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Abstract: Battery storage is nowadays considered a key component not only in off-grid applications
but also in the context of grid-tied, residential-scale systems, facilitating the broader use of RES even
in heavily congested distribution grids. Since batteries normally comprise the costliest part in similar
configurations, their optimal sizing is a priority. Informed decisions to that end should not be limited
to rough, initial-cost estimations alone; instead, they should also take into account the life-cycle costs
of batteries, which, in turn, relate to battery aging mechanisms and the gradual, cycling-based fading
of the batteries’ useful capacity. Acknowledging the above, the impact of battery cycling aging on the
performance of typical, residential-scale, RES-based battery storage configurations is investigated
herein, considering also the utilization of second-life lithium-ion EV batteries. To that end, we used a
literature-informed empirical aging model and performed a simulation exercise for a broad set of
different RES-battery configurations, with our results indicating the importance of the aging factor
while also designating areas of optimum sizing with regard to the long-term energy and economic
performance of similar solutions.

Keywords: residential storage; second-life batteries; cycling aging; prosumer applications;
technoeconomic analysis

1. Introduction

Battery storage is nowadays considered a key component not only in off-grid applica-
tions but also in the context of grid-tied, residential-scale systems, facilitating the broader
use of RES even in heavily congested distribution grids [1,2]. Since batteries normally
comprise the costliest part in similar configurations, their optimal sizing is a priority. In-
formed decisions to that end should not be limited to rough, initial-cost estimations alone;
instead, they should also take into account the life-cycle costs of batteries, which, in turn,
relate to battery aging mechanisms and the gradual, cycling-based fading of the batteries’
useful capacity.

At the same time, increased interest has been recently demonstrated in retired EV
batteries and their reuse for stationary storage applications, with a focus on the residential
sector [3,4]. To that end, similar second-life EV batteries can make up for the increased cap-
ital costs otherwise introduced by the procurement of a new battery component, especially
for RES-based configurations requiring the coverage of a high degree of energy autonomy,
at the expense, however, of the batteries’ anticipated life expectancy.
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Acknowledging the above, the impact of battery cycling aging on the performance of
typical, residential-scale RES-based battery storage configurations is investigated herein,
considering the utilization of second-life lithium-ion EV batteries. To that end, we use
an empirical, literature-informed aging model [5] and perform a simulation exercise for
a broad set of different RES-battery configurations, examining the long-term impact of
the main parameters’ variations on both the energy and economic aspects of the prob-
lem investigated.

2. Materials and Methods
2.1. Problem Definition and Methods

In accordance with the above, the current study develops a computational framework
for the evaluation of different prosumer schemes, capturing different RES-battery configura-
tions (including both wind power and solar power on a residential scale) and incorporating
an empirically informed battery capacity degradation model. For that purpose, we use a
typical Greek household demand pattern and perform an extensive parametrical analysis
concerning system size, focusing on the estimation of the anticipated life expectancy for
typical second-life lithium-ion EV batteries.

The schematic block in Figure 1 synopsizes the problem methodology, which, apart
from the variation in system main variables (Nw: wind power; Npv: PV power; ESS:
BATTERY capacity), looks at the generation of key performance indices (KPIs), both energy
and economic ones (see also Table 1), on the basis of hourly simulations (energy balance
analyses) for a 20-year period and for each different configuration examined.
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Figure 1. Schematic representation of the formulated problem.

Table 1. Key performance indices.

KPIs Description

Battery Life Expectancy (Years)
Expected battery lifetime using an empirical cycling
degradation model in accordance with the experimental
findings in [5] (max period of 20 years).

End-User Energy Autonomy (%)
Annual coverage of residential electricity needs on the
basis of energy delivered from the examined
RES-battery system over a period of 20 years.

LCOE
Levelized cost of electricity considering investment,
maintenance, and electricity import costs for a 20-year
period at a discount rate of 5%.

Accordingly, the approach adopted for the examination of the problem is the brute
force approach, which assumes the study of all possible configurations within a given space
of analysis, allowing, in this way, for the interpretation of emerging trends rather than the
designation of unique, optimum solutions. To that end, the span of solutions currently
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examined considers 0–5 kW variation in wind and PV power (1 kW step) and 0–10 kWh
variation in battery capacity (1 kWh step, DoD of 90%, and a moderate roundtrip efficiency
of ~75%), which results in a total of 396 different configurations.

2.2. Input Data

For the purposes of our analysis, we use hourly time series of medium-quality solar
potential of ~1580 kWh/m2.a at the horizontal plane and medium-quality wind potential
with an annual average wind speed of 6.3 m/s (see Figure 2), representative of the Greek
territory. Moreover, concerning the typical load demand pattern (see Figure 2c), we assume
a residential end-customer determined by a moderate annual consumption of 3.5 MWh and
a peak demand of 2.7 kW, and, in order to describe the degradation capacity of second-life
lithium-ion EV batteries due to cycling, we draw empirical results from [5] and shape a
normalized degradation curve given in Figure 2d. Finally, and with regard to electricity
market prices, we use an hourly time series of spot prices from the Greek electricity market
for the year 2021 (average price of 116 EUR/MWh), assuming that any energy deficits
occurring on the household side are covered directly by the local grid, at the given hour
spot price and with the additional inclusion of a 50% utility cap.
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Figure 2. Wind speed (a) and solar irradiance (b) profiles; weekly load demand variation instance
for the typical end-consumer considered (c); and empirically informed degradation model of battery
capacity for second-life lithium-ion EV batteries (d).

