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Executive Summary 

The rapid expansion of photovoltaics (PV) as part of the energy transition is expected to lead to a significant 

increase in used modules. To manage the growing waste streams and promote resource efficiency, the 

circular economy is an economic model that aims to create circular material flows. Although 50% of PV 

modules are technically reusable after their first life cycle, little is known about the age of end-of-life (EoL) 

modules and the factors that lead to system decommissioning or replacement, which hinders circular 

activities. Therefore, as part of the Swiss PV Circle project, analytical approaches and data from various 

sources were used within work package 3 to improve the prediction of cycling activities. As the data basis for 

effective EoL quantities from previous years is still very limited, the collection quantities from SENS 

eRecycling from previous years were initially used to gain an insight into the future development of waste 

quantities. In a second step, this figure was compared with results from existing scientific studies in order to 

better understand current assumptions for calculating forecasts.  

Furthermore, more than 500 EoL assets were analysed for various parameters using qualitative analysis to 

gain a better understanding of the characteristics of current return volumes to improve reuse practices. Finally, 

these EoL assets were used as the basis for a scientific study to gain insights into the age and machine 

learning (ML)-based classification of EoL assets. In a third step, the ML model was applied to identify further 

EoL assets in the existing dataset to further concretise the forecasting. 

This report is structured as follows: Firstly, the initial situation is described, followed by the methods used to 

collect and analyse the data. The results from the various approaches are then presented and compared with 

existing studies. Finally, the results are discussed and the most important findings are summarised again, 

followed by a concluding conclusion and an outlook for the future. 
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1. Introduction 

Forecasting refers to the systematic prediction of future developments or events on the basis of historical 

data, current trends and relevant influencing factors.1 In the context of EoL flows, forecasting refers to the 

prediction of the quantity, composition and temporal occurrence of products that have reached the end of 

their life cycle and are ready for reuse, recycling or disposal. Various methods are used, e.g. statistical 

models, time series-based methods, machine learning approaches or scenario-based projections, with the 

aim of enabling well-founded decisions for waste management, the circular economy and resource planning. 

The decisive factor in enabling forecasting is the data available for this purpose. The following basic 

requirements apply :2 

• Historical data: Past developments are often a basis for forecasts. This data must be sufficiently 

long, reliable and precise. 

• Data quality: Missing values, outliers and inconsistencies should be recognised and corrected if 

necessary. 

• Relevance of the data: The data used must be representative of the phenomenon to be predicted. 

Furthermore, the relevant influencing factors that determine the forecast event should be identified. These 

include, for example, technological developments, legal framework conditions and market trends. The choice 

of a suitable forecasting model is also crucial, depending on the type of data and the objective of the forecast. 

Another important criterion is stability and the recognition of patterns in the historical data. Forecasts are 

particularly reliable when recurring trends or seasonal effects are recognisable; however, the accuracy of 

forecasts is limited in the case of highly volatile processes. As every forecast contains uncertainties, these 

should be quantified and communicated - for example through confidence intervals or scenario analyses. 

Scenario-based forecasts are particularly useful when several uncertain influencing factors play a role. Finally, 

continuous validation of the forecasts is necessary in order to recognise deviations and adjust the model if 

necessary. Changes in the environment, such as technological innovations, should be regularly incorporated 

into future forecasts .3 

These basic requirements show that forecasting is primarily dependent on the quality of the data and the 

information available. In reality, however, data sources are often fragmented, inconsistent and require a great 

deal of effort for quality assurance. For this reason, several steps and sub-processes are necessary to enable 

forecasting.  

The first studies for forecasting PV waste volumes have already been carried out in the past4 , but these 

studies are outdated and rely on key figures from a limited geographical context to develop the results. Other 

studies (e.g.5 ) are based on generalised basic assumptions that need to be understood and questioned. 

These studies will be discussed in more detail later in this report. 

