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ARTICLE INFO ABSTRACT

Keywords: This study investigates (1) the economics of adding a battery to a residential photovoltaic (PV) system and
Home energy management (2) how different home energy management (HEM) strategies impact its profitability in a Finnish context. Our
Batt]e;ry scheduling key novelty is the analysis on highly varying dynamic electricity prices from years 2020-2022 accompanied
PV-battery

with the calculation of battery usage costs coming from battery degradation. Furthermore, by implementing
multiple HEM strategies with variable complexity on real PV production and four real electricity consumption
data, we provide a comprehensive study methodology. We tested five strategies, ranging from simple rule-based
(SCM) to optimization (MPC) and reinforcement learning (RL) approaches. Our findings indicate that adding
a typical 13.5 kWh/9000 EUR battery to a 4 kWp PV system is economically unfeasible for balancing the
intermittent PV production under the current electricity prices in Finland. Two of the strategies considered
battery usage costs in the decision making, leading to the battery staying unused, due to higher battery usage
costs than electricity bill savings. The economic break-even battery capital expenditures (CAPEX) were 185
EUR/kWh at best under the high electricity prices of 2022. This is under a third of the given CAPEX of 667
EUR/kWh. Interestingly, the simple SCM resulted in practically equal electricity bill savings to complex MPC
and RL in 2020-2021. However, during the elevated and highly varying prices in 2022, MPC achieved 5.7%
lower electricity bills compared with SCM. Thus, complex HEM strategies were beneficial here only during
volatile electricity prices.

MILP
Reinforcement learning

1. Introduction in the production, and (2) lowering the need of balancing power. Addi-
tionally, energy storage can provide energy security and uninterrupted
The prices of solar photovoltaics (PV) has decreased rapidly, leading power supply, and improve self-sufficiency.

to massive increases in installed PV capacity both globally and in
high latitudes. Currently in Finland (2025), the national PV capacity
is approximately 1.3 GWp [1], where majority are distributed small-
scale production, such as residential PV systems. However, Finland
currently has over 23 GWp utility-scale (> 1 MWp) PV plants either However, adding a battery to existing PV system has been shown

Similarly than with PV, prices of batteries have decreased as well,
and PV-battery systems have been reported to be economically prof-
itable in some locations, such as in Switzerland [4,5] and Germany [6].

under construction or in authorization stage [2], implying massive in- in various locations to yet remain economically unprofitable, such as
creases to national more centralized PV generation. Since PV is variable in Finland [7], Thailand [8], Madeira Island [9], Belgium [10], and
renewable energy (VRE) technology with an intermittent production Norway [11]. In addition to battery prices, local electricity prices affect
profile, energy storage is not only an attractive solution to increase the profitability of batteries. Especially, more volatile prices increase

the amount of self-consumed PV production, which increases the value
of produced residential PV electricity [3], but also important for (1)
reducing strain on grid due to the reverse power flow and high variation

the economic profitability of battery, as has been shown by case stud-
ies from UK [12], and China [13]. Additionally, increasing purchase
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price and decreasing feed-in price increase the economic profitability
of home battery [10]. The profitability can be further improved by
effective home energy management (HEM). The development of smart
homes, due to the technologies such as advanced metering infrastruc-
ture (AMI), smart sensors, the Internet of Thing (IoT) home appliances,
and smart grid technology, have made home energy management sys-
tems (HEMS) a crucial part of modern houses, allowing monitoring,
controlling, and planning of the energy system devices [14]. The aim
of HEMS is to provide efficient management of electricity production,
storage, and consumption [15]. This work considers the management
of production and storage, thus HEM is reduced to a battery scheduling
optimization.

There are many approaches for battery scheduling, and HEM in
general, which are extensively discussed in review works such as [16-
18]. These approaches can be roughly categorized into rule-based,
optimization, and machine learning (ML) methods. Rule-based HEM
strategies are very common for battery scheduling because of their
simplicity and low computational requirements. Especially, the self-
consumption maximization (SCM) is a commonly used baseline strategy
in real-world PV-battery applications. The operation principle of SCM
is presented in Section 2.5. It is used for techno-economic analyses [7]
and often used in benchmark studies for other strategies [19-23].

Optimization methods, on the other hand, are based on maximizing/
minimizing the objective function over an optimization horizon, which
is often 24 h [18,20,24,25]. The results of optimization are the sched-
uled actions of an energy system (e.g. battery) over the optimization
horizon, which are based on forecasted variables, such as PV pro-
duction and load. Various optimization methods for HEM have been
used in literature, the most common ones being multi-integer lin-
ear programming (MILP), dynamic programming, and nature inspired
meta-heuristic optimization methods [18]. Since optimization is based
on forecasted variables, dealing with forecasting uncertainties is cru-
cial. One approach to minimize the effect of forecasting uncertainties
is to implement the optimization frequently, such as every hour, in
which case only the first action of the optimized horizon is realized.
This approach is called model predictive control (MPC) [18,25,26], and
it can reduce the effects of forecast uncertainty [27], since only the
nearest time step is realized. One of the drawbacks of optimization
and MPC is the computational burden: HEM can be computationally
very complex, and finding the global minimum might require tons of
iterations.

Due to their adaptability and minimal computational requirements
during operation, machine learning methods have gained popularity
for HEM. Especially effective have been reinforcement learning (RL)
methods, where an agent (which can represent a battery [28,29], for
example) or multiple agents learn to operate effectively by using trial
and error. The learning is guided by assigning rewards (or penalties) to
actions, and these rewards are based on cost functions similar to those
used in optimization. The advantages of RL over optimization are the
computational speed after off-line training and its adaptability during
online operation to maximize the expected future rewards [30,31],
whereas optimization strategies are limited to the optimization horizon.
In addition to RL methods, supervised learning ML models can be
utilized by utilizing the optimized energy management patterns [19,
24].

