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ABSTRACT V

111 ), but their
eoies to manage

Swapping Station integrated with a photovoltalc power plan g improve economic
performance and energy management efficiency, goer linear programming

optimization model is developed to simulate yeagl0fg ope h 15-minute resolution
accounting for battery state-of-charge const p d@nand, electricity prices, and
photovoltaic generation. A real-world case s oint Operator in northern Italy
is used for validation. Results show that 11Yg shifts battery charging to low-
price periods, increases photovoltaic_self-c nd reduces total energy costs by
approximately 56% compared to a n i e. The proposed framework provides
anovel, practical tool for integratj itherencWable energy, supporting cost-effective and

sustainable deployment.
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, with an average annual growth rate of 1.7% [2]. Road transportation,
pproximately 2000 Mtoe annually, accounts for nearly 50% of total oil

ripled, raising sustainability concerns [3].

Electrification, particularly through the adoption of battery electric vehicles (BEVs), is
crucial for decarbonizing transportation. BEVs produce zero tailpipe emissions, and their
lifecycle emissions will continue to decrease as renewable energy sources (RES) play a larger
role in power generation [4]. Achieving the goal of limiting the global temperature rise to 1.5°C
requires EVs to account for 60% of total vehicle sales by 2030 [5]. The integration of EVs into
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the transportation sector offers numerous benefits beyond reducing GHG emissions. Electric
power as a transportation fuel eliminates tailpipe emissions, can be sourced from renewable
and non-emitting energy generation, and offers lower operating costs [6].

EVs utilize existing electric grid infrastructure for recharging, facilitating adoption.
Vehicle-to-Grid (V2G) technology allows EVs to serve as mobile energy storage units,
enabling energy to flow back to the grid during peak demand periods. This technology
contributes to load balancing, voltage regulation, and frequency stabilization [7]. Aligning EV
charging with periods of high renewable energy availability reduces curtailment and enhances
grid sustainability [8]. Socioeconomic benefits include enhanced national energy security by
reducing reliance on imported fossil fuels, noise reduction, improved air quality in cities, and
lower overall transportation costs [9].

options discourage adoption. Battery swapping emerges as an innovatif€
EVs to quickly replace depleted batteries with fully charged ones, red
alleviating range anxiety [12]. The battery swapping concept was f§
the Israeli company Better Place and later fully developed in China
While China already has a large network of Battery § i
infrastructure in Europe remains underdeveloped. As of ng
swapping stations worldwide, including 30 in Europe, ‘& ptc®in Northern Europe [13].
However, the company plans to expand its netwg sé@additional European countries:

potential alternative to conventional chargin he future [14]. BSSs provide fully
charged batteries in under five minutes iti '

7], BSS energy services can be classified into
dent System Operators [18]; utility services for
and battery storage integration [19]; and customer
arge reduction and increased photovoltaic (PV) self-

grid operators, including
services for enterprises

consumption.
To effectivel ygpd ervices, BSS operations must be optimally managed and
integrated into s i This requires accounting for variables like EV arrivals, energy

[20], the authors introduce a unified mixed-integer programming
ervice network design that integrates battery swapping and recharging

nstraints.

of [21] analyses PV hosting capacity in distribution grids with EV battery swap

statio er centralized and decentralized modes.

In this context, advanced optimization methods are critical for achieving optimal outcomes
[22]. The objective of this paper is to apply a mixed-integer linear programming (MILP)-based
optimization model for the year-round operational scheduling of a BSS integrated with a
photovoltaic power plant. The proposed framework aims to minimize total operating costs
while maximizing economic benefits by optimally managing battery charging, grid energy
exchanges, and PV self-consumption under realistic Italian electricity tariff structures. By
jointly modelling BSS operation, a conventional charging station, and photovoltaic generation,
the study seeks to provide a practical decision-support tool for Charging Point Operators
operating under real-world technical, economic, and regulatory constraints.



The study contributes to the United Nations Sustainable Development Goals, particularly
SDG 11 (Sustainable Cities and Communities) and SDG 13 (Climate Action) by supporting
the deployment of fast and reliable electric vehicle refueling infrastructure in urban
environments. Optimized load management and peak power reduction enhance grid resilience
and facilitate the integration of electric mobility within existing urban energy systems,
contributing to more sustainable and resilient cities.