 

1 Makridakis, Wheelwright, and Hyndman, "Forecasting." 
2 Makridakis, Wheelwright, and Hyndman; Goodwin et al, "Principles of Forecasting." 
3 Hyndman and Athanasopoulos, Forecasting. 
4 Forti, Baldé, and Kuehr, "E-Waste Statistics"; Rabaia, Semeraro, and Olabi, "Recent Progress towards Photovoltaics' Circular 

Economy"; Magalani et al, "Study on Collection Rates of Waste Electrical and Electronic Equipment"; Weckend, Wade, and 

Heath, "End of Life Management." 
5 Czajkowski et al, "Prediction of the Market of End-of-Life Photovoltaic Panels in the Context of Common EU Management 

System." 
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2. Methods used 

The data collection and analysis methods used in the project are presented below. Firstly, collection data 

from SENS eRecycling from recent years was used to create an initial estimate for the forecast of future waste 

volumes using polynomial regression. Secondly, this data was compared with results from scientific studies 

in order to validate the calculation assumptions. Thirdly, an exploratory qualitative analysis of over 500 EoL 

plants was carried out, in which various parameters were analysed in order to gain a better understanding of 

the characteristics of the return volumes. A fourth element of the study was the application of statistical models 

(Kaplan-Meier analysis and logistic regression model), which made it possible to determine the age of the 

plants and classify EoL plants. In the future, the approach is to be extended to ML-based identification of 

further EoL plants in the data set in order to make the forecasting models more precise. 

2.1 Data collection 

The data used for this study came from four main sources. Firstly, we used a public dataset from the 

Opendata.Swiss portal, which is regularly published by the Swiss Federal Office of Energy (SFOE). The 

dataset contains the electricity production plants registered in the Swiss Guarantee of Origin system with 

location, installation date, installed capacity and PV plant type. By the end of 2023, this dataset included 

around 225,000 PV systems between 0 and 35 years old .6 

The second, non-public data source, provided by the SFOE as part of the Swiss PV Circle project, comprises 

15 time-series datasets recording the monthly energy production of each PV system between 2009 and 2023. 

Another non-public source, provided by the Swiss take-back system SENS eRecycling and partner of the 

Swiss PV Circle project, includes all collection orders from 2017 to June 2024 requested by companies or 

collection centres for the collection and recycling of EoL PVs7 . The dataset contains the collection address, 

date, quantity (kg), PV panel type, module condition and EoL reason of each collection order. In addition to 

the collection orders, the aggregated collection quantities for the years 2015 - 2023 were also provided. For 

example, the total quantity of EoL PV modules collected in 2023 was 1,000 tonnes (t). 

As a fourth data source, we included a dataset from the SPF Institute for Solar Technology containing records 

of hail damage to PV installations in Switzerland in 2021, which helped to identify additional disused PV 

installations. In addition to these four primary data sources , we utilised historical imagery from Google Earth 

Pro to verify EoL occurrences and support the development of a comprehensive dataset.  

2.2 Data preparation 

To create a comprehensive database for legacy PV installations, we started by merging data sources, mainly 

using addresses or product identifiers, to link and reference unique PV installations in the datasets. This 

process required extensive data cleansing and preparation to remove records with gaps caused by 

inconsistent data tracking in the sources used, resulting in an inevitable loss of incomplete data points. 

Merging these sources also allowed us to identify additional EoL-PV assets and supplement the existing data 

through an iterative cross-referencing process to improve credibility and completeness8 . In this way, we were 

able to identify 522 EoL PV systems and a total of approximately 157,000 PV systems that contained all 

 

6 Opendata.Swiss, "Electricity Production Plants - Opendata.Swiss." 
7 SENS eRecycling, "Recycling system for photovoltaics in Switzerland." 
8 Patton, "Enhancing the Quality and Credibility of Qualitative Analysis." 
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relevant information for further data analysis. However, the data set used for EoL PV systems only represents 

a sample and not the totality of all existing PV systems with EoL occurrences. 

2.3 Data analysis 

Due to the considerable limitations in the available data, especially with regard to EoL plants and quantities, 

several steps are necessary to enable forecasting. The data analysis techniques that have been used so far 

in WP3 to enable improved statements about EoL plants are described below. As mentioned above, 

retrospective considerations continue to be an important basic building block to enable a view into the future, 

which is why some analyses do not include classic forecasting, but serve to describe the current actual state. 

2.3.1 Qualitative analysis 

As an additional step, we used an explorative qualitative approach to analyse the characteristics of PV 

systems that have reached the end of their operating life9 . This analysis includes, among other things, the 

investigation of the reason for decommissioning, the year of installation, the installed capacity (kWp) and the 

geographical distribution of EoL and active systems. As the results of this qualitative analysis are to be the 

subject of a further scientific study, the results are presented in aggregated form. 

