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Abstract

An increasing penetration of distributed energy resources and electrification-driven peak
demand pose significant challenges to distribution networks, often resulting in voltage
violations and congestion. This paper presents a multi-stage optimization framework that
enables battery storage unit (BSU) to act as a flexible non-wire alternative to traditional
grid expansions conducted by Distribution System Operators (DSO), but also helpful for
Transmission System Operators (TSO). The proposed method integrates a mixed-integer
planning model with a quadratically constrained, second-order-cone–relaxed, AC optimal
power flow to determine the optimal siting and sizing of battery storage. Representative
operating days are obtained through clustering, while the operational optimization model
evaluates battery participation in energy and reserve markets under network constraints.
The value of flexibility the DSO procures from an independently-owned battery storage
unit is determined as the opportunity cost of providing this flexibility as opposed to taking
part in the fast reserves and day-ahead energy markets. The results obtained offer valuable
information when weighing the decision between network expansion and alternative
strategies and determine the price of flexibility that the DSO can offer to an independently
owned storage unit. The results confirm that battery storage can defer network investments
while providing transparent and economically justified flexibility remuneration. The
proposed framework is implemented sequentially, with strong coupling between planning
and operational stages through physical constraints and economic signals.

Keywords: battery storage; distribution network; flexibility; congestion management;
investment deferral

1. Introduction
1.1. Motivation

Distribution networks are traditionally characterized as energy sinks with foreseeable
load curves, whose security is achieved by often excessive investments and upgrades. With
the process of electrification of other sectors, i.e., heating and transportation, both the peak
loads and the overall electricity consumption increases [1]. On the other hand, the ongoing
energy transition puts even higher pressure on the distribution networks, which accommo-
date more and more distributed flexible assets, primarily renewable energy sources (RES),
energy storage and demand response resources, jointly referred to as Distributed Energy
Resources (DER).
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These two processes result in greater uncertainty and higher spread between peaks
and valleys of the net load curves in distribution networks, causing extreme voltage levels,
both high and low, thermal violations and bidirectional power flows [2]. These issues
cannot be effectively solved using the traditional fit-and-forget approach based solely on
network upgrades.

Instead, more active approaches based on flexibility provision and coordinated op-
eration of distributed energy resources are required to ensure secure and economically
efficient system operation. DERs should be controlled and operated in a way to reduce the
need for economically unsound network upgrades, however, they should be appropriately
remunerated for such services. Hence, market mechanisms such as the day-ahead market
(DAM) and the primary control reserve (PCR) are widely regarded for the model proposed
in this paper.

Indeed, Sun et al. argue that shared storage models in PV-ES projects within incremen-
tal distribution networks significantly improve investment returns while reducing carbon
emissions and increasing renewable energy integration [3]. Legislative bodies strongly en-
courage Distribution System Operators (DSO) to embrace flexibility procurement methods
to secure safe and reliable power supply. At the European Union (EU) level, RePowerEU
Plan [4] is one of the latest EU directives that strives to accelerate the energy transition,
emphasizing flexibility services and the active role of DSOs.

The main reason for including DERs in distribution network operation is higher
efficiency and avoidance of long construction times. It is important to note that the market
acts in European countries, e.g., [5,6], forbid the DSOs to own, develop, manage or operate
energy storage facilities, with possible exceptions only for rather specific cases. This
regulatory constraint shifts the role of the DSO from direct asset ownership to planning
and procurement of flexibility services from third-party providers.

This paper develops a methodology that determines the price of providing network
services during a limited number of time periods throughout the year. The overall cost
of flexibility in the long run should be lower than the network upgrade costs to the DSO,
while remaining attractive to the flexibility provider, in this case battery energy storage. As
the reservation of capacity and specific operating regimes at specific times limit the battery
storage and cause opportunity costs, the DSO needs to at least match the revenue lost in
the energy and reserves markets. Procuring flexibility at critical time periods emerges as a
rational choice, particularly when such events are infrequent, rendering network expansion
financially unsustainable due to its underutilization.

To address this challenge, this paper introduces a structured multi-stage approach
from the perspective of a DSO. In the first step, the DSO solves the optimal siting and
sizing problem of a battery storage unit that provides flexibility to the network during
the hours of need. The second step derives representative days based on a clusterization
technique, while the final step solves an operational problem with the primary objective of
determining the value of procured flexibility, which can then be offered to profit-oriented
players who provide the flexibility services.

1.2. Literature Review

To address the challenges of integration of high share of RES and provide end con-
sumers a secure power supply, DSOs should assess the ability of their network to accommo-
date new loads and DERs, and investigate the available options to ensure safe and reliable
power supply in the coming years.

Hosting capacity is a widely accepted term that denotes the total capacity that can be
accommodated in a given network feeder without adversely impacting voltage, protection,
and power quality and without the need for feeder upgrades or modifications [7]. Voltage
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violations are the dominant limiting factor found in the literature [7,8]. Several papers have
been published on this topic, dealing mostly with photovoltaic (PV) and electric vehicle
(EV) hosting capacity, generally acknowledging that battery storage increases the hosting
capacity [9]. Different authors present various approaches that can generally be divided
into deterministic, stochastic, and optimization-based approaches [10].

Deterministic approaches rely on known load and generation values and typically
evaluate hosting capacity through iterative simulations. Stochastic approaches incorporate
uncertainty through probabilistic modeling techniques [11], most commonly based on
Monte Carlo simulations [12,13]. Optimization-based methods rely on solving an opti-
mization problem with an objective function such as maximization of the active power
injection of DERs, while ensuring technical and economic constraints are satisfied. The most
dominant approaches include AC (and DC) optimal power flow (OPF) [14], particle-swarm
optimization [15,16], and genetic algorithms [17].

While these approaches provide valuable insights into network performance and
hosting capacity, they predominantly focus on technical optimization and often assume
storage units to be owned or controlled by the DSO. Besides observing DERs from the
network perspective, it is equally important to observe them from the investors’ perspective,
as the investment should return the desired yields [18,19].

Investment problems are generally complex and require large amounts of data. There-
fore, historical load profiles are often grouped using clustering techniques to reduce com-
putational complexity while preserving accuracy [20–24].

Existing studies provide valuable insights into hosting capacity assessment, battery
siting and sizing, and optimization-based network analysis. However, they predominantly
focus on technical performance metrics and often assume storage units to be owned or
directly controlled by the DSO.

As a result, the economic interaction between market-driven battery operation and
distribution network constraints remains insufficiently explored. In particular, limited
attention has been given to profit-oriented battery storage units that primarily participate
in electricity markets and provide grid support only when economically incentivized.
Moreover, existing approaches rarely quantify the economic value of flexibility as an
explicit opportunity cost resulting from constrained operation.

