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Abstract: Life cycle strategies for traction batteries, such as remanufacturing, reuse, and recycling of
retired automotive lithium-ion batteries (LIBs), have received growing attention, as large volumes
of LIBs will retire in the near future and the demand for LIBs continues to grow. At the same time,
the relevance of the sustainability of a battery system over its entire life cycle is increasing as factors
such as the EU Battery Regulation provide greater market and product transparency. As a result,
research and industry require forecasts in order to assess the future market situation and to make
well-founded decisions. Therefore, this paper provides forecasts of the return volumes of battery
systems from BEVs and PHEVs up to 2035. Additionally, a representative European battery pack
for PHEVs and BEVs was evaluated for each year since 2013, based on the ten vehicles with the
largest market share in each year until 2021. In addition, the battery return streams are divided into
three different 3R strategies based on expert interviews in order to evaluate the upcoming workload
in these areas. The term “3R” refers to the sum of the currently existing pathways around reuse,
remanufacturing, and recycling. In 2030, about 38.8 GWh will return and enter the recycling process
annually. For battery reuse, about 13 GWh will return every year from 2030 onwards, ready to be used
in stationary storage for energy transition. Compared to this, battery remanufacturing is expected to
be supplied with a slightly lower volume of approximately 11 GWh per year.

Keywords: battery circular economy; battery return stream; 3R; battery reuse; battery recycling;
battery remanufacturing; Weibull distribution

1. Introduction

Lithium-ion batteries (LIBs) have proven to be increasingly popular and are the
solution of choice for many business models and companies around the world. The
regulations and incentives for phasing out the internal combustion engine observed in
recent years are unprecedented [1]. Vehicles powered by electrical energy, more specifically
by batteries (i.e., battery electric vehicle [BEV], plug-in hybrid electric vehicle [PHEV],
hybrid electric vehicle [HEV]), have seen a tremendous increase in the past few years,
especially for passenger vehicles in Germany. As of 2022, the total electric vehicles in
circulation have reached over 4 million, about 1 million in the European Union [2]. Battery-
powered vehicles are now trending towards becoming the predominant choice, supported
by consumers as well as subsidized by governments.

Having a major role in energy storage systems, LIBs, along with green electricity, are
the major “actors” contributing to the paradigm shift from fossil fuel power to clean energy.
LIBs are well known for their high gravimetric and volumetric energy density, which play
an important role in vehicle design in terms of weight, drivetrain design, and the vehicle’s
overall space utilization. Furthermore, there are several factors that are required for LIBs
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to fully replace fossil fuels. Therefore, electric vehicles (EVs) must be equivalent or even
more competitive in terms of performance, cost, service life, refueling/charging time, as
well as sustainability. The aforementioned conditions are needed to ensure a large market
penetration, which is also a prerequisite for the so-called circular economy [3].

Resources are limited. Thus, the sustainability of LIBs technology can be optimized,
and the production cost of battery-dependent systems can be offset by following a circular
economy model. The German governing body first announced the “Batteriegesetz” (Battery
Act) in 2009 pertaining to this [4,5]. The Battery Act dictates, among many other topics, the
recycling efficiency of batteries. LIBs require valuable substances for their active materials,
of which the rapid change in supply and demand for lithium, cobalt, and nickel (for NMC
batteries) is one famous example of how energy cost can be substantially less affordable in
a short period of time [6,7]. Bloomberg’s report on the market of LIBs suggests that EUR
135 per kWh is the price expected on pack level for the automotive industry in 2022 [8]. By
using the total cost of ownership method, Liu et al. pointed out that when compared with
an equivalent internal combustion engine vehicle, battery electric vehicles are expected to
reach cost parity from 11 to 14 years of ownership [9]. All the evidence above pointed to the
need for a circular economy where the importance lies in sustainability and the complete
utilization of the LIB’s potential in its life cycle.

By dividing second-life batteries into reuse and remanufacturing, alongside recycling,
this paper employs the use of “3R”, a term coined in previous works [10], to address the
semantics within the circular economy rhetoric [11]. We aim to highlight our results in
congruence with second-life applications and recycling, which further gives insight into
the tangible approaches (reuse, remanufacturing, and recycling) in the related industry
and market. Electric vehicle battery offers big opportunities for maximizing the economic
value of lithium-ion battery [12]. The economic benefits can only be realized when more
research and development efforts are made. This paper focuses on bridging the gap of
knowledge by presenting the value proposition through economy of scale and providing
an incentive for further development in this field. Examples of this can be drawn from
preexisting research. Second-life batteries in an energy storage system (ESS) lie at the
heart of its use cases. Zhu et al. [13] presented an economic calculation for the total cost
saving of second-life batteries compared with lead-acid batteries for backup power in
communication base stations in China. When coupled with solar energy, the paper showed
a ~50% total cost savings with the purchase price for second-life batteries at 140 EUR/kWh
(after remanufacturing) for units having 1000 equivalent full cycles remaining. It is worth
noting that choosing the correct use cases is part of the equation for the success of second-
life applications. Within this model, second-life applications and recycling depend on the
amount of returning batteries that are expected for electric vehicle fleets. In order to plan
and implement appropriate strategies for a circular economy and to gain insight into the
market, the number of batteries leaving the first-life application cycle needs to be estimated
and forecasted for the upcoming years, which is the main objective of this paper. This can
potentially lay the groundwork for many feasibility studies that can help us prepare the
logistics and infrastructure for the business models of the future.