In addition, the framework promotes climate action by increasing photovoltaic self-
consumption, reducing energy withdrawals from the grid, and shifting battery charging toward
periods with lower electricity prices and typically higher renewable energy availability. These
effects contribute to lower indirect greenhouse gas emissions associated with electric vehicle
operation and support the decarbonization of the transport sector.

Novelty and Contributions

Despite the growing literature on BSS and renewable energy integrati ortant
gaps remain. Most existing studies focus either on conventional E t1I0Ns or on
BSSs modelled as standalone systems, without jointly considering¥t on within a

shared grid connection. Moreover, many contributions rely o electricity price

assumptions, neglecting real tariff structures that include pow @ es, grid fees, and
time-varying market prices.
Compared to V2G and stationary storage integrati ieMthe proposed framework

e cons¥ints of battery swapping, which

explicitly accounts for the operational logic and sery
' dispatch.

[23]. While these approaches are efft ting and pattern recognition, they
typically require large training data i interpretability, and do not guarantee

provide a deterministic and tr
while explicitly accounting
MILP particularly suitabl
relevant like in the infjg

wegPnomic, and regulatory constraints. This makes
ind g problems where non-linearities are not particularly

BSSs and grid-conne@ ble cnergy systems.

In this conte it cogg Hution of this paper is the development of the comprehensive
MILP-based opt amework. By integrating high-resolution demand data, realistic
electricity battery operational constraints, the proposed approach provides
practical n§i i st reduction, load shifting, and renewable energy utilization for
Charging

e highlighted the significant advantages of integrating PV systems into
infrastructures, particularly regarding the reduction of greenhouse gas
the enhancement of system resilience [24].

B lly generating electrical energy from renewable sources, PV plants contribute to
strengthening the overall energy system, making it less susceptible to market price fluctuations
[25].

However, the inclusion of additional variables also increases system complexity, thereby
requiring the development of advanced tools and methods for effective management.

MATHERIALS AND METHODS

Problem definition

To optimally manage the energy flows within this system, a dedicated tool has been
developed, incorporating two optimization solvers as shown is Figure 1. Specifically, the tool
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employs a MILP approach to determine the optimal scheduling of battery charging and the
distribution of PV energy between self-consumption and grid injection, with the overarching

goal of maximizing total system revenues.

Input Data:
* Energy Demand CPO
*« Swap Demand BSS

¢ Price Sell Factors

Optimal Allocation of
* PVPlant Model SOLVER Swapped Batteries Charging

SELECTION Phase

Boundary Conditions (HPA/MILP) Optimal Management of PV

Energy Production

Optimization Variables

| OPTIMIZATION FRAMEWORK |

Figure 1. Optimj n Frilgewor®

Optimization method

An optimization problem typically cOfisM{s o ndamental components: an objective
function, a set of decision variables a sef\gf cOfistraints that define the feasible solution
space. The optimization algorith to detggrme the optimal value of the objective function
by assigning suitable values cisi@n variables while satisfying all the imposed
constraints [26].

In the context of heuri
suboptimal soluti#ns &

On the other % R techniques are iterative optimization methods that, compared to
heuristic-ba§ed “alg® @6, typically require higher computational resources. Nonetheless,
MILP aphgoghes supported by robust solvers and solid mathematical foundations, which
iaPility and guarantee optimality within a well-defined tolerance.

a MILP model has been implemented in Python through the PuLP library

in ider programming environment [28]. The model is solved using the GLPK solver.
It sefected due to its robustness, transparency, and suitability for large-scale linear
optimi1 n problems. The formulation is solver-independent and can be readily implemented
using commercial solvers such as Gurobi or CPLEX if available. All simulations were
performed on a standard workstation equipped with an Intel® Core™ i7 processor (3.2 GHz)
and 16 GB of RAM. The year-long MILP optimization with 15-minute resolution was solved
within a few minutes of computational time, demonstrating the practical feasibility of the
proposed approach for operational and planning applications.

ristic techniques, their application to energy system
jvely documented in the literature. However, their main
do not guarantee global optimality and may converge to

Objective function. The objective function of the proposed optimization problem is to
minimize the total annual operating cost of the integrated system, including energy purchase costs,
grid power demand charges, and revenues from photovoltaic energy injection into the grid.
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0.F.= min {Pp F, + ZNl |Eg () - (B (D) + Fpe(©)) = PVin (i) - Fm,-(i)]} (1)

