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ARTICLE INFO ABSTRACT
Keywords: Battery energy storage systems are increasingly important for market-driven applications such as price arbitrage,
Battery energy storage systems yet their long-term profitability and durability depend strongly on how operations are scheduled. Conventional

Electricity price volatility
Adaptive operation optimization
Grid-connected systems

Battery degradation
Charge-discharge scheduling

static or rule-based strategies often fall short of fully capturing opportunities in volatile electricity markets. This
creates a need for adaptive approaches that respond optimally to electricity price variability while balancing
short-term profitability with long-term battery health.

This study proposes a novel condition-responsive optimization strategy to evaluate how different levels of
electricity market volatility affect optimal operational decisions, technical performance, and economic outcomes
over the entire battery lifetime. The strategy dynamically adjusts daily charge-discharge frequency, duration,
and timing in response to both market conditions and the internal state of the battery. The optimization objective
is to identify an optimal trade-off between operational revenues and degradation-related costs, incorporating an
advanced battery model that captures condition-dependent performance and degradation. To test adaptability,
the strategy is applied to two contrasting market scenarios representing low and high price variability.

Results show that under the high-volatility scenario, the strategy increases annual profit by 80 % (€43,500 vs.
€24,500 per installed MWh), raises net present value by 50 % (€415,500 vs. €279,000), and shortens payback
time by 35 % (3.7 vs. 5.6 years) compared to the low-volatility case, while still maintaining nearly a decade of
operation. These findings demonstrate that adaptive, market-aware scheduling significantly enhances profit-
ability, favoring longevity-oriented operation in stable markets and revenue-driven cycling under volatile
conditions.

The study provides practical insights into how dynamic, condition-responsive strategies perform under diverse
market conditions, offering guidance for the development of more profitable, resilient, and sustainable energy
storage systems.

Lithium-ion (Li-ion) technology, have emerged as a promising solution

1. Introduction to address these challenges. According to the International Energy
Agency’s Net Zero Scenario, global battery storage capacity is projected

The transition toward more sustainable electricity systems is critical to expand 35-fold by 2030, reaching nearly 970 GW (GW), highlighting

for meeting rising global electricity demand, achieving decarbonization their pivotal role in future power systems [10,11]. Among their various
goals, and mitigating the effects of climate change [1]. In response, applications, price arbitrage — the process of buying electricity at low
power systems are undergoing a rapid transformation driven by the prices and selling it at high prices — has garnered particular interest due
large-scale integration of variable renewable energy sources, particu- to its potential for market-driven revenue generation [12,13]. The
larly wind and solar. The recent International Renewable Energy Agency deployment of grid-scale battery storage for price arbitrage offers clear
(IRENA) report highlights the rapid global deployment of wind and solar ~ potential, yet its success depends on a combination of economic, tech-
[2], while other studies emphasize the challenges of planning reliable nical, and operational factors. These aspects are examined in the
systems based on these resources [3] and the implications of large-scale following subsections. Section 1.1 summarizes key insights from prior
variable renewable integration [4]. However, this transition has intro- studies on the economic viability of battery storage in price arbitrage.
duced a range of challenges to the power system, including the inter- Section 1.2 provides an overview of scheduling approaches employed in
mittency of renewable generation [5], supply-demand imbalances existing works, with particular emphasis on their underlying assump-
[6,71, electricity price volatility [8], and the increasing need for flexible, tions and limitations. Section 1.3 discusses how battery degradation has
fast-response resources to maintain grid stability and ensure market been incorporated into prior research, and Section 1.4 outlines the
efficiency [9]. Grid-scale battery energy storage systems, based on the broader limitations identified in prior studies. Building on these insights,

https://doi.org/10.1016/j.enconman.2025.120596
Received 8 June 2025; Received in revised form 7 September 2025; Accepted 28 September 2025

Available online 8 October 2025
0196-8904/© 2025 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


www.sciencedirect.com/science/journal/01968904
https://www.elsevier.com/locate/enconman
https://doi.org/10.1016/j.enconman.2025.120596
https://doi.org/10.1016/j.enconman.2025.120596
http://crossmark.crossref.org/dialog/?doi=10.1016/j.enconman.2025.120596&domain=pdf
http://creativecommons.org/licenses/by/4.0/

M. Shabani

Energy Conversion and Management 348 (2026) 120596

Nomenclature

Abbreviations & Symbols

ICCpar  Initial investment cost of battery system
BOL Beginning of life

DOC Depth of cycle

FEC Full Equivalent cycle

LFP Lithium iron phosphate

EOL End of life

RTP Real-time price

SoC Battery state of charge

SOH Battery state of health

opt Optimal

Chatt Battery capacity

Cfadecal, Calendric capacity fade at time t (%)
Cradecye, Cyclic capacity fade at time t (%)
Cradetot, Total capacity fade at time t (%)

Costgegpart  Battery degradation cost (€)

dch @y Charge/discharge duration (hours)

Ichacn), ¢ Battery charge (discharge) current at time ¢

Ely, Wholesale electricity price at time ¢
m Number of days over project life;

n Number of years over project life
NOC Number of cycles per day

Pohy Charge power at time ¢t

Pgchr Discharge power at time t

PV Present value

Rendeh), ¢ Battery internal resistance at time t
T Temperature (K)

time Passed time since the BOL (Sec)

t Time step

teh, starem  Start time indicator for charging the battery at day m

tdch, startm  Start time indicator for discharging the battery at day m

Vehedehy, ¢ Battery terminal voltage during charging (discharging) at
time t

X Decision variable

Qpeplace  Battery replacement indicator

the main objectives and contributions of the present study are presented
in Section 1.5.

1.1. Insights from prior studies on the economic viability of battery storage
in price arbitrage

In market-based pricing structures, particularly day-ahead and real-
time pricing (RTP) schemes, price signals fluctuate significantly on
hourly and daily timescales [14,15]. This variability creates favorable
conditions for battery energy storage systems to engage in price arbi-
trage by charging during low-price periods and discharging when prices
are high to generate revenue [16]. A wide range of studies evaluated the
economic potential of battery storage for price arbitrage across different
regions and applications. Bradbury et al. [17] evaluated the internal
rates of return (IRR) of 14 energy storage technologies for price arbi-
trage and reported negative IRR values for Li-ion batteries across seven
U.S. electricity markets, indicating unprofitability under prevailing
conditions. In the German market, Metz and Saraiva [18] analyzed
intraday prices from 2011 to 2016 and, through sensitivity analysis,
concluded that price volatility would need to increase roughly sevenfold
for arbitrage to become profitable. Campana et al. [19] applied a Monte
Carlo framework to assess Li-ion batteries for peak shaving, arbitrage,
and photovoltaic self-consumption in commercial buildings in Johan-
nesburg, Stockholm, and Rome, and found consistently negative net
present values (NPV). Komorowska et al. [20] compared hydrogen
storage and Li-ion batteries under two day-ahead scheduling scenarios,
and found that although technically feasible, Li-ion systems remained
economically unviable, with positive NPV achievable only if capital
costs were reduced by about 75 %. Shcherbakova et al. [21] applied a
Hotelling approach to South Korea’s electricity market and showed that
arbitrage revenues were insufficient to generate positive returns, while
Lin and Wu [22] evaluated battery storage in the Chinese power market
and similarly concluded that arbitrage was economically unviable under
current cost structures. Penaranda et al. [23] examined a grid-scale
battery storage in the Colombian market and reported negative NPVs,
reinforcing the limited viability of arbitrage in emerging economies.

