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Abstract: Italy strives to meet its renewable energy targets for 2030 and 2050, with photovoltaic (PV)
technology playing a central role. However, the push for increased solar adoption, spurred by past
incentive schemes such as “Conto Energia” and “Superbonus 110%”, raises long-term challenges
related to PV waste management. In this study, we present a multi-scale approach to forecast End-
of-Life (EoL) PV waste across Italy’s 20 regions, aiming to support national circular economy
strategies. Historical installation data (2008-2024) were collected and combined with socio-economic
and energy-related indicators to train a Backpropagation Neural Network (BPNN) for regional PV
capacity forecasting up to 2050. Each model was optimised and validated using R? and RMSE metrics.
The projections indicate that current trends fall short of meeting Italy’s decarbonisation targets.
Subsequently, by applying a Weibull reliability function under two distinct scenarios (Early-loss and
Regular-loss), we estimated the annual and regional distribution of PV panels reaching their EoL.
This analysis provides spatially explicit insights into future PV waste flows, essential for planning
regional recycling infrastructures and ensuring sustainable energy transitions.

Keywords: backpropagation neural network; circular economy; end-of-life panels; photovoltaic;
regional forecasting; weibull distribution

1. Introduction

The transition to renewable energy sources is a cornerstone of global strategies to combat climate
change [1]. Among the available technologies, photovoltaics (PV) stand out for their modularity,
scalability, and economic competitiveness. According to the International Renewable Energy Agency
(IRENA) report [2], the cost of PV modules decreased by 93% between 2009 and 2023, supporting
their large-scale deployment. PV systems contribute to the production of clean energy and to
reducing air pollution, aligning with the circular economy goal of minimising dependence on
primary raw materials and energy [3]. In Italy, PV plays a key role in the national energy strategy,
having been supported in the past by incentive schemes such as Conto Energia (active between 2008
and 2013) and the Superbonus 110% (introduced in 2020 and progressively phased out from 2023).
According to data from the “Gestore dei Servizi Emnergetici” (GSE), Italy’s installed PV capacity
surpassed 36 GW in 2024, up from 25 GW in 2022, an increase of almost 50% over two years. This
growth is expected to continue in pursuit of the targets set by the “Piano Nazionale Integrato per
I’Energia e il Clima” (PNIEC) for 2030 and the 2050 climate neutrality strategy. At the European level,
the European Union (EU) aims to transition member state economies to zero-emission systems, with
a minimum target of 30% renewable energy by 2030 [4]. In the long term, PV is projected to meet 32%
of global energy demand by 2050, with an estimated installed capacity of 14 TW [5]. However, the
rapid increase in PV installations raises new challenges. PV modules contain strategic materials,
particularly silicon and silver, whose circular management is essential for the sustainability of the
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sector [5]. Recycling End-of-Life (EoL) PV panels is therefore crucial for both environmental
protection and resource conservation [5]. Currently, the PV industry operates largely under a linear
“take-make-use—dispose” model, which leads to increasing landfill waste and associated
environmental impacts [6]. Moreover, most research and development efforts have focused on
improving module efficiency, with limited attention given to economically viable dismantling and
recycling technologies [6].

In Italy the lack of a national strategy and dedicated infrastructure for PV waste management
represents a structural weakness [3,7]. On the regulatory side, the European Union has classified PV
modules as electronic waste (WEEE), with the adoption of the WEEE Directive (EC, 2012), which
promotes resource efficiency and design-for-recycling [8,9].

In this context, effective EoL planning requires the spatial and temporal forecasting of PV waste
flows [10]. Scientific literature presents a lack of studies dedicated to the forecasting of the installed
capacity, and consequently of the waste stream generated by EoL PV modules, especially at the
regional level [10]. Such information is essential for appropriately sizing treatment infrastructure and
minimising reverse logistics costs related to waste collection and transport.

To address this gap in the literature, this study proposes a multi-scale approach to forecast PV
waste generation in Italy through 2050, with regional resolution. Several international studies have
estimated PV waste flows in different countries, including United States and Mexico ([11,12]), India
[13], Italy [14], Spain [15], Indonesia [16], Australia [17] and China [10]. However, to the best of our
knowledge, no systematic analysis at the regional scale has been conducted for the Italian context.