Objective functions for optimization and RL approaches of PV-—
battery systems are typically based on electricity bill minimization [32-
35], but can also include other variables, such as user comfort [30,
36,371 and battery degradation [20,22,38,39]. Although the electricity
bill is an apparent indicator of economic savings, it is important to
consider other effective costs, such as the battery degradation costs:
battery usage affects its degradation and thus its lifetime and eco-
nomic profitability. However, residential PV-battery studies with bat-
tery degradation costs under dynamic spot pricing over longer time
periods are lacking. Ekhteraei Toosi et al. [38] showed that when total
costs, including battery usage costs and electricity bill, were minimized
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instead of minimizing only electricity bill, monthly costs (electricity
bill + battery usage costs) were reduced from 209 USD to under 46
USD. They studied a smart home with a 2.5 kWh battery, an electric
vehicle (22 kWh battery capacity), and a 3 kWp PV system under
spot pricing over a 1-month period. Zou et al. [20] implemented MPC
with dynamic programming to a household with a 5 kWp PV system
and a 12 kWh battery. By minimizing the total costs including the
battery usage cost, they reduced the total costs from SCM results of
10.60 CNY to 9.36 CNY, over the studied 1-month period with ToU
purchase tariff and fixed feed-in tariff. Abdulla et al. [39] showed
that battery lifetime value can be improved on average by 160%
over rule-based strategy, when battery degradation is included in the
dynamic programming HEM strategy, by considering multiple existing
households with variable sizes of PV systems and a simulated 5 kWh
battery. This study also considered ToU purchase tariff and fixed feed-in
tariff over 3-year period.

Correspondingly, HEM studies considering spot prices typically have
simplified battery degradation cost model, or the degradation is ne-
glected completely. Nygard et al. [11] concluded that a 10.2 kWh
home battery was economically unprofitable under volatile 2022 elec-
tricity spot prices in Norway. Their battery CAPEX of 100,000 NOK
(9800 NOK/kWh or around 980 EUR/kWh) lead to minimum eco-
nomic payback time of 29 years from all studied consumer profiles.
They concluded that a 30% investment support for batteries would
lead to economic break-even. They used a fixed battery usage cost
(NOK/kWh) for charging and discharging, which neglects the effects
of cycle depth in the battery degradation. Huy et al. [24] showed
that a neural network model trained from MILP optimized battery
and EV charging patterns outperformed 24-hour optimization and RL
methods. The work considered consumption and production data from
UK during years 2012-2014, but battery degradation was neglected.
Bozchalui et al. [40] compared various optimization objectives for
HEM with fixed-rate plan (FRP), ToU, and dynamic pricing in Ontario
(Canada) using MILP, but omitted battery degradation. With dynamic
pricing, they showed that daily energy costs can be significantly re-
duced compared to ToU or FRP pricing. J. Salpakari and P. Lund
studied rule-based SCM and optimization-based cost minimization con-
trol strategies for a heat pump, thermal and electrical storage, and
load shifting in a low energy residential building with PV in Southern
Finland using spot prices in 2013 [41]. They obtained maximum of
25% electricity bill savings compared with SCM, but battery costs and
degradation were neglected. Shivam et al. [42] applied multi-objective
optimization for step-ahead (1-hour horizon) battery scheduling of
residential system with 14.5 kWp PV system and 9.6 kWh battery in
Taiwan to flat and dynamic pricing, both scenarios with a fixed feed-in
tariff. They compared various PV production and consumption forecast
models from Naive forecasting to ML-based forecast models. Under
dynamic pricing, they showed that the optimized operation based on
ML-forecasts increased the profits by up to 260% compared with not
controlled energy management (supposedly SCM, although authors
do not describe the model), while optimization with Naive predictor
increased the profits by 222%. However, battery degradation was not
considered.

The objectives of this work are to discover if (1) adding a battery
is economically feasible within these conditions and (2) how much
different HEM strategies for battery scheduling affect the total costs.
The first objective contributes to the understanding of home battery
profitability in high latitudes, while the second objective is important
for knowing how much profits can be increased by adding model
complexity to HEM.

This work distinguishes itself from the existing literature [3-46]
through a combination of methodological breadth, realistic data use,
and novel transparency measures. While dynamic or time-varying pric-
ing has been addressed in multiple studies [3,4,7,11,12,22,28,30,33,
40,41,43-45], holistic studies under dynamic spot pricing that also
account for battery usage cost due to degradation are lacking. This
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Fig. 1. PV system of TUAS, used as the production data source.
Source: Photo by Anttalainen/UTU.

gap is particularly evident in the Nordic context, where no comparative
studies exist that evaluate different HEM strategies with battery usage
costs. The present analysis is timely because increasing installed VRE
capacity affects both intra-day and annual mean electricity prices.
Furthermore, the 2021-2023 energy crisis — driven by reduced energy
production capacity following COVID-19 lockdowns and the disruption
of gas and oil supply from Russia after its invasion of Ukraine —
demonstrated how global events can drastically increase the volatility
and magnitude of spot prices. By using three years of dynamic spot
price data (2020-2022), this work covers both stable and extreme
market conditions in a way that few studies have attempted.

Battery degradation modeling is another area where this work ad-
vances the state of the art. Although some prior research [11,20,22,28,
32,37-39,43,45,46] incorporates degradation costs into optimization,
many studies simplify or ignore these effects — particularly under
spot pricing. This work integrates battery aging costs directly into the
optimization function, enabling operational strategies that reflect real-
world lifecycle impacts. Additionally, it systematically compares five
distinct HEM strategies — including rule-based, model predictive con-
trol, and reinforcement learning approaches — two of which consider
degradation in decision-making. While some earlier works [19,28,30,
31,36,37,42,43] benchmark advanced methods against simpler ones,
comprehensive comparisons of this breadth remain rare.

Geographically, this work focuses on Turku, Finland, a representa-
tive high-latitude location with Nordic climatic conditions and dynamic
spot prices — both of which strongly influence HEM outcomes and
battery profitability. High-latitude summers allow for diverse PV in-
stallation angles to be viable due to a better temporal match between
production and consumption profiles [3], while winter conditions sig-
nificantly limit PV output unless batteries are charged from the grid.
Additionally, the PV production profile of differently oriented sys-
tems can influence battery degradation and thus the battery prof-
itability [43]. Increased Nordic wind capacity, along with growing PV
installations, has also made negative spot prices more common. In this
setting, only a handful of studies [7,46] utilize measured household
load and PV profiles in Nordics, and this work is among the very few
to use multiple real households over several years.

Economically, the study aligns with a limited group [6,8-10,12,43]
that calculate break-even CAPEX, but uniquely combines this with
multi-year, dynamic-price, degradation-aware simulations. Notably, it
is the only study to release its full simulation code as open-source [47],
addressing a major reproducibility gap identified in the literature
[3-41]. This transparency, combined with its emphasis on counter-
intuitive findings — such as cases where battery use can increase total
costs when degradation is neglected — makes the contribution both
practically relevant and methodologically robust.

In summary, this work presents a comprehensive case study on
adding a battery to residential households with existing PV in a Finnish
high-latitude context, characterized by Nordic climate and dynamic
spot electricity prices. The analysis uniquely combines:

» Five HEM strategies — rule-based, model predictive control
(MPC), and reinforcement learning (RL) approaches, with two
strategies explicitly considering battery degradation in decision-
making.