Dufo-Lopez [24] optimized the sizing and operation of grid-
connected storage under real-time pricing conditions and demon-
strated that arbitrage revenues remained insufficient to recover capital
expenditures. Berg et al. [25] evaluated battery operation strategies in a
Norwegian football stadium and showed that arbitrage revenues alone
could not offset investment costs. Mustafa et al. [26] assessed a hospital-
based storage system combining arbitrage with ancillary services and

found negative NPVs when arbitrage was considered in isolation.

Nunez et al. [16] assessed arbitrage opportunities using 2019 data
from several European day-ahead markets with a linear mixed-integer
optimization model and reported consistently negative NPVs, with
only modest differences across countries. More recently, Komorowska
and Olczak [27] extended this analysis to 22 European markets using
data from 2021 to 2022. Despite the increased price fluctuations, their
results also showed negative NPVs under current Li-ion investment
costs.

Collectively, these studies consistently demonstrate that, despite
technical feasibility, battery storage for arbitrage has remained
economically unattractive under current market conditions and capital
cost structures across diverse geographies and applications. These
consistent findings emphasize the need for more advanced operational
strategies and cost reductions if battery storage is to become economi-
cally viable for arbitrage.

1.2. Scheduling approaches for battery price arbitrage

The way charging and discharging operations are scheduled to take
advantage of electricity price differentials is a key factor influencing the
profitability of battery storage applications. However, many previous
studies on battery storage for price arbitrage have relied on static or
rule-based scheduling strategies, which fail to fully exploit the oppor-
tunities presented by volatile electricity markets. A widely adopted
approach is to predefine fixed peak and off-peak periods for operation,
typically based on historical electricity price data. For example,
Komorowska et al. [20], Komorowska and Olczak [27], Berg et al. [25],
Mustafa et al. [26], and Dufo-Lopez [24] all assumed that charging and
discharging were scheduled at the same fixed times every day over
extended periods, with only occasional adjustments across seasons or
between weekdays and weekends [26]. While simple to implement,
assuming fixed charging and discharging times may prevent the system
from fully capturing profitable arbitrage opportunities in the volatile
day-ahead electricity market, where the optimal price differentials may
occur at times different from those initially planned.

To address this limitation, several studies explored more flexible
strategies that adapt charge and discharge timings in response to dy-
namic electricity price conditions. For instance, Shcherbakova et al. [21]
and Penaranda et al. [23] assumed operation during the historical daily
minimum and maximum prices, while Komorowska et al. [20] also
investigated this type of scenario alongside a fixed scheduling approach.
Although more responsive than purely static schedules, the effectiveness
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of these methods may be limited under volatile real-time pricing con-
ditions, where price trajectories can deviate substantially from historical
patterns.

Other studies introduced more advanced techniques in their evalu-
ations. For example, Telaretti et al. [28], and Shabani et al. [29] applied
a moving-average filtering method to smooth price signals and deter-
mine optimal charge-discharge timings with the objective of maxi-
mizing daily profit under a specific dynamic price profile, while Telaretti
et al. [30] employed an exhaustive search strategy by evaluating all
possible combinations of daily maximum and minimum prices, selecting
the pair with the widest gap to maximize daily revenue under a given
price scenario. While these approaches enhanced scheduling flexibility
and demonstrated revenue improvements compared to static strategies,
these strategies failed to recover initial investment costs under the
market conditions analyzed.

Another important limitation identified in prior studies is the
assumption of fixed charge and discharge durations, represented by
constant charge/discharge rate (C-rate). For example, Komorowska
et al. [20], Dufo-Lépez [24], and Telaretti et al. [28] all relied on con-
stant charging and discharging rates in their analyses. Such assumptions
limit the battery’s flexibility to respond to sudden price spikes and
capitalize on brief arbitrage windows [20]. Penaranda et al. [23]
demonstrated that increasing the C-rate enables faster charging and
discharging, thereby allowing the battery to respond more effectively to
rapid market fluctuations and to minimize exposure to less favorable
periods. This highlights the importance of incorporating variable cycle
durations into arbitrage strategies in order to enhance revenue capture
under volatile market conditions.

In addition, most arbitrage strategies limit the battery system to a
single cycle per day as assumed in prior studies [20,21,24-30]. How-
ever, allowing multiple cycles per day could increase the strategy’s
flexibility, enabling it to capture several significant price differentials
within a single day [31].

Overall, reliance on static operational assumptions reduces the
effectiveness of price arbitrage under dynamic pricing conditions and
ultimately constrain potential revenue.

1.3. Consideration of battery degradation in arbitrage applications

Price arbitrage through battery storage introduces another layer of
complexity—battery degradation [32,33]. Li-ion battery degradation is
a complex process that occurs under all operating conditions, whether
during storage (calendar aging) or during active use (cycling aging).
However, batteries exhibit significantly different aging characteristics
depending on the specific operating conditions and how they are used
[34]. The degradation rate is significantly influenced by factors such as
SOC, depth of cycle (DoD), C-rate, and temperature. More frequent or
aggressive cycling may therefore increase revenue in the short term but
accelerate degradation, leading to performance loss and higher
replacement costs [35-39]. Despite its importance, many studies in this
research area completely ignore degradation
[16,17,20,21,26-30,40-44], while others consider it only after the
optimization process [24,45-48]. Even when degradation is included, it
is often modeled using overly simplified assumptions that neglect the
dynamic and condition-dependent nature of battery degradation,
thereby failing to integrate its effects into operational decision-making.
Such simplifications overlook the strong interdependence between
control strategies and degradation progression. As a result, arbitrage
strategies that neglect degradation dynamics under variable operating
conditions may overestimate profitability and misrepresent long-term
economic viability.

1.4. Limitations of prior studies and research gap

In summary, the success of battery storage arbitrage in dynamic
electricity markets critically depends on multiple operational factors,
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including cycle frequency, charge/discharge timing, and cycle duration,
all of which influence both revenue generation and battery degradation.
Although a wide range of approaches have been applied to price arbi-
trage strategies, as highlighted in Section 1.2, many existing studies rely
on simplifying assumptions that limit their applicability under volatile
market conditions.

A central limitation is the widespread use of static or rule-based
scheduling strategies, which assume fixed operational parameters such
as predefined charging and discharging times, constant charge/
discharge durations, and restricting operation to a single cycle per day.
Importantly, most arbitrage strategies fail to optimize all these factors
holistically, overlooking their interconnected effects and thereby con-
straining battery utilization and limiting potential revenue.

