
19 June 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

Techno-economic optimization of utility-scale battery storage integration with a wind farm for wholesale energy arbitrage
considering wind curtailment and battery degradation / Grimaldi, A., Minuto, F.D., Perol, A., Casagrande, S., Lanzini, A..
- In: JOURNAL OF ENERGY STORAGE. - ISSN 2352-152X. - ELETTRONICO. - 112:(2025).
[10.1016/j.est.2025.115500]

Original

Techno-economic optimization of utility-scale battery storage integration with a wind farm for wholesale
energy arbitrage considering wind curtailment and battery degradation

Publisher:

Published
DOI:10.1016/j.est.2025.115500

Terms of use:

Publisher copyright

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/2996965 since: 2025-01-27T19:11:19Z

Elsevier



Research papers

Techno-economic optimization of utility-scale battery storage integration 
with a wind farm for wholesale energy arbitrage considering wind 
curtailment and battery degradation

Alberto Grimaldi a,b,*, Francesco Demetrio Minuto a,b, Alessandro Perol c, Silvia Casagrande c,  
Andrea Lanzini a,b

a Department of Energy, Politecnico di Torino, Corso Duca degli Abruzzi 24, 10129 Torino, Italy
b Energy Center Lab, Politecnico di Torino, Via Paolo Borsellino 38/16, 10138 Torino, Italy
c Edison S.p.A., Via Paolo Borsellino 38/16, 10138 Torino, Italy

A R T I C L E  I N F O

Keywords:
Battery energy storage system
Wind-battery storage coupled system
Wholesale energy arbitrage service
MILP optimization
Wind curtailment
Battery degradation

A B S T R A C T

Integrating energy storage into renewable generation systems offers significant potential for enhancing revenue 
streams. This study conducts a comprehensive long-term techno-economic analysis of integrating a battery en
ergy storage system (BESS) with an existent wind farm for wholesale energy arbitrage and wind curtailment 
mitigation. The study identifies the optimal battery size and the corresponding optimal scheduling operations 
using a computationally efficient optimization framework formulated as a mixed-integer linear programming 
(MILP) problem. The MILP model maximizes net profit by considering real-world operational data, including 
wholesale electricity prices, wind generation, and transmission system operator dispatching orders from the 
Italian electricity market. Additionally, a cycle-counting battery degradation model is incorporated to account 
for the effects of battery ageing on the system performance. The study compares the financial performance of the 
wind-battery system with a scenario without storage, evaluating key energy, economic, and design indicators 
derived from the optimization results. Sensitivity analyses are performed, considering the most relevant key 
performance indicators, such as battery cost, battery efficiency, and wind curtailed energy. Results indicate that 
the highest net present value (NPV) of 152 k€ is achieved with a 1-h BESS of 4 MW / 4 MWh, while a 2-h BESS 
configuration with a size of 2 MW/4 MWh yields an NPV of 142 k€. The sensitivity analysis on battery capital 
expenditure cost reveals that for the integration of the battery into an existing wind farm to be financially viable, 
the battery cost must decrease below 325 €/kWh to achieve an interest rate of return (IRR) hurdle rate of 8–9 %. 
This work demonstrates the profitability potential of coupling BESS with wind farms and provides actionable 
insights for optimizing storage configurations in competitive electricity markets. Future work will expand the 
analysis to include ancillary services and uncertainty modeling further to enhance the economic and operational 
value of BESS integration.
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1. Introduction

In the modern electricity grids, characterized by a progressively 
increased share of intermittent renewable energy sources (RES), utility- 
scale battery energy storage systems (BESS) are considered a pivotal 
element to facilitate the massive RES integration due to their ability to 
smooth out the unpredictable RES power fluctuations. BESS has been 
found to be the most versatile energy storage technology due to its 
capability to provide multiple services to the electricity grid, ranging 
from energy-based services (e.g., energy arbitrage, load shifting), which 
helps to balance electricity supply and demand, to power-based services 
(e.g., ancillary services) which contribute to maintaining grid stability 
and security of supply.

As reported by the IEA World Energy Outlook Special Report on 
Batteries and Secure Energy Transitions [1], battery storage deployment 
in electricity markets has increased exponentially worldwide in recent 
years, from 1 GW in 2013 to over 85 GW in 2023. RES integration via 
energy shifting and the provision of peaking capacity are the primary 
applications of utility-scale batteries installed in recent years, especially 
in electricity systems with high shares of variable renewables with near- 
zero marginal costs [2,3]. When a BESS integrated with a renewable 
power plant participates in competitive electricity markets, it can 
capitalize on its energy shifting potential by participating in energy 
arbitrage, taking advantage of price spreads on wholesale electricity 
markets by charging during low-price periods and discharging during 
high-price periods. BESS can also support renewable energy curtailment 
by storing the excess energy during curtailment periods [4]. The BESS 
can not only profit through wholesale energy arbitrage but also make 
additional income by providing ancillary services to the power grid [5].

Among the different RES technologies, wind power has the largest 
share of generation and can participate in wholesale, e.g., day-ahead 
market (DAM) and real-time market (RTM) [6]. Integrating BESS in 
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wind farms may fulfill their production commitment in the DAM and 
buy/sell energy from/in RTM. [6]. The BESS is the most used energy 
storage technology to mitigate wind power fluctuation due to its easy 
implementation and small required installation area [7]. However, 
introducing BESS in wind farms will result in a considerable increase in 
capital costs. For this reason, an energy management system (EMS) 
control strategy is crucial to optimize the BESS’s use and eventually 
reduce the capacity and investment of BESS [7].

1.1. Literature review

In the field of scientific research assessing the techno-economic 
performance of utility-scale renewable power plants combined with 
BESS, there are two primary methods for simulating resource dispatch 
and evaluating the value of energy generation assets: price-taker and 
price-maker modeling. Price-taker simulations focus on optimizing 
resource dispatch based on historical or predicted electricity prices, 
aiming to maximize the net revenue for the energy facility owner 
[8–13]. The key assumption in price-taker simulations is that the storage 
device is sufficiently small to have a marginal impact on electricity 
prices. On the other hand, price-maker models, also named production 
cost models, optimize the commitment and dispatch strategies across a 
fleet of energy generators to minimize the overall system costs of 
meeting electricity demand [14–19]. Since BESS capacities are usually 
small compared to conventional generation units participating in energy 
markets, numerous prior investigations have undertaken the formula
tion of price-taker models. Thus, the BESS impact on energy prices could 
be neglected [20]. In this work, the price-taker approach is 
implemented.

The three main approaches used in literature to model BESS opera
tions in techno-economic analyses are the power-energy, voltage-cur
rent, and concentration-current models. As reported in [21], most works 
that estimate the economic benefit of the energy arbitrage provided by 
BESS employ a power-energy model: it is the simplest model of the 
battery, which is seen as an energy reservoir in which the energy is 
pumped to store and from which the energy is drawn to consume. 
Accordingly, as reported by the recent review of Yang et al. [22], the 
power-energy model is also called the generic model, and it is the most 
used model for BESS energy management: it monitors the change in the 
state of charge (SOC) of the BESS due to power flowing in or out of the 
battery. Therefore, the changes in battery state by intervals can be 
described as a time series with discrete values of SOC.

The battery degradation effects due to ageing, in particular 
decreasing capacity, increasing resistance, and safety implications, can 
significantly impact the economics of a BESS in power system applica
tions [23]. Battery ageing consists of calendar and cycle ageing. The 
former reflects the battery’s inherent degradation over time, mainly due 
to the battery operating temperature and the SOC level [24]. The latter 
occurs each time the battery is charged and discharged, and it is strongly 
influenced by the depth of discharge (DOD), the average SOC of each 
cycle, and the average cell temperature [22]. One of the key factors of 
battery degradation in system modeling is the battery storage capacity 
loss, known as capacity fade [25]. In the battery manufacturing in
dustry, it is widely acknowledged that the end-of-life (EOL) criterion of a 
battery (e.g., lithium-ion or lead-acid batteries) is reached when its us
able capacity falls below 80 % [26] or 70 % of its initial value, as sug
gested by Marques et al. [27]. Therefore, degradation cannot be 
neglected in energy management processes, especially for long-term 
analysis. Several studies combined a power-energy model with an 
empirical degradation model to estimate the BESS profitability for en
ergy arbitrage [28–31]. Other works incorporate the degradation effect 
enforcing operational limits [9,30], or using energy throughput models 
[32]. Another widely used approach is the rainflow counting algorithm, 
used to count the battery cycles over the time horizon. As proposed in 
[33,34], through this counting method, the SOC profiles can be con
verted to equivalent cycles, and factor-based semi-empirical models are 

used to evaluate the battery degradation. In this work, it is considered a 
cycle-counting degradation model incorporated into the optimization 
model. This approach is more advanced than the energy throughout 
model [21]. It relies on the non-linear ageing occurring from battery 
cycling: cycles with smaller DoD contribute less than cycles into the 
degradation of the battery [35]. Each cycle with a certain depth-of- 
discharge is assigned with a fixed amount of degradation to the en
ergy capacity according to the cycle depth ageing stress function that 
can be obtained from the experimental data.

As pointed out in [21,36,37], the deterministic mathematical opti
mization framework, and in particular the mixed-integer linear pro
gramming (MILP) approach, is one of the most widely used techniques 
to simulate the BESS operations when participating in competitive 
markets. In [12,38] the authors developed a MILP optimization model 
and a cycle-counting degradation model of a battery energy storage 
system providing energy arbitrage and operating reserve services. 
Similarly, in [20] a MILP optimization model is used to estimate the 
potential profit of a battery storage that provides energy arbitrage, 
operating reserve, and frequency regulation service participating in a 
competitive electricity market, but without considering the degradation 
effect due to battery ageing. One of the main limits of the above- 
mentioned works is that the battery capacity remains constant over 
the whole selected time horizon. Differently, in [39] the battery energy 
capacity degrades along the time horizon, and a MILP approach is used 
to simulate the optimal BESS dispatch operations considering the energy 
arbitrage, operating reserve, and frequency regulation service, but 
instead of cycle-counting degradation model, the degradation effect is 
evaluated by enforcing operational limits.