We have decided to divide this paper into four main sections: “Weibull distribution-
based failure rate for LIBs in commercial vehicles” (Section 2), “Results: Forecast of battery
return volumes” (Section 3), “Battery circular economy and 3R strategies” (Section 4),
and finally “Discussion” (Section 5). The knowledge given within the scope of this study
will provide an overall grasp of the contemporary circular economy for LIBs seen from a
reliability engineering point of view.
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2. Weibull Distribution-Based Failure Rate for LIBs in Commercial Vehicles
2.1. Failure Rate

In the field of maintenance, “failure” can be defined as the inability of an item to
perform the function that it was required to do (definition according to DIN 13306:2018-02).
Furthermore, degradation of an item can be defined as a “detrimental change in physical
condition, with time, use or due to external cause.” Ref. [10] LIB aging can be understood as
analogous to the definition of degradation, which will be demonstrated hereafter—starting
off with the closely related concept, the failure rate, which can be used to indicate the
reliability of a system, factoring in its failure and aging characteristics. In general, there are
three separate phases and six typical progressions for the failure rate that are archetypal
during the operational life of a system (Figure 1). This classification was first developed in
the aerospace industry and summarized by Moubray [11]. There are three types of failure
into which the above phases can be divided:

• Early failures are characterized by errors in the design and production process owing
to the manufacturer or errors in the process of assembly and manual settings. These
failures tend to be high at the lifetime beginning but then decrease over time.

• Random failures are known for their sudden shutdown and error due to causes that are
subjective (organizational problems, operator error, faulty maintenance), stress-related
(temporary variation in stress exceeding component strength), and stochastic. This is
not related to the aging of the component and is largely unpredictable.

• Aging failures are present when the failure during this period is caused by the deterio-
rating condition of the component in proportion to its age.
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Figure 1. Different progression types for components failure rate with A: Early failures, random
failures and aging failures; B: random failure, then aging failures; C: Continuously increasing failure
rates; D: Early failures, then random failures; E: Only random failures; F: Early failures, then random
failures with three different parts of component lifetimes (I, II and III) [12].

These three types of failures in classical reliability engineering can be further described
in the case of the LIB. Early failures of LIBs include problems during production, inadequate
quality control, assembly mistakes, etc. Random failures can occur during the operation of
the LIB in an EV by means of loose wire connections and the effects of extreme working
conditions (environment, unsuitable use cases). Lastly, aging failures of batteries are
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considered more closely in this section, whereby the effect stemming from the aging of LIB
contributing to the aging of the battery pack will be looked at in greater depth because this
is an area where we expect a continuous increase of failure rate.

2.2. Faults of Lithium-Ion Battery Systems

Considering a holistic view of an electric vehicle led researchers to look at the battery
system and how its hardware and software components fail. Figure 2 shows the battery
system decomposition and possible fault types.
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Battery systems can be decoupled into three parts, including sensors, batteries, and
actuators, where each of the parts is subjected to different types of faults and noise [13].
With this categorization, the fault diagnosis research of battery systems can also mainly
focus on these three aspects. Battery faults are abnormal (not intended) behaviors of the
storage system. Faults lead to reduced performance and safety of the system. Table 1
summarizes the different faults related to these three interconnected blocks.

Table 1. Summary of possible failures in a battery system [13].

Actuator Battery Pack Sensor

• BMS hardware fault (CAN connections,
relays, etc.)

• Thermal management system fault
• Contactor fault

• Aging and inconsistency of
cells/modules

• Overcharge/over-discharge fault
• Internal and external short circuit

• Defects
• Aging
• Electromagnetic interference

2.3. Overview of Aging Mechanisms for Battery Cells and Systems

LIB cell aging involves mainly impedance growth and capacity loss [14], which relate
directly to the performance of the electric vehicle [15]. Many efforts have been devoted to
the understanding of battery aging through capacity loss. The capacity loss of the cell can
be caused by any of the following degradation modes. There are two commonly reported
degradation modes [16], which are loss of lithium inventory (LLI) and loss of active material
(LAM) on both the positive and negative electrodes. Figure 3 provides an overview of
degradation modes that contribute to capacity fade and impedance increase in LIBs.
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Figure 3. Degradation modes of LIBs and related effects [17].

A major challenge for LIBs is that different operating conditions and load profiles
create individual life cycles that greatly affect the aging of a lithium-ion cell. Due to this,
the aging of each LIB cell within a battery pack differs from one another, which then
leads to internal inconsistency between the battery cells within one module or pack. This
inconsistency is reflected by the parameters of the cells, among which five parameters
stood out and are frequently investigated in the literature [18]. Those are initial SOC, SOH,
capacity ration, ohmic resistance, and rate capability. Dubarry et al. [18] have shown in
their study that the effects of the so-called cell-to-cell variation have an evident impact on
the battery pack performance and that this is also cell chemistry-dependent (e.g., NCA,
LMO, LFP, etc.)—interestingly only in series-connected batteries. The same conclusion
has been found in multiple studies, which pointed out that series-connected cells suffer
from the effects of cell-to-cell variation, whereas parallel-connected cells show little to no
effects due to the self-balancing capability of the topology [18–21]. Thus, in a battery pack
configuration, mPnS (m and n being the number of parallel- and series-connected cells
respectively) is preferred in automotive applications because of the tolerance towards the
effects of single cell failure while still being able to optimize output energy and power such
as the nSmP topology [18].

