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ABSTRACT: This study investigates the problem of prioritizing rooftop renewable energy (RE) system configurations
for a multi-family residential building in Mediterranean climate. The analysis focuses on fixed-tilt photovoltaics (PV),
single-axis and dual-axis tracking PV, and small vertical-axis wind turbines (VAWT), each assessed with and without
lithium-ion storage. A co-simulation framework is used, coupling EnergyPlus building-HVAC system simulation with
PV and wind generation modeling and rule-based battery dispatch to evaluate hourly demand–supply interactions.
Three decision criteria are considered for each alternative: total system cost, annual building electric energy demand
reduction, and net avoided life-cycle emissions. Stakeholder preferences are elicited via Analytic Hierarchy Process
(AHP), considering the building owner as the decision-maker. The design alternatives are then ranked with three multi-
criteria decision-making (MCDM) methods (TOPSIS, ARAS, and COPRAS) and a global rank is computed through
an ensemble (Borda) aggregation. Results show that due to roof-area constraints, dense fixed-tilt PV system layouts
are favored to achieve maximum annual generation (≈60.8 MWh per year), whereas tracking systems achieve higher
specific yield but lower system capacity per roof because of increased need of spacing and maintenance corridors.
Design alternatives that incorporate energy storage significantly raise self-consumption and demand reduction. Indeed,
fixed PV with large storage can reach high annual coverage of building electric energy consumption, while the same
PV without storage can reduce it by ~43.7%. VAWT options contribute modestly to energy demand reduction given
unfavorable urban wind conditions and their shorter lifetime. Under owner-centric weights that emphasize cost, the
ensemble ranking prioritizes low-CAPEX PV solutions (dual-axis PV without storage, single-axis PV without storage,
single-axis PV with small storage, and fixed-tilt PV). Instead, design alternatives encompassing large energy storage
and small-wind alternatives occupy the lower ranks. The findings provide useful insights and a stakeholder-wise tool
to select rooftop RE technologies on Mediterranean residential buildings, balancing economic feasibility with energy
and environmental performance.

KEYWORDS: Building energy efficiency; renewable energy systems; dynamic energy simulation; multi-criteria
decision-making

1 Introduction
Accelerating the uptake of renewable energy sources in cities is essential for both decarbonization and

energy security [1], but real-world deployment still falls short of what is technically achievable, especially in
the existing residential stock, where rooftop areas are frequently not fully exploited for on-site clean electric
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energy generation [2]. While recent studies investigated the exploitation of renewable energy sources in
non-urban areas or non-building-integrated contexts [3–5], this study evaluates the prioritization of rooftop
renewable energy system deployment considering fixed-tilt PV, single- and dual-axis tracking PV, and small
vertical-axis wind turbines (VAWTs) in urbanized contexts. Also, it analyzes how their performance changes
when paired with lithium-ion batteries. The investigation is performed using a real residential building as a
case study. The building owner is identified as the key decision-maker in this context, since both feasibility
and value of the deployment of renewable energy sources in residential buildings are judged through the
owner’s budget, preferences, and constraints. An owner-led ranking is, therefore, critical for prioritizing
solutions that can actually be implemented across the residential stock [6–8].

The investigation is protracted in Mediterranean climate (Naples, Southern Italy). This climate is
characterized by strong annual solar availability and building energy demand is often driven by summer
cooling needs while winters remain relatively mild. In this context, the mismatch between residential load
profile (characterized by morning and evening peaks) and the PV energy production profile (peaking in
the central hours of the day) can lead to misalignment between generation and consumption, making
energy storage very effective for boosting self-consumption and improving interactions between the building
and the public grid [9,10]. Also, the dense historic fabric typical of Mediterranean cities often constrains
façade interventions [11] and roofs, therefore, become an important opportunity for RE deployment, which
deployment must be carefully planned to balance yield, self-shading, maintenance corridors and visual
impact [12–14].

As regards the tradeoff between the analyzed technologies, it is known that fixed PV arrays are
straightforward and economical, while tracking systems can increase plane-of-array irradiance but at the cost
of spacing losses, higher capex and operation and maintenance complexity [15–18]. Also small wind systems
on buildings have niche potential but face urban-flow turbulence, siting, noise and structural challenges, with
more conservative yields than in open terrain [19–22]. Lastly, the energy storage presence strongly affects
residential energy consumption profiles and both financial and environmental aspects. Indeed, in households
with heavy consumption in the morning or evening, batteries substantially raise self-consumption and
reduce peak exports when paired with PVs, but with upfront costs and embodied emissions that represent a
known drawback [23–26].

Recent studies addressed the refinement of renewable energy potential assessment and emphasized
PV–battery system integration and operational strategies in buildings and renewable energy communities
under evolving market conditions [7,8,27]. In parallel, recent contributions highlight the value of robust,
multi-method decision support to reduce method dependence when multiple stakeholder criteria must be
balanced [28]. However, these two advancements have been rarely applied in a harmonized framework. This
motivates the present study’s combination of dynamic building–RES simulation with an ensemble MCDM
ranking framework for the choice of RE systems on Mediterranean multi-family rooftops.

Prioritizing among such options is inherently a multi-criteria decision problem that spans cost, energy
savings and life-cycle environmental performance. Multi-Objective and Multi-Criteria Decision-Making
(MCDM) methods are therefore appropriate because they transparently synthesize heterogeneous evidence
and stakeholder preferences into robust rankings [29–31]. The literature on MCDM in energy planning is
extensive, yet many studies rely on a single method (e.g., only TOPSIS or only AHP), leaving results sensitive
to the chosen technique [29,32]. To improve robustness, this work combines AHP (for stakeholder weights)
with three complementary ranking methods (TOPSIS, ARAS and COPRAS) then aggregates them into an
ensemble ranking, reducing method-specific bias and highlighting consensus options [31,33–36].
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1.1 Literature Review
Urban and rooftop PV potential is increasingly documented by high-resolution GIS and machine-

learning studies, which reveal large but uneven technical potential across building stocks [37,38]. The main
sources of uncertainty arise from shading, tilt and azimuth distributions, the fraction of roof area that is
practically usable for modules deployment, and the quality and resolution of input data [12–14,39,40]. In
the Mediterranean area, winters are usually mild but, in summer, the abundant solar irradiance not always
coexists with peak cooling demand, which strengthens the need for on-site PV combined with storage and
demand-side flexibility in order to improve energy self-consumption and reduce peak exports [9,10,41,42].

Studies that compared fixed vs. tracking PV indicate that tracking can increase plane-of-array irradiance
and annual yield, although the magnitude is site specific and also dependent on cloud presence [15]. However,
these gains are often limited by larger row spacing on constrained roofs, higher capital costs, and additional
operations and maintenance requirements and costs. Therefore, the reported performance improvements
range from marginal in sunny coastal locations to substantial in cloudier regimes, with local constraints
influencing the net benefit on rooftop systems [15–18,43].

Energy storage is a common means to improve energy efficiency in the building sector and different
typologies have been studied in the last years [41,42]. Existing literature studies about residential PV-battery
performance show in a consistent way that batteries increase self-consumption and can mitigate the evening
energy demand peaks when storage is sized considering the daily load from building systems and appliances
and the PV energy production profile [23,26,44,45]. However, optimal energy storage capacities are also
dependent on electricity tariffs and incentives, as well as on the quality of the energy production forecast
method and system controls, which together shape the feasibility, the economic attractiveness, and the
operational impact of these systems in the residential sector [23–26].

When coming to wind energy generation, several studies that investigated urban small wind applica-
tions highlight that vertical-axis wind turbines (VAWTs) are more tolerant of multidirectional, turbulent
flows than horizontal-axis wind turbines (HAWTs), but achievable yields in dense city environments
remain highly site-specific and often modest [21,22]. For these reasons, energy and financial projections,
careful micro-siting, and structural and acoustic considerations are essential when assessing the viability of
building-mounted wind systems [19–22].

For the management of the decision process, multi-criteria decision-making for renewable-technology
selection is well established in sustainable energy planning [46–48]. Several comparative reviews, indeed,
document widespread use of AHP for weighting and compensatory ranking methods such as TOPSIS, ARAS
and COPRAS for the prioritization of the possible design alternatives [31,32,35,36]. Furthermore, multiple
recent studies also emphasize that the simultaneous application of more than one MCDM method improves
decision, robustness, credibility, and stakeholder acceptance in contrast to the application of single-method
frameworks, especially when criteria are heterogeneous and trade-offs are pronounced [29,30,33,34].

1.2 Objectives and Innovation
The objectives of this study are to:

• Model a real Mediterranean residential case in Naples, explicitly framing the building owner as the
decision-maker.

• Quantify performance for roof-deployable renewable energy alternatives under realistic roof-use
constraints, including:
○ fixed-tilt PV,
○ single-axis tracking PV,
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○ dual-axis tracking PV,
○ small vertical-axis wind turbines (VAWT), each with and without lithium-ion storage.

The assessment covers economics (CAPEX), energy performance (generation, self-consumption,
demand reduction), and life-cycle environmental impacts (embodied/avoided/net avoided emissions).

• Rank the alternatives using AHP criteria weights, a multi-method MCDM workflow (TOPSIS, ARAS,
COPRAS) and a consensus (ensemble) ranking based on Borda aggregation.

Key innovations can be summarized as follows:

• The study adopts a building owner centered decision perspective specifically suited to Mediterranean
residential buildings, where cooling-dominated seasonal demand can reduce the effectiveness of PV-
only solutions when storage is not included.

• The rooftop renewable layouts are modelled under realistic installation conditions, explicitly account-
ing for usable roof area, setbacks, shading and spacing constraints, and the clearance needed for
maintenance access.

• The decision-support framework is strengthened by combining multiple MCDM methods with a final
ensemble ranking, which helps to reduce the method-dependent bias and makes the final prioritization
more robust.

2 Methodology

2.1 Workflow
The methodological workflow adopted in this study is summarized in Fig. 1. The figure shows step-by-

step the process adopted in this study. The workflow can be summarized as follows:

1. The energy model of the case-study building is created (geometry, envelope, zoning, internal gains,
schedules, HVAC systems) for the dynamic energy simulations. Model inputs are organized so they can
be reused across scenarios.

2. Economic, energy, and environmental analyses are performed for each investigated design alternative
of the RE rooftop system, as follows:
○ The dynamic energy simulation generates hourly end-use loads and on-site generation profiles for

each RE rooftop configuration.
○ The economic analysis aggregates technology-specific financial aliquots (modules/turbines, invert-

ers, structure/trackers, balance of system (BOS) and installation, batteries, EMS) into a total
system cost.

○ The environmental analysis quantifies embodied emissions (also considering components and
replacements over lifetime) and avoided emissions (evaluated as lifetime energy generation (kWh)
× grid emission factor), yielding net avoided emissions.

3. Pairwise comparisons on the three criteria (Total system cost [e], Energy consumption reduction
[kWh], Net avoided emissions over lifetime [tCO2-eq]) and the application of the AHP method produce
normalized weights that mirror the priorities of the analyzed stakeholder (building-owner).

4. The weighted decision matrix (composed by the performance scores of the evaluated alternatives
under the three criteria considered in the study) is evaluated with TOPSIS, ARAS, and COPRAS
MCDM methods.

5. The three method-specific rankings are combined into a final consensus ranking using the Borda
rank aggregation approach. Mean rank and its standard deviation are also calculated to estimate the
agreement across methods.
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6. The ensemble ranking outcomes are interpreted and the most suitable rooftop configurations for the
building owner are identified.

Figure 1: Workflow of the proposed framework (from residential building modeling to RE technology prioritization).

2.2 Building, HVAC and Renewable Energy Systems Simulation
The first phase of the methodological framework proposed in this study couples dynamic building-

HVAC system and renewable energy generation simulation in a co-simulation workflow to produce hourly
energy demand and supply profiles used to perform the economic, energy, and environmental assessments.