Considering wind-BESS modeling outcomes, several studies have 
investigated the integration of BESS with wind farms to enhance oper
ational and economic performance in various market contexts. In [40] a 
detailed techno-economic optimization model was developed to eval
uate the commercial viability of BESS integration for utilizing curtailed 
wind energy and replacing open and combined cycle gas turbine power 
plants in the UK electricity market. The economic model incorporated a 
simplified constant degradation approach, assuming an annual battery 
capacity reduction of 2 % over a 15-year lifespan, ultimately reaching an 
end-of-life capacity of 70 % relative to the initial value. Sheridan et al. 
[41] conducted an evaluation of co-located BESS and wind farms in the 
Irish electricity market, focusing on balancing market participation and 
wind curtailment reduction. However, their economic analysis relied on 
a simplified framework and was limited to short-term evaluations, 
lacking consideration of detailed operational dynamics and degradation 
effects over the full BESS lifespan. Feng et al. [42] developed a multi- 
objective three-level genetic algorithm (GA) for the optimal configura
tion of a PV-wind-BESS plant: the outer layer represented the model for 
determining the optimal BESS configuration, the middle layer focused 
on a multi-objective optimization model for BESS participation in elec
tricity price arbitrage and reserve ancillary services operating in Zhe
jiang Province, China, and the inner layer coordinated the optimal 
scheduling of the PV-wind-BESS plant. Although their study incorpo
rated multiple revenue streams, such as energy arbitrage and ancillary 
services, it excluded battery degradation modeling, a crucial factor for 
long-term economic analysis. Lobato et al. [43] assessed the economic 
viability of integrating BESS in a wind farm considering the Spanish 
electricity market. Three market applications have been examined (i.e., 
price arbitrage, balancing market, and wind schedule tracking) for 
different sizes of Li-ion and vanadium redox flow batteries integrated in 
a real Spanish 30 MW wind farm. Their findings indicate that in Spain, 
under the current regulatory framework, the viability of BESS depends 
largely on its participation in the balancing market, with profitability 
varying based on the system’s size. Moreover, combining BESS usage 
across three different applications yields only marginal improvements in 
overall performance. To reduce the computational complexity of the 
optimization model, this study utilizes hourly-sampled data over weekly 
or monthly timeframes. Cremoncini et al. [44] explored hybrid energy 
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storage system (HESS) configurations in a study focused on a wind farm 
integrated with lithium-ion and redox flow batteries operating in the 
Danish market. Their analysis simulated energy arbitrage and automatic 
frequency restoration reserve (aFRR) using a robust optimization 
approach to address aFRR market uncertainties, alongside a MILP model 
for optimal dispatch. While their work examined the cyclic degradation 
of the lithium-ion battery, the techno-economic benefits of hybridiza
tion, the effects of robust optimization, and the influence of both con
stant and variable efficiencies, it did not include a long-term analysis 
covering the entire system lifespan, leaving gaps in understanding the 
cumulative economic impacts over time. Dicorato et al. [45] proposed a 
comprehensive procedure for planning and operating BESS in conjunc
tion with wind farms within the Italian electricity market. The study 
employed a dynamic programming (DP) algorithm to optimize the en
ergy dispatch of the combined wind-storage system, aligning generation 
forecasts with battery characteristics. Additionally, an economic feasi
bility analysis was conducted to evaluate the profitability of the wind- 
BESS integration. However, the study did not account for battery 
degradation or the mitigation of wind curtailment. Li et al. [46] inves
tigated the operation of a co-located wind-BESS system in the Australian 
electricity market, utilizing a deep reinforcement learning (DRL) 
approach to maximize revenue from the spot market. Their study 
highlighted the BESS’s dual potential in mitigating wind curtailment 
and performing energy arbitrage, demonstrating that previously cur
tailed wind energy could serve as an effective power source for charging 
the BESS, thereby generating additional financial returns. However, the 
analysis did not extend to a long-term techno-economic evaluation. 
Similarly, Khalid et al. [47], developed a model predictive control 
(MPC) strategy coupled with a DP tool to maximize the profit of a wind- 
BESS system while providing energy arbitrage service in the Australian 
electricity market. However, some key economic factors are not 
considered, such as operation and maintenance costs and battery 
degradation. Moghaddam et al. [6] investigated the profitability of a 
BESS co-located with a wind farm participating in the day-ahead (DA) 
and real-time (RT) markets within the midcontinent independent system 
operator (MISO) region in the U.S. The study began by determining the 
optimal BESS size using one year of historical wind power and electricity 
price data from MISO. Subsequently, a receding horizon control (RHC) 
scheme was developed, leveraging forecasted data generated by an auto- 
regressive integrated moving average (ARIMA) model. Finally, the 
profitability of the BESS was assessed, incorporating the effects of 
voltage control, BESS lifetime, and battery price on average daily profits. 
However, the study did not include a long-term techno-economic 
assessment. Table 1 provides a summary of the literature survey on 
wind-BESS modeling approaches in techno-economic studies. A key 
observation from the studies reviewed is that the profitability of BESS 
participation in electricity markets varies significantly depending on the 
specific characteristics and regulations of the electricity market in 
question [48].

1.2. Aim and novelty of the study

The economic energy arbitrage potential of wind-battery systems has 
been widely studied in the literature. However, significant gaps remain 
in terms of modeling approaches, operational strategies, and economic 
assessments. As pointed out in [40], many existing works related to BESS 
providing energy-based applications primarily focus on alternative 
battery chemistries other than Li-ion (e.g., sodium‑sulfur, vanadium- 
redox flow batteries), small-scale applications (e.g., kW to MW range), 
and technical suitability rather than economic viability. For instance, 
previous studies have explored the integration of BESS for industrial 
[49] or standalone applications [50], peak demand management in 
regional grids [51], or in commercial buildings [52]. While these studies 
provide valuable insights, they often neglect critical factors such as 
battery degradation, real-time dispatch optimization, and market- 
specific conditions, which are essential for assessing long-term 

financial viability. Additionally, the analysis of the existing literature 
has revealed that only a few studies are focused on MILP-based opti
mization techniques applied to multi-MW wind-battery systems 
participating in the Italian electricity market. Regarding the time hori
zon, as pointed out in [32], MILP-based simulations typically consider 
short periods (e.g., 1 year of operations) due to computational con
straints. In contrast, this work simulates the entire 15-year lifetime of 
the BESS using the MILP-based power-energy model, providing more 
realistic results. Another limitation found in the existing literature is that 
the input data of the optimization models are typically predicted and/or 
assumed. On the contrary, in this work, the input data of the MILP-based 
optimization model are real data provided by the supervisory control 
and data acquisition (SCADA) of a commercial wind farm currently in 
operation in the Italian electricity market. A further aspect that distin
guishes this work is its focus on wind curtailment mitigation, a factor 
rarely addressed in the literature. By evaluating the dual benefits of 
energy arbitrage and wind curtailment reduction, this study provides a 
comprehensive perspective on the economic and operational advantages 
of BESS integration. To better highlight the gaps in the current literature 
and emphasize the contributions of this study, the key limitations of 
existing works are summarized as follows: 

- techno-economic analyses often consider only short-term operations 
(e.g., one year), failing to capture the full economic and operational 
impacts of long-term battery degradation.

- simplistic modeling frameworks, such as deterministic rule-based or 
heuristic approaches, are commonly used, which may not accurately 
reflect real market dynamics compared to robust MILP-based opti
mization frameworks.

- many studies rely on simplified constant degradation models or en
ergy throughput models, neglecting the non-linear degradation ef
fects tied to depth-of-discharge (DOD) and cycle-based battery 
ageing.

- several studies assume constant battery capacity over the entire 
simulation horizon, overlooking the progressive degradation effects 
that significantly impact long-term performance and profitability.

The present work expands on previous literature by developing a 
novel MILP-based optimization model applied to a wind-BESS system 
operative in the Italian electricity market while providing energy arbi
trage as an energy-based service. Additionally, a cycle-counting degra
dation model based upon a semi-empirical degradation function is 
incorporated into the optimization model. The objective function of the 
MILP problem is a cost function that includes the revenue from energy 
arbitrage, the import cost due to battery charge from the grid, the 
degradation penalty function due to battery ageing, and the wind 
curtailment cost. Based on the optimal dispatch profiles obtained by the 
MILP model, a long-term profitability analysis is proposed during the 
entire system lifetime, considering the battery EOL criterion when its 
capacity reaches 70 % of its original capacity. In the proposed case 
study, the wind power production and dispatching order profiles data 
are taken from historical data of a wind farm currently in operation in 
the Italian electricity market. Historical wholesale electricity price data 
used for the energy arbitrage service are taken from the Italian elec
tricity market.

To address the identified gaps, the present study aims to: 

- Develop a robust and easily replicable optimization model to maxi
mize the net profit derived by energy arbitrage by optimizing the 
wind-battery dispatch operations in the Italian electricity market, 
considering as time horizon the entire 15-year lifetime of the BESS.

- Evaluate the optimal design, energy, and economic indicators by 
conducting a long-term techno-economic analysis, considering the 
Italian electricity market as an applicative case.

- Offer guidelines for readers and power plant owners on how it is 
possible to incorporate a cycle-counting degradation model and wind 
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Table 1 
Literature survey on wind-BESS models in techno-economic studies.

Study System 
layout

Optimization framework Wind-farm data source Simulation 
horizon

Battery degradation model Wind curtailment 
mitigation

Electricity market application Electricity 
market location

[40] Wind- 
BESS

LPa model for BESS size UK National Grid 1 year Constant annual decline Yes Grid-level peak demand 
management

UK

[41] Wind- 
BESS

MATLAB Simulink Electricity Supplier Board 1 year Rainflow + empirical model Yes Balancing market and system 
services

Ireland

[42] PV-wind- 
BESS

Multi-objective three-level GAb Zhejiang Regulatory Office of 
National Energy Administration

1 year Not considered No Energy arbitrage and reserve 
ancillary services

China

[43] Wind- 
BESS

Deterministic rule-based Real wind farm in Spain Weekly/monthly 
profiles

SOC and efficiency dependence No Energy arbitrage, balancing market, 
and wind schedule tracking

Spain

[44] Wind- 
HESSC

Robust optimization for 
uncertainty and MILPd for 

dispatch

Real wind farm in Denmark 1 year Rainflow + DOD dependence No Energy arbitrage and automatic 
frequency restoration reserve

Denmark

[45] Wind- 
BESS

DPe Real wind farm in Italy 1 year Not considered No Market-based delivery plan Italy

[46] Wind- 
BESS

DRLf Real wind farm in Australia 1 year Linear approximation using a 
specific battery cost-coefficient

Yes AEMOg spot market: wind 
curtailment mitigation and energy 

arbitrage

Australia

[47] Wind- 
BESS

MPCh for prediction and DP for 
dispatch

Real wind farm in Australia 1 day Not considered No AEMO spot market Australia

[6] Wind- 
BESS

RHCi scheme for uncertainty and 
ARIMAj model for forecast

MISOk 1 year Linear approximation per cycle Yes Day-ahead and real-time markets U.S.

This 
work

Wind- 
BESS

MILP Real wind farm in Italy 15 years Cycle-counting with semi- 
empirical degradation curve

Yes Energy arbitrage Italy

a LP: Linear programming.
b GA: Genetic algorithm.
C HESS: Hybrid energy storage system.
d MILP: Mixed-integer linear programming.
e DP: Dynamic programming.
f DRL: Deep reinforcement learning.
g AEMO: Australian energy market operator.
h MPC: Model predictive control.
i RHC: Receding horizon control.
j ARIMA: Auto-regressive integrated moving average.
k MISO: Midcontinent independent system operator.
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curtailment mitigation into the optimization model, enabling real
istic profitability evaluations.

This work is organized as follows. In Section 2 it is presented the 
wind-BESS layout. Section 3 describes the methodology implemented to 
build the MILP optimization model, including the cycle-counting 
degradation model. Section 4 provides a comprehensive discussion of 
the results obtained by the proposed energy arbitrage service case study. 
Finally, conclusions and foreseen next steps are included in Section 5.