Battery degradation introduces an additional challenge. As noted in
Section 1.3, while some works include degradation effects, many either
neglect them altogether or evaluate degradation only after scheduling
decisions are made. Even when considered, degradation is often
modeled with oversimplified assumptions that fail to capture its
nonlinear and condition-dependent nature. This limits the integration of
degradation costs into arbitrage decision-making and risks over-
estimating long-term profitability.

Overall, the literature reveals a lack of advanced adaptive scheduling
strategies that can dynamically align battery-level operational decisions
with system-level performance objectives while responding optimally to
both volatile electricity price signals and condition-dependent battery
degradation. Such strategies are essential for achieving short-term
profitability and long-term operational sustainability. Moreover, the
performance of such condition-responsive scheduling strategies under
varying levels of market volatility remains largely unexplored, leaving a
critical gap in understanding how electricity price dynamics shape
optimal operational decisions and influence the long-term technical and
economic outcomes of battery storage systems.

1.5. Main contributions and objectives of the present study

To address the research gap identified in prior studies (Section 1.4),
the main objectives and contributions of this study are summarized as
follows:

e For the first time, this study systematically analyzes how electricity
market volatility influences optimal operational decisions across
battery lifetime, as well as long-term economic outcomes under an
advanced condition-responsive scheduling strategy. Two distinct
market scenarios are considered: one characterized by high price
volatility and another by low volatility.

A novel condition-responsive optimization strategy is developed to
schedule battery usage in response to both electricity market signals
and internal battery dynamics. It jointly optimizes three cycle
characteristics—(a) frequency, (b) timing, and (c) duration. By
leveraging day-ahead electricity prices and battery state informa-
tion, the framework dynamically adjusts these parameters to maxi-
mize daily revenue while minimizing degradation-related costs. This
approach effectively links battery-level operating decisions with
system-level performance objectives, promoting both profitability
and battery longevity.

The study comprehensively evaluates the optimized daily opera-
tional scheduling decisions (a—c) across the entire battery lifetime,
alongside key techno-economic performance indicators such as
annual profit per installed MWh, battery lifetime, total revenue,
NPV, return on investment (ROI), and payback period.

Overall, this study provides a deeper understanding of how dynamic,
condition-responsive battery management strategies perform under
different market conditions, offering insights that can inform the design
of more profitable, resilient, and sustainable energy storage systems.
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2. Method

This section outlines the methods employed in this study. Section 2.1
presents the developed multi-aspect battery modeling framework. Sec-
tion 2.2 introduces the proposed adaptive operation optimization
strategy, including the optimization objectives, decision variables, and
procedures. Section 2.3 describes the operational strategy implemented
for grid-connected battery systems. Finally, Section 2.4 explains the
metrics used to assess the system’s economic viability.

2.1. Multi-aspect battery modeling framework

This work adopts a comprehensive battery modeling framework
designed to capture Li-ion battery behavior under varying operational
conditions. Key parameters assessed include terminal voltage, calendar
and cycle-induced capacity fade, state-of-health (SOH), SOC, and bat-
tery lifetime. The methodology and governing equations for these met-
rics are described in the following subsections, with detailed
formulations presented in Appendix A. This study focuses on a lithium
iron phosphate (LFP) battery, selected for its suitability in grid-scale
energy storage applications due to its affordability, inherent safety,
high energy density, long service life, and use of environmentally benign
materials [50,51]. A summary of the selected battery’s specifications is
provided in Table B1 (Appendix B).

2.1.1. Battery electrical performance and aging modeling

To simulate the current-voltage (I-V) characteristics of the battery,
this study employs an equivalent circuit-based electrical model. The
model consists of an internal resistance element (R) and an open-circuit
voltage (OCV) source, both of which vary as function of the battery’s
operational state and which are based on experimental data. This
approach strikes a balance between computational simplicity and pre-
dictive accuracy [52], making it suitable for stationary applications. The
full expressions for terminal voltage under charging and discharging
conditions are provided in Appendix A (Egs. A(1)-A(2).

To accurately predict capacity degradation and battery lifetime
under varying operational conditions, such as DOC, C-rate, SOC, cycle
frequency, and temperature, this study incorporates a detailed cyclic
and calendric degradation model developed by Naumann et al. [36,38].
The model accounts for the major aging-influencing factors under real
operational scenarios, including SOC, DOC, elapsed time since
beginning-of-life (BOL), full equivalent cycles (FEC), and charge/
discharge C-rates, and ambient temperature (fixed at 25 °C; typical for
stationary applications [35,38]). Total capacity fade is calculated by
superimposing calendar and cyclic aging effects. The corresponding
formulations are provided in Appendix A (Egs. A(3)-A(6), and
Table Al). The predictive accuracy of this model has been validated in
literature [36,38] through comprehensive studies under dynamic stress
profiles, demonstrating its ability to precisely estimate capacity loss over
extended periods and varying load conditions.

To identify stress factors contributing to battery degradation, this
study implements a half-cycle (event-based) counting approach. Tran-
sitions between charging and discharging are detected by changes in the
sign of battery power or the SOC gradient [38]. After each half-cycle,
parameters including DOC, charge/discharge C-rate, and average SOC
are captured and used as inputs to the cyclic aging model. By accurately
capturing partial cycles and stress variations, this approach enables
more precise aging estimation under realistic, time-varying conditions.

2.1.2. Battery state-of-health, state-of-charge, and lifetime

e Battery state-of-health (SOH): the SOH reflects the extent of battery
degradation by measuring the ratio of the current capacity to the
original capacity [35], as formulated in Eq. (1). SOH is a vital metric
for determining battery performance, managing operation, and
planning replacements. In this study, SOH is continuously monitored
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and predicted under real operating conditions as part of the system’s
management and optimization strategy.

Cbatt[ o Cbatt.BOL - Cfade. tot,

SOH, = x 100 x 100 (€D)]

batt, BOL Cbatt. BOL

e Battery state-of-charge (SOC): The SOC of a battery represents the
current energy level relative to its full capacity [53]. In this study,
SOC is estimated at each time step t using the Coulomb counting
method, as shown in Eq. (2). The Coulomb counting method is
widely used for SOC estimation, as it tracks the amount of charge
flowing in and out of the battery over time [53]. To account for ca-
pacity fade, SOC is calculated relative to the actual capacity at time t
(i.e., SOH; x Cpart, por), as reflected in Eq. (2). In this study, the SOC
operation window is constrained between the lower and upper ad-
missible limits of SOC, as formulated in Eq. (2) and further detailed
in Section 2.2.3.

h f Ich,tdt
“SOH, X Cpay, poL

J Tacnedt
SOH, X Cpat, BoL

SOC;;; = SOC; — S, (2)

~+ Sdch

SOCuyin < SOC; < SOCpyax, VE

To prevent simultaneous charging and discharging, a constraint is
applied such that (S¢p, + Sqcn) < 1. Here, S¢, and Sqep, are binary decision
variables indicating charging mode and discharging mode, respectively.
When the battery is in idle mode, both variables are zero. Ich r and Iych ¢
denote the charging and discharging currents at each time step t,
respectively. By convention, a negative current (I, < 0) indicates
charging mode, whereas a positive current represents discharging. SOH;
is the battery state of heath at each time t, and Cpyy por is the rated
battery capacity at the BOL.

e Battery lifetime: The total battery lifetime is not pre-assumed in this
study. Instead, it is defined as the time span from the BOL until the
point when SOH falls below a specified end-of-life (EOL) threshold,
as shown in Eq. (3). For this analysis, a threshold SOH of 75 % is used
to define the EOL, consistent with typical warranty specifications for
LFP batteries in stationary applications.