To address this gap, this paper proposes a multi-stage optimization framework that
links battery storage planning with market-based operation under full AC network con-
straints. The framework explicitly quantifies the value of flexibility as the difference be-
tween unconstrained and network-constrained operation, thereby providing a transparent
and practically applicable basis for flexibility procurement in distribution networks.

1.3. Policy and Market Context for Battery-Based Flexibility Provision

The deployment and utilization of battery energy storage systems in distribution
networks are strongly influenced by the prevailing policy framework and market design.
While the proposed methodology focuses on techno-economic optimization, its practical
applicability depends on regulatory conditions that define the roles, responsibilities, and
remuneration mechanisms for flexibility providers.

In many regulatory frameworks, Distribution System Operators are restricted from
owning and operating storage assets, which requires the procurement of flexibility ser-
vices from third-party profit-oriented battery operators [25]. This regulatory separation
underscores the importance of transparent valuation mechanisms, such as the opportunity-
cost-based flexibility assessment proposed in this work.

Market mechanisms also play a critical role in determining the availability of battery
flexibility. Day-ahead energy markets and ancillary service markets, such as primary
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control reserves, represent the most common revenue streams for battery storage today.
Network constraints that limit participation in these markets directly affect investment
incentives and operational strategies [26].

Therefore, accurately quantifying the economic impact of network constraints on
battery operation is essential for designing effective flexibility procurement mechanisms.

From a policy perspective, the proposed approach supports ongoing regulatory devel-
opments aimed at integrating flexibility markets at the distribution level, enabling DSOs to
address local congestion through competitive and technology-neutral mechanisms [27].

Overall, the inclusion of policy and market considerations highlights that the ef-
fectiveness of battery-based non-wire alternatives is not solely determined by technical
feasibility, but also by the alignment between network needs, market incentives, and
regulatory constraints.

1.4. Paper Contribution and Structure

This paper proposes a multi-stage optimization framework that links battery storage
planning, operation, and market participation under distribution network constraints.
Table 1 gives a short comparison of the proposed approach with related studies.

The main contributions of this paper are summarized as follows:

• Optimal siting and sizing of battery storage from a DSO planning perspective under
network constraints.

• A market-based operational model including participation in day-ahead and reserve markets.
• A novel definition of flexibility value based on opportunity cost.

Table 1. Comparison of the proposed approach with related studies.

Study Focus Network Market Flexibility Value

Boonluk et al. (2020) [16] Siting/sizing Simpl. No Not considered
Gomes & Ferreira (2018) [17] Hosting cap. Simpl. No Not considered
Pandžić et al. (2018) [18] Investment AC Energy Implicit
Vicente-Pastor et al. (2019) [28] TSO–DSO AC Flex Welfare-based
This work Plan. + Oper. AC-OPF DAM + PCR Opp. cost

Unlike most existing studies, the proposed approach explicitly captures the economic
interaction between market-driven battery operation and distribution network constraints,
providing a transparent basis for flexibility valuation under realistic regulatory conditions.

The rest of the paper is structured as follows. Mathematical formulation of the model
is given in Section 2, while the case study and results are presented in Section 3. The final
conclusion and further research thoughts are given in Section 4.

2. Mathematical Formulation
The proposed methodology is formulated as a multi-stage optimization problem aimed

at determining the optimal siting, sizing, and operation of battery storage units within a
distribution network. In the first stage, the objective is to identify the optimal location and
capacity of the battery storage system to ensure network feasibility under all operating
conditions. The decision variables include the battery location, power rating, and energy
capacity, while the constraints are defined by AC power flow equations, voltage limits,
and equipment capacity limits. The optimization framework and simulations presented in
this study were implemented in the Python programming environment using the Gurobi
Optimizer mathematical optimization solver. The optimization problem was solved using
the Gurobi Optimizer version 12.0.2 under an academic license for non-commercial research
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purposes. Computations were performed on a workstation equipped with an Apple M2
Pro processor running macOS Darwin 25.3.0.

In subsequent stages, the operational behavior of the battery is optimized with and
without network constraints to quantify the economic value of flexibility. The objective
functions in these stages aim to maximize the battery’s market-based revenue while respect-
ing network constraints and technical limitations. A detailed mathematical formulation of
the problem is provided in Section 2.2.

2.1. Nomenclature
2.1.1. Sets and Indices

N Set of nodes, indexed by i and j
T Set of time steps, indexed by t

2.1.2. Parameters

L Number of available BSU sites
M A large constant used in big-M formulations
Pgen,max

i Maximum active power output of generator i (kW)
Pgen,min

i Minimum active power output of generator i (kW)
Qgen,max

i Maximum reactive power output of generator i (kVAr)
Qgen,min

i Minimum reactive power output of generator i (kVAr)
Rij Line resistance between node i and j (Ω)
Umax

i Maximum squared voltage magnitude at bus i (V2)
Umin

i Minimum squared voltage magnitude at bus i (V2)
Xij Line reactance between nodes i and j (S)
Pi Maximum charging and discharging power of a BSU at bus i (kW)
pload

i,t Active load at bus i in time period t (kW)
λDA

t Day-ahead market price at time t (€/MWh)
λPCR

t Primary control reserve price at time t (€/MW)
ϕ Duration (number of time steps) during which the PCR service remains active
πcap BSU capacity cost (€/kWh)
πch BSU charging power cost (€/kW)
πdch BSU discharging power cost (€/kW)
πch,fast BSU fast charging power cost (€/kW)
πdch,fast BSU fast discharging power cost (€/kW)
πsite Fixed cost for establishing a new BSU site (€)

2.1.3. Variables

cDAM
i,t Day-ahead market revenue at bus i at time t (€)

cPCR
i,t Primary control reserve revenue at bus i at time t (€)

chi,t Charging power of the BSU at bus i at time t (kW)
chDA

i,t Charging power from DAM for BSU at bus i at time t (kW)
dchi,t Discharging power of the BSU at bus i at time t (kW)
dchDA

i,t Discharging power to DAM for BSU at bus i at time t (kW)
emax

i Battery capacity of the BSU installed at bus i (kWh)
iij,t Squared current flow between nodes i and j at time t (A2)
nfast

i,t Fast charging and discharging power of the BSU at bus i at time t (kW)

nq1
i,t Auxiliary variable for reactive power constraints at bus i at time t

nq2
i,t Auxiliary variable for reactive power constraints at bus i at time t

pij,t Active power flow from node i to j at time t (kW)
pbatt

i Charging and discharging power of the BSU at bus i (kW)
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pgen
j,t Active power generated at bus j at time t (kW)

pPCR
i,t Reserved power for PCR by BSU at bus i at time t (kW)

qij,t Reactive power flow from node i to j at time t (kVAr)
qbatt

j,t Reactive power output of the BSU at bus j at time t (kVAr)

qgen
j,t Reactive power generated at bus j at time t (kVAr)

soei,t State of energy of the BSU at bus i at time t (kWh)
uj,t Squared voltage magnitude at bus j at time t (V2)