2.2.1 Building and HVAC System Energy
Energy simulations of the building-HVAC system are run with EnergyPlus [49] (a dynamic energy

simulation engine widely tested and validated in the scientific community [50,51]) and use a typical meteo-
rological year (TMY) weather file for Naples. The base timestep used for the dynamic energy simulations is
60 min with 6 warm-up days.
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Thermal zones of the building are modelled following each apartment boundaries. Common spaces
(stairs, landing) are considered as separate zones. Opaque structures of the building include exterior walls,
roof deck, and intermediate slabs, while windows are modeled considering double-pane glazing and frames
with thermal breaks. Thermal properties (U-values, solar-optical data) are aligned with local building stock.
Occupancy schedules considered in the simulations follow a typical residential pattern (energy consumption
peaks in the early morning and in the evening). Internal heat gains account for sensible and latent gains
(people), lighting, and plug loads (appliances/ICT) dispersions. Also domestic hot-water (DHW) usage is
scheduled with morning and evening peaks, following occupancy schedules. Infiltration uses a baseline air-
change rate representative of the local stock (0.3 h−1). Thermostat setpoints are fixed to 20○C during the
heating period and 26○C during the cooling period. No explicit demand-response strategies or dynamic
setpoint setbacks are implemented in the model of the HVAC system controller. The thermostats are held
at these values throughout the occupied periods, representing typical residential operation of the HVAC
system. Space conditioning and DHW are served by electric heat pumps (air-source), with performance maps
vs. outdoor/indoor conditions, part-load performance curves (PLF/PLR), defrost behavior, and auxiliary
control logic. Fan-coil or ducted terminal units are modeled with supply air temperature control and
autosized fans. DHW modeling includes storage tank stratification and heat-pump COP variation with
inlet temperature. EnergyPlus outputs hourly electric demand by end-use (heating, cooling, DHW, lighting,
appliances), used to compute total building electricity consumption and to interface with the storage
and renewable energy dispatch described below. Energy consumption of the baseline case is detailed in
the Section 3.

2.2.2 Rooftop Photovoltaic (PV)
Hourly building electricity demand is simulated in EnergyPlus and exported by end-use at a 60-min

timestep. Renewable generation is simulated in Python and time-aligned to the EnergyPlus timestep. PV
production is computed with pvlib (solar position, plane-of-array transposition, single-diode DC model,
temperature model, and inverter conversion), while wind production is computed by correcting the weather-
file wind speed to hub height and applying turbine power curve provided by the manufacturer. The
co-simulation couples the hourly load with the calculated hourly PV or VAWT output and the battery
dispatch described in Section 2.2.4 to obtain self-consumed energy, imports, and exports.

Three PV families are simulated on the case study building flat roof with maintenance corridors and
setbacks (starting from ≈15% area for the fixed PV case) and technology-specific ground-coverage ratio
(GCR) to avoid self-shading: fixed-tilt (35○ south), single-axis tracking (north–south axis with backtracking),
dual-axis tracking (pedestal mounts). Python PVlib computes solar position; plane-of-array irradiance uses
a standard transposition model (Hay–Davies/Perez). Clear-sky and cloud-modified components are taken
from the weather file; albedo of the surroundings is set to 0.2; a constant soiling factor is applied. The
DC side uses a single-diode (CEC) model [52] with manufacturer parameters while the cell temperature
is calculated from plane-of-array irradiance, wind and air temperature using the Faiman model [53]. The
AC side uses a CEC/Sandia inverter model with a DC/AC sizing ratio set per configuration (checked to
avoid curtailment in typical operation) [54]. Row-to-row shading is controlled via GCR. For single-axis and
dual-axis tracking arrays, the solar position and tracker geometry are computed using the Python PVlib
single-axis routine with backtracking enabled and a north–south horizontal axis oriented for the Naples
latitude. Different ground-coverage ratios are chosen for the technologies investigated in order to avoid inter-
row shading under backtracking and to preserve maintenance corridors. Fixed-tilt arrays use a higher GCR,
while single-axis and dual-axis layouts employ progressively lower GCRs. For this reason, considering the
same roof, PV solar trackers achieve higher specific yield (kWh/kWp) but lower installed power (kWp) than
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dense PV systems with fixed-tilt layouts. The number of modules varies in the same way since it is chosen
under the same total roof area constraints. The PV simulation returns hourly AC energy generation for each
PV alternative, aligned to the EnergyPlus timestep in order to allow the co-simulation with the building
energy model.

2.2.3 Vertical-Axis Wind Turbines (VAWT)
Six VAWTs (with a capacity of 3 kW each) are placed along the edges of the considered roof with wake

spacing (≈7–10 rotor diameters). The hourly wind at 10 m from the weather file is height-corrected to hub
height with a logarithmic profile and urban roughness. The use of the manufacturer-type power curve (cut-in,
rated, cut-out, part-load) yields hourly AC output.

2.2.4 Battery Storage and Dispatch
Li-ion storage is modeled with round-trip efficiency ≈92%, SOC bounds 10%–90%, and

charge/discharge power limits based on a C-rate tied to the installed capacity.
Battery degradation is represented at an aggregate level: hourly dispatch assumes constant usable

capacity within the SOC limits and constant round-trip efficiency, while lifetime battery-pack replacements
are accounted for in both the economic and environmental analyses. For each configuration, an 80% state-
of-health end-of-life criterion and typical cycle-life assumptions lead to two or three pack replacements
over the analysis horizon. Two capacities (“small”, “large”) are assigned per renewable family (as defined in
the Section 3).

A dispatch scheme that aims to maximize the self-consumption of the generated energy is applied at
each timestep as follows: charge the batteries from on-site renewables when generation exceeds the building
net load and the SOC is lower than the upper bound; discharge the batteries to meet the building load when
renewables are insufficient and the SOC is higher than the lower admissible bound; export any residual
energy surplus to the grid; electric energy imports from the public grid meet any remaining deficit.

To operate this logic, at each timestep of the co-simulation the following steps are performed:

1. the net surplus Psur = PRES − Pl oad is computed;
2. if Psur > 0, the battery is charged up to SOCmax and inverter/C-rate limits;
3. if Psur < 0, the battery is discharged down to SOCmin and power limits to meet load;
4. any residual surplus is exported and any residual deficit is imported.

Round-trip efficiency and SOC bounds are enforced during the simulation. Alternative dispatch
strategies (e.g., peak-shaving, time-of-use arbitrage, predictive MPC) are not compared in this work; the
rule-based scheme is selected for transparency and consistency with the flat-tariff/no export-credit baseline.

This rule-based controller is equivalent to an objective of maximizing instantaneous self-consumption
under a flat retail tariff with no explicit remuneration for exported energy. There are no additional export caps
or penalties beyond technical inverter and battery limits, and no active curtailment is imposed other than
that implicitly caused by DC/AC sizing and power/energy constraints. No feed-in tariff is credited in the base
case (export is counted as zero revenue/benefit). Renewable generation (PV/VAWT) and battery dispatch
are evaluated against the EnergyPlus load at each timestep; the resulting self-consumed energy determines
the energy consumption reduction.

Detailed electrochemical degradation is not simulated hour-by-hour in this study. Instead, long-term
battery performance is represented by accounting for battery-pack replacements over the project lifetime
using an end-of-life state-of-health criterion (80%). Replacements are included consistently in both the



8 Energy Eng. 2026;123(6):20

economic inventory (CAPEX aliquots) and the environmental inventory (embodied emissions), while hourly
dispatch uses fixed usable capacity within SOC bounds for operational accounting.

2.2.5 KPIs
This co-simulation (EnergyPlus/Python PVlib + storage dispatch) provides time-resolved, physically

consistent demand–supply interactions for each alternative, ensuring that the economic (CAPEX), energy
(annual generation and demand reduction), and environmental (embodied/avoided emissions) results used
in the multi-criteria analysis are grounded in the building physics and the local resource at Naples. The
following KPIs are extracted from the simulations and used for the MCDM:

• The total system cost is the sum of the cost aliquots for each configuration.
• The energy consumption reduction (kWh) equals the annual energy demand covered by on-site

renewable energy sources rather than by grid imports.
• The environmental metrics include embodied emissions (considering modules, trackers, BOS, inverters,

and batteries with replacements over the stated lifetime), avoided emissions (lifetime generation × grid
emission factor), and net avoided emissions (avoided − embodied).

Embodied emissions are obtained by multiplying the bill-of-materials of each configuration (mod-
ules, inverters, power electronics, support structures or trackers, BOS, VAWTs and Li-ion batteries) by
component-specific greenhouse-gas emission intensities compiled from peer-reviewed PV LCA syntheses
and battery production/home-storage LCA literature, complemented by European EPDs where available.
The adopted boundary is manufacturing-focused (cradle-to-gate), i.e., it includes raw-material extraction,
processing and manufacturing for the technologies installed on the Naples rooftop, consistently across
all alternatives. This inventory is aligned with the technology “aliquots” already tracked in the economic
breakdown (modules or turbines, inverters, structures or trackers, BOS, batteries, battery power electronics
and EMS installation), ensuring that embodied impacts correspond to the same hardware scope used
in the comparative assessment. PV manufacturing boundaries and reporting conventions follow estab-
lished PV LCA review frameworks and harmonized guidance [55–58]. Battery embodied impacts are
treated consistently with battery LCA evidence highlighting sensitivity to manufacturing energy mix and
lifetime/replacement assumptions [59–61].

Component replacements are included when component lifetime is shorter than the project lifetime. In
particular, battery-pack replacements over the analysis horizon (as described in Section 2.2.4) are accounted
for by adding the embodied impacts of replacement packs to the embodied-emissions total, and power-
electronics replacements are included. Transport impacts are not modeled as separate terms. Instead, they are
considered implicitly when the selected literature factors/datasets already include typical upstream logistics
and delivery to site, while construction-related civil works (e.g., roof reinforcement), routine O&M (e.g.,
cleaning), and end-of-life processes (recycling/landfill and any credits) are not explicitly modeled. End-of-
life modeling can affect absolute values (especially for batteries) therefore it is identified as a refinement for
future work. However, adopting a consistent boundary across all alternatives preserves comparability for
ranking purposes [59,61]. Avoided emissions are computed as lifetime electricity generation multiplied by
the baseline Italian grid emission factor adopted in the study, and net avoided emissions are calculated as
avoided minus embodied.

2.3 Multi-Criteria Decision-Making
This study adopts a multi-criteria decision-making (MCDM) framework to rank rooftop renewable

energy system alternatives against three, partially conflicting criteria: total system cost (cost criterion),
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energy consumption reduction (benefit criterion), and net avoided emissions over lifetime (benefit criterion).
Furthermore, the proposed MCDM workflow allows to evaluate simultaneously these multiple performance
metrics considering the priorities of a building owner (economic affordability, operational savings, and
lifecycle environmental performance).

The procedure can be summarized as follows. First, after the performance assessment of each alternative,
a decision matrix is assembled from the outputs (see Sections 4.1–4.3), with rows representing the design
alternatives and columns representing the criteria. Second, stakeholder weights are derived applying the
Analytic Hierarchy Process (AHP), which encodes the owner’s preferences via pairwise comparisons and
verifies judgment consistency. Third, the following three different MCDM techniques are applied to the same
weighted matrix for the prioritization task:

• Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS), a distance-to-ideal method
that ranks alternatives by proximity to a positive ideal (best on all criteria) solution and remoteness from
a negative ideal (worst on all criteria) solution (Section 2.3.2).

• Additive Ratio Assessment (ARAS), an additive, utility-based method that compares each alternative to
an ideal (aspiration) solution after column-sum normalization (Section 2.3.4).

• Complex Proportional Assessment (COPRAS), a proportional significance method that aggregates
benefit and cost parts explicitly through separate sums (Section 2.3.5).

The three methods are selected because they apply different aggregation logics: geometric distance
(TOPSIS), additive (ARAS), and proportional (COPRAS). Considering the outcomes of different approaches
reduces method-specific bias. Furthermore, to ensure comparability of the results across methods, the
following steps are adopted in all the approaches:

1. The total system cost is treated as a cost criterion (to be minimized) while the other two are considered
benefit criteria (to be maximized).

2. Normalization of the decision matrix elements is provided in order to prevent scale effects due
to heterogeneous units and magnitudes across criteria. However, each method applies its standard
normalization technique (vector normalization for TOPSIS and column-sum normalization for ARAS
and COPRAS).

3. The AHP weights obtained for the building owner are applied after normalization according to the
procedure prescribed by each method.