>~ (SOH<apeptace)

LEyr) = =—5760

3

2.2. Adaptive operation optimization strategy in response to market
dynamics and battery behavior

This section presents the proposed adaptive operation optimization
strategy, designed to manage battery usage in response to both elec-
tricity market fluctuations and the internal battery performance dy-
namics. Leveraging day-ahead electricity price and real-time battery
state information, the optimization framework dynamically adjusts
cycle characteristics on a daily basis to maximize revenue while mini-
mizing degradation-related costs, thereby ensuring long-term perfor-
mance and reliability. Key optimization variables include the number of
charge-discharge cycles per day, the start times for charging and dis-
charging, and the duration and power rate of each cycle. This approach
establishes a strong connection between battery-level operating de-
cisions and system-level performance objectives, supporting both prof-
itability and battery longevity. Fig. 1 provides an overview of the overall
optimization framework, illustrating how the decision-making phase
(scheduling) and the operation phase (execution) interact to achieve the
defined operational objectives.

In brief, given the day-ahead electricity market profile, the decision-
making phase determines an optimized charging and discharging plan
for the upcoming day to ensure effective battery utilization. These



M. Shabani

optimized schedules are then passed to the operation module, which
controls the battery accordingly.

The mathematical definitions of the objective functions and decision
variables are provided in Subsections 2.2.1-2.2.2, followed by a
description of the state variables and operational constraints in Sub-
sections 2.2.3-2.2.4. The complete optimization workflow is detailed in
Subsection 2.2.5.

2.2.1. Formulation of optimization objectives

As formalized in Eq. (4), the objective of the proposed optimization
framework is to maximize daily operational revenue while minimizing
battery degradation-related costs. These two objectives are optimized
concurrently to determine the system’s optimal daily profit, as defined
in Eq. (5). These objective functions are driven by a set of decision
variables introduced in the following subsection. The formulations used
to compute daily revenue and degradation cost are available in Ap-
pendix C (Egs. C1 and C2).

Maximize : Revenue,, <X1‘m,Xé‘”j),mXéZ_’)m7

)
XX

© ) — —maximizeProfit,,;m
P . 2z 2z Zz ¥4
Minimize : Costgeg pat,, (Xl m ,Xz_m,Xg‘WXE,‘m,XSVm)

=1,---,daystillEOL

G

Proﬁtopt,m (Xl.opt.m7X2, opt.m»XS, opt,m; X4. opt,maXS. opt,m) = M(Revenuem <X1.m;

2.2.2. Definition of decision variables
The decision variables used in this optimization problem are defined
in Eq. (6)- (10).

0,NOC,, = 1(daily-periodicity)

Xim = NOCp;2 = . . T
h i { 1,2NOC,, = 2(semi-daily periodicity)

0) .
X(z) _ d(z) _ dch.m’ z=0
Zm = Tehm T 4) @) Y 7 =
(dch.m’ dch.m)! z 1,2
0) .
X(Z) _ d@) _ ddch.m7 z=0
3,m = “dchm — (1) (2) R
(ddch.m7 ddch.m)ﬁ z 1,2
(0)
h,start,m z=0
X‘(f)m: Leh, startm (X;Z:>m7 RTPm) = ) ¢ star(tzr? —19
(tch.start‘m’tch.start‘m); z=4
(0)
Lich ; z=0
X(Szj)m = Ldch, startm (X3.m7RTPm) = ) ‘ ,star(—tz.r)n —19
(tdch.start.m7 tdch,start.m); z=54

(6-10)

Here, the decision variables are defined as follows:

e X; m: number of charge-discharge cycles per day

. ng)m : charging duration for each cycle
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. Xéf)m : discharging duration for each cycle
. Xf)m : start time of charging for each cycle

. Xéz‘)m : start time of discharging for each cycle

Here, the subscript m denotes the operational day, and the super-
script (z) indexes the cycle within that day:

e z = 0: full-day cycle (single cycle per 24 h),
e z = 1: first half of day (00:00-12:00),
e z = 2:: second half of day (12:00-24:00).

For z = 0, the system operates under a single-cycle configuration,
permitting at most one complete charge-discharge cycle within a 24-
hour horizon. In this scenario, five decision variables must be speci-

fied for each day m: (Xl_m,X(z(?)m7Xg?)"1,Xg?)m,Xé?),n) as detailed in Egs. (6)

-(10).

When z = 1 or z = 2, the algorithm supports semi-daily cycling,
enabling up to two complete cycles within the same 24-hour horizon. In
this case, the day is divided into two equal time blocks: the first period
(z = 1) spans from 00:00 to 12:00, and the second period (z = 2) spans
from 12:00 to 24:00.

Under this setting, a total of nine decision variables must be deter-
mined for day m: four for the first half of the day

(Xgl‘)m,Xgl_Ll,XS)m,X(sl_) >, and four for the second half

m

(ng) X2 x2 %@

o X3, mo Xa mo S_m). If the optimization determines that cycling is

not economically beneficial on a given day, the system remains in idle

X X X X, ) = Costaegpat (Xum XE s X X X00) ) ()

m>“*5,m

mode, represented by NOC,, = 0, and no operational decision variables
are applied. Additional implementation details can be found in Section
2.3.5.

2.2.3. Operational constraints and feasibility conditions

To maintain safe and efficient battery operation, the model in-
corporates a set of system-level constraints. These include limits on cycle
frequency, SOC operation window, charge/discharge power, and EOL
conditions.

The number of charge-discharge cycles per day is restricted to a
maximum of two (NOCm < 2), balancing technical and market-driven
considerations. Most wholesale electricity markets exhibit two price
peaks per day, and additional cycling can accelerate degradation and
reduce battery efficiency. This constraint ensures alignment with market
opportunities while preserving long-term battery health. To prevent
harmful overcharging and deep discharging, the SOC operation window
is constrained within the range of 10 % to 95 %.

The battery is considered to reach its EOL when its SOH declines to
75 %, corresponding to the replacement threshold ;eplace = 75 %. This
criterion is consistent with typical manufacturer warranties for LFP
batteries and ensures timely replacement before significant performance
loss.

The charge and discharge power limits are dynamically calculated
based on the battery’s available capacity and the maximum allowable C-
rates. Instead of being fixed, the charge and discharge C-rates are
implicitly adjusted through the optimization of charge and discharge
durations.