Real-world data — PV production and four measured household
consumption profiles, capturing inter-household variability often
omitted in prior Nordic studies.

Multi-year dynamic pricing — three years of day-ahead spot
prices (2020-2022), spanning pre-crisis stability, COVID-related
impacts, and the 2022 energy crisis driven by reduced production
capacity and fuel supply disruptions.

Degradation-aware optimization — battery usage costs di-
rectly included in the optimization objective, producing lifecycle-
realistic operation schedules.

Economic feasibility assessment — break-even CAPEX calcu-
lated under varying price conditions, linking technical perfor-
mance to financial viability.

Transparent methodology — complete simulation code released
as open-source [47], enabling reproducibility and transferability
to other contexts.

This integrated approach fills significant literature gaps by jointly
analyzing multi-year dynamic pricing, battery degradation costs, and
a diverse set of HEM strategies in a Nordic setting, offering both
technical and economic insights directly relevant to future PV-battery
deployments.

2. Methodology

2.1. Data

Production

Our PV production data was obtained from a PV system installed
by the Turku University of Applied Sciences (TUAS) on the roof in
Turku, Finland, at coordinates 60.447 ° N, 22.298 ° E. The system
consists of 18 Kingdom Solar KD-250 polycrystalline modules [48],
installed toward south in a 15 degrees tilt. The system is installed
on an industrial building at an elevation of 28 m above sea level,
including the building itself standing 9 m tall. There is moderate
shading, primarily caused by two trees located 15 m from the south-
west and the IV room situated 2.5 m to the east, causing around 3.5%
shading losses annually. Data was collected every 5 min, allowing for
detailed monitoring and analysis of the solar energy production. This
data is openly available at Ref. [49]. The system is presented in Fig. 1.

The rated power P, of the PV system was 4.5 kWp. We scaled the
production from the DC side before inverter so that P, is 4 kWp, in
order to have a comparable system size to our other works covering
residential PV installations in Finland [3,50]. This sizing is reasonable,
since the monthly production during the high production months of
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Fig. 2. Monthly average electricity consumption along load profiles 1-4 and the PV power, presented for each hour of a day using data from 2020.

June and July match the monthly consumption for L1-L3. Overpro-
duction during these months would lead to selling of the production,
which is economically not as beneficial as self-consumption [3,50]. To
obtain AC power, we reduced the DC power readings by 3%, assuming a
constant 97% inverter efficiency. The studied system did not experience
any inverter clipping. To filter out possible erroneous power data, we
excluded datapoints that had AC power outside [0, 1.02- P,], where 1.02
upper filter is based on IEC standards [51,52]. After this, we aggregated
the 5-minute data to hourly data by taking an hourly mean for hours
with at least six not-missing datapoints. If an hour contained more
than six missing datapoints, the power on that hour was set to 0. This
procedure was applied because high missing data rates within an hour
indicates some sort of data logging issue, which could compromise the
power readings. This affected only a total of 142 h, which had a mean
power of 0 before the procedure, and therefore it did not affect the
power profile.

Consumption

We employed hourly electricity consumption data collected from
four real individual households over 2020-2022 across Turku area,
referred here as L1-L4. The mean daily consumption and production
profiles for each month are presented in Fig. 2, obtained using data
from 2020. Additionally, Fig. 3A shows the annual consumption and
production yields and Fig. 3B the monthly consumption and produc-
tion. From Fig. 3B, the PV sizing criterion of matching the summer
month production and load, is visible.

Without further information on the housing and heating type for
loads L1-L3, the high annual consumptions over 10 MWh indicate that
all consumers are detached houses. Based on the monthly consumptions
in Fig. 3B, the increased consumption during winter months suggest
that loads L1-L3 have electric heating. These three profiles have a load
peak in the evening or during night (Fig. 2), which can be caused
by lumped usage of home appliances, or heating the house and/or
domestic hot water. L4 is a detached house with reserving heating that
can utilize either electricity or wood. Additionally, L4 has an electric
car, which causes peak loads during night-time (Fig. 2). In this work, we
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Fig. 3. Electricity consumption for the load profiles 1-4 and the PV production
yield A: in annual scale, B: in monthly scale (obtained as monthly means over
all years 2020-2022).

considered only battery usage without load management, and therefore
accurate knowledge on the usage patterns of home appliances and
heating solution can be neglected.

Electricity contract
For all consumers, we implemented spot price based electricity
contracts, where the purchase and sell prices py,., and p are defined
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Table 1
Electricity price components for the different years in the
unit of ¢/kWh.

Price component 2020 2021 2022
Prranssinn 5.90 5.44 5.01
Prmargin 0.4 0.4 0.4
Pyt (@V8.) 2.89 7.23 15.40
Ppureh (@V8.) 9.19 13.07 20.81
Peenr (avg.) 2.49 6.83 15.00
as follows:
Ppurch = pspot : (1 + VAT) + Ptrans+tax + pmargin (1)
Psen = pspot - pmargin’ ©))

where pg,, is the spot price, VAT is the value added tax of 24%,
Puans+tax 1S the fixed transmission cost, including the supply security
fee and electricity tax, and pp,, is @ small fixed cost. The spot price
determined by the Nordpool electricity markets varies hourly and can
have negative values. The transmission cost is assigned by the local
grid company, and the margin is determined by the electricity company
— these costs are fixed and always positive. The total electricity price
varies when the electricity is used. We used @ ppypein Of 0.4 ¢/kWh,
which is a typical value for this component. Fixed cost p .12 depends
on the location, year, and customer load type. Values used in this
study for each load are presented in Table 1. They correspond to the
average customer type values by the Finnish Energy Authority [53].
For all loads, we used values presented for detached house with partly
reserving electric heating, main fuse size of 3x25 A, annual electricity
consumption of 20 MWh, and Turku Energia Sdhkéverkot Oy grid
company. Year 2020 was missing from the data, thus we used the same
values as in 2019 (5.90 ¢/kWh).

In Fig. 4 , the average hourly electricity sell and purchase prices
are shown for each month and years. At the end of year 2021, there
is a rapid increase in the spot prices due to the energy crisis, which
resulted elevated electricity prices also during 2022. During these high
electricity prices, it can be seen that on average, the electricity selling
prices during days can be even significantly higher than the purchase
prices during nights. This difference in the prices mean that it can be
more profitable to sell excess production during days than store it and
use during night. The annual mean spot, purchase, and sell prices are
presented in Table 1.

Table 2

The parameters of simulated Powerwall battery [54]: PMAX: maxi-
mum charge/discharge power, #gy: round-trip efficiency, EY'AY: initial
nameplate battery capacity, Coapex: capital expenditures, including in-
stallation. CAPEX was obtained from source [55].