Where i is the timestep, P, [k W] the peak power demand during the billing period, F), [€/kW]
the peak power fee, E,¢(i) [kWh] the energy withdrawn from the grid at timestep i, Fe(i) [€/kWh]
the price of energy withdrawn from the grid, Fe.(i) [€/kWh] the grid fee for withdrawn energy,
PVini(i) [kWh] the energy injected into the grid at timestep i and Fiy;(i) [€/kWh] the price of
energy injected into the grid. The objective function consists thus of two main components.
The first is the power cost, which refers to the cost associated with the maximum gfntracted
power that can be supplied by the electrical grid. The second component is the SRgrgypcost,
which is the cost related to the energy drawn from or injected into the grid time
step. This cost is calculated by multiplying the energy by its price.

tablish
xed-Integer
Linear Programming (MILP) problems, these constraints Cqualities or
inequalities. For this optimization problem, constraints inc gy balance and battery
operations. The energy balance constraint ensures that gmd"g alotoVoltaic supply, and
battery charging/discharging match energy demand at ea€  stgp. Battery constraints limit
charge/discharge power and enforce state of charge (SOC) Wy Protect battery lifetime.

N

N
(B, + PYi()) = Z

L

ptiod. Itggtates that the sum of electricity drawn from the
wer plant (PV(i)) must equal the total energy

0= PBdh(i) =< Poyax “)

charge-discharge efficie »@ )
QQ W< Py (D) < Pyria(D) 3)

% 0 < Bgoc(i) < Be (5
% Bsoc(i) = Bsoc (i — 1) + Bey (i) — Ban (i) 6)
Ban(1) = Bswap (i) (7
PV (i) = PV,(i) + PVi; (i) (8)

Eq. 3 limits the battery charging power (Pgcr) to not exceed the power delivered by the grid
(Pgria). Eq. 4 limits the battery discharging power (Pgar). Eq. 5 ensures the state of charge of
the battery (Bsoc) remains within the allowable range, preventing overcharging and over-
discharging. Eq. 6 describes how SOC changes with charging and discharging at each time
step. Battery charging and discharging processes are modelled using constant efficiencies
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assumed to be equal for all batteries and constant over time. A round-trip efficiency is assumed
and split equally between charging and discharging phases. Battery degradation effects are not
explicitly modelled, as the focus of this study is on short- to medium-term operational
optimization rather than lifetime degradation.

Eq. 7 states that a swap order results in a fully charged battery being exchanged with a
drained one, decreasing the overall SOC of the battery stack. Eq. 8 is the energy balance
constraint over the total PV production that must equal the sum of the PV energy delivered to
the load (PV7) and to the grid (PViy)).

Optimization variables — MILP formulation. The optimization variables determine the final

Symbol Description
E, (i) Energy withdrawn from the grid at time
step 1
PVip; (i) Energy injected into the grid at timd&g

PV (D)
Bch (’-)
Ban (D) >
Bsoc(i) % [SOChin,
SOCmax]
P, kW >0
E, €/kW Given
F,(i) €/kWh Given
Fye (i) €/kWh Given
Fip (D) €/kWh Given
Pg,,, ())—Pg 5, (1) kW Given
Case study
The modgl was n a case study involving a CPO planning the installation of a new
charging alofgside a 500 kWp photovoltaic (PV) power plant near an existing BSS.

ion includes four high-power chargers; each rated at 100 kW. The nearby
ith 21 battery slots, enabling swaps in under five minutes and supporting the
ore than ten batteries per hour. To meet peak power requirements, the BSS is
o the grid with a 600-kW capacity, operating around 50 battery swaps per day. The
overall system configuration is shown in Figure 2.

Journal of Sustainable Development Indicators 6
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Figure 2. Energy System Configuration
Charging Point Operator (CPO) Model. Figure 3 illustrates the rgy demand
profile of the charging station, where multiple vehicles may concugg ore charging
points. While the original dataset contains quarter-hourly d > year, the graph
presents the average and maximum power demand for each of a representative
day, providing a clearer view of demand dynamics. The , and curve indicates low
power consumption during nighttime hours (1:00 AM-6: ¢ owed by a gradual rise in
the early morning. Demand increases significantl and reaches its highest levels
between 12:00 PM and 3:00 PM, when up t may charge simultaneously. The
maximum demand curve captures fluctuati Obth the number of active charging
sessions and the maximum power drawn dugh the theoretical upper limit is 400
kW, this level is seldom reached, suggﬁg t acity charging events are relatively rare.
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Figure 3. Mean and maximum values for charging station power demand

Battery Swapping Station (BSS) Model. The literature was reviewed to support the key
assumptions regarding the operational behavior of the Battery Swapping Station (BSS), to
develop an appropriate operational model, and to evaluate battery availability under typical
daily conditions. The review first aimed to identify the periods of peak activity when battery
swaps are most likely to occur [29]. The main assumptions concern the distribution of daily
swaps [30] and the energy required for recharging the batteries.