4. Sensitivity to small weight changes is checked to confirm ranking stability.

The rankings obtained from the three methods are later compared and, for decision robustness,
aggregated into an ensemble ranking, while keeping each method’s result available for the stakeholders.

TOPSIS uses vector normalization, while ARAS and COPRAS use column-sum normalization (with
cost handled as a minimization criterion). Because the final ensemble is computed by aggregating ordinal
ranks (Borda positional rule), the ensemble step is scale-free and does not require further cross-method
score normalization. In case of equal Borda sums, ties are resolved by the best (minimum) rank achieved
across the individual methods. If the tie persists, the second-best rank is used and if needed, the third-best
rank is used.

In addition to the baseline normalization choices (vector normalization for TOPSIS and column-sum
normalization for ARAS and COPRAS), a min–max normalization variant is tested. Lastly, a weight-
sensitivity analysis is also carried out by perturbing each AHP weight by ±20% while preserving the order
of importance between the three criteria, and by considering an equal-weight scenario.



10 Energy Eng. 2026;123(6):20

2.3.1 AHP
The Analytic Hierarchy Process (AHP) is a well-established MCDM method defined by Saaty in the

1970s [62,63]. AHP is commonly adopted to estimate relative criterion weights when comparative judgments
between the relevant decision criteria are available. A key advantage of this method is that it can handle
quantitative and qualitative criteria within a single coherent framework. Criterion importance is elicited
through pairwise comparisons, in which the Decision Maker (DM) expresses subjective preferences by
judging how much one criterion dominates another, using verbal expressions (equal importance, slight
preference of one over another, etc.). These DM judgments are mapped to numerical intensities using Saaty’s
fundamental scale [64]. In this study, AHP is employed to compute the weights of the criteria considering
verbal judgements that map the preferences of a DM identified with the building owner.

The statements of the AHP pairwise comparison procedure such as “criterion A is strongly more
important than criterion B” and the corresponding values on the 1–9 scale are reported in Table 1. Ultimately,
pairwise comparisons are used to set priorities while the final weights that reflect the DM’s stated preferences
are used in the subsequent steps of the MCDM procedure.

Table 1: Saaty’s judgment scale for pairwise comparison between criteria [65].

Intensity of
Importance Definition Description

1 Equal importance Two criteria contribute equally
3 Moderate importance Slight/moderate preference for one criterion
5 Strong importance Clear preference for one criterion
7 Very strong importance Dominance is strongly supported

9 Extreme importance Evidence favoring one criterion over another is of the
highest possible order

2, 4, 6, 8 Intermediate values Used if compromise is necessary
Reciprocals If a is rated p over b, then b is rated 1/p over a.

The pairwise-comparison stage produces a reciprocal square matrix P = [pi j]n×n , where pi i = 1 and
p ji = 1/pi j. In the eigenvector version of AHP, the priority vector w̃ = [w̃1 , w̃2, . . . , w̃n]T is obtained as the
principal right eigenvector of the comparison matrix:

Pw̃ = λmaxw̃

The normalized criterion weights are then calculated as:

w j =
w̃ j

∑n
j=1 w̃ j

, j = 1, 2, . . . , n

so that:
n
∑
j=1

w j = 1
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Once the normalized weight vector w is obtained, the maximum eigenvalue can be estimated as:

λmax =
1
n

n
∑
j=1

(Pw) j

w j

The Consistency Index (CI) is defined as:

CI = λmax − n
n − 1

Saaty also provides a Random Consistency Index (RI) (Table 2) used to form the Consistency Ratio
(CR) [62,63,65].

Table 2: Random Consistency Index (RI) for multiple sizes of the matrix [62,63,65].

Size of Matrix (n) 1 2 3 4 5 6 7 8 9 10
Random Consistency Index (RI) 0 0 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49

Consistency Ratio CR is computed as:

CR = CI
RI

When CR > 0.10, the pairwise judgments are typically considered insufficiently consistent and should
be revised. Nonetheless, small inconsistencies are expected in real decision settings; for problems with fewer
than 10 criteria, inconsistencies up to about 10% are generally regarded as acceptable because they do not
materially alter the results [38].

2.3.2 TOPSIS
The Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) is a compensatory

MCDM method originally proposed by Hwang and Yoon (1981) [66] and subsequently extended in later
works [67,68]. TOPSIS ranks alternatives by comparing each option to two reference solutions: a positive
ideal solution (best attainable performance) and a negative ideal solution (worst attainable performance).
Example applications can be found in [69], and the method has also been used to evaluate building-roof
performance against sustainability targets [70].

The underlying principle is that the preferred alternative should be closest to the positive ideal and
furthest from the negative ideal in terms of geometric distance. Since TOPSIS is compensatory, weak
performance in one criterion may be partially offset by strong performance in another.

Let X = (xi j)m×n be the evaluation matrix (performance ratings), where m is the number of alternatives
and nthe number of criteria. Because criteria may have different units, the matrix is first normalized via
vector normalization:

ri j =
xi j√
∑m

i=1 x2
i j

, i = 1, 2, . . . , m, j = 1, 2, . . . , n
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The normalized matrix R = (ri j) is then weighted using the criterion weights w j to obtain the weighted-
normalized matrix T = (ti j)m×n :

ti j = ri j ⋅w j , i = 1, 2, . . . , m, j = 1, 2, . . . , n

The positive ideal alternative T+ = [t+1 , t+2 , . . . , t+n ] is determined as follows:

t+j = {max
i

ti j} , i f j is a bene f it attribute

t+j = {min
i

ti j} , i f j is a cost attribute

The negative ideal alternative T− = [t−1 , t−2 , . . . , t−n ] is determined as follows:

t−j = {max
i

ti j} , i f j is a cost attribute

t−j = {min
i

ti j} , i f j is a bene f it attribute

Next, the Euclidean distance of each alternative i from the positive and negative ideals is computed:

d+i =
�
���

n
∑
j=1
(ti j − t+j )

2
, i = 1, 2, . . . , m

d−i =
�
���

n
∑
j=1
(ti j − t−j )

2
, i = 1, 2, . . . , m

Finally, the relative closeness (preference score) vi is obtained as:

vi =
d−i

(d−i + d+i )
, 0 ≤ vi ≤ 1, i = 1, 2, . . . , m

Alternatives are ranked in decreasing order of vi : larger values indicate options that are nearer to the
ideal best and farther from the ideal worst. In particular, vi = 1 corresponds to the positive ideal solution,
whereas vi = 0 corresponds to the negative ideal solution.

2.3.3 Data Preprocessing for ARAS and COPRAS Application
Before applying ARAS and COPRAS, the decision matrix was preprocessed to handle criterion orienta-

tion and non-negativity requirements consistently. Total system cost is the only minimization criterion. For
ARAS, the cost criterion was converted into a benefit-type variable through reciprocal transformation, i.e.,
C
′

i = 1/Ci , before column-sum normalization. For COPRAS, the cost criterion was retained in its original
form and assigned to the cost set Jc . Energy consumption reduction was used directly as a benefit criterion.
Net avoided emissions is also a benefit criterion; however, because one alternative exhibits a negative value, a
constant shift was applied before ARAS/COPRAS normalization to ensure non-negativity without changing
pairwise differences between alternatives. Specifically,

NE
′

i = NEi + c
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where:

c = {−mini(NEi), if mini(NEi) < 0
0, otherwise

In the present case, this shift affects only the column of net avoided emissions and does not alter the
ordering of alternatives on that criterion.

2.3.4 ARAS
The Additive Ratio Assessment (ARAS) method is a MCDM technique proposed in 2010 by Zavadskas

and Turskis [71]. ARAS evaluates and ranks alternatives by comparing them to an ideal alternative,
considering both beneficial and non-beneficial criteria. This method is efficient and straightforward, making
it appropriate for different decision-making problems, like those faced in the management of infrastructures
and buildings [72,73].

In this study, ARAS is applied after the preprocessing described in Section 2.3.3. In particular, the
cost criterion is transformed through reciprocal conversion C

′

i = 1/Ci , whereas the net-avoided-emissions
criterion is shifted when necessary to ensure non-negativity. After preprocessing, all criteria entering ARAS
are benefit-type criteria.

Let X′ = [x ′i j]m×n be the preprocessed decision matrix. ARAS introduces an ideal alternative as an
additional row, where the ideal value for each criterion is the best value among the alternatives:

x
′

0 j =max
i

x
′

i j , j = 1, 2, . . . , n

The extended matrix is then normalized by column sums:

ni j =
x
′

i j

∑m
i=0 x ′i j

, i = 0, 1, . . . , m, j = 1, 2, . . . , n

Each normalized value is multiplied by the corresponding criterion weight:

vi j = w jni j , i = 0, 1, . . . , m, j = 1, 2, . . . , n

The optimality function of each alternative is:

Si =
n
∑
j=1

vi j , i = 0, 1, . . . , m

and the relative utility degree is calculated as:

Ki =
Si

S0
, i = 1, 2, . . . , m

where S0 is the score of the ideal alternative. Alternatives are ranked in descending order of Ki ; higher values
indicate better performance.

2.3.5 COPRAS
The Complex Proportional Assessment (COPRAS) method was proposed in 1994 by Edmundas

Kazimieras Zavadskas, Antanas Kaklauskas, and Vaidotas Sarka. COPRAS method evaluates alternatives
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by separately accounting for benefit and cost criteria and then combining them into an overall significance
measure. It is particularly suitable when the decision problem includes both criteria to be maximized and
criteria to be minimized [67,68].

In this study, COPRAS is applied to the preprocessed decision matrix described in Section 2.3. The
benefit set is Jb = {energy consumption reduction, shifted net avoided emissions}, while the cost set is Jc =
{total system cost}. Unlike ARAS, the cost criterion is retained in its original minimization form in COPRAS
and is not transformed through reciprocals.

Let X′ = [x ′i j]m×n be the preprocessed decision matrix. Column-sum normalization is first applied:

ni j =
x
′

i j

∑m
i=1 x ′i j

, i = 1, 2, . . . , m, j = 1, 2, . . . , n

The weighted normalized matrix is then obtained as:

qi j = w jni j , i = 1, 2, . . . , m, j = 1, 2, . . . , n

For each alternative i, the sums of weighted benefit and cost criteria are computed separately:

S+i = ∑
j∈Jb

qi j , S−i = ∑
j∈Jc

qi j

The relative significance of each alternative is then calculated as:

Qi = S+i +
∑m

i=1 S−i
S−i ∑

m
i=1 (1/S−i )

Alternatives are ranked in descending order of Qi (i.e., larger Qi values denote better overall
performance).

3 Case Study
The case study is a multi-family residential building located in Naples, Southern Italy (Mediterranean

climate, Köppen Csa). When considering the typical weather of Naples, the city experiences mild, wet winters
and hot, dry summers. The mean annual outdoor air temperature is approximately 17.4○C, with winter
minima around 4○C–6○C and summer maxima often exceeding 30○C–32○C. The city is characterized by 1034
heating degree days (base 20○C), and near 550 cooling degree days (base 26○C). These values highlight the
dual demand for heating and cooling, with a higher cooling loads compared to northern Italian climates.

The building plan is rectangular with external dimensions of 25 m × 16 m, corresponding to a gross
footprint area of 400 m2 (see Fig. 2). The building consists of five floors with three apartments per floor,
for a total of 15 dwellings. The total gross floor area, therefore, reaches 2000 m2 (400 m2 × 5 floors). Each
apartment has an average net floor area of approximately 120 m2 and a story height of 3.30 m, corresponding
to a total volume of about 6600 m3.
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Figure 2: 3D view of the residential building energy model—typical floor.

Three apartment typologies are present in the building. Apartment type “a” includes a corridor, a
kitchen, a living room, two bedrooms, and two bathrooms. Apartments type “b” and “c” each include a
corridor, a kitchen, a living room, two bedrooms, and a single bathroom. The building roof area coincides
with the footprint, i.e., 400 m2 (i.e., almost 100% of the roof is potentially exploitable for renewable energy
harvesting). The thermal characteristics of the building envelope comply with the Italian regulations. The
thermal transmittance values of the external envelope elements are 0.30 W/m2 K for the outer walls,
0.29 W/m2 K for the roof, 0.36 W/m2 K for the ground floor and range from 1.62 to 1.80 W/m2 K for
the windows.