2. Wind-battery energy storage system layout

The system under investigation proposed in this work is a utility- 
scale wind-battery system that provides wholesale energy arbitrage 
service to the electricity grid. In Fig. 1 it is presented a schematic layout 
of the different components with the correspondent power flow path
ways. The MW-scale wind farm, currently operative in the Italian energy 
market, is composed of several wind turbines connected to the AC 
electricity bus bar through a DC/AC inverter. Starting from the left, the 
three power flows of the wind farm (blue rows) are the wind power 
losses due to curtailment, the power generated by the wind farm directly 
sent to the grid, and the power generated by the wind farm to charge the 
battery. The proposed case study introduces a Li-ion battery energy 
storage system (BESS), which is AC-coupled with the wind farm. The AC- 
coupling architecture is chosen instead of the DC-coupling because 
utility-scale systems have relied primarily on AC-coupled architectures 
due to their enhanced flexibility because of a lack of affordable inte
grated hardware for DC-coupled systems [53]. The BESS is composed of 
the battery bank and the bidirectional inverter: the AC/DC rectifier for 
the battery charging process and the DC/AC inverter for the battery 
discharging process. It is assumed the same DC/AC efficiency of the 
rectifier to charge the battery from the wind farm or from the grid. The 

BESS discharging process is considered independent of the wind farm 
generation. The model allows for the configuration of two distinct values 
for charge and discharge efficiency. However, for the sake of simplicity, 
it is assumed a symmetric efficiency behavior between the battery 
charging and discharging process. Therefore, the battery charging effi
ciency is assumed to be equal to the battery discharging efficiency. 
Finally, the AC power flows are exchanged through the electricity grid at 
the point of delivery (POD) via a smart energy meter, and the wholesale 
energy arbitrage is simulated. The basic principle of this energy-based 
service consists of purchasing energy from t, the grid in low-price pe
riods and selling it back to the grid during high-price periods on the 
energy wholesale market. The dispatching operations of the wind- 
battery system are managed by the proposed scheduling energy man
agement system (EMS) model, based on a computationally efficient 
optimization logic formulated as a MILP problem. A more comprehen
sive description of the methodology used to build the MILP optimization 
model is presented in Section 3. The key assumptions and parameters of 
the wind-battery system used in this work are summarized in Table 2.

The input historical data are the hourly wind speed, the hourly 
electricity prices, and the hourly dispatching orders sent by the trans
mission system operator (TSO) operating in the Italian wholesale energy 
market. The wind speed and the dispatching orders data are extracted 
during the selected observation periods from the local supervisory 
control and data acquisition (SCADA) system of the wind farm. For each 
wind turbine of the wind farm, the AC wind power production is eval
uated as a function of the wind speed according to the power curve of the 
wind turbines. As a result, the total AC power production of the wind 
farm is obtained by summing the AC power production of each wind 
turbine. In conclusion, electricity price data correspond to the Italian 
wholesale day-ahead market (DAM) energy price (Prezzo Unico Nazio
nale, PUN) sourced from GME for Italy (GME – Gestore dei Mercati 
Energetici S.p.A. [54]). Before selecting the 2023 price, different years 

Fig. 1. Utility-scale wind-battery storage system layout.

A. Grimaldi et al.                                                                                                                                                                                                                               Journal of Energy Storage 112 (2025) 115500 

6 



were investigated. It was found that the 2023 electricity prices data can 
be considered as a business-as-usual scenario, hence a representative 
year.

3. Methodology

This section describes the methodology implemented to build the 
wind-battery MILP optimization model. The problem of finding the most 
profitable operational strategy for wholesale energy arbitrage service 
can be treated as an optimization problem [56]. The MILP optimization 
model implemented in this work is based upon the assumption that the 
wind-battery plant owner has perfect foresight of wind power produc
tion, electricity prices, and dispatching order profiles. Moreover, it is 
assumed that the utility-scale wind-battery system trades in the whole
sale energy market, which provides the best financial opportunity for 
energy arbitrage service due to its high volatility.

The MILP model was built using the pyomo® optimization frame
work [57]. The toll was implemented in Python®, and the MILP opti
mization problem was solved using the Gurobi™ solver [58]. The time 
resolution used in the Python-based MILP model is Δt = 1 [h], which is 
the same as the time resolution of the input historical data. As illustrated 
in Fig. 2, the proposed EMS optimal scheduling is based on a T = 48 [h]

time scheduling period. However, only the results of the first Troll =

24 [h] rolling time period are stored and transferred to the next sched
uling period. This rolling time window technique is implemented to 
account for operations beyond the scheduling period and inter-temporal 
constraints in energy storage level that will affect operations in the next 
periods [32]. This optimal scheduling set-up is repeated over the BESS 
project lifetime considered in this work (i.e., TBESS = 15 [years]).

The overall structure of the proposed methodology is presented in 
Fig. 3. The objective function of the optimization problem is to satisfy 
the TSO dispatching orders for each time step Δt of the optimization 
time horizon T while maximizing the net profit of the wind-battery 
system considering the wholesale energy arbitrage grid service. The 
input data to the MILP-based optimization process are the following: 

i. Wind speed data converted into AC wind farm power production 
∀t ∈ T.

ii. Wholesale energy prices data ∀t ∈ T.
iii. TSO energy dispatching orders ∀t ∈ T.
iv. Technical specifications of the wind-battery system.
v. BESS degradation curve, hence, the battery remaining capacity as 

a function of the battery number of cycles assuming an end-of-life 
(EOL) criterion of 70 % with respect to the nominal battery 
capacity.

The MILP-based optimization process returns the following decision 
variables: 

i. The optimal scheduling operations of the wind-battery system, 
namely, the wind farm power production directly sent to the grid, the 
wind farm power production sent to charge the battery, the battery 
discharge power to the grid, the grid power sent to charge the bat
tery, the wind farm power losses, and the battery SOC level ∀t ∈ T.

ii. Since the processes related to the battery charge from the wind farm, 
the battery charge from the grid, and the battery discharge to the grid 
cannot occur simultaneously, three integer variables associated with 
the correspondent continuous variables are obtained as the output of 
the MILP-based optimization model ∀t ∈ T.

Consequently, a post-processing elaboration (green box) is con
ducted based on the output (i.e., decision variables) of the optimization 
process. The goal is to perform a long-term tecno-economic analysis 
considering an applicative case in the Italian wholesale energy market 

Table 2 
Main assumptions used for the MILP-based wind-battery modeling.

BESS parameters Wind farm parametersa

Storage type NMC Lithium- 
ion

Nominal energy 
produced

≈90,000 
MWh/year

EOL [27] 70 % - 6147 
cycles

Average 
capacity factor

≈26.2 
%/year

DC/AC rectifier efficiency 
(charging from wind 

farm) [55]

90 % Curtailed energy ≈2000 
MWh/year

DC/AC rectifier efficiency 
(charging from grid) [55]

90 % Average 
curtailed energy 

ratio

≈2.2 %/year

AC/DC inverter efficiency 
(discharging to grid) [55]

90 %

SOC range [56] 20 % - 
remaining 
capacity

Self-discharge losses [56] 99.99 %/h

a The historical time series raw data of the utility-scale wind farm used in this 
work is confidential.

Fig. 2. Schematic diagram of the MILP optimization dispatch technique implemented in the wind-battery wholesale energy arbitrage model based upon a T = 48 [h]
time scheduling period and a Troll = 24 [h] rolling time period with a Δt = 1 [h] resolution.

A. Grimaldi et al.                                                                                                                                                                                                                               Journal of Energy Storage 112 (2025) 115500 

7 



by evaluating the most relevant KPIs in terms of design, energy, and 
economic indicators.

3.1. Objective function

As defined in Eq. (1), the objective function of the MILP-based 
optimization problem corresponds to the maximization of the net 
profit ℙ by netting the revenues and the costs resulting from the 
wholesale energy arbitrage service of the wind-battery system over its 
lifetime (TBESS = 15 [years]). More specifically, the overall net profit is 
the algebraic sum of the revenue obtained by exporting energy from the 
wind farm to the grid ℝwind

exp , the revenue obtained by exporting energy 
from the battery to the grid ℝbess

exp , the import cost due to importing en
ergy from the grid to the battery ℂbess

imp , the wind farm curtailment cost 
due to the wind power losses ℂwind

cur , and the degradation penalty function 
due to battery ageing ℂbess

deg . The cost components are considered with a 
minus sign since the goal of the optimization problem is to minimize 
them, while maximizing the revenue components. 

max{obj} = max

{
∑TBESS

t=1
ℙ

}

= max

{
∑TBESS

t=1
ℝwind

exp +ℝbess
exp − ℂbess

imp − ℂwind
cur − ℂbess

deg

}

(1) 

As reported in Eq. (2), the wind farm revenue component is evalu
ated by multiplying the wholesale energy price EP(t) with the wind-to- 
grid power flow Pwind

grid (t) for each time step Δt. Similarly, the BESS rev
enue component expressed in Eq. (3), is equal to the wholesale energy 
price multiplied by the BESS discharge power flow Pbess

dh (t) for each time 
step Δt. 

ℝwind
exp =

∑TBESS

t=1
EP(t)⋅Pwind

grid (t)⋅Δt∀t ∈ T [€] (2) 

ℝbess
exp =

∑TBESS

t=1
EP(t)⋅Pbess

dh (t)⋅Δt∀t ∈ T [€] (3) 

Considering now the cost components, the BESS import cost in Eq. 
(4) is equal to the wholesale energy price multiplied by the BESS charge 
flow from the grid Pbess

ch− grid(t) for each time step Δt. The wind farm 
curtailment cost expressed in Eq. (5) is obtained by multiplying the 

wholesale energy price with the wind farm power loss flow Pwind
loss (t) for 

each time step Δt. The wind curtailment cost represents the cost of en
ergy that cannot be sold to the grid due to the presence of dispatch or
ders or stored in the battery when it is fully charged. This cost is included 
in the objective function with a negative sign to ensure that minimizing 
the curtailment cost simultaneously reduces the power losses from the 
wind farm caused by curtailment. 

ℂbess
imp =

∑TBESS

t=1
EP(t)⋅Pbess

ch− grid(t)⋅Δt∀t ∈ T [€] (4) 

ℂwind
cur =

∑TBESS

t=1
EP(t)⋅Pwind

loss (t)⋅Δt∀t ∈ T [€] (5) 

The degradation penalty function due to battery ageing, reported by 
Eq. (6), is defined as the sum between the battery charge and discharge 
power flows at each time step, multiplied by the degradation coefficient 
μdeg,j. As defined in Eq. (7), the degradation coefficient represents the 
slope of the linear approximation of battery ageing, evaluated after each 
j-th episode. The time period of every j-th episode corresponds to the 
optimization time horizon T = 48 [h]. The numerator of the degradation 
coefficient is the difference between the BESS remaining capacity at the 
start Erem

start,j and at the end Erem
end,j of the j-th time window. Since these 

components are defined as a percentage of the initial battery capacity, 
they are converted into energy terms by multiplying with the BESS 
nominal capacity Ebess

nom and dividing by 100. As defined by Eq. (8), the 
denominator of the degradation coefficient is the sum between the BESS 
charge and discharge power flows Pbess

tot (t) evaluated during each j-th 
episode. The degradation coefficient is iteratively updated based on the 
degradation results of the last j-th episode. Finally, the degradation co
efficient is multiplied by the BESS penalty cost due to ageing ℂbess

pen . It is 
assumed an annual value of ℂbess

pen = ℂbess
capex/TBESS = 23,533 [€/MWh], 

calculated as an estimated annualized cost of replacing the battery after 
the battery’s lifespan [59]. The last term is introduced to consider the 
end-of-life (EOL) criterion. As suggested by Marques et al. [27], an EOL 
criterion of 70 % of capacity with respect to the initial capacity can be 
considered a realistic choice for modeling battery degradation in a sta
tionary application. Accordingly, the BESS lifetime considered in this 
work depends on the number of cycles performed by the battery eval
uated by the MILP-based optimization process: the BESS lifetime cor
responds to the number of years to reach the EOL criterion of 70 %. 