Journal of Sustainable Development Indicators 7



A representative daily swap pattern reveals low activity during the early morning hours,
increasing before noon, peaking in the afternoon, and then gradually declining until a secondary
peak occurs around 9—-10 PM. Figure 4 illustrates this pattern, showing that swaps generally
start around 7 AM, with minimal or no activity overnight due to station closures or reduced
demand. The figure also presents the average hourly electricity price for the years 2020-2024,
computed using Eq. 15 by averaging the hourly recorded prices across the entire period.
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jately
after each swap to ensure continuous availability. The total daily energy req 50
swaps is estimated to range between 2500 and 2800 kWh, correspond
approximately 55 kWh per swap. This estimate is based on a typical h b&ygery, such as
that used in a fully electric SUV [31], with the State of Charge (SOQ acd between 20%
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e BSS was simulated using a linear programming algorithm designed to
uests to available batteries while optimizing overall power demand. The main
to determine the minimum number of batteries required to satisfy daily swap

SS operation by minimizing peak power drawn from the grid while ensuring that
all daily battery swaps are fulfilled. It evaluates the trade-off between the number of batteries
and the peak grid demand: a smaller battery stock leads to higher peak demand due to
concurrent charging requirements, whereas a larger number of batteries reduces peak demand
but increases infrastructure and investment costs.

The model was developed based on the following assumptions:

o No swaps between 12:00 AM and 08:00 AM.
e Batteries in the BSS have a total capacity of 100 kWh, typical of a full electric SUV.
e Batteries are numbered from 1 to the total number (13 or 21) and swapped sequentially,



when the last available battery is reached, the counter is restarted.

e Energy provided with each swap is on average 55 kWh ranging between 50 kWh and
60 kWh.

e Maximum battery charging power is 60 kW, so a battery can be charged and be
available to swap in around 1 hour.

e A maximum of 2 swaps can be performed in a 15-minute period (8 per hour).

The model was subsequently executed multiple times with swap requests randomly
distributed over the day. This stochastic approach was adopted to validate the robustness of the
BSS operation, ensuring that performance remained consistent regardless of the specific
characteristics of the swap demand curve.

existing BSS configurations, one with 13 batteries and another with 21 battefit
were then compared to assess the benefits of additional batteries in mitigating
demand.

It was observed that for low daily swap volumes (below 40 swap
power demand was nearly identical in both configurations. This i
number of batteries does not provide any tangible advantage, a;

is only valid if swap events are evenly
power would be required to maintai
When the daily swap count exge
45 kW of power to sustain o
emerge due to the maximu
increase or additional bat
batteries becomes evidemt, s
smoother power dis @ . 1N
configuration cangsmgonge

er hour, necessitating either a significant power
y swaps exceed 50, the advantage of having more

intance, with an installed power of 300 kW, a 13-battery
ately 80 swaps per day, whereas a 21-battery configuration

over YPhgwaps.
h@gd, experiments with an 8-battery setup showed that up to 30 daily swaps
can be acgicked with Te@#ly the same power demand, while 40 daily swaps require around 150
cap@icity. Moreover, with sufficient grid power, a high number of swaps can
en with a relatively small number of batteries. For example, a 13-battery
nected to a 450-kW supply can support more than 130 swaps per day. This
ts that the redundancy in the number of available batteries is relatively low,
ss than 10% of the total circulating batteries, and even lower when considering that
the average user performs only a few swaps per month.