The building is fully electrified and equipped with high-efficiency heat pumps for space heating, cooling,
and domestic hot water (DHW) production. LED lights are modeled in all the apartments and typical
residential appliances and plug loads are considered. The annual electricity consumption of the whole
building is 41,666 kWh, corresponding to an average of near 2780 kWh per apartment or about 20.8 kWh/m2

per year.
The resulting electric energy demand is divided by end-use as follows (see also Table 3 and Fig. 3):

• Heating: 7786 kWh (19%)
• Cooling: 11,120 kWh (27%)
• DHW: 6750 kWh (16%)
• Lighting: 4399 kWh (11%)
• Appliances and plug loads: 11,611 kWh (28%)

This reflects the influence of Naples’ climatic conditions, with cooling loads prevailing over heating
demand, and a balanced contribution of appliances and DHW to total energy use. The relatively low lighting
share demonstrates the effect of LED adoption, while the modest specific energy use is compatible with the
energy efficiency of high-performance heat pumps in the Mediterranean climate.
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Table 3: End-use electric energy demand divided by end use.

End-Use Electric Energy Consumption
[kWh]

Heating 7786
Cooling 11,120
DHW 6750

Lighting 4399
Appliances & Plug Loads 11,611

Total 41,666

Figure 3: End-use electricity breakdown.

3.1 Renewable Energy Systems
The rooftop renewable energy system alternatives were defined to represent the main technologies that

can be deployed on a 400 m2 flat roof in Naples. The systems are designed to highlight the key design
trade-offs relevant to a residential users showing an energy demand characterized by morning and evening
peaks (Table 4). Each option has been dimensioned to maximize the exploitation of the available roof area
while preserving maintenance access. Specifically, ~15% of the roof were reserved for perimeter setbacks,
maintenance corridors and inverter and BOS equipment location. Technology-specific ground-coverage
ratios (GCR) were applied to mitigate self-shading. This yields the following total capacities of the deployable
systems:

• Fixed-tilt PV system (~35○ S-facing): ~45 kWp (≈100 modules × 450 Wp).
• Single-axis tracking PV system (N–S axis with backtracking): ~27.5 kWp (≈61 modules).
• Dual-axis tracking PV system (pedestal mounts): ~19.4 kWp (≈43 modules).
• Vertical-axis wind turbines (VAWT): 18 kW total (6 × 3 kW) spaced to limit wake interactions and to

keep the system units at roof edges.
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Table 4: Rooftop renewable energy system alternatives.

Technology Installed Power Storage
[kW] [kWh]

Fixed-tilt PV (~35○ S) 45.0 0
Fixed-tilt PV + small Li-ion battery 45.0 70
Fixed-tilt PV + large Li-ion battery 45.0 210

Single-axis tracking PV 27.5 0
Single-axis PV + small Li-ion battery 27.5 45
Single-axis PV + large Li-ion battery 27.5 125

Dual-axis tracking PV 19.4 0
Dual-axis tracking PV + small Li-ion battery 19.4 50
Dual-axis tracking PV + large Li-ion battery 19.4 100

VAWT (6 × 3 kW) 18.0 0
VAWT (6 × 3 kW) + small Li-ion battery 18.0 55
VAWT (6 × 3 kW) + large Li-ion battery 18.0 110

In order to highlight the impact of the implementation of energy storage solutions in residential building
operation and to test the value of the resulting flexibility, each PV technology includes no-storage, small
storage, and large storage variants. In the same way, also the wind technology includes the same variants.
Battery capacities are chosen proportionally to array power and expected surplus, as follows:

• Fixed PV system (45 kWp) battery: 70 kWh (small) and 210 kWh (large).
• Single-axis PV system (27.5 kWp) battery: 45 and 125 kWh.
• Dual-axis PV system (19.4 kWp) battery: 50 and 100 kWh.
• VAWT system (18 kW) battery: 55 and 110 kWh.

All PV layouts were sized under the same roof constraints: perimeter setbacks and maintenance (≈15%
of roof area reserved), plus technology-specific ground-coverage ratios to limit inter-row shading. Tracking
layouts require wider spacing and clearance for backtracking and access, which reduces deployable system
capacity relative to fixed-tilt on the same roof. These constraints are enforced during sizing and explain
why tracking increases specific energy yield (kWh/kWp) but can reduce the total annual energy production
(kWh) per roof.

This scaling is sufficient to capture most midday PV surplus (and irregular wind surpluses) in the small-
storage case, and to substantially reduce exports in the large/double-storage case, without oversizing the
battery relative to the resource.

The bill-of-materials of each configuration (modules, inverters, support structures/trackers, BOS,
VAWTs, and Li-ion batteries) is multiplied by component-specific greenhouse gas intensities gathered
from current life cycle assessments and Environmental Product Declarations for European PV and storage
technologies to determine embodied emissions [55].

3.2 Stakeholder Analysis
To derive decision weights over the three evaluation criteria (total system cost [e], energy consumption

reduction [kWh], and net avoided emissions over lifetime [tCO2-eq]) the Analytic Hierarchy Process (AHP)
is applied using Saaty’s 1–9 fundamental scale and a reciprocal pairwise comparison matrix. In line with
an owner’s priorities, cost is judged moderately more important than energy reduction and strongly to
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very strongly more important than lifecycle climate benefit. Energy consumption reduction, instead, is
judged moderately more important than net avoided emissions. The resulting comparison matrix is reported
in Table 5.

Table 5: Pairwise comparison matrix for the analyzed decision maker (building owner).

Total System
Cost

Energy Consumption
Reduction

Net Avoided Emissions
Over Lifetime

Total system cost 1 3 6
Energy consumption reduction 1/3 1 3

Net avoided over lifetime 1/6 1/3 1

The principal eigenvector gives the normalized weights 0.655, 0.250, and 0.095 for cost, energy
reduction, and net avoided emissions, respectively (Table 6). The corresponding principal eigenvalue is λmax
≈ 3.02, which also provides a consistency index CI ≈ 0.009. Using Saaty’s random index RI = 0.58 for n = 3,
the consistency ratio is CR = 0.016. Therefore, the judgments can be considered consistent (CR < 0.10). These
weights are then used in the MCDM process performed upon the results from the economic, energy, and
environmental analyses.

Table 6: Weights obtained with the AHP method for the analyzed decision maker (building owner).

Criterion Weight
Total system cost 0.655

Energy consumption reduction 0.250
Net avoided over lifetime 0.095

The obtained AHP weight vector represents, therefore, a private building owner in a Southern European
context that strongly prioritizes the reduction of the investment cost of the retrofit intervention with respect
to the other performance criteria. In similar settings, indeed, upfront investment typically represents a strong
barrier to the building energy efficiency improvement and it often dominates the decision-making phase,
while bill savings and lifecycle climate considerations are still valued but play a secondary role. To investigate
the impact of variations in the relationship between the analyzed criteria, the sensitivity of the obtained
weights is also tested by modifying the calculated weights, as reported in Appendix A.

4 Results and Discussion
In this section the economic, energy, and environmental outcomes for all rooftop alternatives are

reported together with the interpretation of the MCDM outcomes. The section is organized as fol-
lows. Section 4.1 reports the total system costs by technology and storage size (Table 7). Section 4.2 presents
annual generation, self-consumption, and demand reduction (Table 8), reflecting the interaction between
hourly building loads and on-site generation. Section 4.3 quantifies embodied, avoided, and net avoided
emissions over the assumed lifetimes (Table 9). These indicators form the decision matrix for the stakeholder
analysis: owner preferences are elicited with AHP, and the resulting weights pass the standard consistency
check (CR ≤ 0.10), which is the commonly accepted threshold in AHP practice.
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Table 7: Total system economic analysis breakdown for rooftop renewable energy alternatives.

ID Technology

Modules/
Turbines

Cost

Inverters
Cost

Structure/
Trackers

Cost

BOS &
Installa-

tion

Battery
Pack

Battery
Charge

Regulator

EMS &
Battery

Installation

Total
System

Cost
[e] [e] [e] [e] [e] [e] [e] [e]

A1 Fixed-tilt PV (~35○ S) 13,500 5400 8100 27,000 0 0 0 54,000

A2 Fixed-tilt PV + small
Li-ion battery 13,500 5400 8100 27,000 17,500 7500 7000 86,000

A3 Fixed-tilt PV + large
Li-ion battery 13,500 5400 8100 27,000 52,500 22,500 16,800 145,800

A4 Single-axis tracking
PV 8250 3300 13,750 18,700 0 0 0 44,000

A5 Single-axis PV +
small Li-ion battery 8250 3300 13,750 18,700 10,500 4500 4050 63,050

A6 Single-axis PV + large
Li-ion battery 8250 3300 13,750 18,700 31,500 13,500 9450 98,450

A7 Dual-axis tracking
PV 5850 2340 21,350 11,360 0 0 0 40,900

A8 Dual-axis PV + small
Li-ion battery 5850 2340 21,350 11,360 12,250 5250 5500 63,900

A9 Dual-axis PV + large
Li-ion battery 5850 2340 21,350 11,360 24,500 10,500 8000 83,900

A10 VAWT (6 × 3 kW) 60,000 6000 0 6000 0 0 0 72,000

A11 VAWT (6 × 3 kW) +
small Li-ion battery 60,000 6000 0 6000 14,000 6000 3600 95,600

A12 VAWT (6 × 3 kW) +
large Li-ion battery 60,000 6000 0 6000 28,000 12,000 5200 117,200

Table 8: Annual electric energy generation from rooftop systems, self-consumption factor, and electric energy demand
reduction.

ID Technology
Self-Consumption

Factor
Annual

Generation
Energy Consumption

Reduction
Energy Consumption

Reduction
[kWh] [kWh] [%]

A1 Fixed-tilt PV (~35○ S) 0.3 60,750 18,225 43.7
A2 Fixed-tilt PV + small Li-ion battery 0.65 60,750 39,488 94.8
A3 Fixed-tilt PV + large Li-ion battery 0.67 60,750 40,707 97.7
A4 Single-axis tracking PV 0.36 46,750 16,830 40.4

A5 Single-axis PV + small Li-ion
battery 0.68 46,750 31,790 76.3

A6 Single-axis PV + large Li-ion
battery 0.83 46,750 38,802 93.1

A7 Dual-axis tracking PV 0.4 33,950 13,580 32.6

A8 Dual-axis PV + small Li-ion
battery 0.72 33,950 24,444 58.7

A9 Dual-axis PV + large Li-ion battery 0.85 33,950 28,858 69.3
A10 VAWT (6 × 3 kW) 0.5 9470 4735 11.4

A11 VAWT (6 × 3 kW) + small Li-ion
battery 0.78 9470 7387 17.7

A12 VAWT (6 × 3 kW) + large Li-ion
battery 0.88 9470 8334 20.0



20 Energy Eng. 2026;123(6):20

Table 9: Lifecycle emissions: embodied, avoided, and net avoided over lifetime.

ID Technology Lifetime Lifetime
Generation

Embodied
Emissions

Avoided Emissions
from Generation

Net Avoided
over Lifetime

[years] [MWh] [tCO2eq] [tCO2eq] [tCO2eq]
A1 Fixed-tilt PV 25 1518.75 47.51 394.88 347.37

A2 Fixed PV + small Li-ion (70
kWh, 3× over life) 25 1518.75 83.56 394.88 311.32

A3 Fixed PV + large Li-ion (210
kWh, 3× over life) 25 1518.75 137.65 394.88 257.23

A4 Single-axis tracking PV 25 1168.75 33.19 303.88 270.68

A5 Single-axis PV + small Li-ion
(45 kWh, 3× over life) 25 1168.75 69.22 303.88 234.66

A6 Single-axis PV + large Li-ion
(125 kWh, 3× over life) 25 1168.75 123.25 303.88 180.63

A7 Dual-axis tracking PV 25 848.75 26.33 220.68 194.35

A8 Dual-axis PV + small Li-ion
(50 kWh, 3× over life) 25 848.75 62.40 220.68 158.28

A9 Dual-axis PV + large Li-ion
(100 kWh, 3× over life) 25 848.75 116.43 220.68 104.25

A10 VAWT (6 × 3 kW) 20 189.40 25.16 49.24 24.08

A11 VAWT + small Li-ion (55 kWh,
2× over life) 20 189.40 49.19 49.24 0.05

A12 VAWT + large Li-ion (110 kWh,
2× over life) 20 189.40 85.20 49.24 −35.96

Section 4.4 reports the results of the renewable energy design alternative ranking obtained with three
complementary MCDM methods: TOPSIS (distance to an ideal and anti-ideal), ARAS (additive utility
comparison to an aspiration level), and COPRAS (proportional assessment of benefit and cost parts). The
sub-section concludes providing a comparison of the method-specific and the ensemble (Borda) aggregation
rankings to highlight consensus options and method sensitivities, improving robustness relative to the
application of a single MCDM technique.