Fig. 3. Schematic layout of the methodology: optimization framework for the optimal design of the wind-battery system (blue box), post-processing framework for 
the evaluation of the most relevant key performance indicators (green box).

A. Grimaldi et al.                                                                                                                                                                                                                               Journal of Energy Storage 112 (2025) 115500 

8 



ℂbess
deg =

∑TBESS

t=1
μdeg,j⋅

[
Pbess

ch− wind(t) + Pbess
ch− grid(t) + Pbess

dh (t)
]
⋅Δt∀t ∈ T [€] (6) 

Pbess
tot (t) = Pbess

ch− wind(t) + Pbess
ch− grid(t) + Pbess

dh (t)∀t ∈ T [MW] (8) 

The Li-ion battery degradation model implemented in this work has 
been taken and adapted from [24,56]. The remaining capacity expresses 
the rate of the battery capacity fade based on the battery charging/ 
discharging frequency. The empirical degradation function is defined by 
the following Eq. (9) and illustrated in Fig. 4. It assumes a 9th-order 
polynomial behavior, and the EOL criterion considered in this work 
(70 % with respect to the initial nominal capacity) is reached after 6147 
cycles. 

Ebess
rem (cyc) = 100 − 5.613− 32⋅cyc9 + 3.121− 27⋅cyc8 − 6.353− 23⋅cyc7

+ 6.630− 19⋅cyc6 − 3.987− 15⋅cyc5 + 1.435− 11⋅cyc4

− 3.070− 8⋅cyc3 + 3.746− 5⋅cyc2 − 0.0277⋅cyc [%] (9) 

To sum up, the degradation penalty function due to battery ageing 
can be interpreted as a fictitious cost useful to limit the number of cycles 
performed by the battery. It is introduced in the objective function of the 
optimization problem to account for the immediate reward for every 
charging or discharging battery control action during a short period of 
time considered equal to the time scheduling period T = 48 [h].

3.2. Continuous and integer constraints

According to the scheme layout depicted in Fig. 1, the following 
system power balance equality constraint ensures a balanced operation 
of the utility-scale wind-battery system. This constraint, expressed by 

Eq. (10), ensures that the sum of the wind farm power losses, the wind 
farm power generated directly sent to the grid, and the wind farm power 
generated to charge the battery must be equal to the AC wind farm 
power generated Pwind

gen (t) (input historical data) for each time step Δt. 

Pwind
loss (t) + Pwind

grid (t) + Pbess
ch− wind(t) = Pwind

gen (t)∀t ∈ T [MW] (10) 

Moreover, the constraint defined by Eq. (11) ensures that the sum 
between the amount of power generated by the wind farm and sent to 
the grid and the power discharged by the battery to the grid must be 
lower or equal to the TSO dispatching orders PTSO

ord (t) (input historical 
data) for each time step Δt. 

Pwind
grid (t) + Pbess

dh (t) ≤ PTSO
ord (t)∀t ∈ T [MW] (11) 

The continuous constraints refer to all those constraints necessary to 
properly define the dispatching operations of the continuous variables of 
the MILP-based optimization problem. The constraints defined by Eq. 
(12–14) ensure that the battery charge from wind, the charge from the 
grid, and the discharge power flows must be higher or equal to the 
minimum battery power (set equal to zero) and lower or equal to the 
maximum battery power, namely the battery nominal power Pbess

nom, for 
each time step Δt. The integer variable related to the battery charge from 
the wind farm βbess

ch− wind(t), from the grid βbess
ch− grid(t) and the integer variable 

associated to the battery discharge βbess
dh (t), are introduced to prevent 

charging and discharging processes from occurring simultaneously. 

0 ≤ Pbess
ch− wind(t)⋅β

bess
ch− wind(t) ≤ Pbess

nom∀t ∈ T [MW] (12) 

0 ≤ Pbess
ch− grid(t)⋅β

bess
ch− grid(t) ≤ Pbess

nom∀t ∈ T [MW] (13) 

0 ≤ Pbess
dh (t)⋅βbess

dh (t) ≤ Pbess
nom∀t ∈ T [MW] (14) 

Considering now the energy content of the BESS, the constraint 

Fig. 4. Empirical degradation function incorporated in the MILP-based optimization problem. The zoom illustrates the degradation coefficient used to evaluate the 
degradation penalty function due to battery ageing.

μdeg,j =

{
[((

Erem
start,j − Erem

end,j

)/
100

)
⋅Ebess

nom

]
/
∑Tj

t=1
Pbess

tot (t)⋅Δt

}

⋅ℂbess
pen ⋅
(Erem

end,j − EOL
100 − EOL

)

[€/MWh] (7) 
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expressed by Eq. (15) defines the admissible operative window of the 
battery state of charge variable SOC(t). Here, it is also considered the 
remaining capacity at each of the j-th episodes. A technical minimum of 
20 % of the battery nominal capacity Ebess

nom is imposed to avoid over- 
discharge operations that may cause internal failures [60]. The 
constraint defined in Eq. (16) is split into parts a and b to account for the 
first-time step, wherein the state of charge variable assumes a pre- 
defined value and for every step >1, respectively. This constraint en
sures that the battery charge and discharge energy flows translate into 
the battery state of charge considering the energy stored in the previous 
time step and the battery operating power. Here, the battery charge from 
the wind ηbess

ch− wind and from the grid ηbess
ch− grid efficiency, and the battery 

discharge efficiency ηbess
dh are introduced to take into account the energy 

conversion losses occurring during the charge and discharge processes, 
respectively. Additionally, the self-discharge losses ηbess

self are considered 
to take into account the energy conversion losses during idle operations. 
The MILP-based mathematical model considers the end of optimization 
time horizon state-of-charge as an initial condition for the next time 
horizon. 

0.2⋅Ebess
nom⋅

(
Erem

end,j

/
100

)
≤ SOC(t) ≤ Ebess

nom⋅
(

Erem
end,j

/
100

)
∀t ∈ T [MWh]

(15) 

SOC(t) = 0.5⋅Ebess
nom +

[
Pbess

ch− wind(t)⋅ηbess
ch− wind⋅Δt

]
+
[
Pbess

ch− grid(t)⋅ηbess
ch− grid⋅Δt

]

−
[(

Pbess
dh (t)

/
ηbess

dh
)
⋅Δt
]
∀t

∈ T : t = 0 [MWh]
(16a) 

SOC(t) = SOC(t − 1)⋅ηbess
self +

[
Pbess

ch− wind(t)⋅ηbess
ch− wind⋅Δt

]

+
[
Pbess

ch− grid(t)⋅ηbess
ch− grid⋅Δt

]
−
[(

Pbess
dh (t)

/
ηbess

dh
)
⋅Δt
]
∀t

∈ T : t ≥ 1 [MWh] (16b) 

Eq. (17) defines the battery cycle rate variable cycbess
rate(t), namely the 

fractional cycle rate with respect to a full cycle during the 1-h Δt period 
[61]. One unit of a full cycle denotes one full charge (from the minimum 
to the maximum SOC(t) value) and one full discharge (from the 
maximum to the minimum SOC(t) value). 

cycbess
rate(t) =

[(
Pbess

ch− wind(t) + Pbess
ch− grid(t) + Pbess

dh (t)
)

⋅Δt
/

Ebess
nom

]/
2∀t ∈ T [ − ]

(17) 

The integers constraints are introduced in the MILP-based optimi
zation problem to ensure that the battery charging and discharging 
processes do not occur simultaneously at each time step t. The integer 
variable related to the battery charge from the wind process βbess

ch− wind(t)
assumes the value 1 if the BESS charges from the wind farm and 
0 otherwise. The same concept is adopted for the battery charging 
process from the grid, using the binary variable βbess

ch− grid(t), and for the 
battery discharging process to the grid, using the binary variable βbess

dh (t). 
To correctly bound the integer constraints, it is adopted the bigM method 
[62]. In this work, the artificial variable implemented in the bigM 
method is set to 5,000,000 (i.e., two orders of magnitude greater than 
any feasible value). Specifically, Eq. (18) describes the first greater-than 
inequality constraint related to the BESS charging process from the wind 
farm: if the battery is charging from the grid/discharging to the grid 
(βbess

ch− wind(t) = 0), the battery charging flow from the wind farm Pbess
ch− wind(t)

must be greater than or equal to zero. On the contrary, if the battery is 
charging from the wind farm (βbess

ch− wind(t) = 1), the battery charging flow 
from the wind farm Pbess

ch− wind(t) must be greater than or equal to a 
redundant negative lower limit ( − bigM = − 5, 000,000) that is at least 
two orders of magnitude lower than any feasible value. The same 
concept for the battery charging from the grid and discharging to the 

grid processes is adopted in the following Eq. (19–22). 

Pbess
ch− wind(t) ≥ 0 − bigM⋅βbess

ch− wind(t)∀t ∈ T (18) 

Pbess
ch− grid(t) ≥ 0 − bigM⋅βbess

ch− grid(t)∀t ∈ T (19) 

(
Pbess

ch− wind(t)⋅β
bess
ch− wind

)
+
(

Pbess
ch− grid(t)⋅β

bess
ch− grid(t)

)

≤ 0 + bigM⋅
(
1 − βbess

dh (t)
)
∀t ∈ T (20) 

Pbess
dh (t) ≤ 0 + bigM⋅βbess

dh (t)∀t ∈ T (21) 

Pbess
dh (t) ≥ 0 − bigM⋅

(
1 − βbess

ch− wind(t) − βbess
ch− grid(t)

)
∀t ∈ T (22) 

Finally, the last integer constraint expressed by Eq. (23) ensures that 
for each time step t, the sum between the three integer variables must be 
lower than or equal to 1. This ensures that the BESS charging and dis
charging processes cannot simultaneously occur at the same time step t. 

βbess
ch− wind(t) + βbess

ch− grid(t) + βbess
dh (t) ≤ 1∀t ∈ T (23) 

3.3. Post-processing indicators

In this section, the design, energy, and economic indicators used in 
this work are defined. These indicators are adopted to provide general 
criteria for designing the wind-battery system and to assess its techno- 
economic performance accurately. To provide the generalization of re
sults useful for broader applicability across different scenarios, the in
dicators are dimensionless, hence they are normalized with respect to 
their nominal values.