It is worth mentioning that this study assumes unrestricted interac-
tion with the grid at the battery’s rated power. In practice, distribution
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networks may impose limits on power injection or absorption due to grid
capacity, congestion, or stability considerations. Under such conditions,
the framework would still operate within the admissible range, main-
taining the same optimization logic but with reduced maximum power
throughput, which could lower revenues, particularly in high-volatility
markets where sharp, short-term price spikes provide valuable arbitrage
opportunities. Maintaining similar profitability under strict grid limits
may require larger battery sizing.

2.2.4. State variables for optimization

Eq. (11) defines the battery state variables, which are monitored and
updated on an hourly basis, then passed to the decision-making module
at the end of each day to support the next optimization step.

At the beginning of the first day (m = 1), the battery is assumed to be
unused, and the initial SOC is set to its maximum level. For all subse-
quent days (m # 1), the initial values of SOC, SOH, and remaining ca-
pacity are carried over from the final recorded state of the previous day
(i.e., the last hourly update of day m — 1).

U2

n = Chatinitialm =
ChagoL ;m =1
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2.2.5. Optimization algorithm

In response to the day-ahead electricity price profile, the proposed
optimization algorithm determines the most profitable battery operation
plan for each day by systematically exploring all feasible combinations
of decision variables within the defined search space. The full algorithm
is outlined below:

The process begins by initializing the battery’s state variables—SOC,
capacity, and SOH—as defined in Equation (16). At the start of each day
m, the decision-making module receives the 24-hour ahead electricity
price data, which serves as the basis for optimization. The algorithm
examines both single-cycle (z = 0) and dual-cycle (z = 1, 2) configura-
tions by setting the number of daily charge-discharge cycles to either
one or two. If the algorithm determines that cycling is not economically
viable, the battery remains in idle mode (NOCm = 0). For each potential
cycle configuration, charging and discharging durations are initialized
within practical operational limits: 1-10 h for full-day cycles and 1-6 h
for semi-daily cycles. Given every combination of charge/discharge
duration, the algorithm identifies the optimal start times that maximize
daily price differentials. Then, for each unique combination of
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Fig. 1. Overview of the proposed adaptive, market-driven operation optimization strategy.
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aforementioned decision variables, the objective functions—which
maximize revenue while minimizing degradation cost—is evaluated
following the operational strategy described in Section 2.4. Results from
all configurations are stored in a central database. After evaluating all
feasible options, the configuration that yields the maximum daily profit
is selected as the optimal schedule for day m. After iterating through all
feasible decision variable combinations, the configuration that yields
the highest profit is selected as the optimal schedule for day m. The
selected schedule, consisting of the variables X optm, X2, opt;m: X3, optm;
X4, opt,m> X5, opt;m» i passed to the battery operation module. This module
implements the schedule, updates the battery state variables accord-
ingly, and feeds the updated state back into the optimization loop to
initialize day m + 1. This daily optimization loop continues until the
battery’s SOH reaches its defined end-of-life threshold, allowing the
strategy to adapt to a wide range of market conditions and evolving
battery behavior. At the end of the simulation, the model outputs a set of
optimized operational strategies, along with the corresponding techno-
economic performance metrics and the battery degradation trajectory
over the battery lifetime, which will be detailed in Section 2.4.

2.3. Operational strategy of grid-connected battery system

The operational strategy developed in this study is designed to
simulate the hourly performance of a grid-connected battery system
over its life period. Its core objective is to take advantage of fluctuations
in electricity market prices to maximize revenue. The strategy enables
continuous monitoring and adaptive control of battery behavior
throughout its lifetime charging and discharging actions are carried out
according to optimized schedules generated by the adaptive operation
optimization strategy (see Section 2.3). At the beginning of each day, the
strategy receives the following input:

e The 24-hour day-ahead market clearing price profile. The focus of
this study is on day-ahead prices, which are fully published in
advance by the market operator (see Section 3) for the following day.
Since these prices are officially cleared and represent the actual in-
formation available to market participants prior to operation, they
provide a reliable and accurate input for forward-looking scheduling
decisions. The distinction between day-ahead and real-time markets
has been widely discussed in recent studies [54,55], which highlight
the strong correlation between them.

e Initial values of battery SOC, SOH, and capacity

Operational constraints (e.g., maximum allowable charging/dis-

charging power, SOC limits, and SOH threshold)

e The optimized operation schedule for that day, including cycle fre-
quency, start times, and charge/discharge durations, which were
optimized in response to market signals and the internal battery
dynamics.

Based on these inputs, the system charges the battery during the

optimized charging window (tonswartm < tm < tehstarem + den), at the

. . h
maximum allowed charging rate (P}
Discharging occurs within the optimized discharge window

(tachstarem < tm < tichstartm +dacn) also at the maximum permissible rate

) using low-cost grid electricity.

(Pt ). During all other hours, the battery remains in an idle state. At

Table 1
Optimal technical and economic results derived from system optimization fora 1
MWh battery system under Scenarios 1, and 2.

Scenario 1 Scenario 2
PPEI (€/MWh/year) 24,500 43,500
NPV (£) 279,000 415,500
ROI (%) 79.7 118.7
Lifetime (year) 11.3 9.6
PBP (year) 5.6 3.7
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Table 2
Financial performance metrics and their formulations.
Metric Equation
Net present value (NPV) xR (yr)REVenuegpen (12)
NPV =) ™ A
NPV
Return on Investment (ROI) ROI (\%)) = % 100 as)
ICCpar
Payback period (PBP) PBP (yr) = a4
m(ZmRevenueopt.m - Iccbatl) > 0)
365
Annual Average Profit Per Unit of . NPV (15)
PPEI (€/kWh/yr) = ————
Energy Installed (PPEI) (€/kWh/yr) Chatt, Bor, X LF

each time intervals, the following steps are carried out:

e Update SOC based on current input/output flow (Eq. 8)

e Estimate degradation by applying calendric and cyclic aging models
(Section 2.2)

e Update SOH according to the battery’s remaining capacity (Eq. (4)

This loop is repeated continuously throughout the day. At day’s end,
the updated battery state variables — SOC, SOH, and capacity — are
passed to the decision-making module to inform the scheduling of op-
erations for the following day. The process continues daily until the
battery reaches its EOL threshold (e.g., SOH < 75 %), enabling long-
term, behavior-aware operation under dynamic market conditions.

2.4. Economic viability assessment metrics

To evaluate and compare the economic viability of the battery sys-
tem under different market and operational scenarios, four key financial
metrics are employed. Table 2 summarizes each metric, and the corre-
sponding mathematical formulation.

NPV represents the cumulative profit generated by the project over
its lifetime. As indicated in Eq. (12), it is calculated as the sum of the
annual revenue contributions for each year n, discounted to their pre-
sent value using a discount rate, minus the initial capital cost of the
battery.

ROI is a key metric for assessing the potential profitability of capital
projects. As shown in Eq. (13), it is calculated as the ratio of NPV to the
initial investment cost of the battery.