2.3.2 Quantitative analysis 

Kaplan-Meier survival analysis 

Next, a Kaplan-Meier survival curve was applied, which is a non-parametric statistical method for estimating 

survival probabilities over time by examining different time intervals10 .  The Kaplan-Meier estimator, also 

known as "product frontier estimator", calculates survival probabilities by determining the probability of an 

event occurring at each specific point in time. Although the Kaplan-Meier estimator is primarily used in medical 

research, it has been used in reliability studies to estimate product survival probabilities11 . Due to its 

adaptability, this method is therefore well suited for our study, as it provides robust estimates of survival times 

for EoL-PV systems while taking censored data into account12 . Censored data refers to observations where 

the event of interest (e.g. EoL) did not occur during the observation period, assuming that these systems 

remain "at risk" for the event13 . This assumption fits our study as it takes into account "at risk" PV systems 

where an EoL event could not be definitively attributed due to a lack of available information on the totality of 

EoL events. The survival probability S(t) at a given time (t) is estimated by: 

𝑆̂(𝑡) =  ∏ (1 −
𝑑𝑖

𝑛𝑖

)

𝑖:𝑡𝑖≤𝑡 

 

where diis the number of events (e.g. system failures) that occur at time tiand niis the number of "at-risk" 

systems immediately before ti. For each time interval, the survival probabilities are derived by dividing the 

number of operational PV systems by the total number of "at risk" systems. The cumulative survival probability 

 

9 Thomas, "A General Inductive Approach for Qualitative Data Analysis." 
10 Altman, Practical Statistics for Medical Research. 
11 Widodo and Yang, "Application of Relevance Vector Machine and Survival Probability to Machine Degradation Assessment"; 

Ragab et al, "Remaining Useful Life Prediction Using Prognostic Methodology Based on Logical Analysis of Data and 

Kaplan-Meier Estimation". 
12 Goel, Khanna, and Kishore, "Understanding Survival Analysis." 
13 Prinja, Gupta, and Verma, "Censoring in Clinical Trials." 
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over a given time period is then calculated by applying the multiplication law, combining the survival 

probabilities from all previous intervals. 

Polynomial regression 

For an initial assessment of possible EoL volumes in the coming years, polynomial regression was used to 

describe non-linear relationships between one or more variables. Polynomial regression enables a more 

differentiated and precise modelling of complex trends and is therefore suitable for calculating the EoL 

quantities that will develop over time. The relationship between the independent variable x and the dependent 

variable y results from: 

𝑦 =  𝑏0 + 𝑏1𝑥 + 𝑏2 𝑥2 + ⋯ + 𝑏𝑛 𝑥𝑛 +  𝑒 where 

b = coefficients 

e=  Error term 

The collection volumes of SENS eRecycling from previous years since 2015 were used as the basis for this 

initial estimate. It is important to note that these figures do not represent the entirety of all EoL volumes, as a 

significant proportion is exported abroad through uncontrolled exports. There are currently no exact estimates 

of the proportion of export volumes of Second Life modules to mainly non-European countries. Another 

problem is that these quantities are not tracked by customs under a separate export number. However, initial 

studies suggest an export share of between 30 and 70% to countries such as France, Germany and Italy .14 

Logistic regression 

In the final stage of data analysis, a logistic regression (LR) model was used to classify the legacy assets in 

the dataset. LR is a widely used classification model that is particularly effective for binary and linear 

classification problems with linearly separable classes15 . LR was favoured in this study due to its 

interpretability, computational efficiency and ability to provide probability-based predictions that allow us to 

assess the likelihood of EoL occurring at a PV plant. Alternative models such as decision trees or support 

vector machines could also perform binary classification, but are often less interpretable or require more 

computational resources16 . Given the goal of understanding the key characteristics that influence EoL, LR 

was considered the most appropriate choice for classifying whether a PV plant is at the end of its life cycle 

("1") or still active ("0"). The probability that for the given values of the independent variables the dependent 

variable y, i.e. whether the PV system is at the end of life, is "1" or "0" is given by: 

𝑝 (𝑦 = 1) =  
1

1+𝑒−(𝑏1∗𝑥1+⋯+𝑏𝑘∗𝑥𝑘+𝑎)
 and 𝑝 (𝑦 = 0) = 1 −  

1

1+𝑒−(𝑏1∗𝑥1+⋯+𝑏𝑘∗𝑥𝑘+𝑎)
 

where x1-krepresent independent variables corresponding to the characteristics associated with each PV 

system. In addition, the regression coefficients b1-kquantify the effect of each predictor on the probability that 

the dependent variable is "1" and indicate the influence of each feature on the EoL classification. 