3.3.1. Design indicators
BESS power-to-energy ratio. The BESS power-to-energy ratio rbess

p− e is 
defined as the ratio between the BESS nominal power and the BESS 
nominal capacity. 

rbess
p− e =

Pbess
nom

Ebess
nom

[
MW
MWh

]

(24) 

BESS cumulative number of cycles. The BESS cumulative number of 
cycles is evaluated by summing hour by hour the battery cycle rate 
variable cycbess

rate(t), previously defined by Eq. (17).

3.3.2. Energy indicators
Wind farm annual capacity factor. The wind farm’s annual capacity 

factor cfwind is defined in percentage terms as the ratio between the sum 
of the wind farm power production hour-by-hour and the theoretical 
maximum wind farm power production over the selected year. 

cfwind =

∑8760

t=1
Pwind

gen (t)⋅Δt

Pwind
nom ⋅8760

⋅100
[

%
year

]

(25) 

BESS annual capacity factor. The BESS annual capacity factor cfbess is 
defined in percentage terms as the ratio between the sum of the battery 
state of charge hour-by-hour and the theoretical maximum wind farm 
power production over the selected year, considering the BESS opera
tional range window of 80 %. 

cfbess =

∑8760

t=1
SOC(t)⋅Δt

Ebess
nom⋅0.80⋅8760

⋅100
[

%
year

]

(26) 

Wind farm annual curtailed energy. The wind farm annual curtailed 
energy swind

curt represents the fraction in percentage terms of the annual 
wind farm curtailed energy with respect to the total AC power generated 
by the wind farm over the selected year 
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swind
curt =

∑8760

t=1
Pwind

loss (t)⋅Δt

∑8760

t=1
Pwind

gen (t)⋅Δt
⋅100

[
%

year

]

(27) 

Wind-to-BESS share. The wind-to-BESS share swind
bess represents the 

fraction in percentage terms of the power generated from the wind and 
sent to charge the battery with respect to the total AC power generated 
by the wind farm over the selected year. 

swind
bess =

∑8760

t=1
Pbess

ch− wind(t)⋅Δt

∑8760

t=1
Pwind

gen (t)⋅Δt
⋅100

[
%

year

]

(28) 

Wind-to-grid share. The wind-to-grid share swind
grid represents the frac

tion in percentage terms of the power generated from the wind and sent 
to the grid with respect to the total AC power generated by the wind 
farm over the selected year. 

swind
grid =

∑8760

t=1
Pwind

grid (t)⋅Δt

∑8760

t=1
Pwind

gen (t)⋅Δt
⋅100

[
%

year

]

(29) 

3.3.3. Economic indicators
Net Present Value. The net present value economic parameters (NPV 

in €) is calculated as the difference between the discounted cumulative 
revenue ℝbess

cum from the BESS and the BESS lifetime cumulative cost ℂbess
cum 

of the BESS over the project lifetime, assumed equal to the BESS lifetime 
(TBESS = 15 [years]). The cumulative BESS revenue stream ℝbess

exp was 
previously defined in Eq. (3), discounted up to the BESS lifetime. While 
the BESS lifetime cumulative cost is composed of the investment cost 
ℂbess

capex, the operation and management cost ℂbess
opex, and the import cost due 

to importing energy from the grid to the battery ℂbess
imp . The investment 

cost is assumed to occur in the first year (zeroth year), while the other 
two components are discounted up to the BESS lifetime. Notably, only 
the BESS cash flows are considered in the NPV definition, as the 
objective of the conducted techno-economic analysis is to determine the 
profitability of integrating a BESS into an existing wind farm based on 
the specific case study and assumptions used in this work. 

NPV =
∑TBESS

n=1

ℝbess
exp

(1 + r)n −

(

ℂbess
capex +

∑TBESS

n=1

ℂbess
opex

(1 + r)n +
∑TBESS

n=1

ℂbess
imp

(1 + r)n

)

= ℝbess
cum − ℂbess

cum [€] (30) 

Levelized cost of storage. The levelized cost of storage (LCOS in 
€/MWh) for wholesale energy arbitrage application, defined by Schmidt 
et al. [63], defines the discounted cost per unit of discharged electricity 
for a specific storage technology (in this work Li-ion battery energy 
storage system), and for a specific application (in this work wholesale 
energy arbitrage service). The following LCOS equation incorporates all 
elements required to evaluate the whole lifetime cumulative cost of the 
BESS technology ℂbess

cum: investment cost ℂbess
capex, operation and manage

ment cost ℂbess
opex, import cost due to importing energy from the grid to the 

battery ℂbess
imp , divided by the total BESS energy discharged during the 

investment period. The total BESS energy discharged component Ebess
dh,tot is 

calculated by summing hour-by-hour the BESS discharge power flow 
Pbess

dh (t) for each time step Δt over 1-year of dispatch operations up to the 
BESS lifetime. It is assumed that the investment cost incurred in the first 
year and the sums ongoing costs in each year (n) up to BESS lifetime 
(TBESS), discounted by the discount rate (r) [63]. 

LCOS =

ℂbess
capex +

∑TBESS

n=1

ℂbess
opex

(1+r)n +
∑TBESS

n=1

ℂbess
imp

(1+r)n

∑TBESS

n=1

Ebess
dh,tot

(1+r)n

=
ℂbess

cum
∑TBESS

n=1

Ebess
dh,tot

(1+r)n

[ €
MWh

]
(31) 

Interest Rate of Return. The interest rate of return (IRR in percentage 
terms) gives a measure of return on investment, and it can be calculated 
by setting NPV to zero. IRR is effectively the new discount rate that gives 
NPV of zero over the whole BESS lifetime. 

NPV =
∑TBESS

n=1

ℝbess
exp

(1 + IRR)n − ℂbess
cum = 0 [€] (32) 

Payback time. The payback time period (PBT in years) is defined as 
the period of time when the difference between the BESS cumulative 
revenue and the BESS cumulative cost is equal to zero. 

∑PBT

n=0
ℝbess

cum =
∑PBT

n=0
ℂbess

cum (33) 

These economic indicators are evaluated over the entire lifetime of 
the project (TBESS = 15 [y] [64]). The first year (zeroth year) is considered 
the installation and commissioning year, followed by 15 years of oper
ation. All the costs and revenues are discounted across all 15 years of 
operation, considering a discount rate equal to r = 5% [65]. Table 3
shows the BESS cost breakdown considered in this work. The costs are 
broken down into CAPEX (capital expenditure) and OPEX (operating 
expenditure). These costs were taken and adapted from [66].

4. Results and discussion

This section presents and discusses the most relevant design, energy, 
and economic results obtained by the optimal participation of the wind 
farm and BESS in the Italian wholesale day-ahead electricity market. 
Firstly, Section 4.1 presents the optimal BESS size obtained by the long- 
term profitability analysis. Secondly, in Section 4.2 the optimal sched
uling operations of the wind-battery system considering the BESS 
optimal size were presented. Finally, Section 4.3, is centered on the 
sensitivity analysis for the optimized BESS size.

4.1. Optimal BESS size

This section presents the optimal BESS size obtained through the 
MILP-based optimization process implemented in this work. The eco
nomic indicator used to determine the optimal size is the NPV, defined 

Table 3 
BESS cost breakdown.a Source: [66].

CAPEX [€/kWh] % of 
CAPEX

OPEX [€/kWh] % of 
CAPEX

Li-ion battery 173.7 49 % Operating and 
maintenance cost 

(per year)

10.6 3 %

Battery 
central 
inverter

13.9 4 %

Structural 
BOS

22.2 6 %

Electrical BOS 48.1 14 %
Installation 

labor & 
equipment

25.9 7 %

EPC overhead 
+ sales tax

27.7 8 %

Developer 
cost + profit

40.7 12 %

Total CAPEX 353

a Average annual energy exchange for year 2023 (0.9241 €/$) was used to 
convert costs from $ to € [68].
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by Eq. (30). As illustrated in Fig. 5, the highest NPV of 152 k€ is achieved 
with a 1-h BESS of 4 MW / 4 MWh. For a 2-h configuration, the highest 
NPV of 142 k€ is reached with a BESS size of 2 MW / 4 MWh. The trend 
indicates that the 2-h configuration (blue curve) reaches negative NPV 
values sooner than the 1-h configuration (orange curve). Specifically, a 
negative NPV of − 22 k€ is reached with a BESS size of 5 MW /10 MWh, 
while a negative NPV of − 58 k€ is reached with a BESS size of 9 MW /9 
MWh. A tabular representation of the NPV values at different BESS sizes 
is reported in Table 4. These results suggest that in this case study, a 1-h 
BESS of 4 MW / 4 MWh integrated with the wind farm under investi
gation will yield the highest profitability over the BESS lifetime of 15 
years in terms of NPV. Therefore, in the subsequent sections, the optimal 
BESS size is considered to be 4 MW/4 MWh. This BESS performs on 
average of approximately 380 cycles per year, equating to about 1.04 
cycles per day. Further details on wind-BESS scheduling operations are 
provided in the next Section 4.2.

The optimal BESS sizes determined in this study are consistent with 
those reported in [42], where a multi-objective model was developed for 
the optimal configuration of a BESS integrated with a PV-wind system. 
In that study, a wind farm with a rated capacity of 20 MW, a PV plant 
with a rated capacity of 20 MW, and a BESS with a rated capacity of 2 
MW were considered. The maximum annual net revenue of the BESS, 
while providing both energy arbitrage and reserve ancillary services, 
was found to be 2 MW /4 MWh. Moreover, the study highlighted that the 
monthly revenue of the BESS is significantly higher in the wholesale 
energy arbitrage market compared to the reserve ancillary services 
market. Specifically, the monthly revenue from energy arbitrage ranged 

from 10,216 €a to 13,570 €a, while the monthly revenue from reserve 
ancillary services ranged from 1915 €a to 2227 €a. Another consistent 
result with our study is reported in [44]. In this work it is examined the 
participation of a wind farm coupled with a hybrid battery energy 
storage system (HESS) in the day-ahead and the automatic frequency 
restoration reserve markets. The HESS is composed of a lithium-ion and 
a redox flow battery. For a 10 MW wind farm, the optimal battery 
configuration consists of a hybrid system comprising a 1 MW/1 MWh 
lithium-ion battery and a vanadium redox flow battery with a negligible 
capacity.

Table 5 presents the results in terms of annual net profit for both the 
standalone wind farm and the wind farm integrated with the BESS. The 
system without BESS consists solely of the wind farm. Conversely, the 
system with battery storage includes the wind farm and the optimally 
sized BESS of 4 MW/4 MWh. The wind revenue stream is evaluated 
according to Eq. (2) by multiplying the wholesale energy price by the 
wind-to-grid power flow for each time step, considering the dispatch 
orders. The BESS net profit is calculated as the difference between the 

Fig. 5. NPV of the BESS investment as a function of different BESS sizes.

Table 4 
Tabular representation of results illustrated in Fig. 5.