Historical PV installation data from 2008 to 2024 were collected for all 20 Italian regions ([18-
21], [22-27], [28-33]). Future installations from 2025 to 2050 were then forecast by comparing different
modelling approaches. The best-performing model was the Backpropagation Neural Network
(BPNN), previously applied in China [10], and trained using a set of demographic, economic, and
energy policy-related variables.

To complete the modelling framework, the Weibull function was applied, a method widely
adopted in similar studies ([10], [11-13,15]), to model the decommissioning of PV modules under two
scenarios: Early-loss and Regular-loss. The resulting annual and regional estimates of EoL volumes
support the design of efficient recycling systems aligned with circular economy principles and
demonstrate the importance of a proactive national strategy tailored to the Italian context.

2. Materials and Methods

The methodology applied in this study consists of three main phases, each aimed at
constructing a forecasting model for waste from PV modules. The methodological structure is

shown in Figure 1.

WASTE
GENERATION
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Figure 1. Methodological structure.
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The first phase of the work involved collecting historical data on PV installations on a regional
scale for the period 2008-2024, expressed in terms of installed power (MW). These data form the basis
for the forecast analysis of PV waste flows. The sources used are official and established national and
European energy and statistical bodies. In particular, the data on installed capacity for each region
were acquired from GSE, the main reference in Italy for monitoring production from renewable
sources, and from Terna, the national transmission grid operator. Additional socio-economic and
energy indicators were collected from official statistical sources: ISTAT and Eurostat for demographic
and economic aspects and the IRENA for contextual energy parameters. The selection of these
sources meets the criteria of authoritativeness, extended time availability, regional territorial
coverage and continuous updating, which are essential to ensure reliability and consistency in the
forecast models developed.
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Figure 2. Evolution of Installed PV Capacity in the Top 8 European Countries (2015-2024). Source: Renewable
Capacity Statistics, 2025 (IRENA).

According to Figure 2, Italy ranks among the leading countries in Europe in terms of installed
capacity in 2024, with a significant and continuous growth since 2008 [34].

2.1. Forecasting Model

The first step of the empirical research involves forecasting installed capacity at the regional
level. Different forecasting approaches were compared, inspired by the main methods used to
estimate the volume of electrical and electronic equipment. Four models have been implemented:
linear regression, AutoRegressive Integrated Moving Average (ARIMA) model, BPNN and Long
Short-Term Memory (LSTM) recurrent neural network [10,35,36]. Traditional statistical models, such
as linear regression and ARIMA, perform well in modelling historical trends, effectively capturing
linear dynamics and seasonality in data. However, they have limitations in representing complex and
nonlinear phenomena, especially over long-time horizons [10]. To address these complexities,
machine learning models have also been considered. BPNN, optimised by genetic algorithms, are
particularly suited to handle large volumes of data and nonlinear relationships between variables
[35,37]. Similarly, LSTM networks, which belong to the family of recurrent neural networks, can
capture long-term temporal dependencies and are widely used for multistep forecasting over time
[10,36].

To evaluate the performance of the forecasting models, the historical dataset was divided into a
training set (80%) and a test set (20%). The goodness of the models was measured through two widely
used metrics: the coefficient of determination (R?) and the Root Mean Squared Error (RMSE), which
allow for evaluating the quality of the adaptation and the accuracy of the forecasts, respectively. The
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more complex models, namely BPNN and LSTM, characterised by greater flexibility and a high
number of hyperparameters, were subject to an optimisation process using Grid Search [38,39].This
technique allowed for systematically exploring a wide combination of parameters, modifying one at
a time, to identify the configuration with the best forecasting performances. In the case of the BPNN
model, the network was built with multiple layers, and it was optimised based on parameters such
as the number of neurons (units: 32, 64, 128, 256), dropout rate (0.2, 0.3), learning rate (learning rate:
0.001, 0.01, 0.0001), batch size (16, 32), number of epochs (100, 200). Two optimisation algorithms were
employed: RMSprop and Adam, both tested to improve the convergence and stability of the model.
The same optimisation process was also applied to the LSTM model, which, thanks to its recurrent
architecture, is particularly suitable for capturing long-term temporal dependencies in the data. The
same ranges of values for the hyperparameters and the same optimization algorithms (RMSprop and
Adam) were adopted to guarantee a homogeneous basis of comparison between the models.