Variable pMAX R EYAY Ceapex
(kW) O] (kWh) (EUR)
Value 5 0.9 13.5 9000

2.2. Energy system simulation

For the energy management simulation, we used the scaled real
4 kWp PV production and electricity consumption data (described
above), as well as the day-ahead spot price data. The simulated battery
was chosen to represent Tesla’s Powerwall 2 [54], and the used param-
eters are presented in Table 2, where the battery capital expenditures
(CAPEX) were estimated from Finnish mainstream media [55]. The size
of 13.5 kWh is sufficient to move the excess production during daytime
to evening and nighttime. The battery should not be too large, since
oversized battery would lead to only partial battery cycling with higher
CAPEX. As can be seen from Fig. 2, the consumption peaks during
evening/night in all loads, thus the battery should be large enough
to be able to store enough energy to cover those peaks and nighttime
consumption. Only L4 has power peaks exceeding the maximum battery
power of 5 kW during summer months, and those cannot be fully
covered with the battery. For both PV and battery, separate inverters
with 97% efficiencies were assumed. The system diagram is presented
in Fig. 5. The battery was allowed to charge using PV production only.

The battery charge Ey for the next hour was obtained using the
efficiency, and charge/discharge energies:

Eg(t+1)= Eg(t) + nEcy(t) — %EDCH(I), 3)

where Eqy and Epcy are the charged and discharged electric energies,
and n = \/nrTM;,y is the total efficiency, including the battery round-trip
efficiency and inverter efficiency. We assumed the charge and discharge
efficiencies to be equal by taking the square root of the round-trip
efficiency, because they are close to each other [56-58], and since it is
a common assumption in battery simulations, such as in [4,5,7,19]. To
get the total efficiency of charging and discharging, both inverter and
battery efficiencies have to be considered. To prevent discharging from
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empty battery and charging battery over its capacity, the following
constraints were applied for given hour:

0 < Ecy < MIN (Epy, PMAXar, (EYAX — Eg)/n) &)
0 < Epcy < MIN (g EYAX, pMAX 47) 5)

where Epy is the PV production, PMAX is the maximum battery charge/
discharge power, At is the simulation resolution (1 h), and EII;’IAX is the
battery capacity. Our consumption data is one hour resolution, since net
metering has been and still is often done on hourly basis. Additionally,
hourly based analysis is a common resolution in the literature, such as
in [8,11-13,18,22,24,25,28,30,32,34,36,37,41-43,45,46].

2.3. Battery degradation modeling

A battery degrades during its lifetime, which leads to a decrease
in its capacity and an increase of its resistance. In lithium-ion bat-
teries, the main aging mechanisms are cracking and decomposition
of cathode material and the formation of a thin cover layer on the
anode side composed of the salt, electrolyte and cathode decomposition
products [59-65]. This is often accompanied by gas build-up that
causes cell swelling, worsens contact between electrode particles, and
increases pressure, leading not only to cell failure but also to the risk
of rupture [66]. Battery degradation progresses faster at high current
rates, deep discharge conditions, as well as at low and high operating
temperatures [67].

The degradation of the battery can be differentiated into the cyclic
aging that describes loss of life due to battery operation (charging
and discharging at different cycle depths (4SOC)) and float aging
that occurs due to the progress of time (and depends primarily on
temperature and state-of-charge (SOC)).

The capacity fade of the battery and the estimated End of Life (EoL)
are important factors that need to be considered, when estimating the
performance and costs of a battery used in HEM. The EoL of a battery
is usually defined as the moment, when the capacity has decreased
20% from the initial capacity or when the internal resistance gets
doubled [19,68]. For simplicity, we considered only the capacity fade
and neglected the effects on the internal resistance in this work. As
an effect of this simplification, the efficiency of the battery is assumed
to be constant during the battery life-time and equal to the round-trip
efficiency provided by the producer [54]. This approach is shared with
other battery simulations described in the literature, such as [4-6,20].

Using the aging factor c(¢), the capacity at timestep 7 can be obtained
as:

ENM @+ 1) = EYAX(0) - (1 - x - c(r), (6)

where x is the EoL capacity loss, and here we used the typical 20% EoL
decrease, in which case x = 0.2. The change in state-of-health (ASOH)

can be then calculated as:

EYM(n - EYM e+ 1) EYA@) - c)

MAX . MAX  ° @
B.init

ASOH(r) =
B,init
where El’;"]Am’f = EMAX(0) is the initial nameplate value of the battery
capacity. The EoL is encoded in the aging factor ¢, as will be presented
below, and thus x cancels out in Eq. (7).

In some works, such as [19,21,44], the aging factor ¢(¢) is obtained
as the sum of the cyclic and float aging factors, c.,(f) and cgjoy (1),
respectively. However, in this work, only the predominant aging mech-
anism accounts for the total aging, according to the model we use in
this work, given by Magnor et al. [68] and other works [45,46], such
that

¢(t) = max (Ccyc(t)! cf]oal(t)) . ®

Cyclic aging

The relation between the maximum number of half-cycles N,,,, with
a certain ASOC is usually given in the form of a Woéhler curve [68],
which is often provided by the cell producer, or approximated with
various semi-empirical models [68-72]. In this work, we used the
Wohler curve given by Magnor et al. [68], describing the maximum
number of cycles as:

N,y = a- ASOC? ©)

where a and b are the fitting parameters calculated from the Wohler
curve, with the values of a = 1.2698 - 10° and b = —1.3133, and 4SOC is
given as a percentage between 0-100.

For one cycle with a cycle depth 4SOC, the cyclic aging factor ¢
can be expressed as [68]:

full oy _ 1

Coye D = N 450CH)"
Assuming the same degradation from charging and discharging, c, for
a half-cycle is

full
eye ()

10

1 1

—_— (€R)
N (4SOC(D)) 2

ccyc(t) =
where half-cycle means one continuous charge or discharge period,
which may include idle periods, and timestep ¢ is the end point of such
half-cycle. Otherwise, if 7 is not an end-point of a half-cycle, Ceye(® = 0.