As seen in Table 1, inconsistency in battery cells is one of the many faults that a battery
pack may suffer from. The cause of cell-to-cell variation can be traced back to different
reasons. Some commonly discussed are the mixing of unmatched cells showing cell-to-
cell variations in capacity and impedance, uneven or defective cell contacts, ineffective
cooling strategy or external heat source next to the battery module, and battery module
errors [22,23]. Cell-to-cell variation can directly affect the capacity of the battery pack.
Figure 4 elaborates on this direct relationship between cell capacity and battery pack
to show how the capacity of the pack reduces as a result of inconsistent capacities in
series-connected cells (or similarly in series-connected modules).
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The relationship between cell capacities and pack capacity is given by the sum of the
minimum dischargeable electric quantity (cell B, second term) and the minimum chargeable
electric quantity (cell A, first term) [15,24]:

Cpack = min (SOC·C)|A + min((1− SOC) ·C)|B

where Cpack is the pack capacity and SOC [%] and C are the state of charge and capacity
vectors (consisting of each cell in the pack). Figure 4 illustrates this cell-to-cell variation
effect (also known as the “barrel effect”). Cell A represents the cell with the lowest charge-
able electric quantity, while cell B has the lowest dischargeable electric quantity. The line of
equal chargeable electric quantity is parallel to the line of fully charged state (100% SOC),
and the line of equal dischargeable electric quantity is parallel to the capacity. In turn, the
capacity and SOC of the battery pack are the intersection of these two cells that represent the
extremes on the electric quantity axis. In conclusion, the battery pack capacity and electric
quantity are limited by the two cells, one of which is with the minimum dischargeable and
the other with minimum chargeable electric quantity.

Although the equalization capability of the battery management system is capable
of reducing the barrel effect and optimizing battery pack capacity, there are limitations in
achieving the most effective remedy to cell inconsistency. Lv et al. [25] show results for a
SOC equalization strategy with a hybrid approach (passive and active equalization circuit)
of series-connected topology during charging and discharging and were ultimately able to
achieve the most effective result. Nonetheless, this result still ends up with an inconsistency
range from ~8–10%, which is a significant amount in range performance reduction of larger
battery packs.

2.4. Weibull Function and Its Relation to Battery Failure Prediction

Waloddi Weibull laid the basis for his Weibull distribution in 1939 and subsequently
also expanded it considerably in his much-cited 1951 paper [26]. The Weibull distribution
was originally used to describe the strength of materials in relation to the weakest link
theory [27]. The Weibull distribution is adopted in a variety of fields, such as material
science, engineering, physics, chemistry, medicine, economics, etcetera [28–30]. From an
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engineering point of view, more specifically in reliability analysis, the Weibull distribution
is standard when describing failure patterns, an example being the bathtub curve [11].
Analogous to the weakest link theory, capacity fades in LIBs follows a similar behavior
whereby the battery unit with borderline characteristics causes the most trouble. In the
literature, this is often dubbed the “wooden barrel effect” [31]. When LIBs are considered,
the Weibull distribution takes into consideration all different use cases and conditions
as unique cases, thus creating many possible solutions for the estimation of failure rate.
This has been reported by Barré et al. to decrease the accuracy of prediction when it
comes to modeling LIB aging. Similarly, the same applies to other estimation methods,
such as electrochemical models and equivalent circuit models [32]. This is due to the
non-linear dynamic systems found in EV applications as well as the factors at play for
different electrochemical combinations. Nevertheless, the Weibull distribution is a popular
distribution used for LIBs in reliability engineering [33], alongside the lognormal, inverse
Gaussian and normal distribution [34,35].

It is prudent to point out that implementing battery aging models and predicting
failure times can also be performed by using various strategies, i.e., machine learning and
health indicators, and there are multiple ways to classify these strategies [36]. Considering
the modeling failure time, the Weibull distribution falls into the empirical modeling method,
as opposed to theory-based modeling [37], which, to a larger extent, depends on the aging
mechanisms and behaviors to create the model [38]. When talking about maintenance and
reliability theory, LIBs in EV applications, for the most part, are non-repairable. Blischke
and Murthy [38] made a clear distinction between these two concepts and elaborate solu-
tions, as well as their role in modeling different failures. Within this dichotomy, continuous
Weibull distribution falls into the category of modeling first failure for non-repairable
systems based on a “black box” characterization (without direct consideration of failure
mechanisms) for the dynamic case, whereby the probability of failure at timestamp X with-
out initial manufacturing defects P(X < 0) ≈ 0. Without going into many extensions and
modifications within the Weibull family, the continuous Weibull distribution can be classi-
fied into two types: two-parameter Weibull and three-parameter Weibull distributions [29],
with the three-parameter Weibull being the extended distribution of the aforementioned
model with a location parameter (shift parameter) [38]. For the two-parameter Weibull
distribution, the Weibull probability density function (PDF) is defined as [33,38]:

f (x, θ) =

{
β

ηβ xβ−1e−(
x
η )

β

f or (x ≥ 0)

0 f or (x < 0)

Pertain here is x ≥ 0, parameter set θ = {β, η}, with β > 0 and η > 0. In the case of
reliability of LIBs, x is the number of charge/discharge cycles [39]. The Weibull PDF shows
the fraction of cells in the population that fail at time x.

