -1,261 k€, no payback within the project 
lifetime), driven primary by a battery capacity requirements 19.7-24.9 
times greater than the grid-connected case. A counter-intuitive -excep
tion is that NF retentate achieves lower thermal coverage in fully 
renewable mode than when grid-connected, since the thermal field 
upper bound cannot buffer winter deficits without gas-boiler backup.

From a broader perspective, the results demonstrate that grid 
connection is not merely a cost-saving measure but a structural enabler 
of economic viability for solar-powered circular brine-valorisation sys
tems at the scales considered. The hybrid renewable configuration 
analysed here, that includes large PV array, minimal resilience battery, 
moderate solar-thermal field, represents a robust design strategy for 
Mediterranean industrial sites seeking to reduce both operating costs 
and carbon footprint under current techno-economic conditions.

Future work should address the validation of simulated energy flows 
against measured data from a pilot installation, the extension of the 
optimisation framework to account for battery degradation and second- 
life scenarios, and the integration of demand-side flexibility through 
dynamic operation of the CARMEn process units, exploiting the growing 
number of hours with low or negative wholesale electricity prices ex
pected under high renewable penetration.
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The meteorological data used in this study are publicly available 
from the Photovoltaic Geographical Information System (PVGIS) data
base, and the hourly electricity price data from the Gestore dei Mercati 
Energetici (GME) public archive. The process design and load data are 
taken from the published techno-economic study cited in the manu
script. The Python code implementing the optimisation model, the 
simulation algorithms and the sensitivity analyses is archived on Zenodo 
(doi: 10.5281/zenodo.20067429). The repository is currently under 
embargo; the authors will release the embargo upon acceptance and 
publication of the article, at which point the code will be freely acces
sible under an MIT license.
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