PBP is a financial indicator that estimates how long it will take for an
investment to generate positive cash flow and recover the initial in-
vestment cost, as formulated in Eq. (14).

Annual Average PPEI quantifies the profitability of a battery storage
system relative to its installed energy capacity. This metric is particu-
larly useful for comparing different projects or configurations. As
defined in Eq. (15), it is computed by dividing the present value of total
profit by the product of two factors: the battery’s rated energy capacity
and its operational lifetime.

3. Case study overview: Market variability scenarios

This study optimizes battery cycle characteristics over an extended
period under two distinct electricity market scenarios to evaluate how
varying market dynamics impact optimal operational strategies, tech-
nical performance and economic outcomes. Scenario 1 represents a
market with relatively lower price variability, whereas Scenario 2 re-
flects a high-volatility electricity market. The scenarios were selected
based on distinct statistical characteristics, ensuring broad applicability
to various electricity markets. The electricity market data were sourced
from the European Network of Transmission System Operators for
Electricity (ENTSO-E) Transparency Platform [56], covering hourly day-
ahead Elspot prices for the year 2022. Scenario 1 corresponds to the
Swedish SE3 bidding zone, while Scenario 2 corresponds to the Roma-
nian bidding zone. These two zones were selected to represent
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Fig. 2. (a) Hourly price profiles and (b) price distribution histograms for Scenario 1 (low variability, Sweden SE3) and Scenario 2 (high variability, Romania), based

on day-ahead Elspot prices [56].

contrasting market conditions within Europe, thus providing a suitable
basis for evaluating the adaptability of the proposed optimization
strategy under both low- and high-volatility conditions. Further details
and statistical characteristics of each scenario are presented in Sub-
sections 3.1 and 3.2. It is worth noting that the optimization strategy
developed in this study remains applicable to any electricity pricing
environment, independent of specific market conditions.

Fig. 2 illustrates the hourly price profiles over a full year for both
scenarios, along with histograms of price distributions, highlighting the
extent of price fluctuations.

3.1. Scenario 1: Low electricity price variability

Scenario 1 corresponds to the Swedish SE3 bidding zone, which is
part of the Nordic electricity market. Prices in this zone are relatively
stable, reflecting strong regional market integration, a well-balanced
energy mix, and a more predictable supply-demand structure. The key
electricity price characteristics analyzed in this study for Scenario 1 are
as follows: the mean electricity price is 129.2 €/MWh, with a standard
deviation of 127.9 €/MWh. The average daily price differential — a
measure of typical daily price fluctuations —is 184.7 €/MWh. The hourly
profile in Fig. 2a confirms that Scenario 1 experiences moderate fluc-
tuations around the mean, with a few extreme price spikes throughout
the year. The histogram in Fig. 2b (blue color) further supports this
stability, showing that most prices are clustered in the lower to mid-
price range, with only limited instances of high prices. This dataset
was selected as a representative example of a low-volatility market,
where prices remain relatively stable with moderate fluctuations.

3.2. Scenario 2: High electricity price variability

Scenario 2 corresponds to the Romanian bidding zone, which rep-
resents a highly volatile electricity market within Europe where prices
experience frequent and unpredictable variations throughout the year

due to dynamic supply—demand conditions. The key electricity price
characteristics for Scenario 2 are as follows: the mean electricity price is
265.3 €/MWh, with a standard deviation of 142.9 €/MWh. The average
daily price differential in this scenario is 233.5 €¢/MWh. The higher
standard deviation in Scenario 2 reflects increased market volatility, but
more importantly, the daily price differential is significantly larger than
in Scenario 1, indicating wider price swings within each day. This sug-
gests that electricity prices fluctuate not only over longer periods but
also within short time frames, creating an unpredictable market envi-
ronment. As depicted in Fig. 2a, the hourly profile shows frequent and
pronounced price peaks, which reflects substantial price fluctuations
over time. Additionally, the histogram in Fig. 2b (orange color) high-
lights this increased variability, displaying a broader and more dispersed
distribution of prices, with frequent occurrences of high prices.

4. Result and discussion

This section presents the results of the technical, economic, and
operational analysis of the optimized battery storage system under two
distinct market scenarios: Scenario 1 (low-price variability) and Sce-
nario 2 (high-price variability). These results are obtained using pro-
posed operational optimization strategy, which dynamically adjusts
cycle characteristics in response to market fluctuations. By analyzing
these results, the impact of market price fluctuations on profitability,
battery lifespan, overall battery performance, and operational optimi-
zation decisions is evaluated. First, the technical and economic perfor-
mance results are presented (Section 4.1). Next, the influence of each
scenario on the battery’s SOH over its lifetime is assessed (Section 4.2).
Then, the battery SOC dynamics under Scenarios 1 and 2 are examined
(Section 4.3). Finally, Section 4.4 provides an in-depth analysis of how
the optimization strategy dynamically adjusts key operational parame-
ters to balance revenue generation with battery longevity in response to
varying market conditions.
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price variability).
4.1. Technical and economic performance results under scenarios 1 and 2

Fig. 3 illustrates a comparative analysis of the financial and technical
performance of a 1 MWh grid-connected battery storage system under
two market scenarios_Scenario 1 (low-price variability), and Scenario 2
(high-price variability). Table 1 provides the corresponding numerical
values for further clarity.

Under Scenario 2 (high-price variability), each 1 MWh installed
system generates an average of €43,500 per year, nearly double the
€24,500 per year in Scenario 1 (lower-price variability). While PPEI
provides insight into short-term profitability, a more comprehensive
evaluation of financial viability over the battery’s lifetime requires
considering additional metrics such as NPV, ROI, and PBP. In Scenario 2,
the system achieves an NPV approximately 50 % higher than that in
Scenario 1, and an ROI of 118.7 %, versus 79.7 % in Scenario 1. This
financial advantage in Scenario 2 stems from frequent price fluctuations,

which provide favorable conditions for the operational optimization
strategy to capitalize on greater price differentials by charging at low
prices and discharging during peaks. In contrast, Scenario 1's stable
pricing environment offers fewer such opportunities, yielding relatively
lower returns. Another complementary indicator of financial viability is
the payback period, which reflects how quickly the initial investment is
recovered. In Scenario 2, the payback period is 3.7 years, about 35 %
shorter than the 5.6 years in Scenario 1. This faster payback period is
due to higher revenue potential from frequent price peaks, making
Scenario 2 more attractive from an investment perspective.

The battery in Scenario 1 operates for 11.3 years, whereas in Sce-
nario 2, it lasts for 9.6 years. This difference is due to the adaptable
optimization strategy, which adjusts cycle characteristics in response to
market conditions and battery state conditions. In Scenario 1, with its
stable price environment, the strategy prioritizes battery health, fully
leveraging all profitable opportunities while avoiding unnecessary
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Fig. 4. Time variation of battery SOH over its lifetime under Scenarios 1, and 2.
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cycling. In contrast, Scenario 2's high variability prompts the strategy to
intensify cycling to capture frequent price peaks, boosting revenue po-
tential but moderately accelerating degradation. In the following sec-
tion, it is shown how this adaptability ensures that the strategy
dynamically shifts priorities based on market conditions and battery
health conditions, optimizing either for extended lifespan or immediate
profit depending on the operational environment. The next section ex-
plores how these differences affect SOH behavior.