3. Results

By applying the proposed methodology, we can next proceed with the presentation of
results of the brute force approach currently adopted. In Figure 3, we provide an exemplary
instance of the long-term variation in the battery state of charge (period of 20 years) for two
different configurations. In Figure 3a, we present the results for a limited-cycling-activity
battery (capacity of 5 kWh combined with 1 kW of wind and 1 kW of PV power), and
in Figure 3b, we present the results for an intense-cycling-activity battery (capacity of
2.5 kWh combined with 1 kW of wind and 1 kW of PV power). As can be seen from the
two figures, the maximum state of charge in the batteries gradually fades and eventually
reaches a minimum of 20%, which is currently assumed to signal the time of retirement for
the battery component.
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cling activity in a battery component over a 20-year period horizon of investigation.

In this context, the result of limited cycling, corresponding to the case in Figure 3a,
leads to a 20-year lifetime period for the battery, although almost 50% of its available
capacity is already lost by years 14–15. On the other hand, the intense cycling activity
noted in Figure 3b leads to the retirement of the second-life lithium-ion EV battery (20% of
original capacity available) by the 13th year of the 20-year period, which entails a 7-year
period of reliance for the balancing needs of the end-user examined exclusively on the local
electricity grid.

Accordingly, in the following set of figures (Figures 4–7), we present the results of the
brute force analysis for the entire range of configurations examined. Initially, in Figure 4,
we isolate wind-only and PV-only configurations and examine the life expectancy (time
of retirement) for the range of battery capacities examined (i.e., from 1 kWh to 10 kWh at
steps of 1 kWh).
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Figure 4. Battery life expectancy for wind-only (a) and PV-only (b) configurations in relation to
battery size and RES capacity variation.

As expected, the increase in battery capacity leads to longer retirement times, while
the same is valid for the reduction in RES power, with the exception of battery size values
of up to 3 kWh in the case of the PV-only configurations. At the same time, and if excluding
power values of 1 kW, more intense cycling in the case of PV-only configurations leads
to an increase in the minimum requirements (almost double the battery size) in order to
achieve a 20-year battery retirement. Moreover, in the set of boxplots presented in Figure 5,
we provide life-expectancy results for all 396 configurations examined (not just wind-only
and PV-only) in relation to variations in (a) wind power, (b) PV power, (c) battery capacity,
and finally (d) the balance between wind and PV capacity shares, expressed by the ratio of
Nw/(Nw + Npv).

To that end, from Figure 5a, it can be concluded that an increase in wind power up to
4 kW leads to relatively longer retirement periods, while the opposite seems to be valid in
the case of Figure 5b, where an increase in PV power further than 1 kW leads to relatively
lower retirement times. Moreover, as expected, an increase in the battery size signals a
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proportional increase in life expectancy, with battery capacity higher than 7 kWh achieving
a 20-year period for almost all of the relevant configurations. Finally, in accordance with
the results of Figure 5d, an increase in wind shares leads to longer retirement periods, with
wind-only configurations presenting the highest life expectancy range (see also Figure 4a).
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Next, using the same set of figures in Figure 6, we present energy autonomy results,
again for all configurations examined. In this context, Figure 6a,b demonstrate the impact
of wind and PV capacity increase, with the overall span of values ranging between 30%
and ~100%.

The same pattern is shown in Figure 6c, where the battery-size increase beyond 7 kWh
signals a significant increase in energy autonomy, with the respective ranges maintained
between 55% to ~100%, justified on the basis of exploiting both a larger-size battery and
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longer retirement periods. Finally, and based on Figure 6d, it can be seen that the wind-only
and PV-only solutions are limited in terms of energy autonomy, contrary to cases of more
balanced RES systems, especially in the range of 20–60% of wind shares.

In addition, by integrating all cost components (assumed investment cost values of
1500 EUR/kW for wind power, 750 EUR/kW for PV power, and 200 EUR/kWh for second-
life lithium-ion batteries, together with a 10% BoS and an annual maintenance coefficient of
3% over the system investment), we next present variation ranges for the LCOE in Figure 7.
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To that end, minimum LCOE values appear for wind power of 1 kW (Figure 7a) and
for PV power in the order of 2–3 kW (Figure 7b), with an increase in wind capacity shares
(Figure 7d) beyond 20% and up to 60% leading to an increase in the LCOE. At the same
time, it is interesting to note that battery size variation (Figure 7c) presents a minimum
LCOE in the area of 7–8 kWh, which suggests that the given order of capacity achieves
both a prolongation of the retirement time (see also Figure 5c) and an avoidance of battery
oversizing. In the meantime, it is also interesting to note that minimum LCOE values
across configurations appear in a range of ~100–130 EUR/MWh, which designates the
contribution of second-life EV battery employment in reaching grid parity for similar
solutions in the residential sector.

4. Discussion and Conclusions

In the present study, we investigated the impact of cycling aging for second-life
lithium-ion EV batteries employed in residential, RES-driven configurations. In doing so,
we adopted an empirically informed capacity degradation model that was next employed
in an energy balance analysis exercise considering a broad set of wind power, PV power,
and battery capacity configurations, alongside a typical residential-scale end-user demand
profile and a medium quality RES potential. To that end, we examined the long-term
performance of RES-driven, second-life EV battery storage configurations, determining
the retirement period of different RES-based battery storage configurations together with
the respective long-term energy autonomy and levelized cost of electricity. According to
our findings, battery sizes in the area of 7–8 kWh achieve both the prolongation of the
anticipated retirement time (see Figure 5c) and the avoidance of oversizing for battery
components, while in terms of RES, the balanced capacity of wind and PVs in the order of
1–2 kW each seems to achieve maximum energy autonomy with minimum costs.
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