 

14 Hansen et al, "The Dark Side of the Sun: Solar e-Waste and Environmental Upgrading In." 
15 Subasi, Practical Machine Learning for Data Analysis Using Python. 
16 Stoltzfus, "Logistic Regression." 
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3. Results 

The results obtained in WP3 are presented below and then discussed. As both0 and0 were prepared as part 

of a scientific study, the results in this report are only aggregated and summarised without illustrations. 

3.1 Characteristic values of EoL systems 

In order to be able to make improved statements about the characteristics of dismantled PV systems, these 

were analysed using a qualitative-explorative approach. The basis for this investigation was around 530 

systems, which were identified as clear EoL systems through the data preparation process and the merging 

of various sources, and which also contained all the necessary information. The basis for the assignment of 

the EoL reason was provided by the collection orders from SENS eRecycling, in which a collection reason 

(e.g. 'end of use', 'material defect' or 'other') was stored. In recent years, systems were particularly frequently 

given the reason 'hail damage' or 'storm damage'. In order to supplement and verify the information, the age 

of the turbine and the satellite photo were checked for the assignment of the EoL reason in order to prove 

whether a change (e.g. repowering) or a final dismantling (e.g. end of use) had taken place. The review of 

the satellite history also revealed that a large proportion of the turbines were dismantled due to construction 

work. As already mentioned at2.1 , a data set on hail damage from 2021 was used for the analysis via the 

SPF Institute for Solar Technology at the OST University of Applied Sciences. However, as this data set could 

distort the picture of a possible distribution of the EoL reasons, the presentation of the EoL reasons without 

the SPF hail data is shown atFigure . The figure shows that only one sixth of all installations were given the 

reason 'end of use'. A much larger proportion of EoL facilities entered the waste stream due to unforeseen 

events such as damage, material defects or hail. It is also interesting to note that the largest proportion of 

identified EoL plants have been repowered. However, it is not possible to say for certain whether this 

repowering was caused by a material defect or for purely economic reasons. 
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Figure 1: Identified EoL reasons for dismantled systems. 

The year of installation of dismantled systems was also analysed, which showed that most of the systems 

were installed after 2009 and a significant proportion were only installed from 2015 onwards. The reason for 

this observation could be, on the one hand, the increasing rise in PV systems, which at the same time brings 

with it an increasing rise in EoL systems. Furthermore, the increasing number of extreme weather events 

could have a growing impact on the more built-up PV area. Investment decisions for systems installed in the 

last 7 - 10 years could also lead to premature repowering .17 

 

17 Sodhi et al, "Economic Lifetimes of Solar Panels." 
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Figure 2: Years of installation of EoL systems. 

Another interesting parameter for analysing the characteristics is the installed capacity of the systems. While 

EoL installations had a capacity of around 114kWp, the average capacity of all active installations is 24kWp. 

In addition, around 89% of all active installations have a capacity of less than 30kWp, compared to only 

around 48% of EoL installations. There may be several reasons for these different figures. On the one hand, 

it may be that owners of small systems tend to bring them to collection points (where they are ultimately no 

longer traceable in the data set) rather than ordering a collection. Furthermore, it could be that private owners 

are more likely to hand over their systems to intermediaries for direct resale (e.g. as second-hand modules) 

or sell them via online marketplaces. Nevertheless, it can also be surmised that financial incentives to change 

systems early, for example through repowering, are more relevant for larger systems on an industrial scale. 

This could also have an influence on the large capacity of EoL plants. 
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Figure 3: Distribution of installed capacity (kWp) by category for EoL systems. 

 

Figure 4: Distribution of installed capacity (kWp) by category of all currently installed PV systems. 

Further analyses, such as the geographical classification of EoL plants, were also carried out as part of WP3. 

Overall, this analysis showed that dismantled plants have characteristic features that enable them to be 

separated from plants that are still active. In addition to the satellite photo, the energy production data can be 

an important indicator for identifying other EoL installations, for example in the event of changes in the yields 

generated. It was also found that systems with confirmed EoL have received an extension more frequently 

than active systems, which may indicate a change and subsequent increase in capacity for new modules. 