xDA
i,t

Binary variable indicating whether BSU at bus i is charging (1)
or discharging (0) at time t

xgen
i,t Binary variable indicating generator status at bus i at time t

xsite
i Binary variable indicating if a BSU is installed at bus i

2.2. Algorithm

The proposed methodology is based on a multi-stage optimization framework de-
signed to support distribution system operators in assessing and mitigating network
congestion. In the first stage, a multi-temporal AC optimal power flow is solved without
battery support in order to evaluate the feasibility of network operation and to identify
congestion-prone periods under realistic load and market price profiles. This baseline
assessment allows the detection of critical operating conditions and provides quantitative
indicators of voltage and loading violations. Building on this analysis, the second stage
addresses the planning aspects of battery deployment from the DSO perspective by solving
the optimal siting and sizing problem for battery storage units. This step determines the
locations and capacities required to provide effective flexibility support to the network. It
should be emphasized that the DSO does not directly invest in or own the battery storage
units, but uses the proposed optimization framework to identify optimal locations and
required capacities for flexibility procurement from third-party providers. The results
also provide insight into the potential commercial viability of battery storage investments
and support the design of tendering procedures. To reduce computational complexity
in the subsequent operational analysis, a clusterization procedure is applied to identify
representative days that capture the dominant network stress patterns. The representative
days are used to approximate the full annual operation, where each day is assigned a
weight corresponding to its frequency of occurrence, allowing for an accurate estimation of
annual results without solving the full time-series problem.

In the final stage, the optimal operational strategy of the battery storage system is
derived for each representative day, both with and without network constraints. This stage
jointly considers energy arbitrage, reserve provision, and voltage constraints, enabling
a direct comparison of system performance and quantification of the value of battery
flexibility in alleviating network violations.

The proposed algorithm is illustrated in Figure 1.
Although the methodology is implemented as a sequence of optimization steps, the

framework is integrated through the consistent transfer of decisions and constraints be-
tween stages. In particular, the planning results define the feasible operational space, while
the operational optimization determines the economic value of flexibility, thereby provid-
ing a direct link between planning and market-based operation. The proposed approach
differs from existing two-stage planning and operation models for battery energy storage
in several key aspects. While prior studies typically embed storage siting and sizing within
a joint cost-minimization framework—often coupled with demand response programs and
primarily applied to meshed network structures—the methodology proposed in this work
is explicitly congestion-driven and feasibility-oriented, with a focus on radial distribution
networks operating under investment constraints. In particular, a multi-temporal AC opti-
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mal power flow is first solved without battery support in order to assess the feasibility of
network operation and to identify congestion-prone periods and voltage violations under
realistic load and market price profiles. This feasibility-first baseline assessment directly
informs subsequent planning decisions and links battery siting and sizing to physically
observed network infeasibilities rather than generic economic indicators. Moreover, the
operational value of battery flexibility is quantified by deriving optimal battery operation
strategies both with and without network constraints. This comparison enables a direct
assessment of the contribution of battery storage to congestion mitigation and voltage
support, which is not explicitly addressed in conventional two-stage planning models. By
focusing on radial distribution grids and DSO-oriented decision-making processes, the
proposed framework complements existing approaches that predominantly target meshed
networks and market-oriented applications.

Figure 1. High level steps of the proposed method.

Flexibility is defined as the capability of the battery storage system to deviate from
its profit-maximizing operating schedule in order to support network operation under
technical constraints. In this work, the value of flexibility is quantified as the corresponding
economic opportunity cost, i.e., the difference in achievable profit between unconstrained
market-driven operation and network-constrained operation.

The economic model considers day-ahead market (DAM) prices as the primary rev-
enue source for the battery storage system, while reserve services are included as a potential
additional market. Reactive power support, however, is not remunerated within the con-
sidered framework and is treated as a mandatory service imposed by network constraints.
As a result, the provision of reactive power reduces the available capacity for active power
dispatch and thus indirectly impacts the battery’s market revenue. This effect is captured
in the model as part of the opportunity cost associated with flexibility provision.

Model Construction and Theoretical Basis

The proposed framework combines mixed-integer linear programming (MILP) with a
multi-temporal AC optimal power flow (AC-OPF) formulation to jointly capture discrete
investment decisions, time-coupled battery operation, and nonlinear network constraints.
The MILP structure is employed to model battery siting and sizing decisions, operational
mode selection, and market participation choices, while the AC-OPF component ensures a
physically consistent representation of power flows, voltage magnitudes, and line loading
within the distribution network. Thus, the resulting models are mixed-integer quadratically
constrained problems. The AC network model is based on a multi-period branch-flow
formulation, which explicitly represents active and reactive power balances, voltage mag-
nitude limits, and thermal constraints on network elements. This formulation preserves
the essential nonlinear characteristics of distribution system operation while remaining
computationally tractable for the considered planning horizon. Time coupling is intro-
duced through the battery state-of-energy dynamics [29], which link consecutive time
steps and ensure physically meaningful charging and discharging trajectories. Binary
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decision variables are used to enforce mutually exclusive operational modes (charging,
discharging, reserve provision) and to represent discrete siting decisions. Continuous
variables capture power flows, voltages, and energy states. Big-M formulations are applied
where necessary to link binary and continuous variables, with parameter values chosen
conservatively to avoid numerical instability. Model accuracy and reliability are ensured
through (i) the use of physically grounded AC power flow constraints rather than sim-
plified DC or linearized network models, (ii) explicit enforcement of voltage and thermal
limits in all time steps, and (iii) consistent temporal alignment of load and market price
data. Solver convergence and feasibility are systematically verified for each simulation
run, and infeasible cases are explicitly identified and analyzed. The overall framework
can be interpreted as a coupled MILP–AC-OPF formulation, where discrete planning and
operational decisions are integrated with continuous network constraints. In the planning
stage, binary variables determine battery siting and sizing, while the AC-OPF constraints
ensure network feasibility. In the operational stage, the resulting battery configuration is
used to evaluate market participation and flexibility provision under network constraints.
This sequential coupling ensures consistency between planning decisions, network physics,
and market-based operation.

2.3. Model Verification and Consistency Checks

To verify the correctness and reliability of the proposed optimization framework, a set
of consistency and validation checks was performed using historical load and market data.
The objective of this verification is not short-term price or load prediction, but rather to
ensure that the model produces physically and economically plausible operating decisions
under realistic system conditions. First, the base-case operation without battery support
was evaluated for all considered days. The resulting infeasible periods, characterized by
voltage violations or line overloads, were found to coincide with historically observed
high-load conditions and peak-demand intervals. This confirms that the model correctly
identifies stress conditions in the distribution network. Second, when battery storage
is enabled, the optimization results were verified to satisfy all AC network constraints,
including voltage magnitude limits and line thermal ratings, across all time steps. The
resulting voltage profiles and power flows remain within acceptable operational ranges,
demonstrating that the AC-OPF formulation enforces physically consistent behavior. Third,
the optimal battery operation patterns—charging during low-price periods and discharging
or providing reserves during high-price or network-constrained periods—are consistent
with established operational principles and observed battery dispatch behavior in existing
market-based storage applications. Finally, sensitivity analyses with respect to battery
size, power rating, and economic parameters further confirm the robustness of the model
outcomes. Small variations in input parameters lead to smooth and interpretable changes
in the optimization results, indicating numerical stability and structural consistency of
the formulation.