The reliability function (survival function) is defined as the fraction of cells that
survived until time x. Hazard function (failure rate) is the fraction of cells that survived
until—but failed during—time x. These functions are given respectively:

S(x, θ) = 1− F(x, θ) = e−(
x
η )

β

and

h(x, θ) =
f (x, θ)

S(x, θ)
=

βxβ−1

ηβ

β is the shape parameter, and η is the scale parameter, which indicates the time x at
which 63.2% of the population would have failed. Table 2 shows how β can be interpreted
in terms of the three types of failure introduced in Figure 1. Moreover, the mean time
between failures (MTTF) µ is calculated with the following equation:
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µ = ηΓ(
1
β
+ 1) (1)

Table 2. Interpretation of shape parameter for Weibull distribution.

Shape Parameter Behavior

β = 1 The exponential reliability function (constant hazard rate) results, with
η = 1/λ, which corresponds with random failures.

β < 1 We obtain a decreasing hazard rate reliability function, which corresponds
with early failures.

β > 1 We obtain an increasing hazard rate reliability function, which corresponds
with aging failures.

β ≈ 3.6
The distribution approximates a normal distribution (PDF), showing that the
Weibull distribution can approximate other distributions as well, making it
very versatile.

MTTF can also be calculated with µ = 1/λ when we have a constant hazard rate
(random failure) with λ denoted for constant hazard rate.

Among other methods, the most common testing approaches to calculate shape pa-
rameters and scale parameters are the median rank regression (MRR), maximum likelihood
technique, Chi-squared test, Anderson–Darling adjustments, and Kolmogorov–Smirnov
model test. Figure 5 shows the influence of scale and shape parameter for Weibull distri-
bution, where one can interpret the parameter as follows: Adjusting the scale parameter,
in this case, shifts the “visible hump” to this value and also “delays”/“accelerates” the
increase or decrease of hazard rate for higher values depending on if β > 1 or β < 1,
respectively (vice versa for smaller values of scale parameter). As described in Table 2,
adjusting the shape parameter will result in different effects.
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2.5. Weibull Parameter Selection

The Weibull distribution has been recognized in various publications for its versatility
and applicability in fitting aging data of LIBs [40,41]. According to Harris et al., arguments
have been made in favor of the two-parameter Weibull distribution compared with the
extended counterpart. Three-parameter Weibull has been shown to be biased towards
recorded data, which resulted in an unlikely estimation of LIB aging behavior. When
dealing with failure time models, it is important to consider the risk of overfitting the
recorded data. This undermines other scenarios with different conditions [39]. Despite the
“black box” approach, due to the innate characteristic of its mathematical parameters, the
Weibull distribution has been shown to exhibit patterns that may lead to predictions of
different failure mechanisms. This leads to the use of a so-called mixed Weibull distribution
that directly targets various aging mechanisms of lithium-ion cells [42] to create better data
fitting for LIBs and can be similarly used for failure estimation on other subsystems [43] of
a battery pack in EVs, such as interconnectors, BMS, etc.

The Weibull distribution has proven itself to be very adaptive to many LIB parameters,
as various authors used it to approximate their aging data points with the aim of creating
a repeatable estimation. Jiang et al. used data measured from a retired battery pack in
China, and they then used Weibull and normal distribution to fit capacity and resistance
data, respectively [44]. Chiodo et al. found in their accelerated test for an e-bus LIB module
that the Weibull distribution also gives a good estimation for peak power and requested
energy [45].

When it comes to the lifetime data of LIBs, there is a wide range of data sources
that stem from different testing methods with different conditions and specifications of
LIBs. The usual EOL threshold for first-application EV batteries is generally assumed as
the point when the original capacity of the battery pack drops to 80%. Loss of usable
energy is referred to as “capacity fade” [46]—though the capacity fade data, which has a
direct relationship to the SOH of batteries, is not consistent across all the experiments, and
early-measured capacity data show little predictive power for a remaining useful life (RUL)
estimation [39].

Capacity fade data is usually plotted over time to show the SOH of LIBs. Table 3 shows
an overview of datasets found in the literature and the associated parameter values of the
Weibull distribution calculated within these studies. From these results, the corresponding
time x can be observed to have taken the charging/discharging cycles as its unit. According
to Table 3, the shape parameter and scale parameter have a value range between 3.55–11.17
and 144.20–1963.00 (equivalent full cycles, EFC), respectively. Merits could be found by
deriving a pattern from these datasets because this can be used as a basis to recognize a more
general fit with the Weibull distribution if this is the end goal of the investigation. Scale
parameters calculated in these studies are assessed with charging/discharging cycles, where
some results were obtained from applying accelerated degradation (e.g., with increased
discharge rate). The last two datasets from the same investigation show inconsistency,
which can be explained by the different active materials of the tested batteries. This shows
the variability of results that can manifest itself given different conditions (here, the battery
chemistry) and stresses cautiousness when fitting a distribution to recorded data. In all of
the studies, different test procedures were used to find the parameter that best fit the data.

Harris et al. pointed out the inconsistency in capacity fade data and that it is rather
uncommon to see any replication in the literature. Given this, they have also employed
different threshold values (70–90%, 5% increment) and calculated Weibull parameters
accordingly. The research group also had their aim set on the warranty data for the batteries
instead of trying to predict the SOH or RUL. There has been precedence for the use of the
Weibull distribution to set the warranty date for LIBs by calculating MTTF [44].