4.2. Battery state-of-health over its lifetime under scenarios 1 and 2

Fig. 4 illustrates the time variation of battery SOH under both market
scenarios. The battery is considered to reach the EOL threshold at 75 %,
beyond which its operational efficiency declines significantly. In Sce-
nario 1 (low-price variability), the battery’s SOH declines at a slower
rate, reaching the EOL threshold after approximately 11.3 years. This
extended lifespan is attributed to the conservative approach of the
optimization strategy under stable market conditions. Under lower price
variability scenario, the strategy minimizes cycling frequency and in-
tensity, reducing the stress on the battery, slowing degradation, and
extending the battery’s useful life. Conversely, in Scenario 2 (high-price
variability), the battery reaches the EOL threshold faster, at around 9.3
years. This shorter lifespan results from the optimization strategy’s
adaptation to frequent price fluctuations in a high-variability market.
Here, the strategy intensifies cycling activity to capture rapid, high-
value price differentials. Although this accelerates degradation due to
more frequent and intense cycles, the increased profitability obtained
from cycling outweighs the impact of faster SOH decline. The next
section (4.3) provides a detailed analysis of how the optimization
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strategy dynamically adjusts operational parameters to balance revenue
generation and battery longevity.

4.3. Battery state-of-charge dynamics under scenarios 1 and 2

In addition to the SOH evolution, the SOC behavior over the simu-
lation horizon is also examined. To maintain clarity of presentation and
avoid excessive complexity, the hourly SOC obtained from simulation
and optimization is shown for five representative days rather than for
the entire lifetime. Fig. 5 presents the corresponding SOC profiles for
Scenarios 1 and 2. As observed, SOC consistently remains within the
admissible operating window (10 %-95 %), confirming that the opti-
mization framework effectively enforces the imposed operational con-
straints over extended horizons. Furthermore, differences between the
two scenarios are clearly reflected in the SOC utilization patterns: under
the low-volatility scenario, the SOC trajectory exhibits fewer but longer
cycles, whereas under the high-volatility scenario, the SOC profile is
characterized by more frequent fluctuations, reflecting multiple shorter
daily cycles.

4.4. Optimized operational strategies under scenarios 1 and 2

In this section, the adaptive behavior of the optimization strategy is
analyzed in response to the distinct market scenarios—Scenario 1 (low-
price variability) and Scenario 2 (high-price variability)—focusing on
how these conditions affect decisions related to optimal cycle charac-
teristics, including (a) frequency, (b) duration, and (c) start times of
charge and discharge cycles. This evaluation reveals how the optimi-
zation approach tailors operational parameters to maximize revenue
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Fig. 5. SOC behavior over five days for (a) Scenario 1 (low volatility) and (b) Scenario 2 (high volatility), illustrating compliance with the admissible SOC range
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Fig. 6. Comparison of the distribution of the number of cycles per day obtained from the optimization strategy under two market scenarios: (a) Scenario 1 (low price

variability), and (b) Scenario 2 (high price variability).

potential while balancing battery degradation across different price
variability levels.

4.4.1. Optimal number of cycles per day under scenarios 1 and 2

The cycle frequency distribution shown in Fig. 6 highlights the
optimization strategy’s responsiveness to different market conditions. In
Scenario 1, the battery completes approximately 6,143 cycles over an
11.3-year lifespan, with around 60 % of operational days limited to a
single cycle. This conservative approach reduces unnecessary cycling,
managing battery degradation and extending lifespan within a stable
market. Conversely, in Scenario 2, the battery completes approximately
6,174 cycles over a shorter 9.3-year lifetime, performing two cycles per
day on about 80 % of operational days—nearly twice the frequency seen
in Scenario 1. This increase is driven by the highly volatile nature of the
market, where multiple significant price differentials occur within a
single day, providing opportunities for the battery to exploit through
more frequent high-value charge-discharge events. The higher cycling
frequency in Scenario 2 demonstrates the strategy’s adaptability to
greater price fluctuations. It should be noted that the second daily cycle
in Scenario 2 is not scheduled unconditionally, but only when the
marginal revenue outweighs the associated marginal degradation cost.
This trade-off is embedded in the optimization objective, which jointly
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considers revenue and degradation cost. The economic implications of
this operational pattern are reflected in the financial analysis presented
in Sections 4.1 and 4.2, where Scenario 2 demonstrates substantially
higher annual revenue, NPV, and ROI, and a shorter payback period,
despite a moderately reduced lifetime. These results confirm that the
additional cycling observed in Scenario 2 remains economically
justified.

4.4.2. Charge and discharge duration under scenarios 1 and 2

The charge and discharge durations represent two critical decision
variables in the proposed optimization strategy, adapting to market
dynamics and exhibiting distinct patterns under the two scenarios, as
illustrated in Figs. 7 and 8. The distribution of optimal charge durations
between Scenario 1 and Scenario 2 (Fig. 7) highlights the clear differ-
ences. Under Scenario 1 (low-price variability), around 60 % of the
charge durations fall within the 4-10 h range, with the remaining du-
rations spread across shorter intervals (1-3 h), reflecting a preference for
longer charge durations (i.e., slower C-rates). Conversely, in Scenario 2
(high-price variability), around 80 % of charge durations are concen-
trated within the shorter 1-3 h range, with about 40 % specifically
clustered at 2 h, indicating a significantly faster charging approach. The
frequency of these shorter durations in Scenario 2 is nearly double that
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Fig. 7. Comparison of histograms of optimized charge durations over battery lifetime obtained from the optimization strategy under two market scenarios: (a)

Scenario 1 (low price variability), and (b) Scenario 2 (high price variability).

11



M. Shabani Energy Conversion and Management 348 (2026) 120596

50 T T T " T

45 r io 1
Scenario Scenario 2

Frequency (%)
Frequency (%)

0 2 4 6 8 10 0 2 4 6 8 10
Discharge duration (hr) Discharge duration (hr)

(a) (b)
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of Scenario 1.

Similarly, the distribution of optimal discharge durations shows
distinct differences under the two scenarios (Fig. 8). In Scenario 1,
approximately 60 % of discharge durations fall within the 1-2 h range,
while the remaining 40 % are distributed across longer durations. By
contrast, in Scenario 2, approximately 90 % of discharge durations are
concentrated within the shorter 1-2 h range, with a notable peak of
about 45 % at just 1 h.