2.3.1. Step 1: Optimal Siting and Sizing of Battery Storage

In the first step the DSO finds optimal BSU location(s) and size(s) to ensure feasible
power flows within its network at all times at minimum cost. The branch-flow model [30,31]
is used to model the AC optimal power flow (OPF). To find the most cost-efficient BSU
investment option while complying with all technical constraints, we run as many daily
optimization problems as there are critical days for the DSO in the input data.

The most important factors that affect the investment size are the number of locations
where BSUs can be installed and their characteristics (power and energy capacity). Hence,
the objective function minimizes the number of potential locations (xsite), as each location
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incurs a lump investment cost, πsite, independent of the battery capacity (this lump cost
may include grid connection fees, project documentation, etc.), and battery installation
cost, battcost, that depends on its energy and power capacity. Equation (2) defines the BSU
installation cost, where πcap is the cost of a unit of energy capacity, πch is the cost of a unit
of charging power, whereas πdch is the cost of a unit of discharging power. Additionally,
we penalize excessive charging and discharging power rates, meaning that each additional
unit of charging or discharging power, which results in high C-rate, is penalized using
factor πfast. emax

i is a variable that determines the battery capacity, whereas pch
i and pdch

i
denote the battery storage maximum charging and discharging powers. Constraints (3)
and (4) define the battery charging power exceeding a specific C-rate, e.g., C-rate above 1,
for the charging and the discharging directions. The set of decision variables is: σ = { xsite,
battcost

i , emax
i , pbatt

i , nfast
i,t , pij,t, iij,t, pgen

j,t , qij,t, qgen
i,t , qbatt

i,t , ui,t, xgen
i,t , soei,t, xbatt

i,t , chi,t, dchi,t, pPCR
i,t }.

min
σ

N

∑
i=1

[πsite · xsite
i + battcost

i ] (1)

where

battcost
i = πcap · emax

i + πpow · pbatt
i + πfast · nfast

i , ∀i (2)

nfast
i ≥ pbatt

i − emax
i , ∀i (3)

nfast
i ≥ 0, ∀i (4)

Constraint (5) limits the maximum number of nodes where the potential BSUs may be
installed to a user-predefined parameter L. xsite

i is a binary variable whose value denotes if
a specific node hosts a BSU (value 1) or not (value 0). Constraint (6) determines the energy
capacities at locations where the BSUs are installed.

N

∑
i=1

xsite
i ≤ L, (5)

emax
i ≤ M · xsite

i , ∀i (6)

Constraint (7) models active power flow between the nodes. pij,t denotes active power
flow between nodes i − j during time period t, while iij,t is the squared current between
those nodes and Rij is the line resistance. Variable pgen

i,t represents active power output
from a generator located at node j (if any), whereas parameter Pload

j,t depicts the demand at
node j during time period t. Variables dchj,t and chj,t represent the battery discharging and
charging at node j during time period t. Term ∑ Pjm,t denotes power flows between node j
and the neighbouring nodes. Constraint (8) models reactive power flow in an analogous
manner as Constraint (7) does for active power flow. Reactive power generation and battery
input through an inverter are variables, while the reactive demand is a parameter.

pij,t = Rij iij,t −
(

pgen
j,t + dchj,t − pload

j,t − chj,t

)
+ ∑

m:j→m
pjm,t, ∀(i, j), t

(7)

qij,t = iij,t · Xij − (qgen
j,t − qload

j,t + qbatt
j,t )+

∑
m:j−→m

Qjm,t, ∀ij, t (8)
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Constraint (9) models nodal voltages, where ui,t represents the squared voltage.

uj,t = ui,t − 2(Rij · pij,t + Xij · qij,t)

+ iij(R2
ij + X2

ij), ∀ij, t
(9)

Constraint (10) in the exact formulation should be an equality which connects the
current, the voltage and the power. Since such formulation would be non-convex, it is
relaxed in the form of a rotated second-order cone constraint [32].

iij,t · ui,t ≥ p2
ij + q2

ij, ∀ij, t (10)

Constraints (11)–(13) define the allowed ranges for active and reactive power genera-
tion and allowed nodal voltages.

Pgen,min
i · xgen

i,t ≤ pgen
i,t ≤ Pgen,max

i · xgen
i,t , ∀i, t (11)

Qgen,min
i ≤ qgen

i,t ≤ Qgen,max
i , ∀i, t (12)

Umin
i ≤ ui,t ≤ Umax

i ∀i, t (13)

The BSU state-of-energy is modeled in Equation (14) using variable soei,t, which
represents the state-of-energy of a BSU at node i, while parameter η indicates the battery
charging and discharging efficiency.

soei,t = soei,t−1 − (dchi,t ·
1
η
+ chi,t · η) · ∆t ∀i, t (14)

Constraint (15) limits the BSU’s maximum charging power, whereas Constraint (16)
limits the BSU’s maximum discharging power. pch

i and pdch
i are variables as the goal in this

step is to calculate the optimal BSU charging and discharging capacities in addition to the
BSU optimal locations and energy capacities.

pbatt
i · xbatt

i,t ≥ chi,t, ∀i, t (15)

pbatt
i · (1 − xbatt

i,t ) ≥ dchi,t, ∀i, t (16)

Constraint (17) limits the minimum and maximum state-of-energy of each BSU.

k · emax
i ≤ soei,t ≤ emax

i , ∀i, t (17)

A BSU combined with an adequate inverter may provide both active and reactive
power to the system, hence Constraints (18) and (19) limit the apparent power that may be
provided by a BSU (i.e., its inverter) including charging power, discharging power, reactive
power and the power reserved for the PCR. qbatt may be positive or negative, as reactive
service can be offered in both inductive and capacitive modes,

(pbatt
i )2 ≥ (chi,t + pPCR

i,t )2 + (qbatt
i,t )2, ∀i, t (18)

(pbatt
i )2 ≥ (dchi,t + pPCR

i,t )2 + (qbatt
i,t )2, ∀i, t (19)

2.3.2. Step 2: Deriving Representative Days

In the first step, the optimization algorithm is run for every day from the historical
data to find the optimal BSU investment that serves the DSO’s needs. A clustering method
is utilized to prepare the data for the second step – determining the value of flexibility. Each
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group consists of n days and a representative day from each group is then used as input
for the optimization algorithm in the third step. Python library scikit-learn [33] is used to
perform the K-medoids algorithm. The algorithm clusters the data by separating samples
in n groups of equal variance, minimizing a criterion known as the inertia or within-cluster
sum-of-squares [34]. In contrast to the K-means algorithm, actual data point is the center
point (medoid) of a cluster. In order to capture daily load profile representatives that reflect
conditions of the observed distribution network in a holistic manner, active and reactive
power for all nodes are taken as separate features per hour to form a daily load profile.