A reliable failure model for battery systems needs to be able to consider both aging-
induced faults and random faults. As previously discussed, faults in a battery system
cause performance reduction and safety issues related to the energy delivery aspects of an
electric vehicle and can thus be used to calculate RUL. Typical battery systems in BEVs
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have been designed to introduce modularity in the battery system, meaning that cells are
connected in a module, and modules subsequently are configured to form a battery pack.
To provide context, Zhao et al. [47] carried out the analysis on the premise of an electric
vehicle battery module. In this paper, the barrel effects of a 1P96S-configurated battery
module were analyzed. The analysis was conducted to directly target the “inconsistency of
cells/modules” fault that was named in Table 1. The results of the Weibull distribution,
therefore, directly cater to this specific fault of the battery system, excluding other factors
that may cause the decommission of an electric vehicle in the field.

Table 3. Summary of papers using Weibull distribution with a threshold at 80% SOH (data type being
capacity over cycle time. Parameters determined are β, shape parameter, and η, scale parameter
(EFC).

Research Cathode/Anode Testing Method Parameters for
Weibull

[39] LCO, graphite
1C charge/

10C discharge,
24 pouch cells

β = 4.6
η = 515

[41] Unknown
0.5A charge/

0.5A discharge,
12x pouch cells

β = 3.55
η = 1138

[34] NMC, graphite Voltage-limited cycling w/4A 48x
18650-type

β = 11.03
η = 1187

[47] 1P96S, ternary LIB
(module)

From BMS after 6 years
of usage

β = 3.606
η = 1963

[40] LFP, graphite
1A charge/

0.5A discharge,
96x 18650-type

β = 8.471
η = 879

[48,49] LMO, graphite 0.33C charge/1.5C discharge β = 5.75
η = 144.2

[48,49] LFO, graphite 0.33C charge/1.5C discharge β = 11.17
η = 926.8

Calculation of Weibull’s parameters can help to simulate the failure rate of the BEV
fleet and predict the return battery flow for a circular economy model. For this study,
a suitable parameter calculation from Zhao et al. [47] for the case of “inconsistency of
cells/modules” was identified. Under the assumption that a European vehicle completes
roughly one EFC every two days (drivers charge their vehicle three times a week on
average), using the scale parameter from Zhao et al. [47] (η = 1963 EFCs) then translates to
twelve years of operation:

η =

(
2.23 days/EFC
365 days/year

)
·1963 EFCs = 12 years

The shape parameter is taken as β = 3.6. We proceed to use these parameters in this
paper due to some identifiable trends of BEVs. Figure 6 demonstrates what the failure rate
of the Weibull distribution with these given parameter values would look like. At a 100%
failure rate, there can no longer be any chance of survivors in the population, and thus, the
failure rate is only considered for values under this threshold.
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3. Results: Forecast of Battery Return Volumes
3.1. Battery Data Analytics

We proceed to provide and discuss a quantitative analysis of battery return quantities
in the market and their capacitive equivalent in kilowatt-hours. Therefore, the derivation of
the annual average values for batteries from fully electric and hybrid vehicles is necessary.
These values are then combined with annual vehicle registrations in Europe for M1-type
passenger vehicles [according to data from the European Environment Agency, EEA] and
the Weibull parameter selected in the previous section to estimate future battery return
volumes after first-life usage. Due to the increasing number of different vehicle models
with hybrid and fully electric powertrains, a variety of battery systems is also flowing
into the market, which are functionally similar but differ in design, size, arrangement of
the battery cells, and components installed in the system [50]. In addition to this, vehicle
manufacturers often offer their vehicles with different battery capacities [51], where the
database for chronological information about a system’s exact capacity over the considered
years is not readily available. For these reasons, this publication contains calculated values
for average battery sizes for each year between 2013 and 2021 using a market-based
average capacity as an effort to converge these results to the correct representation of the
vehicle fleet.

The average capacity was calculated by looking at the ten best-selling BEV and PHEV
models within Europe in a given year using the accessible manufacturers’ data on their
respective battery capacities as values. If a vehicle model was offered with different battery
capacities in the considered year, an average value has been calculated for this model based
on the offered battery sizes. As a result, the respective model registration numbers were
included as weighting parameters in the calculation of the total average capacity for each
year. Table 4 lists the calculated annual average capacities for BEVs and PHEVs together
with the percentage market share of the respective best-selling vehicles as an indicator.
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Table 4. Average battery capacities based on the best-selling vehicles and the respective market in
Europe.

Year Avg. Capacity
(BEV)

Share of
Best-Selling Cars

Avg. Capacity
(PHEV) Share of Total

2013 27.1 kWh 91% 11.5 kWh * 80% *
2014 29.6 kWh 97% 11.5 kWh 99%
2015 34.6 kWh 94% 12.0 kWh 96%
2016 36.7 kWh 94% 10.6 kWh 92%
2017 42.3 kWh 90% 10.4 kWh 68%
2018 46.8 kWh 88% 10.0 kWh 64%
2019 53.3 kWh 83% 12.1 kWh 67%
2020 55.8 kWh 62% 12.9 kWh 38%
2021 57.9 kWh 51% 12.9 kWh * 26% *

* Only top-5 (2013) and top-7 (2021) data have been available for calculations.