In this study, the selected BSS model features 21 battery slots and enables battery swaps in
under 5 minutes, supporting the charging of more than 10 batteries per hour. Accordingly, such
installations are designed with a 600-kW grid connection capacity. The maximum and average
daily power demand profiles for the BSS are illustrated in Figure 6.
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\Mge daily power demand for the BSS and the charging station

The photovoltaic (PV) system was modelled according to [32],

est Conditions (STC) and a peak power of 410 W [33]. The DC power
8ystem was computed using Eq. 16, where G is the solar radiation and 7,

PPV(DC) =77c"4eff'G (10)

Ppy (AC) = Ppy(DC) - npos (11)
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Data sources

The optimization model is based on multiple data sources. Photovoltaic generation profiles
are derived from standard PV performance models using site-specific irradiation data.
Charging station load profiles are based on measured or representative operational datasets
with quarter-hourly resolution. Battery swap demand patterns follow distributions reported in
the literature for typical BSS operation. Electricity prices correspond to historical hourly
wholesale market data, while grid and management fees are based on regulated Italian tariff
structures. All datasets are processed to ensure consistency with the adopte mporal
resolution.

RESULTS AND COMMENTS

To validate the model, it was applied to a case study of a CPO based in fiQ eeking
to expand its network by installing a new BSS near its existing g 5 es. Table 1
outlines the main features of the current charging station scenarid 2 resents a

detailed description of the BSS configuration.

and ~ Annual energy demand
[kWh]

634,386.00

Table 2. Charging station - case

Daily charging Charging Installed power
sessions points [kW]

60 4 40

Table 3!

Battery =~ Max Swaps per
Slots Hour

50 10

led poyve Peak demand  Annual energy demand
] (kW] [kWh]

376 826.588

Table 3 outlines
management. Thegeein®

D

lian end users must pay for energy, grid access, and
iable energy fee that depends on the energy withdrawn, a
g contracted power, and a fixed management fee covering both
ices.

Table 4. Energy, Grid and Management Fees

Power Energy Fee Grid Fee Management Fee
[€/kWh] [€/kW/Month] [€/POD/Month]
P= 100 UNP 2.65 36.41
100 <P <500 UNP 2.38 32.77
P> 500 UNP 2.09 31.66

The grid and management fees are regulated by the Italian Regulatory Authority for Energy,
Networks and Environment (ARERA) [34], whereas the energy fee is linked to the Prezzo
Unico Nazionale (PUN), or Unique National Price (UNP), the wholesale electricity reference
price on the Italian Power Exchange (IPEX) [35]. he UNP is provided as an hourly value; in
this study, the average hourly UNP for the years 2020-2024 has been considered, and its trend
is illustrated in Figure 4.



Assuming that integrating a BSS with the existing charging station under a shared grid
connection can enhance load balancing, improve power utilization, and reduce peak capacity
requirements, the combined energy demand of the charging station and the BSS has been
adopted as the load profile for the optimization process, as shown in Figure 7.

In this framework, the power demand profiles of the charging station and the BSS were
summed to generate a single aggregated profile, which serves as the input for the optimization
algorithm. The resulting aggregated demand exhibits a distinct afternoon peak, while nighttime
demand remains minimal due to the absence of swaps and the limited number of charging

requests.
This pattern creates an opportunity to store energy during off-peak nighttime hours, thereby
mitigating afternoon and evening demand peaks, periods typically associated with hg@her grid

loads. Consequently, this strategy enables potential cost savings, as energy prices afqgengrally
lower during the night.

700 4 —e— BSS + CPO Demand Mean Values 7“‘ 2 x iy
-~ BSS + CPO Demand Max Values 5 3‘x" X*
600 - y"%
= 500 A
z
— 400
5)
2 300 -
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200 A
100 A
0 L T T T T T T T T T T T T
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Figure 7. Aver mbi emand of the charging station and a BSS

The optimization p
minute intervals. T
computational tragsalyi

The optimi erformed using year-long demand, price, and photovoltaic
generation . scasonal effects to be inherently captured. Differences in solar
availabilj del e/ price patterns across seasons influence the absolute magnitude of
i 1, tile relative benefits of load shifting, peak power reduction, and increased

remain consistent throughout the year. This confirms the robustness of
oach under varying seasonal conditions.
ting expenses depend on the considered UNP, as illustrated in Figure 4, together
osts, determined by the maximum contracted power, and the management fees
reported 1n Table 3.

Figure 8 presents the simulation results based on the UNP for the year 2024. The outcomes
indicate a significant shift in energy demand toward nighttime hours, corresponding to lower
electricity prices, and a marked reduction in the energy withdrawn from the grid. The
optimization algorithm adjusts the charging phase of the swapped batteries, increasing energy
absorption during periods of low prices.