Note that this step may be omitted and Step 3 can be run for each day for each day of
the year. Step 2 may be used to reduce the computational burden of the presented process.

2.3.3. Step 3: Determining the Value of Flexibility

Based on the optimal battery investment plan calculated in the first step and clustering
of the daily load profiles into groups of the representative days in the second step, the
third step determines the value of flexibility that a BSU operator provides to the DSO.
Each representative day is assigned a weight factor that reflects the number of actual
days it represents within the year. The full year, consisting of 365 days, is grouped into
clusters of days with similar network characteristics. Each group is represented by one
representative day, and its weight indicates how many days from the year share those
characteristics. Having battery sites and sizes as parameters, the goal is to determine a
fair compensation a DSO would need to pay to a BSU operator. The value of flexibility
provided to the DSO is determined as a difference between the BSU operator’s profits from
participating in the day-ahead and the primary control reserve (PCR) provision markets
with and without obeying the network constraints. That is, this optimization algorithm
is first run without the network constraints to determine the potential profit, and then
with network constraints. The difference in the BSU profit between the former and the
latter represents the lost opportunity cost, which the DSO should compensate to the BSU
operator. Decision variables are the BSU’s activity, whereas the BSU locations and capacities
are parameters calculated in the first step. Hence, Constraints (20)–(29) are valid for the
network unaware case, and Constraints (7)–(14) need to be added when considering the
network constraints. The set of decision variables is: ζ = {cDAM

i,t , chDA
i,t , dchDA

i,t , cPCR
i,t , pPCR

i,t ,
xDA

i,t , soePCR
i,t , soei,t}.

Objective function (20) maximizes the profit of participating in the day-ahead
and primary reserve markets, i.e., DAM and PCR, with λ∗

t denoting hourly prices for
respective markets.

max
ζ

T

∑
t

I

∑
i
[cDAM

i,t + cPCR
i,t ] (20)

subject to

cDAM
i,t = (dchDA

i,t − chDA
i,t ) · λDA

t , ∀i, t (21)

cPCR
i,t = pPCR

i,t · λPCR
t , ∀i, t (22)

Constraints (23) and (24) limit the maximum discharging and charging power in the
DAM, considering binary variable xDA

i,t , which determines if the BSU is in the charging or
the discharging mode, and the maximum allowed battery power.

dchDA
i,t ≤ Pi · xDA

i,t ∀i, t (23)
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chDA
i,t ≤ Pi · (1 − xDA

i,t ) ∀i, t (24)

As for the PCR, the energy reserved for potential provision of the service at power
pPCR

i,t is modelled in (25)–(27). Equation (25) calculates the amount of SOE reserved for PCR
activation, while Constraints (26) and (27) further limit the SOE to be used in the day-ahead
market considering the possible PCR activated energy. Parameter ϕ represents the time
horizon in which the service is activated, e.g., quarter of an hour, and provides the required
energy capacity for the PCR provision.

soePCR
i,t = ϕ · pPCR

i,t ∀i, t (25)

soePCR
i,t + soei,t ≤ emax

i ∀i, t (26)

soei,t − soePCR
i,t ≥ 0 ∀i, t (27)

As the PCR provision may be activated in both directions within one time period, the
maximum battery power to be utilized is:

chDA
i,t + pPCR

i,t ≤ Pi ∀i, t (28)

dchDA
i,t + pPCR

i,t ≤ Pi ∀i, t (29)

Constraints (14)–(19) are necessary in all cases, but with an important note that in
the second step, the battery location, capacity and power ratings are parameters, whereas
constraints (7)–(13) are used for the case when obeying the network constraints. For the
sake of clarity, Table 2 show which constraints are used in each of three specific cases:
(i) Step 1 (S1), (ii) Step 3 without network constraints (S3-U) and (iii) Step 3 with network
constraints (S3-N).

Table 2. Constraint usage across steps.

ID Constraint S1 S3-U S3-N

(1) Investment objective ✓ – –
(2) Battery cost function ✓ – –
(3)–(4) Fast C-rate penalty ✓ – –
(5) Max BSU installations ✓ – –
(6) Capacity if installed ✓ – –
(7) Active power flow ✓ – ✓
(8) Reactive power flow ✓ – ✓
(9) Voltage drops ✓ – ✓
(10) SOC relaxation ✓ – ✓
(11) Generator P limits ✓ – ✓
(12) Generator Q limits ✓ – ✓
(13) Voltage bounds ✓ – ✓
(14) SOE dynamics ✓ ✓ ✓
(15)–(16) Charge/discharge limits ✓ ✓ ✓
(17) SOE bounds ✓ ✓ ✓
(18)–(19) Apparent power limits ✓ ✓ ✓
(20) Revenue loss objective – ✓ ✓
(21)–(22) DAM, PCR revenues – ✓ ✓
(23)–(24) DAM constraints – ✓ ✓
(25)–(27) SOE reserve for PCR – ✓ ✓
(28)–(29) Power rating limits – ✓ ✓
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2.4. Simulation Platform and Optimization Workflow

All numerical experiments were executed on a macOS workstation running ma-
cOS 15.6.1, equipped with an Apple M2 Pro processor and 16 GB of RAM. The optimization
framework was implemented in Python 3.11, while all optimization problems were formu-
lated and solved using the Gurobi Optimizer. version 12.0.2 under an academic license for
non-commercial research purposes.

3. Case Study
The case study is conducted on a modified 15-bus radial distribution network, whose

data are available in [35]. The network configuration is given in Figure 2. One-year his-
torical DAM prices provided in Figure 3 were fetched from the Croatian Power Exchange
(CROPEX [36]) for year 2021, whereas the balancing market prices were calculated accord-
ing to the currently active Croatian legislative. In the Croatian electricity market the power
exchange and system operator apply a common balancing price to all balancing-responsible
parties. For each 15-min settlement interval the system operator compares the aggregate
generation and demand and establishes whether the power system is short of energy (a
positive imbalance) or has a surplus (a negative imbalance). The balancing price is then
computed by taking the market price from the day-ahead auction on CROPEX and compar-
ing it to the average price of the balancing energy that was actually activated. If there is
a surplus of energy, the settlement price is set equal to the lower of the day-ahead price
and the weighted average price of the balancing energy. On the other hand, if there is
a shortage, the settlement price is set equal to the higher of these values. This approach
rewards participants whose deviations support the system balance and penalises those
that aggravate it. A neutralising coefficient is determined so that the total revenue from
imbalance payments covers the cost of the balancing energy, and this coefficient is set to
zero whenever the weighted average price of balancing energy is negative [37]. A notice-
able increase in the DAM prices in the last quarter of the year is due to a combination of
factors. Namely, the demand has soared as the effect of the post-pandemic recovery, lower
production from RES and a worldwide global energy crisis [38].