BESS Nominal Power [MW] 1 2 3 4 5 6 7 8 9 10

NPV 1 h BESS [K€] 79.25 122.26 146.92 151.72 136.07 103.62 61.36 8.90 − 57.47 − 136.74
NPV 2 h BESS [K€] 108.23 141.54 126.97 68.01 − 21.53 − 134.96 − 275.29 − 441.60 − 630.86 − 825.70

Table 5 
Net profit [k€/year] from arbitrage operations of a wind farm without BESS (W/ 
O) and with BESS (4 MW/4MWh).

W/O BESS With BESS

Wind revenue stream [k€/year] 10,999 10,880
BESS net profit [k€/year] / 190.353

Net Profit [k€/year] 10,999 11,071
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BESS revenue component (Eq. (3)), which is the wholesale energy price 
multiplied by the BESS discharge power flow for each time step, and the 
BESS import cost component (Eq. (4)), defined as the wholesale energy 
price multiplied by the BESS charge flow from the grid for each time 
step. These components are evaluated at each time step (Δt = 1 [h]) over 
the BESS lifetime (TBESS = 15 [y]. The annual value in Table 5 refers to 
the average value over these 15 years of simulated operations. The re
sults demonstrate a modest increase in annual revenue of approximately 
190 k€ from the wind farm-BESS system compared to the system con
sisting solely of the wind farm. A consistent result is obtained in [43], 
where authors found a benefit of the wind farm with BESS of 15.74 k€ 
per year compared to the wind farm without BESS. The main difference 
compared to our study is that they considered only two weeks as 
observation periods.

Fig. 6 presents the LCOS economic indicator, defined in Eq. (31), as a 
function of different BESS sizes analyzed. The orange curve represents 
the 1-h BESS configuration, while the blue curve corresponds to the 2-h 
BESS configuration. The LCOS trend increases with larger BESS sizes, 
indicating that the increase in the cumulative lifetime cost of the BESS 
technology (the numerator of the LCOS formula) has a greater impact 
than the increase in the total BESS energy discharged during the in
vestment period (denominator of the LCOS formula). Considering the 
optimal BESS sizes of 4 MW / 4 MWh and of 2 MW / 4 MWh, it is ob
tained an LCOS value of 75.4 €/MWh and 75.0 €/MWh, respectively. 
Globally, all LCOS values obtained by the MILP-based simulations are 
lower than the average DAM energy price in 2023, which is 127 €/MWh. 
A tabular representation of the LCOS values at different BESS sizes is 

reported in Table 6. This trend suggests that integrating a BESS into the 
existing wind farm under investigation could be a sound investment 
based on the assumptions of this case study. However, this comparison is 
between LCOS values and the average DAM energy price of 2023, which 
does not account for the volatility of DAM energy prices. Given that 
energy price volatility is a major factor in making the energy arbitrage 
service profitable [56], the LCOS metric may not be the most suitable 
measure for determining the optimal size for maximum profitability 
from the energy arbitrage service.

The following Fig. 7 shows the IRR economic metric defined in Eq. 
(32) as a function of different BESS sizes analyzed. The presented results, 
represented by two distinct curves, delineate the declining trend of IRR 
as the nominal power of the BESS increases from 1 to 10 MW. The orange 
curve corresponds to the 1-h BESS configuration, while the blue curve 
corresponds to the 2-h BESS configuration. Both curves exhibit a 
downward trajectory, indicating a decrease in economic return with 
increasing BESS capacity. Specifically, the IRR starts at approximately 
7.5–8.5 % for a 1 MW BESS in both configurations and decreases to 
around 3.5–4.5 % for the 10 MW BESS, with the 1-h configuration 
consistently offering a higher IRR than the 2-h configuration. A tabular 
representation of the IRR values at different BESS sizes is reported in 
Table 7. This suggests that smaller BESS capacities are more economi
cally viable in terms of return on investment for the scenarios considered 
in this study. The optimal BESS sizes of 4 MW / 4 MWh and 2 MW / 4 
MWh present an IRR value of 6.6 % and 6.5 %, respectively. As pointed 
out by Judge et al. [65], IRR values may be required to meet a hurdle 
rate of 8–9 % for renewable energy projects to be financially viable. The 

Fig. 6. LCOS of the BESS investment as a function of different BESS sizes.

Table 6 
Tabular representation of results illustrated in Fig. 6.

BESS Nominal Power [MW] 1 2 3 4 5 6 7 8 9 10

LCOS 1 h BESS [€/MWh] 70.21 72.44 73.99 75.39 76.76 78.07 79.18 80.16 81.13 82.07
LCOS 2 h BESS [€/MWh] 72.48 74.97 76.85 78.55 79.95 81.17 82.31 83.39 84.40 85.25

A. Grimaldi et al.                                                                                                                                                                                                                               Journal of Energy Storage 112 (2025) 115500 

13 



obtained IRR values present a value close to the hurdle rate, especially 
for lower BESS power-to-energy ratios, indicating that the integration of 
the BESS into the existing wind farm under investigation is financially 
viable.

In conclusion, the last two plots visualize the year-by-year cumula
tive NPV for different BESS sizes over the assumed BESS lifetime of 
TBESS = 15 [years]. Fig. 8 (a) shows the cumulative NPV considering the 
1-h BESS configuration, while Fig. 8 (b) shows the cumulative NPV 
considering the 2-h BESS configuration. Each line represents a specific 
power and energy capacity combination, indicated by diverse colors. 
There is evidence of a common trend between the two plots: the lower 
power-to-energy configurations, such as the 1 MW / 1 MWh and 1 MW / 
2MWh configurations, start with a negative NPV value and remain fairly 
consistent. On the contrary, comparing the lower with the larger power- 
to-energy configurations, such as 10 MW / 10 MWh and 10 MW / 20 
MWh, they begin at much lower negative NPV values, indicating higher 
initial costs or lower short-term returns but displaying lesser negative 
slope over time. These slopes suggest that the rate of increase in NPV 
over time is more favorable compared to those with equivalent power 
but lower energy capacities. From a long-term perspective, besides the 
assumed BESS lifetime of 15 years, this behavior suggests that a BESS 
with higher energy capacities might offer better long-term economic 
benefits, despite larger initial investments.

Furthermore, these plots illustrate the payback time (PBT) metric of 
the different BESS configurations previously defined in Eq. (33). 
Notably, the 1 MW / 1 MWh and 1 MW / 2 MWh configurations exhibit 
the shortest payback times, at approximately 10.8 and 11.9 years, 
respectively. Additionally, the last configurations to achieve payback 
within the 15-year lifespan of the BESS are the 8 MW / 8 MWh and 4 MW 

/ 8 MWh setups, with payback times of 14.9 and 14.4 years, respec
tively. A tabular representation of the PBT values at different BESS sizes 
is reported in Table 8. This analysis reveals that configurations with a 1- 
h discharge duration generally present more options yielding positive 
NPV values post-BESS lifetime compared to the 2-h configurations.

In summary, the results reported in these plots elucidate the eco
nomic impact of different BESS sizes over their operational life, 
emphasizing the trade-off between initial investment costs and long- 
term profitability.

Table 9 summarizes all the design, energy, and economic indicators 
defined previously from Eq. (24) to Eq. (33) for the different BESS sizes 
analyzed. These values correspond to an average over these 15 years of 
simulated operations.

4.2. Wind-BESS optimal scheduling operations

This section presents the optimal scheduling operations of the wind- 
BESS system under investigation as simulated by the proposed MILP- 
based model. Fig. 9 illustrates the system scheduling in response to an 
energy dispatching order, which indicates periods of wind curtailment. 
The wind-to-grid power flow (green bars) represents the wind power 
delivered to the grid, the wind-to-BESS power flow (blue bar) denotes 
the wind power used to charge the battery, and the BESS-to-grid power 
flow (red bar) reflects the power discharged from the battery to the grid. 
The battery’s state of charge (SOC, grey curve), wind power production 
(light blue curve), and grid power admission (violet curve) are expressed 
in percentage terms and refer to the right axis.

It is worth noting that the grid power admission provided by the 
Italian Transmission System Operator (TSO) varies from 0 to 100 %. A 

Fig. 7. IRR of the BESS investment as a function of different BESS sizes.

Table 7 
Tabular representation of results illustrated in Fig. 7.

BESS Nominal Power [MW] 1 2 3 4 5 6 7 8 9 10

IRR 1 h BESS [%] 8.35 7.61 7.10 6.64 6.18 5.75 5.38 5.05 4.72 4.39
IRR 2 h BESS [%] 7.29 6.51 5.91 5.37 4.91 4.50 4.13 3.77 3.43 3.14
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value of 0 % indicates complete curtailment of wind power for that hour 
due to grid congestion, necessitating the shutdown of wind farm tur
bines. Values between 0 and 100 % indicate partial load operation, 
where although the wind turbines can generate at nominal power, their 
output must be limited. This partial operation might be necessitated by 

maintenance activities on individual turbines. Conversely, a grid power 
admission of 100 % indicates the absence of any dispatch orders from 
the TSO, allowing power delivery up to the combined nominal capacities 
of the wind farm and BESS. The integration of a BESS is advantageous 
during periods with dispatching orders, as it allows for wind-generated 

Fig. 8. Cumulative NPV of the BESS investment as a function of different BESS sizes considering a 1-h configuration (a), and a 2-h configuration (b).
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electricity to be stored rather than curtailed.
As depicted in Fig. 9, during hours where both wind resources (light 

blue curve) and dispatch orders (violet curve) coexist, the generated 
wind power is utilized to charge the BESS (blue bar), preventing po
tential energy waste. In this specific setup, considering the optimal BESS 
size of 4 MW / 4 MWh, the wind-to-BESS power is capped at the nominal 
BESS capacity of 4 MW. Consequently, the SOC profile (grey curve) 
escalates from its technical minimum (20 % of its nominal capacity) to 
its maximum (100 % minus energy losses due to degradation after 2726 
h of operation), demonstrating the effective formulation of the MILP 
model to maximize the utility of the battery and recuperate all wind 

energy susceptible to curtailment.
Given that wind curtailment is a rare phenomenon (as indicated in 

Table 2, this case study considers a wind curtailment of approximately 
2.2 % of the annual wind farm production), it was deemed reasonable to 
broaden the utilization of the BESS by incorporating wholesale energy 
arbitrage. This approach generates additional profits, as the battery is 
charged not only from curtailed wind energy but also from wind- 
generated energy during periods of low energy prices. Consequently, 
the battery undergoes a significantly higher number of cycles, thereby 
optimizing its utilization. The fundamental principle of energy arbitrage 
involves generating revenue by charging the battery during low-price 
periods (valley periods) and discharging it back to the grid during 
high-price periods (peak periods). This strategy exploits energy price 
volatility to generate profits from battery dispatch operations. This 
application is depicted in Fig. 10.

In Fig. 10 (a), the battery charging and discharging power flows are 
shown in [MW] and refer to the left axis: wind to BESS charging power 
flow (blue bars), grid to BESS charging power flow (orange bars), and 
BESS to grid discharging power flow (red bars). The 2023 day-ahead 
market (DAM) electricity prices (yellow curve) are expressed in 
[€/MWh] and refer to the right axis. Fig. 10 (b) presents the wind power 
(light blue curve), grid power admission (violet curve), and battery state 
of charge (SOC, grey curve) as percentages over the same period 
depicted in the previous figure.