The outcomes of the application of the whole framework are finally discussed and interpreted in the
Mediterranean context of Naples, where strong solar resources and summer cooling loads shape technology
performance and sizing trade-offs like roof coverage vs. spacing for trackers, and the role of batteries in
shifting PV output toward evening demand (Section 4.5). This climatic setting is well documented and offers
the possibility of providing a useful comparative assessment of the irradiance levels for rooftop PV, the
potential for on-site generation, and the design of rooftop renewable energy systems under urban constraints.

4.1 Economic Results
The breakdown in Table 7 shows the economic performance outcomes of all the analyzed RES combina-

tions providing both the partials and the totals calculated as the sum of the sub-system aliquots (modules or
turbines, inverters, fixed structure or trackers, BOS & installation, battery pack, battery inverter and charge-
regulator, EMS and battery installation). The table shows that Fixed-tilt PV (A1) exhibits the highest absolute
CAPEX among PV-only options (54,000e) due to the higher installed capacity. Adding energy storage
systems further increases the total cost proportionally to battery size (A2: 86,000e; A3: 145,800e). Single-
axis (A4–A6) and dual-axis (A7–A9) PV system design alternatives present higher structure/trackers costs
but lower aliquots for the other cost components when compared to fixed-tilt, mainly due to lower installed
capacity and higher mechanical complexity of the system. The VAWT alternatives (A10–A12) show higher
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costs per installed capacity when compared to PV solutions, mainly due to the small-turbine hardware,
installation, and structural needs typical of urban settings.

Comparing the results obtained for the analyzed alternatives, two patterns are notable. First, the battery
pack is the dominant cost adder for hybrid options. These costs, together with the ones due to battery-related
components (charge-regulator, EMS & install) account for the delta between “PV-only” and “PV+storage”
alternatives. Second, although dual-axis hardware is costlier per installed capacity than fixed-tilt, the smaller
nameplate capacities of the systems that can be actually deployed due to the constrained roof circumstances
keep the total CAPEX comparable or even lower with respect to single-axis. Compared to similar systems, the
resulting cost totals fall in ranges for Italian/EU mid-size rooftops: PV-only systems here cluster around 1200–
2100e/kWp, and batteries around 400–500e/kWh installed when all BOS and EMS are included, which is
consistent with recent European market reports.

The total system cost is interpreted as an undiscounted capital expenditure (CAPEX) indicator in EUR
(e), obtained by summing all visible cost aliquots in Table 7 (modules or turbines, inverters, structures
and trackers, BOS & installation, batteries, battery charge regulator, and EMS & battery installation). No
financing structures, tax effects or escalating O&M are modelled, and a full net-present-value or levelized
cost of energy is not computed. Because all alternatives are evaluated under the same financial treatment
and the cost differences between alternatives are large, this CAPEX-based criterion is highly relevant for the
comparative MCDM analysis presented here, while a discounted cash-flow or LCOE formulation is left for
future work.

4.2 Energy Results
Table 8 compares the annual energy generation from rooftop systems, the obtained self-consumption

factors, and the resulting building electric energy demand reduction. In this study, the availability of
renewable energy generation does not interact with the HVAC system controls (no demand response, no
RES-driven setpoint adjustment). Therefore, the building subsystem electric energy use (heating, cooling,
DHW, lighting, and appliances) is identical across alternatives. Instead, the fraction of that electric energy
that is supplied by on-site generation and storage vs. grid imports is evaluated with an energy balance upon
the results of the co-simulations. The following main findings emerge from the analysis.

• Tracking improves specific yield but not necessarily the total energy generation. Fixed-tilt (A1–A3)
attains the highest annual energy generation (60.75 MWh/year), whereas single-axis (A4–A6) and
dual-axis (A7–A9) deliver 46.75 MWh/year and 33.95 MWh/year, respectively. This counter-intuitive
decrease when tracking technology is used is the effect of the roof space-constraint. Indeed, to avoid
row-to-row shading and provide maintenance access, trackers require wider row spacing (implying
lower GCR) and additional clearances. As a consequence, fewer panels fit on the same roof even
though the specific energy yield per unitary PV capacity is higher. This is consistent with tracker design
guidance that links backtracking and shading control to the array ground-coverage ratio (GCR). In
the simulations, these effects arise directly from the tracking model described in Section 2.2.2, where
single-axis and dual-axis arrays are implemented through the Python PVlib single-axis routine with
backtracking enabled and technology-specific GCRs. The lower GCRs and the requirement to preserve
maintenance corridors under backtracking reduce the deployable rooftop capacity for the tracking cases,
so that the gain in specific yield is more than offset by the smaller installed capacity, leading to the lower
annual energy generation per roof reported in Table 8.

• The presence of energy storage systems highly influences self-consumption and thus energy demand
reduction. For each analyzed PV technology, the building electric energy consumption reduction
increases markedly from “no storage” to “small” and “large” storage since batteries allow to shift the
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midday energy surplus to cover morning and evening peaks. For example, as shown in the table,
the fixed-tilt system progresses from 43.7% (A1) to 94.8% (A2) and 97.7% (A3). The same pattern
can be recognized for single-axis (A4–A6) and dual-axis (A7–A9) PV design alternatives. External
comparisons, show that the magnitude of these gains is consistent with studies showing that coupling
residential PV with batteries can significantly raise self-consumption, depending on battery size and
load profile.

• For the analyzed case study, the implementation of a small wind system provides modest benefits.
Indeed, the VAWT system (A10–A12) yields 9.45 MWh/year that is significantly lower than the
PV alternatives. Even with storage, the energy demand reduction remains around 20%. This aligns
with evidence that small urban wind often exhibits low-capacity factors and strong site dependence.
Although the dependence on a different energy source (wind) with respect to PVs (sun) that allows
to diversify the generation profile (e.g., by providing energy generation also during nights), this effect
contributes fewer to the per area energy generation with respect to rooftop PV in this Mediterranean
city. The results obtained in this case, however, do not exclude the presence of niche conditions under
which rooftop VAWTs could become more attractive than in the present analysis. As an example, tall
high-rise roofs or coastal escarpments with persistent, channeled winds, or architecturally integrated
parapet-mounted turbines in favorable urban wind corridors may represent potential alternatives to
the current deployment situation. In such situations, it is possible that higher capacity factors could be
achieved, and the proposed workflow could be directly reused to reassess the relative performance of
wind and PV options.

Overall, under the purely energetic point of view, large storage options have great impact on self-
consumption. Indeed, A3 (fixed-tilt PV + large Li-ion battery) maximizes the energy demand reduction
for fixed technology, while for the tracking systems A6 (single-axis tracking + large storage) reaches ~93%,
and A9 (dual-axis tracking + large storage) achieves ~69%. As aforementioned, this downward trend is
driven by the installed peak power (constrained by the roof size) rather than by the specific yield alone. For
users prioritizing energy generation per roof area, dense fixed-tilt layouts generally outperform trackers on
constrained rooftops because of their higher coverage ratios. However, tracking systems remain attractive
where the area is not constrained. VAWTs with the large battery size instead achieve lower values of building
energy consumption reduction (20%) mainly due to the low capacity factors.

4.3 Environmental Results
Table 9 shows the results of the environmental analysis, including lifetime generation, embodied

emissions, avoided emissions from electricity generation, and net avoided emissions over lifetime. Avoided
emissions are calculated as lifetime generation multiplied by the adopted Italian grid emission factor, while
net avoided emissions are obtained as avoided minus embodied emissions. The following assumptions can
be made analyzing the outcomes of this analysis.

• PV-only options exhibit the largest avoided emissions over the lifetime due to the combination of
considerable lifetime compensation of emissions with comparatively modest embodied footprints.
Considering the study’s grid factor and lifetimes, the A1 alternative offsets ~395 tCO2eq over 25 years
against ~47.6 tCO2eq of embodied ones. The net balance (avoided—embodied) is therefore strongly
positive (~347 tCO2eq). Slightly lower results in net avoided emission over the lifetime are obtained
by tracking PV technologies without energy storage. These results are in line with state-of-the-art
applications that place the PV life-cycle intensities well below those of fossil fuels.

• When considering the addition of energy storage, the increase in embodied emissions is not compen-
sated by the increase in self-consumption ratio and, therefore, reduces the net balance, especially at
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larger battery sizes and when the renewable energy generator is relatively small (e.g., dual-axis PV) or
has low annual yield (VAWT). This is consistent with battery LCA literature, which reports that battery
pack manufacturing footprints provide high embodied emissions, also depending on chemistry and
supply-chain electricity mix.

• In the analyzed case study, the small wind system with large energy storage shows the weakest
performance in this inventory. In the case of the A12 alternative, indeed, the avoided emissions (≈49
tCO2eq) are outweighed by the embodied emissions (≈85 tCO2eq) over the assumed lifetime, leading
to a negative net balance. This outcome reflects the combination of modest lifetime generation typical
of urban small wind and the embodied load of sizable battery capacity relative to delivered kWh.

The uncertainties related to some parameters of the analysis deserve attention. First of all, the obtained
results scale with the carbon intensity of the displaced grid electricity. In this case, Table 9 applies a fixed
emission factor, but Italy’s annual electricity carbon intensity varies by year and has changed in recent years,
with a temporary increase in 2022 and a return to a downward trend thereafter. A higher grid factor would
increase the avoided-emissions totals; a lower factor would decrease them.

Second, the PV and battery system embodied emissions are expected to evolve with supply-chain
decarbonization and technology improvements. These oscillations could, therefore, lead to some variations
in the results obtained, leading to shifts in the embodied emission values and consequently in the net avoided
emissions over lifetime too.

4.4 Multi-Criteria Decision-Making Results
Considering the economic, energy, and environmental analyses the following insights can be

withdrawn:

• If the objective is maximum building demand reduction and highest net avoided emissions, the fixed-tilt
PV option with energy storage dominates in this case study because it has the highest installed capacity
and produces the most annual energy.

• The single-axis PV system with storage offers higher specific energy yield and a flatter production profile
that slightly helps self-consumption, but lower energy production due to smaller system size (due to
constrained roof space) at a total cost and lifetime benefit between fixed and dual-axis.

• The dual-axis PV system and VAWTs contribute lower total energy production under the same roof
constraints. When these systems are complemented with large batteries, their embodied emission
additions weigh more heavily against avoided emissions leading to higher environmental impact over
lifetime. For wind, this is mainly due to urban resource limits, instead for dual-axis, it reflects the space
penalty of trackers on rooftops.

However, since a clear preference cannot be expressed also due to the highly different costs of the
analyzed solutions, in order to provide a prioritization of the different system technologies, the MCDM
approach described in the previous section is applied with the following results (Fig. 4).

Analyzing the results of the decision process, all three methods favor low-cost PV options given the
owner’s weight profile (cost dominates due to the high 0.655 weight). However, they differ on how much they
reward additional energy and emission performance:

• TOPSIS method ranks A5 first, followed by A4 and A1. This method emphasizes closeness to an ideal
solution that combines low cost with good energy and environmental performance. With the considered
weights, A5 reaches the best balance under this method: a moderate cost (63,050e) paired with an
energy consumption reduction equal to 31.8 MWh/y and ~235 tCO2e net lifecycle benefit under the
standpoint of emissions, so it sits closest to the (low-cost, high-benefit) ideal.
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• ARAS and COPRAS both rank A7 first (dual-axis PV without storage). Analyzing this result, it can
be deduced that these additive, proportion-based MCDM techniques tend to reward the very lowest
cost alternative more strongly when cost has a highest weight, while still accounting for the (moderate)
benefits of A7. Consequently, the A7 alternative edges out A4 and A1 in ARAS and COPRAS, whereas
TOPSIS prefers A5 for its better “all-round” proximity.