Float aging

The impact of the temperature follows the Arhenius’ law, where
the increase of temperature by AT (typically 10 to 15 kelvins) halves
the lifetime. Hence, temperature-dependent aging factor ¢; can be
expressed as [68]:

1 T T(O)-Tpet
cr(t) = —/ 274 dt 12)
Tref )
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where T(r) is the battery temperature, f.; is a reference calendar
lifetime measured at the reference temperature 7,., and ¢, and ¢, are
the start and end time of the assessment period. In this work, we made
a simplification by assuming that the battery operates at the reference
temperature constantly. By assessing c; every hour, i.e., t; —t, = 1 hour,
and assuming a calender lifetime of 15 years, similarly than in [68] at
the reference temperature, each year containing 8760 h, ¢, is reduced
to the following time-invariant value:

1
T 158760
The aging dependence on the SOC is described using the SOC-
dependent aging factor cgnc, approximated using an exponential func-
tion [68]:

13)

B 1
csoc(h) = a+ f-exp(y - (100 — SOC(1))) o

where a =2, # = —1.2, and y = —0.0275 are fitting parameters, and SOC
is given as a percentage between 0-100. The float aging factor c;),,, is
a product of ¢; and cgqc:

1 1
a+ f-exp(y - (100 — SOC())) 15-8760°

(15)

Crioac () =

2.4. Battery usage cost

Battery usage cost due to degradation Cy,r can be estimated using
the given ASOH and battery investment costs Copppx [45,731]:

Cpar(?) = Ccapgx - ASOH(?), (16)

where Ccappx is the capital expenditures of the battery. We used
Ccapex Of 9000 EUR, which represents the CAPEX of Tesla’s Powerwall
in Finland [55]. This leads to specific battery cost of 667 EUR/kWh.
Cpar represents the total capital costs of the battery during its lifetime
calculated for each hour (timestep). This allows us to include the
battery degradation in the loss functions of HEM strategies.

Because these battery usage costs are linearly dependent on the
battery CAPEX (Eq. (16)), it is possible to evaluate the break-even
CAPEX, which leads to battery usage costs equal to the electricity bill
savings. This break-even can be assessed by dividing the electricity bill
savings (compared with NO-BATTERY scenario) by ASOH:

CeAPEX preak—cven,strategy = (Celbil,NO—BAT — Celbillstrategy )/ ASOH, a7)

where C, i scm is the annual electricity bill with NO-BATTERY strat-
egy and C il sraegy 1S the electricity bill with a given HEM strategy.
The relative CAPEX in the unit EUR/kWh can be obtained by dividing
the result of Eq. (17) with the battery capacity Egll“;‘“}f

2.5. Energy management methods

We applied five various energy management methods for control-
ling the battery. Below the five strategies are presented. All codes for
HEM models and simulations are openly available at Ref. [47].

Self-consumption maximization (SCM). SCM was used as the
benchmark method in this study. It is a rule-based algorithm with the
objective of maximizing self-consumed production. This means that
self-consumption of PV is prioritized, then charging of battery with
excess PV production and discharging battery to load, and lastly grid
exports/imports if battery is full/empty. The algorithm is described in
literature with all the details in [19] (Algorithm 1), the only exceptions
being our hourly resolution instead of 30-min resolution and initial
battery charge of 0 kWh instead of half charged battery.

Model predictive control (MPC). We implemented MPC by solving
the optimization on a given hour A with forecasted hours from 4 to
h+24 using MILP. For solving the MILP, we used Gurobi solver (version
12.0.2) with gurobipy library (version 12.0.3) for Python. The 24-hour
optimization horizon was used, because it is commonly used [18,20,24]
and since it includes the whole day-and-night cycle. For the load and
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the PV production, we used Naive forecasting by assuming the load
to be the same as one week ago and production the same as one day
ago. The day-ahead spot prices for next day are released each day at
13:45 Eastern European Time, leading to optimization horizon with a
maximum of 14 unknown day-ahead spot prices (at 13:00). We filled
these unknown times with Naive forecasting, assuming the same prices
as previous day on the same time.

On a given 24-hour period, we minimized the electricity bill over
this period by minimizing the associated objective function:

minimize z Copin(® 18)
teH
Cebin(®) = ppurch(l) : Epurch(t) = Psent(1) - Egey (1), (19)

where H is a set containing the 24 h that is optimized at a given
moment, and E,, and Eg, are the amounts of purchased and sold
electric energy, respectively. As a result, the optimization gives the
charge and discharge patterns over the 24-hour period. The optimiza-
tion was performed under the constraints presented in the Supplemen-
tary Information Section S1.1. The algorithm is presented in the same
section as well.

MPC with battery usage costs (MPC-BC). MPC with battery usage
costs (MPC-BC) was applied by adding the battery usage costs to the
cost function with electricity bill:

minimize )" (Coppin(t) + Cpar(®)) - (20)
teH

Because linear MILP was used for optimization, the cyclic and float

aging factor curves (Egs. 10 and 14) were linearized. This lineariza-

tion, optimization constraints, and the algorithm are presented in the

Supplementary Information Section S1.2.

Reinforcement learning (RL). We applied a deterministic policy
gradient method as the reinforcement model. The model is described
in detail in Ref. [43]. Electricity bill was used as the loss function
(Eq. (18)), which was minimized. The model output was charge and
discharge pattern of the battery. Neural network (NN) with three
hidden layers, each consisting of 100 neurons with rectified linear unit
(ReLU) activation, was used as the policy function. The NN was imple-
mented using the PyTorch library [74] (version 1.8.1). The input vector
consisted of 78 variables, including PV production, load, electricity
spot, purchase and sell prices, and the battery SOC on given time f,
as well as day-ahead spot prices, forecasted load and production for
next 24 h. The output was a scalar between [-1,1], negative values
indicating battery discharge and positive values battery charging. To
obtain the charge/discharge power, this output was scaled with the
battery rated power of 5 kW. The model training was performed by
minimizing the electricity bill over episodes with a length of one week,
using Adam optimizer [75] with a learning rate of 10~*. For training,
data from March to September in 2020 were used. After the initial
training, the NN was updated during the simulation every two weeks,
using realized data from previous two weeks. This dynamic training
allows the model to adapt to changing conditions.

RL with battery usage costs (RL-BC). We added the battery usage
costs to the loss function of RL model, resulting in the same loss
function than with MPC-BC (Eq. (20)). Model architecture, training,
and implementation were otherwise similar to RL (see above).

