IET Generation, Transmission & Distribution Wl L EY

|
- The Institution of
- Engineering and Technology

| ORIGINAL RESEARCH CETEEED

Predicting Flexibility From LV Networks by Using
Geospatial Forecasting and Synthetic Network Models
Giuditta Pisano | Fabrizio Pilo | Simona Ruggeri

Department of Electrical and Electronic Engineering, University of Cagliari, Cagliari, Italy

Correspondence: Giuditta Pisano (giuditta.pisano@unica.it)

Received: 30 December 2025 | Revised: 21 April 2026 | Accepted: 29 April 2026

ABSTRACT

The flexibility provided by distributed energy resources and demand response can increase the capacity of existing distribution
networks to accommodate renewable energy generation and new high-peak/coincident loads. However, the use of flexibility in
providing local services to distribution system operators can limit the availability of flexibility for system ancillary services, which
are necessary for the transmission system operator to ensure security and adequacy. Since flexibility is not infinite, the competition
between the system operators will increase with the progression of the energy transition. The same interaction appears between
medium-voltage and low-voltage grids, for instance, when smaller distribution system operators are supplied by medium-voltage
distribution networks operated by a different distribution system operator. The secondary substation, the interface between the
medium-voltage and the low-voltage, can provide ancillary services by changing its working point to keep the operation of the
medium-voltage network within technical boundaries. Forecasting the secondary substation behaviour is not straightforward due
to the lack of information on low-voltage networks and generation/consumption patterns. The paper proposes a methodology
to estimate and forecast the flexibility that low-voltage distribution networks can provide, even when detailed data about these
networks is missing. The proposed method combines the geospatial forecasting, useful for estimating demand, generation, and
resource distribution using geographic and demographic data; the synthetic low-voltage network modelling, for creating realistic
network models when detailed data is unavailable; and the flexibility estimation at the secondary substation for determining
how its operating point can be adjusted to provide services to the medium-voltage grid while complying with the low-voltage
network constraints. The proposed approach is validated by evaluating suitable grid operation metrics, such as technical constraint
violations, hours of violations, Monte Carlo convergence criteria, required low-voltage reinforcements, and the resulting feasible
flexibility at the medium/low-voltage interface across multiple future scenarios through exemplary case studies that demonstrate
its efficacy.

1 | Introduction distribution system. An increasing share of new renewable gener-
ation and emerging loads, such as electric vehicle (EV) charging,
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imbalance, and power quality [1, 2]. The investments required
to adapt distribution networks to this transition are expected
to be substantial. Furthermore, they must be planned under
significant uncertainty regarding the pace and spatial distribution
of electrification [3]. The resort to flexibility (i.e., the capability
and willingness to deviate from their regular operating pattern
in response to external signals) from distributed energy resources
(DERs) and demand response (DR) can increase the capacity
of existing distribution networks to accept renewable genera-
tion and new high-peak/coincident loads, postponing capital
expenditures without reducing the pace of energy transition, as
confirmed by the recent literature [4-6]. In the EU, prior to the EU
Directive 944 [7], distribution system operators (DSOs) were not
permitted to purchase flexibility services, and similar limitations
were applied worldwide by many regulations. As a consequence,
the most significant research and development efforts have
been motivated to focus on regulating flexibility for system
ancillary services. With the new role of DSOs, interest also lies in
determining the necessary flexibility in distribution systems for
local ancillary services and for interactions with the transmission
system operator (TSO) activities. Indeed, the use of flexibility by
DSOs can limit the availability of flexibility for system ancillary
services, which are necessary for the TSO to ensure system
security and adequacy. Thus, TSO/DSO interaction is crucial;
however, since flexibility is limited, the risk of competition can
increase as the energy transition progresses [8]. Since large
amounts of flexibility are allocated in LV networks, interaction
within the distribution system is also crucial, due to the mutual
influence between MV and LV. This is particularly true when
smaller DSOs are supplied by MV distribution networks operated
by a different DSO, but even when there is a single DSO, similar
issues arise when LV flexibility is used to meet upper-level needs.

In all these cases, the boundary is the secondary substation (SS),
which can be modelled as a four-quadrant equivalent generator
capable of adjusting its working point to maintain the operation
of the MV network within technical boundaries [9]. Forecasting
SS behaviour is not straightforward due to the limited available
information on LV networks and generation/consumption pat-
terns. Accordingly, many DSOs are investing in digitalisation
programmes [10, 11]. Until enriched datasets become complete
and homogeneous across the territory, however, planning studies
still need to rely on proxy models derived from available GIS
information and open geospatial data, such as synthetic LV
network models built from street maps, building footprints, and
customer locations [12-14].