Figure 4: Ranking comparison across methods (TOPSIS, ARAS, COPRAS).

The alternatives A8 (dual-axis + small storage) and A2 (fixed + small storage) appear consistently
in the upper middle. These design solutions carry noticeable cost adders for batteries but deliver large
increments in energy reduction, so they remain competitive under TOPSIS and still respectable in ARAS
and COPRAS rankings.

Large-battery and small-wind options (A3, A6, A9–A12) generally fall to the bottom of all the analyzed
rankings. Indeed, since a cost-heavy weight set is considered, the embodied cost of larger storage and the
lower energy production for wind penalize these alternatives.

Under the chosen weights, the best value options are low-CAPEX PV systems, with or without a small
energy storage system. If the stakeholder wishes to favor energy savings and lifecycle environmental impact
more (and cost less), the rankings can shift upward for the alternatives A5/A2/A8 and downward for pure
low-cost options like A7. This can be tested in future studies considering different stakeholders.

In Table 10 it is reported the ensemble ranking obtained by aggregating the three single-method
rankings (TOPSIS, ARAS, COPRAS) with a positional rule (Borda count), while in Fig. 5 the average rank
and its standard deviation for each alternative are shown. The consensus ranking places the design alternative
A7 (dual-axis PV) first, followed by the alternatives A4 (single-axis PV), A5 (single-axis PV + small battery)
and A1 (fixed-tilt PV). These four options also consistently appear near the top across all the individual
MCDM methods, and the ensemble ranking reflects this high overall priority for the building owner. The
figure confirms a high level of cross-method agreement for the alternatives A4 and A1 (standard deviation
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≈ 0), whereas A7 and A5 exhibit a slightly larger (but still modest) dispersion due to the aforementioned
method–specific differences.

Table 10: Rankings by TOPSIS, ARAS, and COPRAS (owner-weighted).

Alternative TOPSIS ARAS COPRAS Mean
Rank Std. Dev. Ensemble

Rank
A7—Dual-axis PV 4 1 1 2 1.41 1

A4—Single-axis PV 2 2 2 2 0 2
A5—Single-axis PV + small battery 1 4 4 3 1.41 3

A1—Fixed-tilt PV 3 3 3 3 0 4
A2—Fixed-tilt PV + small battery 6 5 5 5.33 0.47 5
A8—Dual-axis PV + small battery 5 6 6 5.67 0.47 6
A6—Single-axis PV + large battery 9 7 7 7.67 0.94 7
A9—Dual-axis PV + large battery 7 8 8 7.67 0.47 8

A10—VAWT 8 10 10 9.33 0.94 9
A3—Fixed-tilt PV + large battery 11 9 9 9.67 0.94 10

A11—VAWT + small battery 10 11 11 10.67 0.47 11
A12—VAWT + large battery 12 12 12 12 0 12

Figure 5: Ensemble ranking: average rank with standard deviation (consensus view).

Mid-table options, i.e., alternatives A8 (dual-axis + small battery) and A2 (fixed-tilt + small battery),
retain competitive positions. These show a higher CAPEX than their storage-free counterparts but deliver
larger energy reductions due to the presence of storage. The ensemble ranking balances these trade-offs
under the owner’s cost-dominant weights. In contrast, design variants with large batteries (A6, A9, A3)
and all VAWT configurations (A10–A12) remain in the lower half of the ranking. Under the adopted
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weights (financial performance preferred with respect to energy one, and energy performance preferred with
respect to environmental one), the incremental benefits of large storage systems and small wind are not
sufficient to compensate for their higher total system costs and indeed all three MCDM methods consistently
penalize these.

The obtained ensemble ranking is useful to interpret method-specific divergences. TOPSIS favors A5 for
its proximity to a low-cost/high-benefit ideal, whereas ARAS and COPRAS prioritize A7 as the lowest-cost
PV option among PV tracker alternatives. By combining the outcomes obtained with the three methods, the
ensemble ranking tempers these differences and yields a compromise final prioritization order. Performing
a rank aggregation to combine multiple MCDM outputs, therefore, allows to improve the robustness of the
final choice. The method used (Borda) is, indeed, widely used for this purpose since it leads to results easily
interpretable by decision-makers.

In order to quantify the concordance between the three MCDM methods, the Kendall’s tau and the
Spearman’s rho coefficients were computed between the TOPSIS, ARAS and COPRAS rank vectors reported
in Table 10. The resulting 3× 3 correlation matrices are shown as heatmaps in Fig. 6. Kendall’s tau lies between
approximately 0.70 and 1.00, while Spearman’s rho is between approximately 0.88 and 1.00, indicating strong
agreement across methods, particularly for the top-ranked alternatives. In pairwise terms, 0–10 discordant
pairs occur out of 66 possible pairs, and the main divergence concerns the difference between TOPSIS and
the ARAS/COPRAS pair. In particular, ARAS and COPRAS favor the lowest-CAPEX tracker case, whereas
TOPSIS favors a more balanced small-storage PV case. Under the weight perturbations discussed above
(±20% on each AHP weight), the Borda ensemble ranking does not flip the group of top four options,
although some mid-ranked alternatives permute slightly.

To complement the correlation heatmaps (Fig. 6), pairwise disagreement between the ranking methods
using the Kendall distance is reported in Fig. 7, i.e., the number of discordant alternative pairs (rank
inversions) between two methods. As shown in Fig. 7, disagreements between the MCDM methods are
limited: TOPSIS vs. ARAS and TOPSIS vs. COPRAS each exhibit 10 discordant pairs out of 66 possible
pairs, whereas ARAS vs. COPRAS exhibits no discordant pairs. These values correspond to Kendall’s τ
coefficients of approximately 0.70, 0.70, and 1.00, respectively, consistent with the strong cross-method
agreement observed in Fig. 6. The observed divergences are mainly driven by differences in aggregation logic
under the cost-dominant weight set. ARAS and COPRAS methods, indeed, tend to reward very-low-CAPEX
PV options more strongly, whereas TOPSIS method tends to favor alternatives that are closer to a “balanced”
low-cost/high-benefit ideal design solution (e.g., a small-storage PV option).

In summary, Table 10 and Fig. 5 show that, for a building owner who values total system cost
most, low-CAPEX PV solutions dominate the decision space, with small storage providing a favorable
performance improvement but at a higher cost. The ensemble ranking consolidates the outcomes of the
different individual methods into a compromise preference order also evidencing areas of strong consensus
(A4, A1) and moderate method sensitivity (A7, A5), thereby strengthening the robustness of the final
decision recommendation.

To further test the robustness of these findings, a min–max scaling variant is tested and also a sensitivity
analysis is conducted in which each AHP weight is perturbed by ±20% while preserving the order of
importance, i.e., financial performance preferred with respect to energy one, and energy performance
preferred with respect to environmental one. Across these scenarios, the ensemble ranking consistently
retains the same group of alternatives (low-CAPEX PV configurations with and without small storage) as the
top ranked ones while large-storage options move up only modestly. Although a full probabilistic treatment
of weight uncertainty is beyond the scope of this study, these sensitivity outcomes indicate that the main
conclusions of the MCDM analysis are not an artefact of a single weight set.
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Figure 6: Correlation matrices between different rankings: (a) Kendall’s tau and (b) Spearman’s rho.
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Figure 7: Pairwise disagreement between TOPSIS, ARAS, and COPRAS rankings quantified as Kendall distance
(number of discordant alternative pairs) out of 66 possible pairs for the 12 analyzed alternatives. The corresponding
Kendall’s τ coefficients are reported. Disagreements are limited to between 0 and 10 discordant pairs. The divergences
are primarily driven by the different aggregation logics of the considered MCDM methods.

In addition to the ±20% perturbation, a sensitivity analysis upon the decision-maker weights is also
performed by using the following two additional weight vectors: an equal-weights case and a less cost-
dominant case. The resulting ensemble ranks are reported in Appendix A (Table A1) to show how ordering
changes when the cost dominance is relaxed. Furthermore, a sensitivity analysis of the ensemble ranking
to grid carbon intensity and battery embodied emissions has been performed and reported in Appendix B
(Table A2).

It is also important to notice that the financial portion of the decision matrix is built under a simplified
tariff representation with no explicit remuneration for the electric energy exported to the public energy
grid and without a specific time-of-use price differentiation. Under dynamic tariffs with large on/off-peak
spreads, capacity charges, or substantial export compensation, the relative economic performance of storage-
enhanced options would improve, and the MCDM ranking could shift towards alternatives with larger
batteries and higher self-consumption.

It should also be noted that, although the VAWT alternatives (A10–A12) are underwhelming for the
specific Naples rooftop considered in the present investigation, this outcome should be interpreted as site-
dependent, because small urban wind yields are strongly affected by shielding, turbulence intensity, and
roof-level recirculation in the built environment [20–22]. Rooftop wind can nonetheless become viable
under more favorable aerodynamic and climatic conditions, especially when the installation is: on exposed
coastal high-rise buildings or seafront ridges, on isolated towers protruding above the surrounding urban
canopy, at roof-edge or corner acceleration zones where local speed-up can occur, or on buildings aligned
with persistent wind corridors and limited upstream obstruction [74–76]. However, even in these favorable
contexts, the performance of these systems depends critically on turbulence intensity, vertical wind shear, and
flow separation over the roof, which can increase fatigue loading and reduce net energy capture, particularly
for small turbines operating close to the rooftop turbulence layer [20–22,77]. For these reasons, rooftop wind
deployment should be preceded by micro-siting (exact placement and hub-height selection) supported by
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short-term on-site measurements and/or CFD-based resource verification (better if validated against rooftop
measurements), rather than relying exclusively on bulk meteorological wind data [14,78]. Detailed numerical
and field-oriented studies further show that hub height and building geometry can reshape rooftop velocity
fields, while turbulence and clearance can materially affect rooftop VAWT performance, reinforcing the need
for site-specific verification before technology selection [77,79,80].

Comparing the results obtained in the present study with the existing literature, beyond deterministic
MCDM applications, recently also probabilistic and robustness-oriented frameworks have been proposed
for the sizing and planning of building-integrated and rooftop PV storage systems, using stochastic reli-
ability indices or scenario-based optimization to account for uncertainty in irradiance, load and market
conditions [55,81]. These studies show that explicitly representing variability can influence the preferred
PV and storage configurations. In this context, the present work focuses on a Mediterranean multi-family
archetypical building and combines detailed building-HVAC-RES simulation with a multi-method and
ensemble based MCDM approach that is easy to understand for stakeholders (thanks to the single final
aggregated consensus rank) and easily extendable to probabilistic inputs in future developments.

4.5 Benchmarking against Recent Mediterranean and European Evidence
In this section, the results of the building-HVAC system analysis and the integration of renewable energy

sources, are benchmarked against recent European and Mediterranean studies to compare the obtained
performance indicators with previous studies.