The broader and longer-duration approach observed in Scenario 1
reflects a conservative strategy aimed at prioritizing battery longevity.
Given the stable price environment in Scenario 1, there are fewer high-
value opportunities requiring rapid cycling, enabling the optimization
strategy to reduce cycle intensity and limit degradation. In contrast,
Scenario 2 exhibits shorter and more compressed charge and discharge
durations, representing an aggressive, profit-driven approach. Frequent
price fluctuations under high-price variability offer numerous revenue
opportunities, thus, shorter charge and discharge durations (higher
rates) enable the battery to rapidly respond to price spikes, increasing
immediate profitability. Although this higher cycling intensity could
accelerate degradation, the optimization strategy dynamically balances
this trade-off by selecting operational parameters only when the finan-
cial gains exceed the associated degradation costs.

4.4.3. Charge and discharge start times under scenarios 1 and 2

As illustrated in Figs. 9 and 10, charge and discharge start times
adapt distinctly to market dynamics under each scenario. As shown in
Fig. 9(a), under Scenario 1 (low-price variability), approximately 65 %
of charging events occur in the early morning (1-7 AM), with 56 %
specifically between 1 and 4 AM. Additionally, another off-peak window
for charging arises in the early afternoon (12-4 PM), with around 22 %
of charging events starting between 2 and 3 PM. This pattern allows the
battery to effectively exploit midday off-peak prices. In contrast, under
Scenario 2 (high-price variability), about 50 % of charging events occur
in the early morning (1-6 AM), with a higher concentration (45 %)
between 2 and 5 AM. The remaining 50 % of charge start times are
spread between 10 AM and 5 PM, peaking around 1-3 PM (46 %),
indicating increased utilization of secondary off-peak opportunities to
capitalize on multiple daily periods of lower prices.

Similarly, discharge start times reflect the market conditions of each
scenario, as depicted in Fig. 10. In Scenario 1, approximately 60 % of
discharge events are concentrated between 7 and 12 AM, with the ma-
jority (40 %) occurring around 8-9 AM, aligning with morning price
peaks. Additionally, another discharge events (about 35 %) occurs be-
tween 4 and 10 PM, peaking around 6-8 PM. In Scenario 2, around 45 %
of discharges are initiated between 7 AM and 12 PM, while the
remaining discharges are distributed between 3 PM and 10 PM, with a
peak concentration (around 50 %) between 6 and 9 PM. This increased
utilization of a second discharge peak provides additional opportunities

Appendix A
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for the battery to maximize revenue by strategically responding to more
frequent and pronounced price peaks in the highly volatile market
environment.

5. Conclusion

This study demonstrates that the proposed condition-responsive
optimization strategy effectively adjusts battery charge-discharge
behavior in response to electricity market dynamics, striking a balance
between revenue generation and battery longevity. The framework
exhibited strong adaptability across the studied market conditions: in
low-price variability scenarios, it adopted a conservative approach-
—favoring battery health by limiting cycling frequency and extending
charge—discharge durations. Conversely, in high-price variability envi-
ronments, the strategy shifted to a more aggressive, profit-driven mode,
enabling the battery to capitalize on multiple daily price spikes through
shorter, more frequent cycles.

The study confirms that adaptive strategies can substantially
enhance the financial performance of battery storage compared to
conventional static or rule-based scheduling approaches. Although high
market volatility accelerates degradation, the proposed strategy ensures
that additional cycling is economically justified, yielding higher returns
while maintaining nearly a decade of operational life.

Overall, the findings highlight the importance of embedding market-
aware, adaptive scheduling into energy storage operation frameworks.
The study provides practical insights for system operators, investors, and
policymakers on tailoring storage strategies to different price environ-
ments, thereby supporting the development of more profitable, resilient,
and sustainable energy systems.
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The terminal voltage during charging and discharging is calculated based on the operating conditions using the relationships defined in Egs. (A1)
and (A2). The state-dependent OCV and R curves are characterized using experimental data and implemented as lookup tables within the simulation
framework. For additional technical specifications, modeling and validation details, refer to [52].

Vent(SOC, T, I) = OCVen(SOC, T, I) +Iens X Ren(SOCe, T, I)

Vdch,t(SOCu T7 It) = OCVdch (SOCI- T7 It) JFIdc}Lt X Rdch (SOC“ T7 It)

(A1)

(A2)

At each time step, total capacity-fade is computed using Eq. (A5), which combines contributions from both calendar aging (Eq. (A3)) and cyclic aging
(Eq. (A4)). The parameter values used in the model (a1, az, as, a4, as, a¢) are listed in Table Al and the FEC formulation is given in Eq.(A6). Detailed
derivations outlining the application of both degradation models (cyclic and calendric) under variable operational conditions can be found in previous

work [33].
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Ctade. cal,(SOC, time) = (al (SOC - 0.5) + at, ) x time®® (A3)
Ctade, ey (Craer DOC, FEC) = (@.Crae + ) x (a5(DOC — 0.6)° + a ) x (FEC)"® (A4)
Cfade. toty (SOC7 tj]n& Crate; DOC, FEC) = (Cfade. cal; (SOC7 ﬂme) + Cfade, cyce (Crate7 DOC7 FEC)) X Cbatt. BOL (AS)

Table A1

Battery aging parameters [38,40].

I3 a as [ as as
Value 2.8575 0.60225 0.0630 0.0971 4.0253 1.0923

As shown in Eq. (A6), the FEC quantifies the total number of complete charge-discharge cycles that a battery has experienced over time. It is
determined by dividing the cumulative charge throughput by twice the battery’s rated capacity at the BOL.

G G + G
FEC = batt, cum — batt, cum, ch batt, cum, dch ( A6)
2 X Cpart, BoL 2 X Cpart, BoL
Appendix B
Table A2
Characteristics of the studied LFP battery.

Indicator Value
Battery type LFP/C
Battery capacity (MWh) 1 MWh
Battery usable capacity 0.85 MWh
Battery maintenance cost (% of investment/year) 0.5 %
Battery energy specific price (€/kWh) 350
Minimum SOC (%) 10 %
Maximum SOC (%) 95 %
Battery lifetime (LF) Lifetime Model

Appendix C

Derivation of objective function:
24
Revenue,, = Z ((Pache X Elwe) — (Pene % Elyt) ), (C2)
t=1
Cfade, tot,,
COStdeg,battm =— "= X ICCpart (CS)
1- QReplace

Although Eq. (C3) expresses degradation cost in terms of total capacity fade and unit battery price, the underlying degradation model is nonlinear, as it
accounts for dynamic operating conditions such as SOC, DOC, C-rate, and SOH (see Egs. (A3)-(A5)). Thus, degradation costs are not assumed to
increase linearly with time or usage, but are instead dynamically linked to operational stress factors. Eq. (C3) therefore serves as a monetary mapping,
converting the operation-dependent nonlinear degradation into cost by applying the unit battery price. It should be noted, however, that the potential
residual or second-life value of batteries at EOL is not included in the present formulation, as the focus of this study is on the first life of the battery. A
threshold SOH of 75 % is used to define the EOL, consistent with typical warranty specifications for LFP batteries in stationary applications.

Data availability [3
The authors do not have permission to share data. 4
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