From the literature review emerges that several authors have
started to link flexibility provision with the technical limitations
of distribution grids [15-17]. A large body of work focuses on
the coordination between TSOs and DSOs and on the charac-
terisation of flexibility at TSO-DSO boundary nodes. However,
these analyses are generally limited to a small number of
distribution networks, often based on IEEE test systems rather
than on networks representative of real operating conditions,
and therefore do not provide a scalable framework applicable
to large numbers of substations [15, 17], which is instead a
key feature of the methodology proposed in this paper. In [15],
for instance, the Authors propose a grid-structure optimisation
technique to estimate feasibility and flexibility regions at the
TSO-DSO interface and tested on modified IEEE 9 and 33

bus systems. Also in [17], the available flexibility area of active
distribution networks at the TSO-DSO interface is estimated
using an aggregated network model, and the authors tested it in
a single distribution grid case. In [16] a grid-aware framework
combines a detailed MV model with a measurement-based LV
representation to derive fast and slow flexibility capability curves
at the primary substation, relying on extensive LV monitoring and
alimited set of real feeders. However, the LV system is represented
through sensitivity coefficients rather than through explicit net-
work studies, thus limiting the detailed characterisation of actual
LV grid conditions. By contrast, the methodology proposed in
this paper relies on explicit LV network modelling and enables
scalable analysis across thousands of secondary substations using
representative synthetic network models bridging a literature gap
without posing scalability issues in large scale application.

For LV system modelling, synthetic network modelling and
data-driven approaches have been proposed mainly for hosting
capacity and planning studies rather than for flexibility at the
MV/LV interface [18-20]. Tools such as [18] and [19] generate
LV synthetic grid data from open geospatial information, while
[20], uses a model-free three-phase OPF based on smart-meter
and transformer data without coupling to long-term geospatially
downscaled scenarios. However, these approaches neither explic-
itly address the estimation of upward and downward flexibility
exchanged with the MV grid nor couple LV modelling with long-
term geospatially downscaled scenarios. In contrast, this paper
specifically addresses these aspects by combining representative
synthetic LV network models with scenario-based geospatial
downscaling, so as to quantify the flexibility that LV systems can
make available to the upstream MV network at scale.

This paper proposes a methodology based on the concept of
synthetic network models to identify and forecast the amount
of LV flexibility that does not create technical issues to the LV
system itself. First, before modelling real networks with synthetic
models, global projections formulated at national or regional lev-
els are downscaled to the LV level to estimate expected demand,
generation, and EV diffusion under future growth scenarios. In
the absence of information on LV systems, the land-use character-
istics of the territory served by the studied SS are used to generate
geospatial forecasts of load and generation patterns. Then, by
matching the real networks with a small number of representative
ones, obtained by classifying real LV networks into classes based
on SS macro-parameters and selecting, for each class, the network
closest to the class-average electrical indicators, according to
the rule-based technique described below, the synthetic network
models underlying each MV/LV node (i.e., the SS) are identified.
Different scenario-dependent network variants of these synthetic
network models are further defined to represent the evolution
of real networks under future scenarios. Finally, by performing
unbalanced load flow calculations on the synthetic network mod-
els, a preliminary check is made to verify whether the networks
can tolerate the demand and generation growth imposed by the
scenarios. In positive cases, the potential flexibility is assessed
by hypothesising a reasonable level of participation of prosumers
and customers. Otherwise, the LV network is counted among
those that require reinforcements to restore compliance, and,
once compliance is ensured, the potential flexibility is finally
assessed. The feasibility of offering the full potential flexibility
to the MV grid (i.e., the maximum offers calculated for upward
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and downward variations) is verified through additional network
calculations. If criticalities in the LV network are identified, the
feasible flexibility is reduced until no violations occur.

The validity of the approach is demonstrated in the paper
by evaluating, through exemplary case studies, suitable grid
operation metrics, such as technical constraint violations, hours
of violations, Monte Carlo convergence criteria, required low-
voltage reinforcements, and the resulting feasible flexibility at the
medium/low-voltage interface across multiple future scenarios.

1.1 | Extensions With Respect to the Conference
Version

A preliminary version of this work was presented in [21]. The
present journal manuscript significantly extends and improves
the original contribution in several dimensions, summarised
below.

1. The description of LV network modelling has been enhanced.
While the conference paper introduced the general concept
of representative networks and synthetic models, this journal
version provides a more rigorous and detailed procedure
for their construction, including the definition of classifica-
tion criteria, the selection of representative networks based
on electrical indicators, and the generation of scenario-
dependent network variants.

2. The treatment of future scenarios has been significantly
expanded. The journal version introduces a comprehensive
geospatial downscaling methodology that allocates demand,
distributed generation, and electric vehicle charging to each
SS using GIS-based techniques and land-use information.
This allows for a more realistic, spatially consistent represen-
tation of the evolution of LV networks.