This information is an important prerequisite for finding out whether an algorithmic classification of EoL 

systems using an ML model is possible. 
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3.2 Age of EoL PV systems 

As the age of the PV system is a decisive factor in assessing the reuse capability, a Kaplan-Meier analysis 

was used to analyse the service life of identified EoL systems. The analysis showed that the median survival 

time of the analysed EoL modules is approximately seven years (interpolated value). These results are in line 

with previous studies that identified economically motivated early replacement decisions (repowering) and 

early failure events (weather events, design errors, etc.) as key factors for premature EoL18 . Interestingly, it 

was found that only a small proportion (~4%) of the dismantled systems were older than 15 years, while a 

significant proportion (20%) entered the EoL stream within the first year of life.  

One particular factor for early failures was hail damage, which occurred regardless of the age of the modules. 

As increasingly extreme weather events are expected due to climate change, this could play a greater role in 

the future. Furthermore, the median lifetime of seven years has already been discussed in previous studies 

(e.g.19 ) as the economic lifetime of the system, which was confirmed by the high proportion of repowering 

systems (see3.1 ). The Kaplan-Meier curve showed that PV systems still had a survival probability of around 

94% after 30 years when analysing all systems installed to date (including EoL), which speaks in favour of 

the general longevity of the products. These results emphasise the need to take regulatory measures to 

promote the sustainable use of PV modules and to encourage the reuse of intact modules. 

3.3 Forecasting EoL volumes until 2050 

3.3.1 Forecasting using SENS pick-up quantities 

In order to prepare a forecast, the first step was to calculate potential future EoL volumes, taking into account 

the SENS collection volumes (see 2.3.1). This calculation forecasts an increase in the EoL volume to approx. 

22,000 tonnes by 2050. The calculated values for the years 2024 - 2050 are attached in Table 1 in the Annex. 

This initial estimate is intended to show a possible first step towards visualising the EoL volumes, but it must 

be emphasised here that the collection volumes from SENS do not represent the absolute total volume of the 

EoL plants, since, as explained at the beginning, a considerable proportion flows into exports20 . Taking into 

account the current export data for PV from the Federal Statistical Office, it can therefore be assumed that at 

least 30% (see Deliverable 5.2) of the currently reported collection data could flow into exports21 , i.e. around 

200 tonnes in 2023. In addition, direct commercial resales of second-life modules within Switzerland (e.g. as 

second-hand modules) can further influence the number of unreported cases. There are no official figures on 

this so far. 

It can be seen that various factors can influence the calculation of EoL volumes in the coming years, but the 

current data basis only provides a few insights into potential deviations from the reported collection volumes. 

In order to provide further insights, an improved overview of the actual number of existing EoL facilities is 

necessary, which is why a more complex approach to identifying existing EoL facilities was developed below.  

 

18 Gupta et al, "Impact of Hailstorm on the Performance of PV Module: A Review"; Sodhi et al, "Economic Lifetimes of Solar 

Panels." 
19 Sodhi et al, "Economic Lifetimes of Solar Panels." 
20 Hansen et al, "The Dark Side of the Sun: Solar e-Waste and Environmental Upgrading In." 
21 BAZG, "Federal Office for Customs and Border Security." 
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Figure 5: Initial estimate of future EoL volumes up to 2050, based on regression model. The collection volume depicted for 2024 

was also calculated using the model, as no official figures for 2024 were available at the time of measurement. 

3.3.2 Forecasting using EoL classification 

Training and testing ML model 

In order to enable a forecast based on the absolute quantity of identified EoL plants, several steps had to be 

taken. Firstly, a logistic regression model with around 1,200 data points was trained to analyse the 

classification of EoL plants and around 300 data points were tested (weighting 80% to 20%). For the 

application of the model, a data set was compiled that provides the greatest possible amount of information 

(e.g. age, location, capacity, yield) for each plant. The results of the logistic regression show that this model 

is able to classify EoL PV systems with a high degree of accuracy. The overall accuracy of the model was 

89.3%, while a 10-fold cross-validation yielded an average accuracy of 85.4% with a standard deviation of 

2.59%. These results indicate robust model performance, even with different data sets. 

A look at the Confusion Matrix shows that the model has a higher specificity (93.7%) than sensitivity (86.3%). 

This means that the model is better at correctly recognising active systems as "not EoL", while it is slightly 

less accurate at correctly identifying systems as EoL. 