To increase the predictive ability of deep learning models (BPNN and LSTM), the input was not
limited to the historical series of installed PV. In fact, several contextual explanatory variables were
integrated, selected for their potential contribution to explaining the regional dynamics of PV
deployment; these include economic, demographic and energy-policy indicators specific to each
region. The integration of these variables made it possible to enrich the model with a more structured
and multidimensional view of the phenomenon under consideration, improving forecasts” accuracy
in terms of adaptation to historical data and future projection. The forecasting outcomes yielded by
BPNN exhibit the highest level of accuracy through validation using historical data (Table 1).
Therefore, this study chooses BPNN to predict the future installed capacity of PV modules in Italian

regions.
Table 1. Error characteristic for our four prediction methods.
Linear model Arima BPNN! LSTM!
R”2 -0,1949 -2,6088 0,90561 0,72345
RMSE 355,23 488,57 171,45 336,54

! For BPNN and LSTM we report the mean of the region’s best results from the grid search.

2.2. Waste Generation

This study employs predictive modelling that incorporates two distinct forecasting schemes:
Early-loss and Regular-loss, both modelled using the Weibull function, as illustrated in (1):

ta
F)=1-e @, 1

where:
e  F(t)is the Weibull function;
e  tisthe lifespan of panels in years;
. T is mean lifetime of PV panels;
e arepresents the shape parameter, which determines the characteristic form of the Weibull curve.

An a value of 2.4928 was designated for the Early-loss scenario, whereas a value of 5.3759 was
assigned for the Regular-loss scenario [13,40,41]. A 99.99% probability of module loss after 40 years
of operation is presumed for both scenarios [41]. Additionally, in the Early-loss scenario, a loss chance
of 0.5% is presumed during the first year due to damage incurred during shipment and installation,
along with an extra failure probability of 0.5% within the initial two years of operation [41]. A
threshold of 25 years was adopted to estimate the average useful life of a PV panel. The Weibull

function was applied iteratively for each year and region to the new installation. So, it was possible
to assume the new installed capacity for each year, calculated as follows:

it _ pit it—-1 it
Cnew - Ctot - Ctot + Cdisf (2)

where:
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e (i, isthe new installed capacity in region i in year t;
o Cl, is the total installed capacity in region i at year t;
e CH, is the decommissioned capacity in region i in year t.

The conversion from MW to tonnes represents the last step to obtain waste stream. Although it
is possible to assume a fixed average conversion factor (e.g. tons per MW installed), this approach
would be inaccurate in the long-term considering different technologies and efficiencies [15,42].
Technological evolution in the PV sector (which has led to more efficient solar cells and a progressive
reduction of the material used) has decreased the mass/power ratio over time [15]. So, a decreasing
exponential function was adopted, in line with what was proposed by IRENA [41], who analysed
average data of nominal power and weight of modules produced between 1980 and 2013. The ratio
for the modules installed in year i was calculated as (3) [15,41,42]:

—i
power to mass ratio (i) = A X eE, ®)

In particular, the fitting parameters of the exponential function were estimated as follows:

o  A=111x10°t/MW;
e B=4824years;
e  iisthe current year.

However, it should be noted that this procedure introduces a certain degree of uncertainty,
particularly for long-term projections. This is because the mass/power ratio derives from an
extrapolation process based on historical data, and therefore the estimate’s precision tends to
decrease as the period moves away [15,42].

3. Results

This section presents the regional forecasts of PV installed capacity and waste flows generation.
Italian regions are aggregated according to the NUTS 1 classification for clarity and spatial
consistency: Northern, Central, and Southern Italy. This grouping supports comparative analysis of
macro-area dynamics and expected PV waste flows by 2050.

3.1. Territorial Distribution of Photovoltaic Capacity: Regional Dynamics and Enabling Factors

Analysing installed PV capacity by macro-area highlights significant regional disparities, driven
by demographic, economic, infrastructural, and policy factors (Figure 3). All regions in Northern Italy
exhibit consistent growth, with Lombardy leading the way. An expected result, considering the high
resident population, industrial density and economic-financial availability that characterise the
region. Although not benefiting from the best conditions for solar radiation, Lombardy still manages
to assert itself thanks to a favourable context in terms of infrastructure, planning capacity and access
to incentives. On the contrary, regions such as Trentino-Alto Adige and Valle d'Aosta present lower
values, probably due to the Alps’ morphology, low population density and landscape constraints,
which limit the development of large plants. This evidence suggests that, in Northern contexts, the
economic-industrial aspect has played a more relevant role than the simple availability of solar
resources.