3. The assessment of network operation has been improved by
detailing the probabilistic framework based on Monte Carlo
simulations of unbalanced power flows. This is to better
validate the proposed evaluation of technical constraint
violations (voltage limits, line and transformer loading)
under uncertainty, which was only partially described in the
conference version.

4. This work explicitly quantifies LV network reinforcement
needs and integrates them into the flexibility assessment.
The impact of reinforcements on restoring network feasibility
and increasing the amount of deliverable flexibility at the
MV/LV interface is analysed, together with an estimation of
the associated investment costs.

5. The analysis of flexibility has been extended from aggregate
indicators to a detailed evaluation of feasible flexibility at the
SS level, explicitly accounting for LV technical constraints.
The results highlight how network limitations can signifi-
cantly reduce the theoretical flexibility potential, providing
new insights that were not covered in the preliminary
contribution.

6. Finally, the overall methodological workflow has been con-
siderably expanded and clarified, ensuring full reproducibil-

ity of the proposed approach and enabling its application to
large-scale distribution systems.

The structure of the paper is as follows. Section 2 describes the
main models adopted, including scenario definition and projec-
tion, the synthetic models of LV networks, and the flexibility
providers. Section 3 presents the proposed five-step approach for
estimating the flexibility that LV networks can offer. Section 4
presents the application to a regional distribution system and
discusses the main numerical results in terms of LV criticalities,
reinforcement needs, and feasible flexibility at the MV/LV inter-
face. Section 5 concludes the paper and outlines directions for
future research.

2 | Models

Many uncertainties affect flexibility estimation, and the first step
in managing them is to model all currently existing items as
closely as possible to reality. The following paragraphs describe
the proposed models of scenarios, networks, and flexibility
providers.

2.1 | Scenarios

The definition of scenarios in terms of demand, generation,
and EV diffusion growth for the horizon years is indispensable
for estimating the potential flexibility of distribution networks.
Unfortunately, applying EU National Energy and Climate Plans,
or non-European scenarios, to obtain data at the level of detail
required by the distribution planning is not straightforward. For
this reason, the first contribution of the paper is the definition
of a scalable and replicable procedure for downscaling demand
and generation high-level scenarios and forecasts to the SS level.
Forecasts on EV penetration and new transportation systems
are also taken into consideration. For the load demand, the
developed approach is bottom-up, based on data from a defined
portion of the territory, for which the characteristics of the MV
nodes (i.e., SSs) in that portion are known. The considered
portion of the territory should consist of the smallest area for
which electrical and territorial data can be known. In this study,
the province is chosen as the smallest portion of the territory
due to the availability of data from previous studies [4]. By
employing geospatial tools (i.e., GIS), the province is subdivided
into portions of territory served by a single SS. The approach is
based on the geometric procedure known as the Voronoi diagram
or Thiessen polygons [4, 22]. Once the spatial distribution of SSs is
known, the technique, which can be automatically implemented
within a GIS environment, creates polygons around each point
(i.e., each SS) so that each polygon contains the entire area that is
closest to that point than any other point in the dataset, as shown
in Figure 1. It is assumed that each SS serves the around territory
bounded by the relevant polygon. Then, all the available data
about population, land use, buildings, etc., are associated with the
polygon that represents the pertinence of one SS.

Once the list and basic electrical data for the SSs in one
province (i.e., the MV nodes of the distribution system) are
known, the energy demand share of each SS in the province at
year zero can be calculated. If no information on the types of
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FIGURE 1 |

customers served by the SS is available, the shares for residen-
tial, agricultural, commercial, and industrial customers can be
estimated by downscaling the approach proposed by the authors
in [14] for MV networks to LV networks. Such an approach
considers the population, the building typology and destination
use (e.g., industrial or commercial), the number of employees
per commercial/industrial sector, and land cover categories to
estimate demand for each end-use segment. However, in the
study proposed in this paper, each MV node (i.e., each SS) is
characterised by its energy demand split into residential, com-
mercial, industrial, and agricultural sectors, as in the previous
work [4], and thus the estimation was not necessary. Once the
share of demand among user categories is known or estimated
for each SS at year zero, and the growth rates for the future
are hypothesised, it is assumed that this share remains constant
over the horizon years, as projected in future scenarios. This
assumption is based on the fact that projected growth is primarily
driven by increased electricity consumption per user rather than
by significant changes in the number of users connected to each
SS. Modelling variations in user numerosity would imply network
expansion and the installation of new substations, which lie
beyond the scope of this work, which is focused on the evolution
of existing (brownfield) networks.