Figure 10 compares the original and optimized power demand profiles alongside the
photovoltaic generation curve, highlighting the PV system’s contribution to meeting the total
energy requirements. The amount of PV energy directly supplied to the load is influenced by

out using year-long demand data, discretized into 15-
solttion is adopted to balance modelling accuracy and
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the selling price of electricity. It can therefore be inferred that lower selling prices make self-
consumption economically more advantageous.

500

—e— OQOriginal Demand : . L 140 —
400 4 -+ Shifted Demand S
Demand Reduction
300 - Demand Inc:re.g‘ils‘?

------- Energy PIjiC:e

fDémana W’_shift:
'43.6% -

- 120

S o
Energy Price [€/

— N
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I
©
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Average Power Demand [kW]

0
QQ
Figure 8. Average and maximum daily combined f thaAgPO and the BSS after the MILP
optimization. The baseline scenario refers to n Moperation. The optimized scenario
The results demonstrate that the opti m effectively enhances the utilization

tput directly to the system load, while
tegy maximizes total revenue from PV

of renewable energy by allocating
exporting surplus energy to t
generation.

The total cost obtaine P optimization are reported in Table 5. These
findings highlight the ec ational benefits of integrating energy storage and
load-shifting strategl g idate the robustness and effectiveness of the MILP
approach in optlmlzl g

§)Q
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Table 5. Annual cost comparison between base 0 ized operation

Cost component Variation
Energy cost —55%
Peak demand cost —45%
Revenues PV
To assess the robustness of’ timization framework and the transferability of

d on the installed photovoltaic (PV) capacity. In
em of 700 kWp was evaluated. Increasing the PV

the results, a sensitivity analys

reduction in energy om the grid and higher revenues from PV energy injection.
Conversely, po although significantly reduced through the optimization
process, exhibit § amgbility, as they are less sensitive to changes in PV capacity than
energy-rela oS e findings, listed in Table 6, confirm that, while the magnitude of
economi ings Chds on site-specific conditions, the proposed optimization framework
remaigs. ¢ andl robust across different system configurations.
: : Table 6. Sensitivity analysis results
PV PV Energy injected PV Energy delivered  Energy Costs Power Costs
[kWp] into the grid to the load reduction reduction
500 37% 63% 55% 45%
700 43% 57% 48% 47%

To facilitate comparison and improve the generality of the results, a normalized
performance indicator was introduced alongside absolute economic savings. This indicator
allows the assessment of the optimization benefits independently of site-specific scale effects
and enable comparison with other studies and deployment scenarios.



The economic benefit was normalized with respect to the total annual energy demand. The
optimized configuration achieves an average cost saving of 71 €/ MWh in case of 500 kWp PV
plant and 93 €/kWh in case of 700 kWp PV plant, highlighting the effectiveness of the proposed
strategy independently of total consumption levels.

Moreover, although the case study focuses on the Italian electricity market, the proposed
methodology is fully transferable to other European contexts. Differences in electricity price
volatility, power demand charges, and feed-in remuneration schemes are expected to influence
the magnitude of economic benefits, but not the overall effectiveness of the optimization
strategy. In markets with higher price spreads or stronger incentives for self-consumption, the
value of load shifting and PV integration may be even greater, whereas flatter tariff structures
may reduce, but not eliminate, the advantages of coordinated BSS operation. The ga#del can
be readily adapted by updating tariff inputs and regulatory parameters.

CONCLUSIONS

This study presents a comprehensive optimization framework for the§ ; ration
of a Battery Swapping Station (BSS) integrated with a photoylta ystem. By
incorporating real-world operational constraints, hourly electricity generation
profiles, the proposed methodology demonstrates strong p hance both the

ped to optimize BSS
oM constraints. Simulation

operation while accounting for time-varying energy pri g
hlighting the model’s ability to

results show substantial economic and operational hesg

PV capacity, the optimized strategy reduces
50% compared to a non-optimized baselj
addition, the coordinated operation of th
peak grid power demand, reducin
utilization of the existing grid congedgion.

A real-world case study of
the practical applicability o
displacement of energy deff
enhanced alignment bg
utilization. Overall, § & confirm the economic and environmental advantages of
integrated BSS— ‘ ported by advanced operational optimization.

Poifit Operator (CPO) in northern Italy demonstrates
se ework. Load-shifting results indicate a marked
chttime periods with lower electricity prices, while
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