In Central Italy, Lazio stands out for its sharp increase in installed capacity starting in 2023. Lazio
also combines good solar irradiation with intense demographic pressure, factors that accelerate PV
deployment when supported by coherent policy frameworks. On the contrary, despite having similar
climatic and territorial characteristics, Tuscany and Marche show more modest growth, which could
suggest a lower effectiveness of regional policies or a less dynamic response by local actors.

Puglia maintains its leadership in Southern Italy due to its high irradiation, land availability,
and regional support for renewables. Although Sicily and Sardinia have similar levels of irradiation,
they are experiencing slower growth rates. In Sicily, wind power has absorbed a larger share of
investments, while Sardinia faces infrastructural and environmental constraints limiting large-scale
installations. Regional disparities are also evident between Campania and Calabria, where similar
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natural conditions yield different outcomes, suggesting that administrative capacity and local
governance play a key role in enabling development.

Overall, 2024 marked a shift in market dynamics. The utility-scale segment (>1 MW) recorded
the highest growth (+163%), with a concentration of grid connections in the second half of the year
(from 1,157 MW in 2023 to 3,045 MW in 2024). In contrast, the residential sector declined following
the phase-out of the Superbonus 110% and the end of the tax credit transfer mechanism. The
commercial and industrial segment (20 kW-1 MW) grew moderately (+8%), reaching 1,961 MW in
2024 (Source: Terna Database). These results highlight the growing role of utility-scale systems and
the impact of policy discontinuities on smaller-scale installations. This trend is supported by
improving cost competitiveness. The Levelized Cost of Electricity (LCOE) for utility-scale PV
declined by 14% in Italy in 2023, outperforming the global average reduction of 12% [2]. This decline
reflects decreasing installation costs and improved system performance, reinforcing the economic
viability of large-scale projects in the national context.
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Figure 3. Historical data (2008-2024) and projected photovoltaic installed capacity (2025-2050) for the three
Italian macro-areas. Projections are based on BPNN forecasts at regional level. (a) North Italy: regional trends
for Lombardia, Veneto, Emilia-Romagna, Piemonte, Liguria, Friuli-Venezia Giulia, Trentino-Alto Adige, and
Valle d’Aosta; (b) Central Italy: regional trends for Lazio, Toscana, Marche, and Umbria; (c) South Italy: regional

trends for Puglia, Campania, Calabria, Sicilia, Basilicata, Molise, and Sardegna.
3.2. PV Waste Flows: Forecast Scenarios

The analysis of annual PV waste flows at the regional level (reported in Figure 4), disaggregated
by macro-area and degradation scenario, reveals distinct temporal and quantitative patterns between
the Early-loss and Regular-loss scenarios.

In the Early-loss scenario, waste increases progressively and steadily throughout the 2025-2050
horizon. This emphasises early module failures due to manufacturing defects, transport damage, or
installation issues. The resulting waste is temporally distributed, producing smoother but
cumulatively higher volumes. Regions with the largest installed capacity, such as Lombardy, Lazio,
and Puglia, show consistently elevated and stable waste levels over time.
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Conversely, the Regular-loss scenario shows a more discontinuous profile. This reflects a longer
module lifetime, with decommissioning concentrated 22-28 years after installation. Waste volumes
remain low in the short term but surge rapidly once large cohorts of modules reach EoL, leading to
sharp annual peaks. The projected increase in installations strongly influences post-2040 waste flows
under this scenario. This is particularly evident in regions like Lombardy and Puglia, where waste
flows appear stable under Early-loss but fluctuate sharply in the Regular-loss case. Planning efforts
at both national and regional levels must account for both scenarios, balancing the risk of under-
dimensioning infrastructure (typical of Regular-loss) with the potential inefficiency of over-
dimensioning (linked to Early-loss), to ensure the operational resilience and environmental

sustainability of the PV sector.
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Figure 4. Projected photovoltaic waste generation (2025-2050) in tonnes for the two EoL scenarios across Italian
macro-areas. Results are disaggregated at regional level. (a) Early-loss scenario for North Italy; (b) Regular-loss
scenario for North Italy; (c) Early-loss scenario for Central Italy; (d) Regular-loss scenario for Central Italy; (e)

Early-loss scenario for South Italy; (f) Regular-loss scenario for South Italy.