3. Results and discussion

This section presents the simulation results for different loads and
HEM strategies over the three years. First, the operation of each HEM
strategy is demonstrated with a three-day example period in Sec-
tion 3.1, after which the annual electricity bills and battery usage costs
are shown for each scenario in Section 3.2. Section 3.3 presents the
evaluation of break-even battery CAPEX to reach profitability, followed
by the HEM strategies’ effect on battery degradation and lifetime in
Section 3.4. Lastly, we discuss on reaching the economic break-even
point of battery in Section 3.5 and effects of battery degradation
modeling in Section 3.6.
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Fig. 6. Operational examples of the different energy management strategies with load L1 on 10-12th of July 2021. A: spot prices, B: PV production and
consumption, C: battery charge of all strategies, D: net imports of all strategies. NO-BATTERY line overlaps with RL-BC and MPC-BC. NO-BATTERY: case with
only PV and no battery, SCM: rule-based self-consumption maximization, MPC: optimization-based model predictive control, MPC-BC: MPC with battery usage

costs in the loss function, RL: reinforcement learning, RL-BC: RL with battery

3.1. Operation (example days)

Fig. 6 shows the operation examples of the different HEM strategies
with load L1 on a three-day-period from 10-12th of July in 2021. The
same data is shown in Supplementary Information Figure S2 for each
HEM strategy separately. These days were selected to represent mostly
sunny summer days with distinct variation in spot prices. Based on
the PV production (Fig. 6B), the first and third day were supposedly
mostly sunny days, whereas some clouds were present in the second
day. During the first two days, spot prices remained between 5 and 10
c¢/kWh, but during the third day, they elevated above 10 ¢/kWh (Fig.
6A). Regarding NO-BATTERY scenario, most of the production is sold
to grid (negative net imports), since the consumption during day-time
is low with load L1. The consumption peaks during the night, most
probably due to the heating of the hot-water tank, when there is no PV
production, leading to large amounts of purchased electricity from the
grid.

When battery is added to the system, strategies with battery usage
costs in their loss function (MPC-BC and RL-BC) leads to low to no
battery cycling. This is because the battery usage costs from cycling
the battery would be most of the time higher than the corresponding
savings in the electricity bill.

With SCM, MPC, and RL, the battery cycles are large. A great
amount of excess production is stored to the battery and used during
the evening or night when there is no production. During all days,
exports take place, which is due to limited storage capacity in the
case of SCM and RL. However, MPC results in exports even when the

usage costs in the loss function.

battery is not full if those export times would minimize the electricity
bill. A notable difference between the rule-based SCM and electricity
bill minimizing MPC and RL is that with SCM, the battery charge is
used during night-time to cover the consumption, leading to zero grid
imports during the example period. However, MPC and RL utilize the
diurnal variability in spot prices by buying electricity from the grid
to cover consumption during night-time in order to preserve battery
charge for day-times when spot prices are higher. Additionally, MPC
and RL utilized the peak spot price hour during the morning of the
third day by selling a little portion of the production instead of storing it
all to the battery. However, their battery charging patterns differ since
they are two different models which utilize two different approaches to
minimize the same objective function.

3.2. Total costs

To evaluate the economic profitability of the different strategies, we
calculated the total costs for each year and HEM strategy, shown in Fig.
7. When the annual battery usage costs due to degradation (described
in Section 2.4) are added together with the annual electricity bill,
the total costs of all HEM strategies and loads increased by 7%-60%,
compared with corresponding NO-BATTERY reference scenarios. This
increase in the total costs indicates that the battery is economically
unfeasible addition to the system with the given battery CAPEX of
9000 EUR (667 EUR/kWh). Considering the strategies with batteries,
RL-BC and MPC-BC reached the lowest total costs. Their loss function
manifests a tradeoff between grid import and battery usage costs, joint
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Fig. 7. Electricity bills (EL. bill) and battery usage costs due to battery degradation (Bat. cost) of A: load L1, B: load L2, C: load L3, and D: load L4. NO-BATTERY:
case with only PV and no battery, SCM: rule-based self-consumption maximization, MPC: optimization-based model predictive control, MPC-BC: MPC with battery
usage costs in the loss function, RL: reinforcement learning, and RL-BC: RL with battery usage costs in the loss function.

optimization of which results in minimized total expenses. However, the battery usage costs were due to the float aging only. With MPC-BC,
because of the high battery CAPEX, this resulted in a strategy that the the battery was used if the savings in the electricity bill of a given 24-
battery is hardly used at all, as was shown in Fig. 6. Especially with RL- hour optimization horizon with forecast inputs were greater than the
BC, the battery throughput was zero over the simulation period in all corresponding battery usage costs. This strategy led to low savings and

cases, in which case the electricity bill was equal to NO-BATTERY and low battery usage. Since these two independent approaches of MPC-RL
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Fig. 8. Break-even capital expenses (CAPEX) with load L1 for the given 13.5 kWh battery. RL-BC values are zero because no savings in electricity bill were made
with that strategy. SCM: rule-based self-consumption maximization, MPC: optimization-based model predictive control, MPC-BC: MPC with battery usage costs in
the loss function, RL: reinforcement learning, and RL-BC: RL with battery usage costs in the loss function.

and RL-BC both lead to similar strategy and results, we can conclude
that these total costs are near the annual minimum.

Annual savings in electricity bills were in most cases in the range of
tens of euros with added battery, and there were only minor differences
between SCM, MPC, and RL during 2020 and 2021, when the spot
prices were low. Table S4, shown in the Supplementary Information,
presents the relative differences of electricity bills of MPC and RL
compared with SCM. The reduction in electricity bills with MPC and RL
is only 0.8% at highest compared with the simple SMC during 2020 and
2021. When spot prices and diurnal variability in the prices increased
through 2021 to 2022 (see Fig. 4), RL, and especially MPC, resulted in
increased savings compared with SCM, around 5.7% at highest. Over
the three-year period, MPC led to only around 2% lower electricity bills,
and RL resulted in savings under 1%, compared with SCM. This quite
small difference is probably due to the generally low electricity prices in
Finland and also due to limited possibilities to create additional savings
with battery: here, battery charging is limited only to PV production,
which reaches its peak during daytime, when the electricity prices also
peak. In literature, over 10% cost reductions are reported with more
advanced methods over SCM [20,21], but those consider the total costs,
including the electricity bill and battery usage costs. In fact, in [20],
the electricity bill was lower with SCM compared with the economic
optimization method, but the battery usage costs were significantly
higher. Considering the total costs here in our work, MPC-BC and RL-
BC reduce the total costs also somewhere around 10% compared with
SCM.

The greatest savings in electricity bill occurred during 2022, where
maximum annual savings in electricity bill of 161 EUR were obtained
with load L1 (Fig. 7A) and MPC. However, the corresponding battery
usage costs were 577 EUR. To estimate the lowest possible electricity
bills, we applied MILP with the same constraints used in MPC, to
optimize the whole years using the realized historical values and ne-
glecting battery degradation. With this yearly optimization, the annual
electricity bills were 58-260 EUR lower compared with the lowest
electricity bills presented in Fig. 7, the lowest difference occurring
in 2020 and the highest difference in 2022. The data is shown in
Supplementary Information Section S4. However, even if the electricity
bills would be 260 EUR lower than those shown in Fig. 7, the battery
usage costs would still remain too high for the battery to be profitable.
To reach economic break-even point, the annual savings in electricity
bill should be at least over 500 EUR, which is the magnitude of battery
usage costs when battery is utilized (SCM, MPC, RL, and yearly MILP
in Figure S3).