Considering the simulated PV specific yields for Naples, these are within the ranges that are typically
reported for Mediterranean or Southern European rooftop PV systems in the literature. The simulated self-
consumption factors are also consistent with recent European and Mediterranean evidence for residential
prosumers. In this study, PV-only configurations yield self-consumption rates of about 30%, while coupling
PV with batteries increases these self-consumption shares to 65%–85% depending on storage size and
operating strategy. Comparable studies in the Italian residential sector also show that self-consumption
can decrease markedly when PV size becomes large relative to household demand. In Lazzeroni et al.,
for example, the self-consumption of a 6 kWp PV system without battery falls to about 13%–18% in the
2700 kWh/y demand case and to about 19%–27% in the 4000 kWh/y demand case, while adding battery
storage raises it to about 25%–29% and 30%–36%, respectively, highlighting the sensitivity to the ratio
between PV system capacity and building load magnitude and also to the availability of energy storage
devices [82]. In another Italian domestic prosumer sizing study, a PV–BESS configuration of 6 kW peak
power plus 7 kWh battery achieves ≈59% self-consumption, and PV–battery configurations typically reach
≈51%–60% under economically viable conditions [83]. A further Mediterranean case study analysis that
combined PVs with an electric heat-pump based HVAC system reports self-consumption increasing from
≈34% (baseline PV system without an electric energy storage) to≈69% when an electric energy storage device
is included in the analysis, closely matching the upper end of the range obtained in the present study [84].
For a high-performance nZEB in Sicily, Causone et al. report that coupling the rooftop PV system with a 15
kWh battery increases self-sufficiency to about 83%, compared with about 45% in the case without battery
storage [85]. These outcomes are consistent with the demand coverage achieved by the fixed and single-axis
PV plus energy storage options in the present case study in Naples (alternatives A2–A3 and A5–A6), and
with broader European ranges for PV-battery self-consumption reported in the literature. These comparable
outcomes support the reliability of the simulated operating scenarios and the resulting MCDM rankings for
the chosen system design configurations that are differentiated by on-site utilization of PV generation.

Considering instead the environmental impacts, the embodied-emission intensity calculated for the
fixed-tilt PV alternative in this study lies within the ranges achieved by residential rooftop crystalline-silicon
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systems assessed for Europe by IEA PVPS Task 12, which estimates similar values for current installations
and lower values under decarbonized supply-chain scenarios [56]. This comparison suggests that both the
operational (self-consumption) and environmental (net avoided emissions) performance levels found in
this study for the Naples multi-family building are in line with independent empirical and LCA evidence
for European residential PV-battery systems. Recent European analyses of rooftop PV systems report life-
cycle carbon intensities on the order of tens of gCO2-eq/kWh for PV electricity (e.g., ~36 gCO2-eq/kWh
for optimally oriented rooftop PVs in Europe), consistent with the low environmental impact of PV-only
configurations found here [86]. Adding batteries to the PV system configuration leads to an increase
of the life-cycle intensity due to the fact that the energy storage devices introduce additional embodied
environmental impacts and conversion losses that must be amortized by the delivered energy [60]. In
particular, an LCA of a residential battery home storage system in a PV self-consumption analysis reports
~84 gCO2-eq/kWh of electricity delivered over the system lifetime, indicating that PV+battery solutions
can approach ~80–90 gCO2-eq/kWh under realistic assumptions [59]. This is coherent with the present
finding that the life-cycle emission intensity tends to increase with battery size. In other words, oversized
or under-cycled batteries yield higher impacts per delivered energy. More generally, the existing reviews of
battery storage LCAs highlight a wide spread of global-warming impacts per delivered energy depending on
chemistry, lifetime and utilization (i.e., cycling intensity), reinforcing the importance of battery sizing and
replacement assumptions during the interpretation phase of the environmental impact outcomes [60,61].
Overall, the benchmarking supports both the validity of the simulated self-consumption rates and the
impact on the environmental results induced by adding energy storage systems based on Li-ion technology
(see Table 11).

Table 11: Benchmarking of self-consumption and life-cycle carbon intensity against recent European/Mediterranean
studies.

Study
(Publisher) Context/Climate PV Size Battery Size Self-Consumption (–)

Life-Cycle
Intensity

(gCO2-eq/kWh)

This study
(PV

alternatives)

Mediterranean urban
residential (site under

study)

(as in
scenar-

ios)

(as in
scenarios)

≈0.30–0.40 (PV-only);
≈0.65–0.85 (PV+BESS)

PV-only low;
PV+BESS

increases with
size

Lazzeroni
et al. 2021 [82]

Italy; residential
households (regional case

studies)
1–6 kWp Multiple

BESS sizes

≈13%–18% (PV no
BESS); up to ≈25%–36%

(PV with BESS)
—

Ciocia et al.
2021 [83]

Italy; domestic prosumer
sizing 6 kW 7 kWh

≈59% (6 kW + 7 kWh);
≈51%–60% (PV+BESS

combinations)
—

Gagliano
et al.

2025 [84]

Mediterranean residential
single-family; PV–HP with

storage options
—

Electrical
storage

included in
scenarios

≈34% (without storage)
69% (with storage) —

Virtuani et al.
2023 [86]

Europe; rooftop PV carbon
intensity assessment — — — ~36

Jasper et al.
2022 [59]

Residential battery home
storage in PV

self-consumption
application

— Home storage
system — ~84
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4.6 Influence of Tariff Structures and Export Remuneration
The economic criterion adopted in this study is only based on CAPEX, i.e., it does not explicitly account

for operational costs or payback times, therefore neglecting time-varying retail prices, export remuneration,
or tariff dynamics. This assumption mirrors the point that the main barrier for the building owner is
considered the upfront cost of the investment. The aforementioned operational factors can nevertheless affect
the relative economic attractiveness of alternatives and thus potentially modify the economic component
of the ranking when a full multiyear cash-flow analysis (e.g., NPV/LCOE/payback) is performed, since the
profitability of residential PV–battery systems is highly sensitive to import/export pricing rules and tariff
model [9,87].

For example, when the exported electricity is remunerated at a non-negligible rate (e.g., when feed-in
or net-billing schemes with meaningful export price are applied by the supplier), configurations with higher
annual generation (including tracking PVs without storage) tend to gain relative economic appeal because
the energy surplus produced by the system acquires a monetary value. Conversely, when the remuneration
of the exported energy is low or zero, the profitability shifts toward the maximization of the on-site use of PV
generation, and configurations that associate PVs to batteries tend to improve their relative attractiveness
because the presence of the energy storage reduces the low-value exports and increases self-consumption.
This effect is consistent with studies comparing pricing-policy regimes (net metering vs. feed-in or net
billing) and the role of storage in the prosumer profitability [87,88].

Furthermore, under time-of-use or dynamic contracts, the presence of an energy storage device can
create additional value by shifting PV electric energy toward higher-price periods and, in some cases,
enabling limited arbitrage and flexibility-oriented operation of the system. Recent evidence, indeed, indicates
that dynamic tariffs can measurably increase the gains of residential PV-battery systems relative to flat-tariff
operation and that the economic return of batteries is highly sensitive to both tariff structure and export
rules [25,89].

Therefore, while the CAPEX analysis is appropriate for comparing the investment cost across multiple
system design alternatives, in the present owner-centric MCDM analysis, tariff-sensitive economic eval-
uations can shift the relative positions of the configurations that only use PV systems vs. the ones that
also encompass energy storage, depending on whether the policy environment primarily rewards exported
energy (favoring higher-yield PV systems) or self-consumption and flexibility (favoring the deployment of
energy storage systems). A full economic analysis and MCDM ranking (e.g., NPV/LCOE under explicit
import/export price structures) is identified as a valuable extension for future work [9,87,89].

As a final synthesis element, Table 12 summarizes the expected impact of export remuneration and time-
varying electricity prices on the relative economic attractiveness of PV-only vs. PV+battery configurations.

4.7 Policy Implications and Practical Recommendations
While this study adopts an owner-centric weighting to rank rooftop RES configurations, the resulting

performance outcomes provide also practical guidance that is relevant to building decision-makers and
can inform how incentives can be designed in future. In particular, PV system design options that do
not deploy energy storage devices consistently provide a robust techno-economic value, whereas batteries
primarily improve self-consumption, but at the important cost of additional embodied impacts, an effect
widely discussed in recent PV-battery and prosumer-tariff studies [45,90,91].
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Table 12: Effect of tariff design on the relative attractiveness of PV-only vs. PV+battery options.

Tariff and Remuneration Regime Mechanism Affecting
Economics

Expected Shift in Economic
Ranking*

High export remuneration (e.g.,
feed-in tariff or net billing with
export price approaching retail)

Monetizes surplus
generation; the marginal
value of exported energy

increases

High-yield PV-only systems
(including tracking) tend to

improve their relative position;
incremental value of storage

decreases

Low or zero export remuneration
(e.g., curtailed export value,
self-consumption-focused

schemes)

Penalizes exports; increases
value of on-site use of PV

generation

PV+battery configurations tend to
improve their relative position due
to higher self-consumption rates
and reduced low-value exports

Time-of-Use (ToU) or dynamic
pricing with high price spread (e.g.,

peak/off-peak differentials,
real-time pricing, etc.)

Enables temporal shifting of
PV energy to higher-price

periods; potential
price-arbitrage and peak

shaving

PV+battery systems tend to
improve their relative position; the
effect grows with price spread and

controllable load flexibility

Note: *The reported shifts refer to the economic dimension of ranking (e.g., payback/NPV/LCOE-based ordering)
relative to a CAPEX analysis. The actual magnitude is linked to the considered contract rules, export limits, and battery
cycling and efficiency.

Future work could extend the present owner-centric analysis to other stakeholder perspectives, such
as tenants, landlords, energy communities, or distribution system operators. In this perspective, some
potentially relevant stakeholder groups for future extensions of the framework are briefly summarized here.

• Landlords and tenants. In rented buildings, indeed, the investment and bill-savings beneficiaries may
not be coincident, which can penalize solutions that combine PVs and storage unless some benefit-
sharing mechanisms are considered. Therefore, in this case, a multi-stakeholder weighting or an explicit
benefit allocation constraint should be encompassed [92,93].

• Municipalities and local authorities. In dense urban areas, local authorities can support rooftop
renewable deployment by simplifying administrative procedures and providing clear technical guidance
for existing buildings, especially for PV integration on the urban building stock [2,11,37]. Under this per-
spective, PV-based solutions are likely to remain the most robust option in dense fabrics, while rooftop
wind should be considered only where site-specific wind evidence supports its viability [14,20,21].

• Regulators and DSOs. When dynamic tariffs or flexibility rewards are present, storage can shift
from being mainly a self-consumption device to a grid-support asset (e.g., providing peak shaving,
export limiting, ancillary services participation etc.). Aligning incentives with system-level benefits can
therefore alter stakeholder rankings and should be considered in broader-scale assessments [90,91].

• Energy communities and multi-owner buildings. Governance rules (e.g., shared CAPEX, allocation
of benefits, collective objectives) can affect the preferred solution and should be represented through
multi-stakeholder or group-decision weighting, potentially complemented by specific allocation rules
for locally generated electricity [94–97].

In Table 13 an illustrative example about how the decision maker weights may differ for the aforemen-
tioned stakeholder is reported considering the same criteria used in the present study.
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Table 13: Criterion-weight profiles for additional stakeholders.

Stakeholder Total
System Cost

Energy
Consumption

Reduction

Net Avoided
Emissions

Owner (baseline, this study) 0.655 0.25 0.095
Tenant (bill-driven) 0.2 0.65 0.15

Landlord (investment-driven) 0.75 0.15 0.1
Municipality/local authority (decarbonization-driven) 0.2 0.3 0.5

DSO/system operator (system-driven) 0.25 0.45 0.3
Community or REC (balanced) 0.35 0.35 0.3

4.8 Limitations and Future Developments
Some limitations should be acknowledged regarding the analyses performed in this study. As regards

the financial analysis, the study adopts a fixed grid-emission factor and excludes explicit tariff structures
(time-of-use prices, capacity charges) and export remuneration. These assumptions allow the analysis to
focus on the upfront investment that is a known barrier to RES deployment in residential buildings. However,
considering more detailed tariff schemes (e.g., high evening price differentials or export premiums) the
results may change and configurations with larger batteries and higher self-consumption would likely
become more competitive than in the present flat-tariff setting [26,98].

Furthermore, the co-simulation uses a deterministic TMY weather file and crisp estimates for technol-
ogy performance, costs, and the grid emission factor. But stochastic variability in irradiance, wind resource,
and future costs could affect the ranking outcomes (especially those with close performance trade-offs), in
particular when considering the high uncertainties related to small-wind yield. A full scenario-based or
Monte Carlo propagation of these uncertainties into rank acceptability is left for future work that should
also test robustness across multi-year weather datasets and additional Mediterranean sites. Despite this,
the normalization and weight-sensitivity tests, together with the Kendall/Spearman concordance analysis
performed, provide an initial indication that the main conclusions and the group of best-performing options
are at least robust to reasonable variations in these inputs.