When looking at the calculated average capacities for BEV batteries, a relatively
linear increase can be seen, starting at slightly below 30 kWh. By 2021, this value roughly
doubled, reaching an average capacity of around 60 kWh. Over almost the entire period
considered, the vehicle market was dominated by the Nissan Leaf and Renault Zoe models,
although battery sizes naturally increased significantly towards the end of the period.
While at the beginning, only a few models with significantly more than 50 kWh of battery
capacity—such as the Tesla Model S—were among the best-selling models in Europe, over
the years, further Tesla models and higher-priced vehicle models such as the Jaguar I-Pace
and the Audi e-tron entered the market.

The trend is slightly different for PHEVs in this period, whereby only a small increase
from 11.5 kWh to 12.9 kWh in average capacity can be seen when comparing 2013 with
2021. Furthermore, the calculated values show a short decline of one to two kilowatt-hours
between the years of 2016 and 2018. This can be explained by the fact that within this period,
registrations of some models with larger PHEV battery capacities—such as the Volvo V60
or the Porsche Cayenne S—decreased while vehicles with smaller average batteries—such
as the Mercedes C350e, GLC350e, or the BMW 225xe Active Tourer and 330e—gained
more market share. For a large part of the period under review, the PHEV variant of the
Mitsubishi Outlander remained one of the most popular models. The linear battery capacity
increase for BEV, as well as the rather stagnating curve for PHEV equivalents, is once again
reflected in Figure 7 over the period under consideration from 2013 to 2021, together with
the annual new vehicle registrations.

In order to determine the new registrations of electric vehicles (EVs) in Europe between
2022 and 2035, scenario analysis forecasts from the International Energy Agency (IEA) were
utilized. According to the IEA’s projections, it is anticipated that 3.7 million EVs will be
sold in Europe in the year 2025, with 35% of them being plug-in hybrid electric vehicles
(PHEVs) [52]. By 2030, the number of EV sales is expected to increase to 7.1 million, with
33% of them being PHEVs. These forecasts were utilized to calculate a linear gradient
factor, allowing us to estimate EV new registrations up to the year 2030.

Because the battery return volumes in this paper aim to estimate values up to 2035,
the new EV registrations will also be considered up to this point. Between 2030 and 2035,
it is assumed that new registration for BEVs and PHEVs will increase significantly, more
specifically, an annual increase of 10%. This assumption is based on various factors. On the
one hand, numerous vehicle manufacturers such as Fiat, Volvo, and Ford have announced
that they will offer exclusively electrically powered vehicles from 2030 for their operations
in Europe. Between 2030 and the next exit point, 2035, other important manufacturers such
as Nissan, Renault, and Hyundai have announced the end of their production of internal
combustion engines (ICEs) [53]. Based on these statements, an annual increase factor of
10% is assumed to calculate the missing EV new registrations. For simplicity, this value is
used for PHEVs and BEVs. However, the mentioned new registration determined from
2030 up to 2035 only has a less drastic influence on the returning battery results because
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the Weibull distribution assumes very low failure rates in the first years of product lifetime,
as opposed to prognosing for longer timelines (e.g., 2040). The results are presented in
Figure 8.
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Finally, the average battery capacities for BEVs and PHEVs also need to be estimated.
For PHEVs, a constant battery capacity was assumed as no trends or innovations indicate
a significant increase in battery capacity demand for this vehicle type. This value is fixed
at 13 kWh. BEVs, on the other hand, have already shown a favored increase in average
battery capacity over the last nine years. It can be assumed that this trend will also continue
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to a certain extent in the future because the driving range is still one of the main points of
concern for potential customers. Eventually, this requires high battery capacities, among
other factors, such as efficiency. Based on this, the average capacity of BEV battery systems
will linearly increase up to a certain limit in Europe. However, because the average capacity
value considers the entirety of the BEV fleet in the European market, vehicles with smaller
batteries, such as the e.GO e.wave X or the VW e-Golf, are also considered. As a result,
the average value will not permanently increase but will stagnate at a limit. This limit is
assumed to reach about 80 kWh for this analysis and is visible as a blue line in Figure 8.

3.2. Implementation of Battery Data in Weibull Prognose Tool for Battery Return Volumes

In the next step, the gathered data are used as input parameters for the Weibull
prognosis tool. The goal of this tool is to determine the amount of returning battery systems
until 2035, where we are limiting the failure case to battery aging and inconsistency of
cells. Therefore, annual new car registrations are combined with the Weibull failure rate,
calculating the battery return volume for every year individually before a total sum of
returning volume can be said for a specific year. It has to be considered that the battery
failure rate is increasing the longer a battery is in the market. For this reason, it is necessary
to calculate the return quantities based on the individual failure rate of the annual amount
of batteries in the year in which the product was placed on the market. In order to
determine the total return volume for a given year (Nx), the individual return streams
from previous years (∑i

i−19 nx+i−1) must be added up considering each failure rate (ai).
Because the Weibull failure rate is increasing up to a certain maximum (i.e., 99% failure
rate at 19 years, see Figure 6), the return volume of a single year increases until then as the
forecast progresses. In turn, the total returning battery systems from a particular year is
the summation of previous years. The equation can be formulated as follows and is also
visualized in Figure 9.