These savings in electricity bills are generally rather low, caused
especially by the low electricity prices in Finland and the diurnal match
of electricity prices and PV production. The added battery saves mostly

10

the night-time consumption, when the electricity prices reach their
lowest values (see Fig. 4). With L2 (Fig. 7B), SCM actually caused even
higher electricity bill than with NO-BATTERY during 2022 (3048 EUR
and 3041 EUR, respectively). This means that in this case, adding a
battery increased the electricity bill, which is very unexpected. The
elevated electricity bill was caused by storing the excess production
to battery during daytime, therefore preventing high revenues from
selling this production. Using the battery charge during night-time
resulted in only low savings, since the electricity price was significantly
lower during nights. This result highlights the importance of including
the spot price information in the decision making if there is large
variability in electricity prices. With other loads, SCM always lowered
the electricity bills compared with NO-BATTERY.

3.3. Battery break-even CAPEX

Fig. 8 presents the break-even battery CAPEXes evaluated for load
L1 for each year and strategy, using Eq. (17). Results for other loads
were similar, and they are presented in Supplementary Information
Section S5. Break-even values for NO-BATTERY were zero, because this
strategy did not have a battery. RL-BC resulted in break-even values
of zero, since it did not produce any electricity bill savings. Similarly,
MPC-BC lead to low break-even values due to low battery throughput.
However, during 2022, the break-even values obtained with MPC-BC
are distinctly higher, since there were more occasions, where using the
battery lead to higher savings than the corresponding battery usage
costs. It should be noted that these break-even values for MPC-BC and
RL-BC are not really representative, since the battery CAPEX affects the
battery operation, and therefore changing the CAPEX would affect the
battery throughput and electricity bill savings.

SCM, MPC, and RL resulted in similar break-even values between
50 to 100 EUR/kWh during years 2020 and 2021, depending on the
load. These break-even CAPEXes are correspondingly over 6 to 13 times
smaller than the used CAPEX of 667 EUR/kWh. During 2022, MPC
and RL had elevated break-even CAPEXes due to larger electricity bill
savings. Especially, MPC resulted in the highest break-even CAPEX
of 185 EUR/kWh (this is highest among all loads, see Section S5),
despite the heaviest battery usage (highest battery usage costs in Fig.
7). This result suggests that the value of battery is maximized by its
high utilization. When battery is in the idle-state, it is still affected by
the float aging while not producing any savings. Therefore, all times
when the battery is not producing any savings, are wasting battery life.
During the winters, the battery is practically always in the idle-mode
because of the low PV production, and this lowers the profitability of
the battery.
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RL-BC: RL with battery usage costs in the loss function.

3.4. Battery degradation and lifetime

To understand how the different HEM strategies affect the battery
degradation, we assessed the capacity time-series of the batteries for
each strategy, depicted in Fig. 9. The capacities with MPC-BC and RL-
BC decreased linearly, because the batteries stayed unused (or nearly
unused, in the case with MPC-BC) and thus they were subjected only
to similar linear float degradation. Other strategies resulted in a wavy
degradation pattern, where summers led to faster capacity losses and
winter times slower losses. This pattern occurs because cyclic aging
leads to faster degradation than float aging, on average, and during
winter times the batteries were not cycled. MPC lead to the fastest
degradation, as was already seen from the highest battery usage costs
of MPC in Fig. 7. At highest, the capacity decreased over 5% after the
three-year period. Heavier battery usage of MPC over SCM is because
MPC can charge the battery even in cases where all production could
be self-consumed, unlike SCM. RL on the other hand lead to higher
float aging compared to other strategies. As we showed in Fig. 6C,
the battery remained partly charged long periods of times, causing
higher float degradation. The annual ASOH divided to cyclic and float
aging for each strategy and load are presented in the Supplementary
Information Section S6.

Based on the degradation of the three-year period, we estimated
the projected battery lifetimes, presented in Fig. 10. Lifetime means
the operational time after which a battery has reached its EoL, ie., a
capacity fade of 20% from the original capacity of 13.5 kWh. In nearly
all scenarios, the projected lifetime is above 15 years. With MPC-BC
and RL-BC, the lifetimes are around 30 years, since the batteries stay
nearly or completely unused. MPC and RL lead to the shortest lifetimes,
because of their heaviest battery utilization.

3.5. Discussion on reaching the economic break-even point

The highest break-even CAPEX was 185 EUR/kWh, obtained with
MPC and load L1 under high and volatile prices during 2022. This
value is over 3.5 times smaller than the used CAPEX of 667 EUR/kWh,
implying that the CAPEX should be significantly lower with the given
electricity prices and degradation model for the battery to be econom-
ically viable. There are cheaper alternatives in the markets compared
with the battery used in this work, such as the 15 kWh Li-iron phos-
phate battery-pack by DianKaiShou with a price of 1491 EUR (100
EUR/kWh) [76]. However, adding costs for inverter, installation, and
management system would raise the total CAPEX most likely over
the highest break-even value of 185 EUR/kWh. Additionally, National
Renewable Energy Laboratory (NREL) has estimated battery CAPEX as
low as 2580 USD for 12.5 kWh/5 kW battery in US [77], leading to
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Fig. 10. Projected lifetimes until 20% capacity loss for each strategy. The
height of a bar represents the mean lifetime over all loads, and errorbars on
each bar represent the minimum and maximum value. The red line at 10 years
indicate the warranty by manufacturer. SCM: rule-based self-consumption
maximization, MPC: optimization-based model predictive control, MPC-BC:
MPC with battery usage costs in the loss function, RL: reinforcement learning,
and RL-BC: RL with battery usage costs in the loss function.

CAPEX of 206 USD/kWh ~ 190 EUR/kWh (with a rate of 1 USD=0.91
EUR). This implies that even cheaper alternatives are too expensive to
be economically profitable in the case of this study, even under high
electricity prices during the energy crisis.