The plots highlight the core principle of energy arbitrage: during 
periods of low energy prices (valley periods), the BESS stores energy 
(SOC increases) from the wind farm if wind resources are available and 
from the grid if they are not (as shown by the orange bar at time 2498 

Table 8 
Tabular representation of results illustrated in Fig. 8.

BESS Nominal Power [MW] 1 2 3 4 5 6 7 8 9 10

PBT 1 h BESS [year] 10.83 11.56 12.10 12.65 13.24 13.82 14.38 14.92 >15 >15
PBT 2 h BESS [year] 11.95 12.84 13.62 14.42 >15 >15 >15 >15 >15 >15

Table 9 
Design, energy, and economic indicators for optimal BESS sizes of 4 MW/4MWh 
and 2 MW/4MWh.

Design indicators BESS power-to-energy ratio [MW/MWh] 4/4 2/4
Annual BESS number of cycles [cyc] 397 380

Energy indicators Wind farm annual capacity factor 
[%/year]

26.2 26.2

BESS annual capacity factor [%/year] 55.5 56.3
Wind farm annual curtailed energy 

[%/year]
2.2 2.2

Wind-to-BESS share [%/year] 1.4 1.4
Wind-to-Grid share [%/year] 96.4 96.4

Economic 
indicators

Net Present Value (NPV) [k€] 151.7 141.5
Levelized Cost of Storage (LCOS) 

[€/MWh]
75.4 75.0

Interest Rate of Return (IRR) [%] 6.6 6.5
Payback Time Period (PBT) [years] 12.7 12.8

Fig. 9. Wind-BESS optimal scheduling operations during wind curtailment.
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[h]). Conversely, during periods of high energy prices (peak periods), 
the BESS discharges energy (SOC decreases). Overall, analyzing these 
scheduling operations is crucial for validating the MILP-based optimi
zation model implemented in this work.

Fig. 11 depicts the battery state of charge (SOC) profile (blue area, 
left axis) expressed as a percentage and the number of cycles performed 
by the battery (orange curve, right axis) over the entire simulation 

period, which corresponds to the BESS lifetime of 15 years (131,400 h). 
The chart clearly demonstrates a gradual decrease in battery capacity 
from 100 % to the end-of-life (EOL) criterion of 70 %, alongside a 
concurrent progressive increase in the number of cycles, which con
tributes to capacity fade. This highlights the necessity of incorporating a 
cycle-counting degradation model to account for capacity degradation 
accurately.

Fig. 10. Wind-BESS optimal scheduling operations considering the wholesale energy arbitrage application.
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A key innovation of this work is the consideration of an updated SOC 
value after each simulation process, as defined in the constraint 
expressed by Eq. (15). This approach enables the generation of realistic 
battery power flow values, reflecting the cycle-by-cycle decrease in 
battery capacity and the consequent reduction in the amount of energy 
that can be exchanged through the grid. Specifically, considering the 
optimal BESS size of 4 MW / 4 MWh, after 15 years of operation, the 
BESS capacity declines from 100 % to 72.5 %. At this point, the battery 
has completed 5694 cycles, which corresponds to approximately 380 
cycles per year, or 1.04 cycles per day.

The effect of battery capacity fade on profitability is illustrated in 

Fig. 12, which presents the BESS annual net profit (blue curve, left axis) 
expressed in [k€/year]. The BESS annual capacity factor (orange curve, 
right axis) is expressed as a percentage and defined by Eq. (26) over the 
15-year BESS lifetime. The chart clearly demonstrates a gradual decline 
in battery performance from a techno-economic perspective. The BESS 
annual net profit decreases from approximately 215 k€ in the first year 
to around 170 k€ in the fifteenth year, representing a reduction of about 
45 k€. In percentage terms, the BESS profits in the fifteenth year have 
reduced by approximately 20.9 % compared to the first year. Similarly, 
the BESS annual capacity factor decreases from approximately 64 % in 
the first year to about 49 % in the fifteenth year, corresponding to a total 

Fig. 11. SOC profile and number of cycles of the BESS along the whole BESS lifetime of 15 years.

Fig. 12. BESS annual net profit and BESS annual capacity factor along the 15-year battery lifetime.
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reduction of about 15 %. A tabular representation of the BESS annual net 
profit and BESS annual capacity factor over the 15-year lifetime is re
ported in Table 10. These results confirm that the amount of energy 
exchanged by the battery, and hence its capacity, is linked to net profit. 
Therefore, to obtain realistic profitability evaluations, it is essential to 
consider the degradation effect due to battery ageing. The BESS annual 
net profit decrement along its lifetime presented in Fig. 12 is consistent 
with the results obtained in [43]. In the economic assessment of day- 
ahead price arbitrage by the wind fam BESS, the authors found that 
the BESS benefits in the last years have reduced by 30.5 % compared to 
the first year.

4.3. Sensitivity analysis

In this section, sensitivity analyses were carried out for the optimized 
BESS size of 4 MW / 4 MWh on battery capital expenditure costs, battery 
efficiency, and wind-casted energy to properly understand the impact of 

slight changes in technical and economic parameters.

4.3.1. Battery capital expenditure cost
Fig. 13 illustrates the impact of BESS capital expenditure (CAPEX) on 

both the net present value (NPV) and internal rate of return (IRR), 
considering the optimized BESS size of 4 MW/4 MWh. In this sensitivity 
analysis, all parameters of the MILP-based power-energy model were 
kept constant. The NPV, represented by the blue curve, refers to the left 
axis, and the IRR, represented by the orange curve, refers to the right 
axis. These economic indicators are plotted against varying BESS costs, 
ranging from 125 €/kWh to 350 €/kWh in steps of 25 €/kWh. In the case 
study discussed in Section 4.1 and in Section 4.2, a battery cost of 350 
€/kWh was assumed, as indicated in Table 3.

The results demonstrate a clear inverse relationship between BESS 
CAPEX and both NPV and IRR. As the cost per kWh increases, both NPV 
and IRR decrease significantly, reflecting the reduced profitability of the 
investment. At lower BESS costs, the NPV is higher, indicating more 
favorable returns. For instance, at 125 €/kWh, the NPV is around 1320 
k€, and the IRR reaches approximately 35 %, with a payback time (PBT) 
of around 3 years. Conversely, as the BESS cost increases to 325 €/kWh, 
the NPV declines to approximately 271 k€, with an IRR of about 8 % and 
a PBT of around 11.5 years. A tabular representation of the NPV and IRR 
values at different BESS CAPEX costs is reported in Table 11. As dis
cussed in Section 4.1, IRR values may be required to meet a hurdle rate 
of 8–9 % for renewable energy projects to be financially viable [65]. This 
minimum hurdle rate is reached at a BESS CAPEX of 325 €/kWh. 
Therefore, to be financially viable for the renewable project under 
investigation (i.e., integrating a battery into the existing wind farm), the 
battery cost will need to be below 325 €/kWh, as demonstrated in 
Fig. 13.

An additional insight from this plot is the linear trend observed in 
NPV as the battery cost varies. Specifically, every 25 €/kWh reduction in 
BESS CAPEX corresponds to an improvement in NPV of approximately 
131 k€. In contrast, the IRR exhibits a non-linear trend, which is more 

Table 10 
Tabular representation of results illustrated in Fig. 12.

Year BESS annual net profit [k€/year] BESS annual capacity factor [%]

1st 214.55 63.87
2nd 208.40 61.55
3rd 204.48 60.29
4th 200.18 59.13
5th 197.86 57.99
6th 194.25 56.95
7th 192.37 56.05
8th 189.77 55.22
9th 187.78 54.45
10th 185.08 53.59
11th 182.16 52.67
12th 179.49 51.78
13th 176.30 50.79
14th 172.99 49.75
15th 169.63 48.61

Fig. 13. NPV and IRR of the BESS investment as a function of different BESS CAPEX.
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pronounced at lower battery costs: a reduction in battery cost from 125 
€/kWh to 150 €/kWh results in a 6.6 % decrease in IRR, while a 
reduction from 325 €/kWh to 350 €/kWh results in only a 1.5 % 
decrease. The quasi-linear relationship between battery cost and NPV 
and IRR observed in this study aligns with the findings presented in [40], 
where a techno-economic model of a BESS for utilizing curtailed wind 
energy to supply grid-level peak demand in the UK was developed.

4.3.2. Battery efficiency
A sensitivity analysis of battery efficiency is performed with the BESS 

(size of 4 MW / 4 MWh), and all other model parameters are held 
constant. The results of this sensitivity analysis are presented in Fig. 14, 
which illustrates the impact of battery charge and discharge efficiencies 
on both the net present value (NPV) and the average annual BESS cycles. 
The NPV, represented by the blue curve, corresponds to the left axis, 
while the orange curve represents the average annual BESS number of 
cycles, and it refers to the right axis. These economic and energy in
dicators are plotted as a function of different charge/discharge effi
ciency values, ranging from 70 % to 100 %, in 5 % increments. As 
reported in Table 2, the proposed case study discussed in Section 4.1 and 
in Section 4.2 considered a battery charge/discharge efficiency of 90 %, 
corresponding to a round-trip value of approximately 81 %.

The results reveal a clear relationship between BESS efficiency and 
its techno-economic performance. As BESS efficiency increases from 70 
% to 100 %, the NPV shifts significantly from negative to positive values, 
underscoring the financial viability associated with higher efficiency 
levels. Specifically, the analysis shows that if the charge/discharge ef
ficiency drops below approximately 88–89 %, our simulations predict a 
negative NPV, indicating that the system would not be financially viable 
under such conditions. This finding underscores the critical importance 

of maintaining high battery efficiencies to ensure the profitability of the 
BESS. The results align with existing literature, which reports Li-ion 
battery efficiencies ranging from 85 % to 98 % [67], suggesting that 
battery technology advancements could further enhance energy storage 
systems’ economic returns. As the efficiency increases from 90 % to 95 
%, the NPV rises from approximately 152 k€ to 373 k€, representing an 
increase of 222 k€.

Similarly, as BESS efficiency increases from 70 % to 100 %, the 
average annual cycles of the battery also increase, reflecting higher 
utilization of the available energy within the battery. The term “average 
annual cycles” refers to the average number of cycles completed yearly 
over the entire BESS lifetime until the end-of-life (EOL) criterion is 
reached. The average number of cycles increases from approximately 
118 cycles per year at 70 % efficiency to about 696 cycles per year at 
100 % efficiency. However, the maximum NPV value is achieved for a 
95 % charge/discharge efficiency. The text in black explains this 
outcome in the figure, which indicates the battery’s remaining capacity, 
and the number of years required to reach its EOL. Higher battery uti
lization leads to faster attainment of the EOL criterion. For example, 
with 100 % efficiency and an average of 696 cycles per year, the EOL is 
reached after just 8 years. In contrast, at 95 % efficiency and approxi
mately 464 cycles per year, the EOL is reached after 13 years. Conse
quently, the NPV is higher in the 95 % efficiency scenario than the 100 % 
efficiency scenario because it is evaluated over a more extended period 
(13 years). A tabular representation of the NPV and average annual BESS 
cycles at different efficiency values is reported in Table 12.