4. Discussion

This study proposed a multi-scale methodology to forecast future PV waste generation in Italy,
combining regional projections of PV installations with two distinct EoL scenarios. Historical
installation data (2008-2024) and region-specific support variables were used to train a BPNN,
enabling forecasts of new capacity by region up to 2050. These projections were coupled with
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Weibull-based lifetime distributions to estimate annual and regional EoL waste flows under Early-
loss and Regular-loss scenarios.

The national-level forecast developed in this study (Figure 5) indicates that PV installations in
Italy are expected to exceed the targets set by the December 2019 version of the PNIEC, which aimed
for 52 GW by 2030. However, the projected growth remains below the revised PNIEC objectives
published in June 2023, which call for approximately 79 GW of installed capacity by 2030.
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Figure 5. Historical (2008-2024) and projected (2025-2050) installed photovoltaic capacity in Italy. The figure
also highlights the 2030 national targets set by the PNIEC in its original 2019 version (52 GW) and in the updated
2023 version (approximately 79 GW). The projection is based on national aggregation of regional BPNN

forecasts.

This discrepancy highlights the gap between current deployment trends and the increased
ambition of national climate policy. While the forecast model necessarily involves a degree of
uncertainty, especially in long-term projections, it is important to note that the impact of potential
forecasting errors on waste estimation is attenuated over time. Due to the average 25-year lifespan of
PV modules and the smoothing effect of the Weibull-based lifetime model, errors in near-term
installation forecasts have a greater influence on short- and medium-term waste flows than those
occurring in the distant future.

These findings suggest that, in the absence of further structural interventions or policy
reinforcements, the current pace of growth may not be sufficient to meet the latest national
decarbonisation targets. The EoL management of PV modules represents a strategic challenge for the
sustainability of the sector, both environmentally and economically. As highlighted in the literature,
the current economic framework for recycling PV panels, particularly silicon-based ones, is not yet
favourable, primarily due to the high costs of infrastructure implementation relative to the economic
returns from material recovery [43,44]. However, while landfill disposal remains more economically
advantageous, its competitiveness may decline over time due to potential regulatory and fiscal
developments [45]. In this context, recycling already emerges as the environmentally preferable
option [45], and its cost-effectiveness may improve as increasing volumes of modules reach the end
of their life cycle, enabling economies of scale [46,47].

An effective management system requires centralised planning of the recycling supply chain,
with treatment facilities of adequate scale capable of ensuring economic viability [48,49]. The
adoption of closed-loop circular economy models and the promotion of an integrated cycle, including
collection, storage, transport, recycling, and reuse, have been recognised as essential tools for
reducing environmental impact and improving sector-wide efficiency [3,50,51]. In this context, the
present study offers a valuable contribution by providing spatially disaggregated forecasts of PV
waste generation at the regional level. This granularity enables more accurate and efficient national
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planning of collection and treatment infrastructure, allowing stakeholders to align logistical capacity
with the actual territorial distribution of EoL PV modules.

To date, the only national-level study estimating PV waste quantities in Italy does not apply a
probabilistic lifetime distribution such as the Weibull function [14]. As a result, direct comparison
with the present results would lack methodological consistency and could lead to misleading
conclusions regarding the timing and magnitude of future waste flows.

A photovoltaic panel is primarily composed of glass, aluminium, silicon, and small quantities of
valuable metals such as silver and copper, along with various polymers used for encapsulation and
insulation. Among the recoverable materials, silicon is the most significant, both in terms of mass and
economic value, and it is classified as a critical raw material by the EU [52,53]. Efficient recovery of
high-purity silicon is therefore crucial not only for environmental sustainability but also for securing
industrial supply chains and limiting the embedded energy associated with wafer production [54,55].

Other materials, although present in small quantities, can also contribute significantly to the
profitability of recycling. For instance, silver accounted for approximately 35% of the economic value
derived from silicon-based module recycling [56], while copper contributed over 5% [57].
Nonetheless, the absence of robust regulation and a developed market for recycled materials, coupled
with the lack of specific obligations in many countries, has so far limited large-scale implementation,
with global estimates suggesting that only around 10% of PV modules are currently recycled [58,59].

Based on the projections developed in this study, future waste flows from PV modules,
particularly under scenarios characterised by sudden peaks (Regular-loss), necessitate systemic
reflection on the absorption and treatment capacity of national infrastructure. The early adoption of
low-cost recycling technologies, supported by coherent regulatory frameworks and targeted
incentives, therefore appears essential to ensure a truly sustainable and circular energy transition.
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