The results in this work showed that adding a battery to existing
residential systems with PV is economically unprofitable when storing
the produced PV electricity is the sole purpose of the battery. In
addition to battery CAPEX, one major reason is the low electricity
prices of Finland. For example, Berglund et al. [45] demonstrated that
adding a battery to a swimminghall with an existing PV system in
Norway is economically viable. However, they had a fixed feed-in tariff
of 0.04 NOK/kWh (=~ 0.4 ¢/kWh in the publication year 2018 [78]),
which is over 10 times lower than the total cost of purchased energy
of 0.41 NOK/kWh (~ 4.1 ¢/kWh [78]) (928,719 NOK/2,243,653 kWh),
where the total costs included cost of purchased energy and peak power
tariffs. This large difference in the prices favors self-consumption, and
with a battery, the peak feed-in power could be lowered, thus reducing
the peak power tariffs. However, in our Finnish case, the annual mean
electricity purchase price was at its highest only around 3.7 times
greater than the mean feed-in price during 2020, when the mean
purchase price was 9.19 ¢/kWh and selling price was 2.49 ¢/kWh (see
Table 1). Together with low spot prices in general, the savings in the
electricity bill with the battery remained low. To summarize, at best,
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the saving in electricity bill were low compared to the battery usage
cost. At worst, the added battery could even lead to higher electricity
bills than a system without a battery, as was shown in Fig. 7B, under
the extreme case in 2022.

The increasing number of days with negative electricity prices can
increase the profitability of residential battery with PV in the future,
since energy storage can help to prevent economic losses from selling
excess production under these negative prices. However, based on
the low savings and a very large gap to reach profitability presented
in this work, it is likely that adding a battery remains economically
unprofitable, regardless of the negative spot prices. However, there are
other reasons outside economic profitability, why one would install a
battery to their home, such as self-sufficiency and energy resilience,
which we have omitted in this work.

We concluded that the low break-even battery CAPEXes are partly
affected by the low battery utilization during winters. These break-
even values could be increased by allowing battery charging directly
from grid, thus creating savings throughout the year and minimizing
the battery idle-time. However, based on our previous work [79], the
increased battery usage costs resulting from this type of grid connec-
tion are much greater than the electricity bill savings, and thus it is
economically unfeasible. Additionally, taking part in electricity reserve
markets with home batteries is becoming more popular, and could
allow additional profits [80].

3.6. Discussion on the battery lifetime and effect of degradation modeling

The obtained lifetimes of 15-20 years are in the typical range, con-
sidering other literature works. From example, Azuatalam et al. [19]
reported battery lifetimes mostly between 10 and 20 years for over 50
residential customers with variable sizes PV (3-10 kWp) and batteries
(6.5-14 kWh) with various energy management strategies in Australia.
Magnor et al. [68] showed battery lifetimes between 9 and 22 years by
varying the size of the battery from 1 to 10 kWh, when they applied
their degradation model (the same model we used in this work) to a
residential case with a 5 kWp PV system, 4 MWh annual consumption,
and SCM energy management in Germany. Battery lifetimes could be
extended by lowering the EoL. For example, assuming an EoL at 60%
of initial capacity instead of the used 80% would lead to doubled
battery lifetime. For stationary battery applications, such as home
batteries, lower EoL could be used, since the specific energy (kWh/kg)
requirements are less strict compared with electric vehicle batteries.

The battery degradation model has a great impact on the lifetimes.
If we had used a degradation model with halved degradation rates, or
assumed an EoL of 60%, the break-even CAPEXes would have doubled,
leading to a maximum CAPEX of 370 EUR/kWh. This CAPEX is over
the estimated cheapest battery system CAPEX in US [77]. However,
this doubling of CAPEXes would lead to break-even CAPEX around
100-200 EUR/kWh under more typical electricity prices in 2020 and
2021, making the added battery still likely unprofitable. Thus, for the
addition of the battery to become economically feasible, the costs of
the battery systems should be lowered (possibly through the usage of
second-life batteries), the lifetimes should be longer (e.g, by lowering
the EoL), and electricity price should be similar than during energy
crisis in 2022.

4. Conclusions

This work presented a comprehensive study on adding a battery
to residential households with existing PV in a Finnish residential
context. The novel contribution was the inclusion of battery usage
costs and degradation in the energy management under dynamic spot
prices over a period of three years with a drastically varying electricity
price. More precisely, we analyzed five different HEM strategies, two
of which considered battery degradation in the decision making, using
real PV production and four real residential electricity consumption
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profiles. Electricity bills were based on dynamic spot pricing under
three electricity price years, spanning from COVID-time (2020 and
2021) to energy crisis (2022) prices. Our objectives were to discover
if (1) adding a battery is economically feasible and (2) how much
different HEM strategies for battery scheduling affect the total costs.

For our first objective, we showed that adding a 13.5 kWh/9000
EUR battery to the studied systems was economically unfeasible. We
obtained the highest economic break-even battery CAPEX of 185 EUR/
kWh during year 2022 with high spot prices, but it is over 3.5 times
lower than the given CAPEX of 667 EUR/kWh. Compared with NO-
BATTERY, the highest electricity bill savings were 161 EUR/year (ob-
tained during 2022), with corresponding battery usage costs of 577
EUR/year.

Regarding our second objective, years 2020 and 2021 showed only
small differences in electricity bills between simple rule-based SCM
and more complex MPC and RL strategies. MPC and RL lowered the
electricity bill only 0.8% at highest, compared with SCM. These sav-
ings over SCM were surprisingly low, since MPC and RL were based
on minimizing the electricity bill. During 2022 under elevated spot
prices and huge diurnal variability in the price, MPC and RL showed
lower electricity bills compared with SCM, 5.7% at highest. In one
case in 2022, the added battery with SCM strategy actually increased
the electricity bill from NO-BATTERY case, which is very unexpected
result. When battery usage costs were applied to the cost function of
MPC-BC and RL-BC, batteries remained practically unused due to high
battery usage costs. Since these two independent approaches lead to
this trivial strategy, we concluded that the total costs obtained with
those strategies are near the annual minimum.

To reach economic profitability of home batteries, the break-even
CAPEX should increase significantly, when considering current electric-
ity prices. The gap between the break-even and current battery CAPEX
is large and thus single large improvements are insufficient to approach
the economic break-even. Instead, several major changes are likely
needed: for instance, using significantly lower EoL, and simultaneously
reaching high electricity prices similar to 2022, would lead to break-
even CAPEX near the CAPEXes of available battery systems in the
markets. Analysis of second life batteries and their potential to reach
lower CAPEX could be interesting future study. Increased spot prices
and greater differences between purchase and selling prices would
increase this break-even value. However, batteries can improve the
resilience of a household during power shortages and provide value
beyond the economic savings by, e.g., allowing electrification off the
grid, if they are configured appropriately. The present study enables
evaluating if these other values are worth the added costs of a battery
system.
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