Nx =
19

∑
i=1

(nx+i−1 × ai)

N2035 = (n2034 × a1 + n2033 × a2 + · · ·+ n2016 × a19)

The battery return is then also calculated in kilowatt-hours in terms of energy content
and can thus be expanded to include the respective annual average capacity denoted by ci.
Here also, the typical 80% SOH threshold is used to describe the EOL of EV application
and for the case of capacity fade and capacity inconsistency of constituent cells [54]. Thus,
it will be reflected in the final calculation for kWh values:

Ni,kWh =
19

∑
i=1

(nx+i−1 × cx+i−1 × ai)× 0.8

Based on the Weibull parameters (β = 3.6, η = 12) and the forecasted new registrations
and battery capacities performed in the last subsections, the battery return volumes were
calculated as laid out above. Figure 10 and Table 5 show the results plotted against a log-
scaled y-axis. The units in focus are taken to be individual battery packs in BEVs/PHEVs
and kWh. The annual and total battery return volumes are looked at here, whereby both
are depicted only from 2022 onwards. Annual battery volume refers to the individual year,
whereas total battery volume refers to the span of 19 years up to the year in focus. This
can be explained by Figure 6, which clearly shows that after 19 years of first usage, 99%
of the batteries introduced in the first year will have already failed. The calculation does
not consider the specific time of the year (in the span of twelve months), although it could
provide an even more detailed analysis for monthly or quarterly battery return values.
However, this is beyond the purpose of this paper, so we can omit this.
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Table 5. Estimated annual and total battery return volumes for BEVs/PHEVs (in 2025 and 2030).

Year
Battery Return Volumes

BEV PHEV

2025
Annual 111,146 pcs.

4,504,121 kWh
110,721 pcs.

4,197,944 kWh

Total 271,454 pcs.
10,046,714 kWh

306,036 pcs.
10,442,706 kWh

2030
Annual 757,619 pcs.

38,056,955 kWh
539,636 pcs.

26,377,840 kWh

Total 2,415,738 pcs.
112,795,785 kWh

1,964,189 pcs.
86,754,640 kWh

The four log-scaled graphs provide some insights into the model and how we can
interpret the results. Looking at the two different units of the y-axis (one in pcs. and the
other in kWh), we can conclude that they are similar but not identical. In terms of the pure
number of battery returns (in pcs.), which can also be equated to the physical process of
picking up a defective vehicle and treating the batteries, etc., BEV exceeds that of PHEV
around 2025 for annual values and after mid-2026 for total return values. This trend is
similar for kWh, except for being one-year shifted, whereby the former can be seen around
2024 and the latter during mid-2025. Knowing that the number of new registrations of
BEVs has already surpassed that of PHEVs in 2019, in the context of returning values,
this same situation can only be observed about five years later. This shifted trend can be
explained by the failure rate of the battery pack, which reaches around 2% at the end of the
fourth year and 5% at the end of year 6.

Based on the forecasts, European annual return volumes will reach the milestone of
1,000,000 LIBs in Europe around 2031 for BEVs and 2033 for PHEVs. As seen from the
top left log graph, the annual return volumes of BEVs increase exponentially and change
slowly to a more linear growth when the market is more saturated, more evidently coming
into the year 2028. This can be traced back to the failure rate argument at the end of year 6
and the fact that we are assuming a linear growth of new registrations from 2022 onwards.
The one-year offset that can be observed when looking at the crossover point for BEVs and
PHEVs previously can also be seen here for the trend of increasing battery return volumes
for all graphs of Figure 10. More specifically, the total return volume growth trend lags
behind the annual return volumes of BEVs and PHEVs. The gradient on the [kWh] graphs
is, however, much sharper than the [pcs.] equivalent due to increasing return volumes and
increasing battery capacities in the market.

4. Battery Circular Economy and 3R Strategies

A very important issue that has a direct impact on the evaluation of battery return
quantities after a useful life in the vehicle is the future distribution of battery return flows
among the existing 3R pathways. The term “3R” refers to the sum of the currently existing
pathways around reuse, remanufacturing and recycling [55].

Quantification of Return Volumes for 3R Strategies

The authors conducted twelve expert interviews with battery experts from different
sections of the battery value chain in order to quantify the share of 3R streams. The average
share and the standard deviation due to the different battery experts are shown in Figure 11.
The experts belonged to the areas of research, OEM, automotive aftermarket, battery
materials, automation technology, and mechanical engineering, as well as battery recycling.
For the simplification of the interview process, the distribution of the batteries available for
the 3R paths was considered 100% in serving an ideally fully integrated circular economy
framework.
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Overall, the experts assume that in 2025, almost three-quarters of all batteries available
for these routes will find their way directly into recycling. This is mainly due to the fact
that the future EU battery regulation will require certain proportions of recycled active
materials to be used in production. Another reason is the ambition of manufacturers to
achieve low return times for valuable materials such as copper, nickel, or cobalt [56]. In the
future, reuse and remanufacturing will only be served by a smaller proportion of retired
batteries, estimated at about 15% for reuse and less than 13.7% for remanufacturing. This
picture will shift only marginally by 2030, whereby the number of available batteries will
be significantly greater at that time, as our initially presented forecast also suggests (almost
a 10x increase across BEVs and PHEVs). Effects such as established regulations on lifetime
CO2 footprints, new technological developments, but also design innovations can, of course,
have a greater influence on the distribution, which makes the estimation towards 2030,
in particular, more volatile, even if the error margin of 2025 is generally higher than 2030
in terms of percentage. Regarding reuse and remanufacturing, the batteries and battery
technologies considered in the time frame that goes up to 19 years must, of course, always
face a cost and performance comparison with new state-of-the-art batteries coupled with
the 3R standards and conventions in the year of interest.