The most important factors influencing the EoL risk were determined using the calculated odds ratios. This 

showed that geographical variables, such as the canton of Lucerne (LU), have a particularly high significance 

- the risk of an EoL occurrence was 21 times higher here than in other regions. Other important influencing 

factors were the age of the system, the number of months of interruption and the "KEV" subsidy programme 

for older systems. The model also indicates that systems with certain yield profiles (e.g. Yield_2019 and 

Yield_2016) are more susceptible to early EoL. 

EoL classification 

In a second step, the pre-trained model was used to identify further potential EoL plants in the complete data 

set (n= 157,000). For this purpose, a subset of the EoL dataset (n=100) was first created in order to reduce 

distortions in the sample (e.g. due to canton or year-specific hail 

2050 = 21'730 t 

2024 =  1,440 
tonnes 
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damage). In addition, a balanced ratio between EoL systems (10%) and active systems (90%) was aimed for, 

as it can be assumed that the overall proportion of uninstalled systems is comparatively low22 . Interestingly, 

despite the adjusted data set, the model still showed that the cantonal variables for Lucerne and Zug still have 

the greatest influence on the EoL classification, which, in addition to the increased occurrence of hail, could 

also be related to the higher density of PV systems (10 systems/km2; in comparison, in Bern it is 6 

systems/km2)23 . Furthermore, the accuracy of the model increased to 93.7% with an adjusted sample. 

To classify new EoL installations, the model calculated the probability of occurrence of an EoL event for each 

data point. Data points with a probability above 0.5 were classified as "EoL", resulting in a total number of 

3,183 classified installations (see Figure 6). Using a conversion coefficient of 100kg/kWp, this results in a 

total of 23,061 tonnes classified as EoL by 2023 - corresponding to 2% of all the installations analysed.  

 

Figure1 : Distribution of classified end-of-life plants. 

In a third step, the classified EoL volumes served as the basis for a forecast calculation in which the increase 

in the curve was modelled on the basis of the SENS collection volumes from 2015 to 2023. A polynomial 

regression was again used for the forecast, which predicts an increase in EoL volumes to around 90,000 

tonnes by 2050 (see Figure 7).  

 

22 Rabaia, Semeraro, and Olabi, "Recent Progress towards Photovoltaics' Circular Economy". 
23 Opendata.Swiss, "Electricity Production Plants - Opendata.Swiss." 
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Figure2 : Updated forecast up to 2050 taking into account ML-classified EoL volumes up to 2023.  

 

3.3.3 Comparison with existing studies 

To enable a comparison of this first calculation for Switzerland with existing studies, two studies were 

analysed as examples, which used different methods for calculating EoL quantities.  

Forecast study IRENA and Wambach Consulting (2022) 

The forecast is based on the report "End-of-Life-Management Solar Photovoltaic Panels" published by the 

International Energy Agency (IEA) together with the International Renewable Energy Agency (IRENA) in 2016 

2425 . The Weibull distribution is used as the methodological basis for calculating the EoL quantities, assuming 

an average PV system service life of around 30 years and a loss probability of 99.9% after 40 years at the 

latest. The Weibull curve is calculated under: 

𝐹(𝑡) = 1 − 𝑒−(
t

T
)αwhere  

t = time in years 

T = Average lifetime 

α = shape factor, responsible for the S-shape of the Weibull curve 

 

 

 

24 Weckend, Wade, and Heath, "End of Life Management." 
25 "Swissolar," 2025. 
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Figure 8: Forecast according to Irena and Wambach Consulting (2022). 

For the calculation of the shape parameters for the Weibull curve, collection data from various countries such 

as France, Italy, Belgium and the Netherlands were used in further studies26 . However, it should be noted 

that these studies were carried out almost 10 years ago and therefore the basic assumptions and base data 

taken into account in them also originated from this period. Furthermore, the figures for Switzerland were 

derived from the pan-European context for the calculation, resulting in a total quantity of approx. 530,000 

tonnes by 2050. It is not certain whether this is a cumulative value, although this would be plausible when 

considering the PV quantities installed in recent years. In addition, a higher initial quantity (> 2,000 tonnes) 

was assumed in 2023. These and other factors can have a considerable influence on the significantly (20 

times) higher amount of calculated EoL volume by 2050. 