The daily load profile of the distribution network was randomly generated using the
real data [35] as the base and following the general yearly load trend as seen in many
coastal places throughout the Republic of Croatia. Figure 4 presents the annual load in year
2021. The highest peaks occur during the summer time, whereas the distribution network
is under the minimum loading conditions during the spring and autumn.

Figure 2. Radial distribution network.

For the battery round-trip efficiency, denoted by η, a value of η = 0.9 is assumed,
reflecting typical performance of battery energy storage systems. The efficiency is incor-
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porated into the state-of-energy balance, where charging and discharging processes are
adjusted accordingly. Additional internal consumption of the battery system is not explicitly
modeled and is considered to be implicitly captured within the efficiency parameter.

Figure 3. DA prices.

Figure 4. Sum of the loads in the distribution network throughout the observed year.

3.1. First Step—Optimal Battery Location and Sizing

The algorithm was executed for each of the 365 days in 2021. As a result, bus 4 was
identified by the DSO as the optimal node for installing a new BSU. In practical terms, this
means that for a subset of days the power flow problem would not be feasible without
either installing a BSU or opting for a network expansion strategy. Figure 5 illustrates the
daily load profile at bus 4 across different months of 2021. The figure clearly shows that the
highest peaks occur during summer afternoons, reaching values almost four times greater
than the lowest recorded loads.

A detailed analysis further validates these findings. The potential BSU location at bus
4 is situated downstream in the feeder, though not at its most remote point. This choice is
driven by the fact that buses 14 and 15 experience considerably higher loads, with peaks
approximately two and five times greater than those at bus 4, respectively. On the other
hand, the most downstream bus (number 5) has a relatively modest load, comparable in
magnitude to that of bus 4. As a result, bus 4 effectively serves as an auxiliary support point
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for the heavily loaded neighboring buses 14 and 15. To provide additional perspective,
Figure 6 presents the daily load profiles for bus 5.

Figure 5. Daily load profiles at bus 4.

Figure 6. Daily load profiles at bus 5.

To ensure a safe and reliable power supply within the observed distribution network,
the model indicates that the BSU should be sized at 13.7 MWh of energy capacity with a
rated power of 5 MW.

The year-long feasibility analysis reveals that of the 365 days examined, 115 were
classified as critical, meaning that the optimization problem would not have been feasible
without operating the battery in the charging or discharging mode. Across all days, a total
of 355 infeasible hours were identified, corresponding to situations where load demand
could not be met without the support of storage. On average, each critical day exhibited
nine infeasible hours, ranging from a single hour to extended intervals lasting up to seven
consecutive infeasible hours. The main cause of infeasibilities were undervoltages in the
observed area.

The temporal distribution of infeasibility is highly seasonal. Summer months dominate
the statistics, with June, July, and August together accounting for 298 h, or more than four
fifths of the annual total. July alone contributes with critical 152 h, followed by 120 h in
June and 26 h in August. In spring, 39 h were observed, almost entirely concentrated in
May, while winter shows only 17 h scattered across January and December. Autumn is
practically negligible, with just a single infeasible hour in September and no critical events
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in October or November. This pattern clearly highlights summer as the period of highest
operational stress, driven by the pronounced load and generation mismatches.

A closer look at the time of the day further refines this picture. Infeasibility occurs only
sporadically at night, with just six hours between midnight and five in the morning. During
the morning ramp (6:00–11:00), the frequency of critical hours increases sharply, accounting
for about 120 h. The highest concentration occurs between midday and early afternoon
(12:00–17:00), where 142 h are recorded. The absolute peak is found between 14:00 and
15:00, with 92 h over the year. The evening period (18:00–23:00) contributes another 87 h.

Finally, the structure of infeasibility events reveals that they often cluster into consecu-
tive hours within a day, rather than appearing as isolated occurrences. In fact, more than
two thirds of all infeasible hours occur in blocks of at least three consecutive hours. In
many cases, these events also extend across consecutive days, forming so-called neighbor
runs. Over the year, 11 distinct neighbor runs were identified, with the longest lasting
4 consecutive days. This clustering demonstrates that infeasibility is typically a result of
sustained stress periods where demand and flexibility are systematically misaligned, rather
than short-lived anomalies.

In summary, while infeasibility affects just over ten percent of the days in the year,
these events are concentrated in summer and typically manifest as multi-hour and some-
times multi-day blocks. This underscores the importance of battery systems not only
as marginal balancing assets but as critical infrastructure for ensuring system feasibility
during prolonged stress conditions.

The analysis of the base case reveals that voltage violations are the primary driver of
infeasible operating conditions in the network. In total, 355 infeasible hours were identi-
fied, corresponding to approximately 4.05% of annual operation, and distributed across
approximately 115 critical days. These violations typically occur outside the acceptable
voltage range of 0.95–1.05 p.u., with observed values approaching the imposed limits of
0.90–1.10 p.u. The inclusion of the optimally placed BSU significantly improves voltage
regulation by providing active power support at critical nodes. This results in a complete
elimination of infeasible operating conditions, corresponding to a 100% reduction in voltage
violations and infeasible hours. In addition, the number of affected nodes and hours is
reduced from widespread violations across the network to fully compliant operation within
acceptable voltage limits. From a system perspective, this corresponds to a substantial
improvement in voltage stability, as the battery effectively mitigates both undervoltage and
overvoltage conditions during peak stress periods.

3.2. Second Step—Clustering

K-means clustering is applied to group daily operating profiles based on load and
generation patterns. Each day is represented by a vector of time-series values (e.g., load
and generation over 24 h), and the clustering algorithm partitions these profiles into a
predefined number of clusters. Each cluster is then represented by a centroid, which serves
as a representative day in the subsequent optimization stage.

The number of clusters is selected as a compromise between computational efficiency
and the ability to accurately represent system variability. A larger number of clusters
increases accuracy but also computational burden, while a smaller number may overlook
important operating conditions. The chosen clustering configuration ensures that both
typical and critical operating conditions are adequately captured.

The infeasibility analysis has demonstrated that operational stress in the network is
not evenly spread across the year but is highly concentrated in specific seasons, times of
day, and multi-hour blocks. Most of these events occurred during the summer months,
with July alone accounting for more than 40% of all infeasible hours. To ensure that these
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recurring stress conditions are adequately represented in the analysis, while at the same
time reducing the computational burden of solving optimization problems for every single
day of the year, a clustering approach is applied to the daily load profiles.