A similar pattern was observed in [40], where the battery charge/ 
discharge efficiencies varied from 75 % to 100 %. In that study, negative 
NPV values were predicted when the efficiencies dropped below 83 %, 
whereas in our work, negative NPV values are observed when the 

Table 11 
Tabular representation of results illustrated in Fig. 13.

BESS CAPEX [€/kWh] 125 150 175 200 250 275 300 325 350

NPV [k€] 1320.10 1188.96 1057.82 926.68 795.54 664.40 533.27 402.13 270.99
IRR [%] 34.67 28.02 23.13 19.33 16.25 13.70 11.52 9.62 7.94

Fig. 14. NPV of the BESS investment and average annual BESS cycles as a function of different BESS charge/discharge efficiency values. The data labels represent the 
remaining capacity of the battery and the number of years to reach its end-of-life.
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charge/discharge efficiency decreases below approximately 88–89 %. 
Unlike our results, which show a maximum NPV value at a charge/ 
discharge efficiency of 95 %, the findings in [40] indicate a linear 
relationship between NPV and BESS charge/discharge efficiency. This 
divergence can be attributed to differences in the NPV evaluation pe
riods: in our simulations, the NPV at 100 % charge/discharge efficiency 
is calculated over 8 years, reflecting the time required to reach the end- 
of-life (EOL) criterion. In contrast, authors in [40] assume a constant 
BESS lifetime of 15 years.

4.3.3. Wind curtailed energy
The plot presented in Fig. 15 illustrates the impact of varying annual 

wind curtailed energy levels on both the net present value (NPV) and the 
internal rate of return (IRR), considering the BESS size of 4 MW / 4 
MWh. All other model parameters were kept constant. The NPV, rep
resented by the blue curve, corresponds to the left axis, while the IRR is 
represented by the orange curve and refers to the right axis. Based on the 
available hourly dispatching orders data sent by the transmission system 
operator (TSO) operating in the Italian wholesale energy market, five 
different wind curtailed energy scenarios are simulated. As reported in 
Table 2, the proposed case study considered a wind farm curtailed en
ergy of approximately 2.2 % per year.

As the percentage of annual wind-curtailed energy increases, both 
NPV and IRR exhibit positive trends, reflecting the enhanced financial 
performance of the BESS system. Specifically, the NPV increases steadily 
from approximately 58 k€ at 0.1 % annual curtailed wind energy to 
around 227 k€ at 8.1 %. Correspondingly, the IRR also shows an upward 
trend, rising from about 5.6 % to 7.4 % over the same range of curtailed 
energy. The plot further indicates that, with an increase in wind 

curtailment from 1.4 % to 8.1 %, the NPV grows by approximately 123 
k€, and the IRR improves by about 1.3 %. This outcome highlights the 
direct relationship between the extent of wind curtailment and the 
financial viability of the BESS. Additionally, these results are consistent 
with the notion that greater wind curtailment leads to more opportu
nities for the BESS to store excess energy, thereby improving its utili
zation and economic returns. In fact, the higher BESS utilization 
resulting from increased wind curtailment leads to a higher amount of 
energy discharged back into the grid, particularly during periods of high 
energy prices (peak periods). As a result, the revenue from energy 
arbitrage is significantly increased. This finding is further demonstrated 
by the text in black on the plot, which notes the number of cycles per 
year and the corresponding duration to reach the EOL criterion. 
Accordingly, at 8.1 % annual wind curtailed energy, the BESS is pro
jected to undergo approximately 440 cycles per year and reach its EOL in 
14 years. Conversely, at 0.1 % annual wind curtailed energy, the op
portunities for the battery to store excess energy are significantly 
reduced, in fact it is projected to undergo approximately 380 cycles per 
year and reach 72.4 % of remaining capacity after 15 years of opera
tions. A tabular representation of the NPV and IRR values at different 
annual wind curtailed energy shares is reported in Table 13.

Table 12 
Tabular representation of results illustrated in Fig. 14.

BESS charge/discharge efficiency [%] 70 75 80 85 90 95 100

NPV [k€] − 1364.69 − 1128.99 − 812.60 − 287.49 151.72 373.31 329.18
Average annual BESS cycles [cyc] 118.44 168.68 231.38 323.53 397.33 463.96 695.75

Fig. 15. NPV and IRR of the BESS investment as a function of different annual wind curtailed energy share. The text in black represents the remaining capacity of the 
battery, the number of years to reach its end-of-life, and the average annual number of cycles.

Table 13 
Tabular representation of results illustrated in Fig. 15.

Annual wind curtailed energy 
[%]

0.1 0.5 1.4 2.2 8.1

NPV [k€] 58.44 75.00 104.60 151.72 227.12
IRR [%] 5.64 5.82 6.14 6.64 7.43
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The trend observed in this sensitivity analysis of wind curtailed en
ergy is consistent with the findings presented in [40]. Specifically, in 
that study, the amount of daily wind curtailed energy was varied be
tween 5 % and 25 % in increments of 5 %. The results demonstrated that 
both the NPV and IRR increase at a higher rate as the level of wind 
curtailment rises. For instance, a 1 % increase in wind curtailment 
beyond 15 % led to an increase in NPV by £4 million and an improve
ment in IRR by 0.1 %.

Overall, this sensitivity analysis underscores the critical role of wind 
curtailment in determining the optimal performance and economic 
returns of a BESS. The findings suggest that the BESS becomes more 
financially viable as wind curtailment increases, with a higher NPV and 
IRR. This insight is essential for optimizing the integration of BESS into 
wind energy systems, particularly in regions where wind curtailment is 
prevalent.

5. Conclusion and future work

This work comprehensively analyzes the techno-economic viability 
of integrating a battery energy storage system (BESS) with an existing 
wind farm for grid-level wholesale energy arbitrage, particularly 
considering wind curtailment and battery degradation. By developing 
and implementing a mixed-integer linear programming (MILP) optimi
zation model, we have identified the optimal BESS size and scheduling 
operations that maximize the net present value (NPV) of such system in 
the Italian electricity market. This approach offers a robust and repli
cable methodology that can be adapted for similar applications in other 
regions and market conditions. Additionally, by adjusting the descrip
tive parameters of the storage technology, different solutions can be 
easily evaluated and compared with one another.

Our findings demonstrate that comparing different sizes of the BESS 
in terms of power and capacity, the highest economic benefit is achieved 
by integrating a 1-h and 2-h battery into the existing wind farm. The 
highest NPV of 152 k€ is achieved with a 1-h BESS of 4 MW / 4 MWh. For 
a 2-h configuration, the highest NPV of 142 k€ is reached with a BESS 
size of 2 MW / 4 MWh. This result is particularly relevant given the 
increasing interest in renewable energy integration and the critical role 
that energy storage systems play in enhancing the reliability and prof
itability of renewable energy projects. The study also shows that the 
optimal scheduling of the wind-BESS system is crucial for maximizing 
economic returns, highlighting the importance of advanced energy 
management strategies that can effectively respond to market signals 
and operational constraints.

The sensitivity analyses conducted as part of this study highlighted 
the critical role of key factors such as battery costs, efficiency, and wind 
curtailment on the profitability of the BESS investment. Specifically, we 
found that battery costs need to be reduced to below 325 €/kWh for the 
BESS integration project under investigation to be financially viable. 
This finding underscores the importance of ongoing advancements in 
battery manufacturing and economies of scale, which are essential for 
making energy storage more accessible and economically feasible. 
Additionally, maintaining high charge/discharge efficiencies was shown 
to be essential to achieving a positive NPV, with our simulations indi
cating that efficiencies below approximately 88–89 % would result in 
negative profitability, making the system financially unviable. This 
emphasizes the importance of battery efficiency improvements through 
technological advancements and optimized operational strategies. 
While these findings demonstrate the promising potential of integrating 
BESS into wind farms, it is also essential to recognize the existing limi
tations related to profitability. These limitations, primarily driven by the 
high costs of batteries and their efficiencies, were particularly evident in 
the sensitivity analyses. This balanced view underscores that, despite the 
positive prospects, the financial viability of BESS remains closely tied to 
overcoming these challenges, which future technological advancements 
must address.

Moreover, incorporating a cycle-counting degradation model within 

the optimization framework proved crucial for obtaining realistic prof
itability assessments. This model accurately accounted for the effects of 
battery ageing, which directly impacts the system’s economic returns 
over its operational lifetime. Without considering battery degradation, 
profitability evaluations could be overly optimistic, potentially leading 
to misguided investment decisions. Our analysis revealed that as the 
battery degrades, both the capacity and the annual net profit gradually 
decrease, underscoring the need for careful consideration of degradation 
in long-term financial projections. This also suggests that policies and 
incentives aimed at promoting battery storage should consider the long- 
term degradation effects to ensure that investments remain viable over 
the entire project lifecycle.

The research also highlights the importance of considering wind 
curtailment as a further opportunity for energy storage to directly 
enhance financial performance. The results indicate that higher levels of 
wind curtailment allow the BESS to store more excess energy, thereby 
improving its utilization and leading to higher NPV and internal rate of 
return (IRR). This relationship highlights the potential for BESS to 
mitigate the negative impacts of wind curtailment, making renewable 
energy systems more efficient and economically viable. This is particu
larly important in regions where grid congestion or limited transmission 
capacity leads to significant wind energy curtailment.

While this study offers valuable insights into the long-term profit
ability of integrating a utility-scale BESS with an existing wind farm, 
certain limitations should be acknowledged, and avenues for future 
work should be highlighted. Firstly, the proposed method assumes 
perfect foresight of wholesale energy prices and dispatching orders, 
which may not fully capture the uncertainty inherent in real-world op
erations. Incorporating stochastic optimization frameworks or robust 
decision-making approaches could enhance the reliability of the results, 
particularly in markets with high price volatility. Furthermore, the 
degradation model employed in this work is based on linear approxi
mations, which, while computationally efficient, may oversimplify the 
impact of factors such as cycle depth and temperature variations. 
Developing more detailed, non-linear degradation models would 
improve the accuracy of long-term performance and profitability esti
mates. Another limitation of this study lies in its focus on energy arbi
trage and wind curtailment mitigation. While these applications are 
fundamental in existent and future power grids, future work could 
expand the scope to include ancillary services such as frequency regu
lation, operating reserves, and demand response. Co-optimizing these 
services alongside energy arbitrage could uncover synergies and trade- 
offs that inform more comprehensive operational strategies. Addition
ally, this research does not consider hybrid storage solutions or 
emerging battery technologies that may provide enhanced performance 
or cost benefits. Exploring these technologies could unlock new oppor
tunities for optimization. Lastly, while this study focuses on the Italian 
electricity market, the findings may not fully generalize to other regions 
with differing market structures and regulatory environments. Extend
ing the analysis to other geographic contexts and examining the influ
ence of evolving policies, such as carbon pricing and renewable 
incentives, would provide a broader perspective on the economic 
viability of BESS integration. Experimental validation through field 
trials or laboratory-scale implementations could also strengthen the 
findings and provide practical feedback for refining the proposed 
methodology. By addressing these limitations and exploring these future 
directions, the integration of utility-scale BESS with renewable energy 
systems can be further optimized, contributing to a more sustainable and 
resilient energy future.
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