 

Forecast Czajkowski et al. (2022)  

The second study developed an application that allows the mass indicators and shares of different PV 

technologies (c-Si, a-Si, CdTe and CIGS) to be taken into account. Furthermore, the retrospective analysis 

of installed PV quantities from previous years since 1996 forms the basis for the projection of future PV waste 

quantities, taking into account an average lifespan of 25 years27 . As the study did not examine Switzerland 

as a use case, the methodology was derived as part of WP3 taking into account the installed capacities (basis 

Pronovo and Swissolar) from 1996-2023 and applied with the installation figures from Swissolar28 . The 

calculation is carried out at: 

𝑀𝑦 = (𝐶𝑋 −  𝐶𝑋−1) ∗  𝑢𝑋,𝑡 ∗ 𝑤𝑡where  

C = the installed photovoltaic capacity in MW in a specific EU country; 

 

26 Forti, Baldé, and Kuehr, "E-Waste Statistics"; Magalani et al, "Study on Collection Rates of Waste Electrical and Electronic 

Equipment." 
27 Czajkowski et al, "Prediction of the Market of End-of-Life Photovoltaic Panels in the Context of Common EU Management 

System." 
28 "Swissolar," 2025. 

2024 = 2’950 t 

2050 = 533’730 t 
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t = a type of photovoltaic technology; 

y = one year of EoL photovoltaic waste generation; 

x = the year of installation of photovoltaic systems; 

u = the share of a specific PV technology in year x; 

w = a mass indicator for PV panels of various photovoltaic technologies, kg/W. 

This resulted in a return volume of around 147,000 tonnes by 2050. Potential export volumes or direct reuse 

sales were also not taken into account in this approach. 

 

The three methods presented show that there are many influencing factors for the calculation of EoL 

quantities, but in some cases insufficient data is available. In principle, it can be assumed that a quantity of 

533,000 tonnes by 2050 is very high, considering that only around 40,000 tonnes (taking into account a total 

installation capacity of 489,862 kWp and an estimated 20 kg/module of 250 Wp) were installed in 2024. It can 

therefore be assumed that a realistic value is between around 20,000 and 100,000 tonnes, whereby various 

factors, such as a strongly fluctuating module weight and increasing efficiencies, can significantly influence 

this value. In addition, there are considerable export volumes, which may tend to increase further in the 

coming years29 . However, as none of the approaches presented allow for a projection that is as realistic as 

possible, it is important to identify the effective EoL quantities. For this reason, a machine learning approach 

was also used, which enables a probability-based classification of EoL plants in the data set created. This ML 

model provides the basis for identifying further EoL facilities in order to be able to make an improved estimate 

of EoL volumes. To this end, it is crucial to understand the characteristics of dismantled facilities and derive 

patterns for the model. To this end, a qualitative analysis was first carried out. 

 

29 Hansen et al, "The Dark Side of the Sun: Solar e-Waste and Environmental Upgrading In." 

2024 = 2'290 
t 

2050 = 147'000 t 

Figure 9: Forecast based on Czajkowski et al. (2022). 
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4. Discussion of the results 

The results listed above make it clear that forecasting EoL plants depends on many factors, including a 

comprehensive and high-quality historical data basis. A great deal of effort was invested in developing a good 

basic inventory of EoL plants in order to be able to make initial statements about the characteristics of these 

plants. The Kaplan-Meier analysis in particular showed that current EoL modules have not usually reached 

the end of their technical service life, but can be categorised as early failures. This is particularly true for 

systems that enter the waste stream in the first two years of installation. Material defects, production errors 

and foreseeable damage can influence this shortened service life30 . Furthermore, our results show that hail 

in particular will have an increasing influence on PV damage, firstly because extreme weather events will tend 

to increase, and secondly because more and more area is being covered with PV systems31 . Economic 

factors can motivate the premature replacement of PV modules (repowering) after the first 7 - 10 years, which 

is consistent with the results of existing studies on economic lifetime32 . This illustrates the relevance of 

political incentives to promote the longest possible product lifetime.  

Furthermore, an exemplary projection of future EoL volumes was carried out on the basis of past collection 

volumes and compared with existing studies33 . In a further step, additional EoL plants were classified in the 

data set and projected into the future using a regression model.  