In this case study, a dataset of 365 daily load profiles was considered for the 15-bus
radial distribution network, including both active and reactive power. Even for a modest-
sized network such as this, the scale of the data is substantial: more than ten thousand
daily load curves arise when considering a year of operation across all buses. Figure 7
illustrates this volume of the data. Directly applying optimization to the full dataset would
be computationally demanding and, for larger systems, potentially infeasible.

Figure 7. Daily load profiles for all nodes.

To address this challenge, the K-medoids clustering algorithm was used to group
the daily load profiles into a smaller number of representative days. Each representative
day captures the main temporal and seasonal characteristics of the original dataset while
reducing the dimensionality of the problem. The optimal number of clusters was deter-
mined using the elbow method [39]., as illustrated in Figure 8. The “elbow” appears at
four clusters, indicating that four representative days provide a good balance between the
accuracy and the computational tractability.

Figure 8. Determining the optimal number of clusters using the elbow method.

A natural question arises: why are all 365 days used for clustering, rather than only
the 39 critical days identified earlier? The reason is that clustering aims to provide a set
of representative operating conditions for the entire year, not only the extreme cases. By
restricting the dataset to critical days only, the resulting clusters would overweight the
most stressed conditions and neglect normal or mild operating periods, which are equally
relevant for system planning and operation. For example, system investments sized only
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for critical days might lead to unnecessary oversizing, while ignoring the majority of
benign days where operational flexibility is less demanding. By clustering the full annual
dataset, the resulting representative days include both normal and critical conditions in
their correct proportion. This ensures that seasonal and temporal diversity is preserved
and that optimization results remain realistic for long-term operation.

Another important reason for using the entire 365-day dataset is related to the subse-
quent economic analysis of flexibility. In order to properly evaluate the value of flexibility,
one must also account for those days where the system is not stressed and therefore flex-
ibility has little or no value. Including such days allows for a fair comparison of annual
revenues, costs, and the overall profitability of the proposed algorithm. If clustering were
restricted only to critical days, the resulting profitability assessment would be artificially in-
flated, since it would only reflect periods when flexibility is essential, while ignoring times
when it provides no additional benefit. The full-year clustering therefore ensures a bal-
anced and comprehensive basis for evaluating both technical feasibility and the economic
performance of flexibility resources.

Importantly, the clustering process not only captures typical operating days but also
ensures that critical stress periods are represented. One of the four clusters corresponds pre-
dominantly to summer days with very high afternoon peaks, which are directly associated
with the infeasibility events identified earlier. The other clusters represent spring shoulder
days, relatively mild autumn and winter profiles, and transitional days with moderate load
variability. Each cluster carries a weight equal to the number of days it represents: cluster 1
corresponds to 109 days, cluster 2 to 57 days, cluster 3 to 81 days, and cluster 4 to 118 days.
Together, they sum to the full set of 365 days.

This approach ensures that subsequent optimization tasks can focus on four representa-
tive operating conditions while still preserving the essential seasonal variability, capturing
both stressed and unstressed periods, and allowing for a meaningful evaluation of technical
feasibility and the economic value of flexibility. It is important to distinguish between the
roles of full-year analysis and clustering within the proposed framework. In the first step,
all 365 days are considered to ensure that battery siting and sizing decisions are robust
and account for all possible operating conditions, including extreme scenarios. In contrast,
clustering is applied only in the third step, where the computational burden is significantly
higher due to the inclusion of market participation and time-coupled operational con-
straints. Applying clustering in the planning stage could lead to underestimation of critical
conditions and result in suboptimal sizing decisions. Therefore, the proposed approach
balances robustness in planning with computational efficiency in operational analysis.

3.3. Third Step—Determining the Value of Flexibility Under Grid Constraints

In the final analysis, the location and rated capacity of the BSU are assumed to be
predefined. The objective is to determine the optimal operational strategy for the BSU
while quantifying the value of flexibility it offers to the DSO.

In both the unconstrained and constrained problems, the BSU participates in the DAM
and the PCR market, thereby generating revenue from both energy arbitrage and system
frequency support services. However, when network constraints are enforced, the BSU may
not be able to deliver the PCR service or even the desired day-ahead power at specific hours.
To obey the network constraints, the BSU can either reduce the amount of power injected
or subtracted from the network, or inject or subtract reactive power, which may limit its
power possibilities due to apparent power limitations. Since reactive power support is not
financially compensated in the current market structure, this requirement effectively re-
duces the available capacity for revenue-generating actions, potentially reducing the profit.
This effect is captured through the apparent power limits of the battery inverter. When
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reactive power is required for voltage support, it occupies a portion of the inverter capacity,
thereby reducing the available capacity for active power dispatch. As a result, the battery
cannot fully exploit price arbitrage or reserve provision opportunities, and the resulting
loss in revenue is reflected in the opportunity cost calculation. Specifically, the value of
flexibility is defined as the difference in revenue between the unconstrained (market-driven)
operation and the constrained (network-aware) operation, thereby directly quantifying the
economic impact of technical constraints, including reactive power requirements.

Figures presented in this section visualize 24-h operation of the BSU across four
representative days. Each figure includes the SOE, the charging and discharging activities,
the PCR reserve commitment, the DA market prices, and reactive power provision (if
applicable). SOE is plotted on the primary y-axis, DA prices on the secondary axis, and
battery power activities are illustrated using the grouped bar charts. These plots highlight
the BSU’s flexibility in adapting to market signals and grid conditions.

The comparative results reveal consistent patterns: in unconstrained scenarios, the
BSU follows the efficient charge/discharge strategies driven by price signals. It typically
charges during the off-peak hours and discharges during the peak price periods. On the
other hand, the PCR services are utilized whenever profitable. In contrast, in network-
constrained scenarios the BSU is often required to provide reactive support, particularly in
voltage-critical hours. This additional service reduces the room for arbitrage, alters the SOE
profile, and flattens the energy activity throughout the day. The most pronounced deviation
is observed on 3 July, where the BSU provides extensive reactive power, resulting in a
visible decrease in arbitrage cycles and a profit drop of 2.07%. Other days, such as 5 April,
show minimal deviation, with nearly identical profit values and operational strategies
regardless of the constraints.

To assess the economic implications of these observations, the difference in profit
between the unconstrained and the constrained scenarios is proposed as a flexibility fee, i.e.,
a value that quantifies the BSU’s contribution to non-remunerated services such as voltage
support. The studied BSU has a rated capacity of 13.7 MWh and 5 MW of charge/discharge
power, with a capital cost of 3.425 million EUR (assuming 250,000 EUR/MWh investment
cost). Based on the weighted frequency of representative days throughout the year, annual
profits are calculated and summarized in Table 3. These values are consistent with the ap-
plied weighting factors and correspond to each representative cluster, which is represented
by a specific day.

Table 3. BSU profit comparison with and without network constraints.