Future work should focus on incorporating dynamic tariffs, export remuneration, detailed battery
and PV degradation, and demand-response strategies. It should also extend the decision problem to other
relevant stakeholders (tenants, distribution system operators, municipal authorities) explicitly addressing
multi-stakeholder settings (tenants or landlords, energy communities, and utilities/DSOs), where the perfor-
mance objectives can be conflicting and the resulting preferred configurations may depend on governance
and benefit allocation. For example, multi-tenancy collective self-consumption studies show that prioritizing
cost recovery vs. self-consumption can lead to different operating strategies and performance outcomes,
suggesting that group-decision MCDM (e.g., stakeholder-specific AHP weights, negotiated weights, or
bilevel/game-theoretic formulations) is a natural extension of the proposed framework [92,93,96,99]. Like-
wise, under dynamic tariffs and emerging flexibility remuneration, the energy storage value may be driven
by grid services rather than self-consumption alone, motivating the inclusion of additional KPIs (e.g., peak
export, peak demand, flexibility revenues) in future MCDM analyses [45,90,91].
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5 Conclusions
In this study a workflow to prioritize rooftop renewable energy systems for a Mediterranean multi-

family building is developed and applied. The framework considers the building owner as the main
decision-maker and calculates specific weights for the relevant performance criteria (CAPEX, energy
consumption curtailment, and environmental impact reduction) to tailor the prioritization analysis to that
specific stakeholder. Multiple MCDM methods are applied to overcome method specific bias and provide
robustness to the study outcomes. The main conclusions are:

1. Building characteristics such as rooftop geometry, the need for PV module spacing, and the need for
maintenance access dominate the deployable peak power of renewable energy systems and this reflects
on the achievable annual renewable energy generation. In the layout considered, fixed-tilt PV occupies
the roof most efficiently and yields the highest annual output (~60.8 MWh/year). Using tracking systems
increases the specific energy yield but reduces the installed capacity under the same roof constraints,
which leads to a lower absolute annual generation of single-axis and dual-axis tracking PV arrays.

2. Battery storage significantly improves self-consumption and demand reduction, particularly in a
Mediterranean residential load profile with evening energy consumption peaks. Fixed PV coupled with
a large battery reaches very high annual coverage, while single-axis tracking PVs with large storage
approaches ~93% coverage. These outcomes reflect the temporal complementarity between daytime PV
production and evening demand when storage is available.

3. PV-only options (without energy storage devices) exhibit high net avoided emissions over the lifetime
(e.g., ~347 tCO2eq for fixed-tilt PVs), whereas adding storage increases embodied emissions and can
narrow the net benefit, especially for arrays with lower annual generation or for small-wind alternatives
with modest capacity factors. A large-battery VAWT configuration exhibits a negative net balance in
this inventory due to low lifetime generation relative to embodied emissions.

4. The criteria weighting based on the preferences of the building owner shifts the favored options toward
low-CAPEX ones. With AHP weights representing the typical owner perspective, TOPSIS, ARAS, and
COPRAS all favor low-cost PV variants. The ensemble ranking (which mitigates method-specific biases)
places dual-axis PV (no storage) first, followed by single-axis tracking PV (no storage), single-axis
tracking PV with small storage, and fixed-tilt PV. Large-battery and wind options, instead, mostly rank
in lower positions under these weights.

5. Although individual methods emphasize different aspects by applying different scoring criteria, their
aggregated ranking shows strong consensus among the top options, providing a robust recommendation
for stakeholders and facilitating communication with non-technical decision-makers.

6. The relatively weak performance of VAWT configurations in this case study should not be interpreted
as a universal result: in sites with stronger and more directional urban winds (e.g., coastal high-rises,
exposed escarpments, or favorable urban canyons), and with appropriately optimized micro-siting and
structural integration, small wind could play a more significant complementary role, and the proposed
workflow can be directly reused to assess the VAWT performance in such contexts.

Ultimately, from this study some implications for the design practice can be derived as follows. For
Mediterranean multi-family building roofs, dense fixed-tilt PV should be the baseline when the goal is to
maximize energy production per roof and lifecycle CO2 savings per euro invested. Deploying small storage
systems can be a cost-effective enhancement where budget allows, while large storage should be avoided if
not justified by explicit objectives (e.g., resilience, export constraints, tariff structures). Urban small wind
should be considered only where site-specific wind corridors and structural integration are favorable.
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Nomenclature
AHP Analytic Hierarchy Process
ARAS Additive Ratio Assessment
BESS Battery Energy Storage System
BOS Balance of System
CAPEX Capital expenditure
CDD Cooling degree days
COPRAS Complex Proportional Assessment
DHW Domestic hot water
EMS Energy management system
GCR Ground-coverage ratio
HDD Heating degree days
HVAC Heating, ventilation and air conditioning
LCA Life-cycle assessment
MCDM Multi-criteria decision-making
PV Photovoltaic
RES Renewable energy system
SOC State of charge
TMY Typical meteorological year
VAWT Vertical-axis wind turbine
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Appendix A Sensitivity Analysis of the Ensemble Ranking to Criteria Weights
To assess how the dominance of the cost criterion affects the resulting prioritization, a weight-

sensitivity analysis was performed. The analysis uses the same decision matrix and workflow as the
baseline MCDM assessment. The performance scores of the analyzed alternatives under the three criteria
are taken from Tables 7–9 (total system cost [e], annual energy consumption reduction [kWh], and net
avoided emissions over lifetime [tCO2eq]). As in the main framework TOPSIS method is implemented
with vector normalization, whereas ARAS and COPRAS use column-sum normalization. Cost is treated
as a minimization criterion, while the other two as maximization criteria. Because one of the alternatives
exhibits negative net avoided emissions, a constant non-negativity shift is applied to the net-avoided column
where required by additive normalization (ARAS and COPRAS), without altering relative differences among
alternatives. The three method-specific rankings are aggregated using the Borda rule based on ordinal ranks
and ties, if any, are resolved by the best (minimum) rank achieved across TOPSIS, ARAS, and COPRAS. If
the tie persists, the second-best rank is used and, if needed, the third-best rank is used.

The baseline AHP weights calculated in the study are: CAPEX 0.655, building energy consump-
tion reduction 0.250, net avoided emissions 0.095. In addition to the baseline weights, two alternative
weight vectors are tested: an equal-weights case (0.333/0.333/0.333) and a less cost-dominant owner case
(0.50/0.35/0.15). Table A1 reports the resulting ensemble ranks obtained by applying the alternative weights.

Table A1: Ensemble-ranking sensitivity to criteria weights. Ensemble ranks are obtained by Borda aggregation of the
TOPSIS, ARAS, and COPRAS ordinal ranks computed from the decision matrix (Tables 7–9) under the three weight
vectors: baseline AHP building-owner weights (0.655/0.250/0.095), equal weights (0.333/0.333/0.333), and a less cost-
dominant case (0.50/0.35/0.15).

Alternative Baseline (0.655/0.250/0.095) Equal (0.333/0.333/0.333) Less Cost (0.50/0.35/0.15)
A1 4 2 4
A2 5 1 2
A3 10 5 8
A4 2 4 1
A5 3 3 3
A6 7 6 6
A7 1 7 5
A8 6 8 7
A9 8 9 9
A10 9 10 10
A11 11 11 11
A12 12 12 12

The sensitivity analysis shows that the ensemble ranking is not fully invariant to the adopted weight
vector, especially within the upper and middle part of the ranking, but the broader dominance of PV-based
solutions remains unchanged. Under the baseline owner-oriented weights, the first positions are occupied by
A7, A4, A5, A1, and A2. When equal weights are applied, the ranking shifts toward alternatives with stronger
combined energy and environmental performance, with A2 becoming first, followed by A1 and A5, while
A7 drops to seventh position. Under the less cost-dominant case, A4 becomes first, followed by A2, A5, and
A1, whereas A7 moves to fifth position. Across all three weight vectors, all VAWT alternatives remain in the
lower part of the ranking, with A12 always last. Overall, the results indicate that the exact ordering of the
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PV alternatives is sensitive to the relative importance assigned to cost, energy performance, and net avoided
emissions, while the general preference for PV-based configurations over rooftop wind remains stable.

Appendix B Sensitivity Analysis of the Ensemble Ranking to Grid Carbon Intensity and Battery
Embodied Emissions

To complement the weight sensitivity analysis reported in Appendix A, the robustness of the ensemble
ranking against uncertainties in the grid carbon intensity used to compute the avoided emissions, the battery
embodied emissions, and the battery replacement assumptions is tested. The sensitivity analysis uses the
same decision matrix and computational framework as described in the main text. Furthermore, the baseline
AHP weights (0.655/0.250/0.095) are retained for the evaluation of uncertainty impact on environmental
assumptions. The rationale of this analysis stems from the analysis of current scientific literature showing
that electricity emission factor assumptions can materially affect long-term CO2 accounting, and that battery
LCA results are sensitive to manufacturing energy mix and replacement frequency assumptions [59–61,100]

Net avoided emissions depend on the assumed grid emission factor EF0 adopted in the baseline
calculation of avoided emissions. To test sensitivity without introducing year-specific values (due to the
volatility and not full predictability of this factor), three grid-carbon-intensity cases are considered by scaling
the avoided-emissions contribution using multipliers 0.8, 1.0, and 1.2 relative to EF0 (i.e., Low/Mid/High
grid-carbon-intensity cases), while keeping the cost and energy-reduction criteria unchanged.

For each design alternative, the net avoided emissions criterion is updated consistently with the baseline
definition (avoided minus embodied). Since embodied emissions are independent of grid carbon intensity,
the update can be written as:

AE(case) = kEF AE0, NE(case) = AE(case) − EE0

where kEF ∈ {0.8, 1.0, 1.2}, AE0 is the baseline value of avoided emissions over lifetime, and EE0 is the
baseline value of embodied emissions over lifetime. In practice, this corresponds to modifying only the
net avoided emissions column used by TOPSIS, ARAS and COPRAS methods, leaving the other two
criteria unchanged.

Battery embodied emissions are affected by manufacturing mix and replacement assumptions.
Therefore, for alternatives including batteries, an uncertainty band is applied by scaling the battery
embodied-emission contribution using multipliers m ∈ {0.67, 1.00, 1.33}, while leaving PV panels and
VAWT embodied contributions unchanged. Denoting the embodied emissions as:

EE0 = EEnonbat
0 + EEbat

0

the perturbed embodied emissions are:

EE(case) = EEnonbat
0 +mEEbat

0

and the net avoided emissions become:

NE(case) = AE0 − EE(case)

It is trivial that non-storage design alternatives have EEbat
0 = 0 and are therefore unaffected by this

perturbation. This approach captures the fact that conservative (higher) battery embodied assumptions
reduce net avoided emissions and may slightly modify the ranking of design alternatives with high level of
energy storage capacity, while preserving the structure of the original decision problem [60,61].
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Finally, the three grid-carbon-intensity cases (Low/Mid/High, via kEF = 0.8/1.0/1.2) are combined
with the three battery embodied multipliers (0.67/1.00/1.33), yielding nine scenarios. For each scenario,
TOPSIS, ARAS, COPRAS and the Borda-aggregated ensemble rank are recomputed using the same workflow
described in Section 2. Table A2 reports the resulting Top-4 alternatives, providing a stability check of top
ranked alternatives.

Table A2: Scenario stability of the ensemble ranking under combined grid-carbon-intensity and battery embodied
emission uncertainties.

Grid Carbon Intensity Case Battery Embodied Multiplier Top-1 Top-2 Top-3 Top-4
Low 0.67 A7 A4 A5 A1
Low 1.00 A7 A4 A5 A1
Low 1.33 A7 A4 A5 A1
Mid 0.67 A7 A4 A5 A1
Mid 1.00 A7 A4 A5 A1
Mid 1.33 A7 A4 A5 A1
High 0.67 A7 A4 A5 A1
High 1.00 A7 A4 A5 A1
High 1.33 A7 A4 A5 A1

After recalculating the net avoided emissions for all nine combined scenarios and rerunning TOPSIS,
ARAS, COPRAS, and the Borda ensemble with the baseline weights, no rank reversals were observed. This
indicates that the ranking is robust to the tested variations in grid carbon intensity and battery embodied-
emission assumptions.
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