Basically, it can be said that a forecast is limited due to the current data situation and the timeliness and 

quality of this data. The results show slight to strong deviations from existing studies, of which the Weibull 

method34 and a self-developed approach based on installed PV quantities35 were analysed. However, these 

studies refer to several assumptions, such as an average lifetime of 25 or 30 years, and historical data from 

different countries, which should be updated and do not include Switzerland in these considerations. For this 

reason, an important step for improved forecasting is to establish a comprehensive identification of EoL plants 

based on characteristic features. The logistic regression model developed for this purpose at offers a suitable 

starting point for adding further EoL instances to the data set in future and optimising the accuracy of the 

model.  

With this initial data basis, decision-making aids can be developed in the future to support companies involved 

in the circular economy in making early reuse decisions. An initial approach has already been developed 

within WP3 together with SENS eRecycling, whereby future collection orders could integrate pre-sorting to 

enable triage between reuse and recycling. Factors that were developed in collaboration with the other work 

packages as relevant for the reuse decision represent relevant ramifications. For example, larger PV systems 

(e.g. with an installation capacity of over 30 kWp) are more suitable for reuse, as the modules to be tested 

have a similar history and therefore residual power and quality. The condition of the PV modules is also 

 

30 Aghaei et al, "Review of Degradation and Failure Phenomena in Photovoltaic Modules." 
31 Rabaia, Semeraro, and Olabi, "Recent Progress towards Photovoltaics' Circular Economy"; Gupta et al, "Impact of Hailstorm 

on the Performance of PV Module: A Review." 
32 Sodhi et al, "Economic Lifetimes of Solar Panels." 
33 Forti, Baldé, and Kuehr, "E-Waste Statistics"; Magalani et al, "Study on Collection Rates of Waste Electrical and Electronic 

Equipment"; Weckend, Wade, and Heath, "End of Life Management"; Czajkowski et al, "Prediction of the Market of End-of-

Life Photovoltaic Panels in the Context of Common EU Management System." 
34 Forti, Baldé, and Kuehr, "E-Waste Statistics"; Magalani et al, "Study on Collection Rates of Waste Electrical and Electronic 

Equipment"; Weckend, Wade, and Heath, "End of Life Management." 
35 Czajkowski et al, "Prediction of the Market of End-of-Life Photovoltaic Panels in the Context of Common EU Management 

System." 
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relevant for the decision. While optically intact modules are potentially suitable for a second life, intact 

modules should go straight into the waste stream to minimise unnecessary testing costs.  

However, these findings also provide policy makers with important impetus for the future development of 

legislation and standards. On the one hand, our study shows that improved data management is an important 

driver of the circular economy, as improved information on EoL products is a relevant factor for the cost 

efficiency of circular business models. It also shows that regulatory incentives for the most sustainable 

(extended) use of PV systems are relevant in order to counteract premature switching. Furthermore, there is 

a need for intensified education of players in the solar industry in order to promote reuse activities early in the 

value chain, preferably before dismantling. 

5. Outlook and conclusion 

The initial results, which were developed as part of the 'Swiss PV Circle' project, provide the starting point for 

further analyses. In the future, forecasting should be expanded to include new EoL systems in order to enable 

a more efficient estimation of EoL volumes based on more precise figures for current returns. In addition, 

systemic adjustments should improve data management with regard to the circular economy in the future. A 

detailed framework of recommendations was developed for this purpose as part of WP1. The current results 

are still based on a small number of EoL systems that were developed within the project. With further 

endeavours, supported by data analysis techniques, this inventory is to be expanded to enable more precise 

statements to be made. 
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Appendix 

Appendix 1: Final calculated values for annual PV end-of-life volumes 2024 - 2050, 
based on logistic regression. 

No. Year Total tonnes 

0 2024 7178.42 

1 2025 8614.86 

2 2026 10191.28 

3 2027 11907.67 

4 2028 13764.03 

5 2029 15760.37 

6 2030 17896.67 

7 2031 20172.95 

8 2032 22589.20 

9 2033 25145.42 

10 2034 27841.61 

11 2035 30677.78 

12 2036 33653.91 

13 2037 36770.02 

14 2038 40026.10 

15 2039 43422.15 

16 2040 46958.18 

17 2041 50634.17 

18 2042 54450.14 

19 2043 58406.08 

20 2044 62501.99 

21 2045 66737.87 

22 2046 71113.73 

23 2047 75629.55 

24 2048 80285.35 

25 2049 85081.12 

26 2050 90016.86 
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