Date No Consts [EUR] With Consts [EUR] Difference [EUR] Loss [%]

3 July 161,259 157,914 −3345 2.07%
5 November 214,011 212,535 −1476 0.69%
5 April 931,180 930,754 −426 0.05%
26 February 310,028 309,585 −443 0.14%

Total per year 1,616,478 1,610,788 −5690 —

In the proposed framework, a set of representative days with assigned weight factors
is used to approximate full-year operation while maintaining computational tractability.
Within this representation, the profit gap due to network constraints amounts to 5690 EUR
annually, which we define as the “annual flexibility fee.” The four days shown in Table 3
represent typical operating conditions under network constraints and illustrate the eco-
nomic impact of flexibility provision.

This corresponds to a relatively small reduction in annual profit, confirming that the
economic impact of network constraints is limited but non-negligible. The results indicate
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that, although network constraints slightly restrict market participation, the battery storage
system retains most of its revenue-generating capability.

Under unconstrained operation, the BSU achieves an ROI of 47.03% with a payback
period of 2.12 years. When constraints are included, ROI decreases to 38.14% and payback
extends to 2.6 years. If the flexibility fee were formally awarded to the BSU operator, both
ROI and payback would return to levels comparable to the unconstrained case. As shown
in Table 4 for the observed year, the impact of network constraints is mainly reflected in
reduced profitability due to limited operational flexibility, while the fundamental economic
attractiveness of the BSU remains preserved. To gain even further insights into the impact
of different representative days and the presence of technical constraints, Figure 9 illustrates
BSU operational strategies across four representative days.

Figure 9. Comparison of the BSU operational strategies on four representative days (7 March, 11 May,
5 April, 26 February). Each row shows the battery activity across a 24-h period: the left column
displays results without the network constraints, while the right column includes full AC network
limitations. The figures display SOE (blue line), DA price (red dashed), charging power (green bars),
discharging power (orange bars), PCR activities (purple bars), and reactive power (cyan bars).
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Table 4. Return on investment (ROI) and payback time.

Scenario ROI [%] Payback Period [Years]

Without Network Constraints 47.03% 2.12
With Constraints (No Flex Fee) 38.14% 2.6
With Flexibility Fee Awarded 47.03% 2.12

These findings confirm the necessity of flexibility compensation schemes. Even in
highly profitable projects, technical constraints shift a portion of the BSU’s operational effort
from market-oriented optimization to essential grid-support functions. Without proper
incentives, this trade-off discourages storage deployment in critical network areas. Formal
recognition of flexibility as a service—quantified by lost revenue in constrained conditions
could unlock more resilient and economically viable storage-based grid architectures.

It is important to distinguish between the cumulative slack energy obtained from the
infeasibility analysis and the energy capacity requirement of the battery storage system.
The slack variables quantify the minimum instantaneous corrective action required to
restore feasibility in the absence of storage, whereas the battery sizing problem enforces
state-of-energy constraints over contiguous infeasible periods. As a result, the required
battery energy capacity is driven by the need to guarantee sustained feasibility over long
congestion blocks, rather than by the integral of slack values alone. Consequently, the
optimized battery energy capacity may significantly exceed the cumulative slack energy
observed in the infeasibility analysis, reflecting a robustness requirement rather than actual
dispatched energy.

4. Conclusions
This paper addresses a significant challenge associated with the high penetration of

renewable energy sources in power distribution networks. The increasing occurrence of
local congestion and voltage violations represents a major barrier to further renewable
integration and calls for cost-efficient alternatives to conventional network reinforcement.
To this end, a practical and economically transparent framework is proposed in this work
that enables DSOs to evaluate battery energy storage as a flexible non-wire solution. The
paper introduces a relatively straightforward yet effective concept for incentivizing profit-
oriented BSU operators to provide essential grid services while receiving appropriate
compensation. The proposed framework supports DSOs in determining the most suitable
strategy to ensure safe and reliable network operation, whether through traditional network
expansion or through the procurement of flexibility from storage assets. Two complemen-
tary implementation pathways are identified: encouraging private investment in BSUs at
congestion-prone locations identified by the DSO, and providing targeted incentives for
storage deployment at locations that may not be attractive to private investors under purely
energy-market-driven conditions. This approach closely mirrors real-world operational
practice, where DSOs first identify critical network locations and subsequently initiate
tendering or incentive-based mechanisms.

Furthermore, an algorithm for calculating the minimum economic value of flexibility
is developed and demonstrated through a detailed case study. By explicitly quantifying
flexibility as an opportunity cost arising from deviations from profit-maximizing battery
operation, the proposed method serves as a decision-support tool for assessing whether
congestion issues are more cost-effectively addressed through private investment, i.e.,
incentivized flexibility, or conventional grid reinforcement.

The findings of this paper are particularly relevant for distribution system operators
and policymakers involved in the design of flexibility procurement mechanisms. The results
demonstrate that battery energy storage systems can effectively eliminate voltage violations
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and restore network feasibility with relatively limited economic impact, making them a
viable non-wire alternative to traditional grid reinforcement. Furthermore, the proposed
framework provides a transparent method for quantifying the value of flexibility based
on opportunity cost, which can support the development of market-based procurement
strategies and tender procedures. This is especially important in regulatory environments
where DSOs are restricted from owning storage assets, as it enables economically justified
interaction between network needs and market-driven battery operation.

Despite the practical relevance of the proposed framework, several limitations should
be acknowledged. The analysis is based on a single distribution network topology and
assumes perfect foresight of load profiles and market prices. Moreover, the battery model
does not explicitly account for degradation effects, and uncertainty in renewable generation
and demand is not considered. In addition, the optimization framework relies on a deter-
ministic formulation and convex relaxations of the AC power flow equations, which, while
ensuring tractability, may not fully capture all operational nonlinearities under extreme
conditions. It should be noted that the magnitude of the economic impact of flexibility
provision is highly dependent on system-specific conditions, such as renewable energy
penetration, network characteristics, and market dynamics, while the primary contribution
of this work lies in demonstrating a generalizable methodology for quantifying the value
of flexibility.

Although the analysis is based on a single network and one year of data, the proposed
methodology is general and can be applied to different distribution systems, operating
conditions, and market environments. The magnitude of the obtained results depends on
system-specific characteristics, such as renewable energy penetration, load profiles, and
network topology; however, the framework itself provides a transferable approach for
evaluating battery storage as a non-wire alternative and quantifying the value of flexibility.

Future research will therefore focus on extending the proposed framework along
several dimensions. These include the incorporation of additional revenue streams, such as
redispatch services provided to the transmission system operator, as well as the integration
of battery degradation models and uncertainty-aware formulations. The application of
more advanced optimization techniques, such as stochastic, robust, or decomposition-
based methods, also represents a promising avenue for improving scalability and realism,
particularly for large-scale or highly meshed distribution networks. Such extensions would
further enhance the applicability of the proposed approach in the context of increasingly
complex and renewable-dominated power systems.
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