Figures 12 and 13 show the annual return battery volumes in kWh for the years 2025
and 2030. As we can observe, BEV surpasses PHEV by only a small fraction in 2025, but
the difference is becoming much clearer with the shifts in 2030, which can be explained by
the newly developed battery technologies and 3R regulations.
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5. Discussion

This paper focused on concluding a tangible value for a circular economy strategy
surrounding 3R propositions in the context of LIBs. Regarding pitfalls and considerations
when it comes to working with data that are highly dependent on market research, human
factors, and ongoing technological improvements, we will discuss them here in an attempt
to provide an accurate interpretation of the results. It is common practice to establish
numerous scenarios in service of giving a spectrum of possible outcomes and enabling
measures and correct goal setting for the alignment with the predicted values. This,
however, is not within the scope of this paper, as we have demonstrated the conceptual
methodology behind this vastly complicated subject.

If we look at the battery return volume as a system, this system can prove to be very
complex. Analogous to how a yeast model falls short when the goal is to completely
model and predict accurately the effect of human population growth due to the complex
human-driven variables (e.g., relating to resources, behavioral trends, finance, etc.), the
model that we have provided has not covered all aspects of influencing factors such as
human, market, and technology trends. This results in an interpretation with bias, upon
which we would like to elaborate and lay out future research efforts.

This paper uses the shape parameter and scale parameter according to Zhao et al. [47],
and we have since taken assumptions that allow the progression of this paper. By making
assumptions, it is possible to narrow down the subject area; at the same time, this also
reduces the causes of failure for a battery system to the cause space considered in this
analysis. This must be taken into account when using these results.

Here is a list of the mentioned biases:

1. Upon reviewing the available literature on fitting LIB degradation data to the Weibull
distribution, the paper concludes this by referencing the parameter found in [47].
When looking at the Weibull parameter in the cited research, the result reflects a
suitable Weibull distribution that matches the failure data distribution of a series-
connected battery module, which is known to be more vulnerable to the barrel effect
when compared with a parallel-connected configuration. Along with assumption 3,
we came to a scale parameter of twelve years, which reflects a normalized expectation
that around 65% of vehicle batteries will need to be serviced or replaced after twelve
years of usage for vehicles from 2013 to 2030. In order to obtain a better fitting
parameter for a distribution of choice (in this paper, the Weibull distribution), data
from battery management systems from multiple BEV and PHEV models have to be
assessed.

2. Only one out of many degradation and aging modes is considered; for a better
judgment of the actual return battery flow, we need to calculate what is known as
the “system failure rate”. As seen in Figure 2, there are different failure modes for a
battery system that can lead to different types of degradation, thus causing earlier
aging or failure. The scale of complexity can be exponential, and therefore, if this
approach is taken, an optimal methodology should include an effort vs. result accuracy
analysis. System failure rate can be calculated through simple series or parallel system
models and/or by using more advanced methods for the total consideration of many
components within the system.

3. The usage trend (user profile) has not been given a separate examination, where
we only took the normalized assumption of around one EFC every two days for all
vehicles.

4. The threshold of 80% was chosen for the calculation of returning battery volumes in
kWh. This is common practice for BEVs. However, for EVs, especially for PHEVs,
there could be discrepancies.

5. Technology advancement, LIB technology will get better, and the aging trend might
no longer be similar. Other technologies related to BEVs, such as swapping stations
and other charging profiles from different charging stations, also affect the aging
aspect of battery systems.
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6. Methods of replacement of faulty battery packs when a vehicle is being serviced can
also differ.

6. Conclusions

This article provides an accurate evaluation of battery return volumes until 2035. It
was calculated that about 111,146 BEV batteries and 110,721 PHEV batteries will return
annually in 2025 in Europe, rising up to 757,619 (BEV) and 539,636 (PHEV) batteries in 2030,
respectively. Considering the average battery capacity of each year for BEV and PHEV, the
number of batteries corresponds to a capacity of 4.5 GWh (BEV) and 4.2 GWh (PHEV) in
2025 and 38 GWh (BEV) and 26.3 GWh (PHEV) in 2030. This results in a total capacity of
returning battery systems of about 200 GWh in 2030. According to battery expert interviews,
these numbers will be divided between the areas of reuse (~15%), remanufacturing (~13%),
and recycling (~71%) in 2025. In the future, this distribution will change towards a lower
recycling share (~61%), resulting in 20% for reuse and 19% for remanufacturing. The
reason for this could be the increasing feasibility of the other 3R strategies, such as reuse
and remanufacturing, because they are highly dependent on returning quantities to be
economically viable.

In conclusion, numbers for 2025 (~8.7 GWh, annually) and 2030 (~64 GWh, annually)
indicate a significant increase in return volumes before the end of this decade. This
represents significant market growth and could enable companies in the battery circular
economy to have a higher market presence. In turn, this would impact the life of LIBs and
potentially make the battery system more sustainable as an overall technology.

The results of this paper are intended to serve as a basis for further analyses in the long
term. At the same time, they are to be used as a basis for economic decisions for industry
and business.
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