Regarding the forecasted energy production from renewables,
adopting the same bottom-up approach used to project demand is
not reasonable. The projection of distributed generation is carried
out through a top-down geospatial allocation procedure, specifi-
cally designed to overcome the limitations of purely proportional
growth assumptions. In this paper, without loss of generality,
only PV is considered, as it is highly prevalent in the LV. Thus,
in contrast to demand, renewable generation is not projected by
preserving the initial share at the SS level, as this would unrealisti-
cally assume that new capacity can be installed uniformly across

Sample of subdivision of an area into Thiessen polygons.

the territory. Instead, the methodology distributes the expected
generation by explicitly accounting for territorial constraints and
hosting potential. In more detail, the total increase in generation
defined at the provincial (or higher) level is allocated to each SS
based on the physical and spatial characteristics of the area it
serves. As mentioned, these areas are identified using GIS-based
partitioning (e.g., Thiessen polygons), which associates each SS
with a specific portion of territory. Within each area, the available
surfaces suitable for PV installation, such as building rooftops or
land for ground-mounted systems, are estimated using geospatial
and land-use data. The projected generation capacity is then
distributed according to the estimated hosting capacity, ensuring
that installations are consistent with the actual spatial potential of
each area. Furthermore, the methodology distinguishes between
urban and non-urban contexts, assigning to the LV side the
generation estimated for the urban context, and to the MV side
the one that, for size and installation, is attributed to the non-
urban context. This approach enables a spatially coherent and
physically plausible projection of distributed generation, aligning
large-scale scenario targets with local territorial constraints and
avoiding unrealistic concentration or dispersion effects.

Regarding EV penetration, EV diffusion is projected using a
geospatial downscaling procedure that allocates future transport
scenarios, defined at the regional or provincial level, to individual
SS, with a specific focus on the spatial distribution of charging
infrastructure. The lack of reliable data at year zero required
the development of an ad hoc procedure, which is based on
point spatial data and evaluates the locations of EV charging
stations according to the number of EVs foreseen in the scenario
and the distinctive features that could characterise their owners
(e.g., the possibility of installing a home charging station—
HCS). The methodology first translates the expected evolution
of the EV fleet into provincial-level projections, which are then
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disaggregated to the local level derived from the proposed GIS-
based technique (Thiessen polygons), ensuring that each SS is
linked to a well-defined service area. For residential charging
(i.e., HCS), the allocation is based on a bottom-up estimation
of EV ownership at the SS level, derived from the share of
residential customers within each substation area relative to
the provincial total. This estimate is combined with building
typology information and probabilistic assumptions on parking
availability, allowing the calculation of the likelihood that EV
owners can install private charging points (i.e., if they live in
single-family houses or dwellings with shared parking lots).
In this way, this methodology enables a spatially consistent
projection of EV diffusion and charging demand, capturing both
the heterogeneity of user behaviour and the territorial constraints
affecting charging infrastructure deployment.

The procedure output allows associating the estimated demand,
production, and EV charging stations with each SS of the
considered territory in a future year.

2.2 | Synthetic Network Models

MV and LV distribution systems vary in many attributes across
the relevant territory (e.g., topology, conductor types, transformer
sizes, line lengths, load density, etc.) and often exhibit a lack of
standardisation due to historical and operational reasons. Thus,
extensive studies and simulations should be conducted across
the territorial area under study to estimate the flexibility that LV
networks can offer to the higher-voltage networks and achieve an
acceptable level of confidence in the results. This paper utilises
the concept of synthetic network models to address these issues
and reduce the computational burden. Synthetic network models
of real distribution networks do not correspond exactly to the
actual networks, but they can realistically characterise them [14].

To model the real network with synthetic ones, the procedure
proposed in this paper is a rule-based classification and does
not apply a standard unsupervised clustering algorithm (e.g., k-
means or hierarchical clustering). The objective is to reduce the
number of networks that need to be explicitly simulated. In other
words, the purpose of this stage is not to determine an optimal
partition based on a clustering performance index, but rather to
identify a limited set of LV network classes that together represent
the majority of the original dataset. For this reason, and in the
absence of detailed data (e.g., topology, customers, etc.) on all the
LV networks to be studied, groups of LV networks with similar
characteristics must be identified.

The procedure’s input is the position of the SSs within the
territorial area under study and a sufficiently detailed dataset
for a limited number of real LV networks. In this study, about
1,000 LV networks are available with a consistent set of electrical
indicators, out of the over 12,000 that serve the whole regional
territory.

The real LV networks for which more details are known have been
classified first into groups based on a set of macro-parameters
available at the SS level. This set of parameters must also be
known for the LV networks for which other details are unknown.
Such macro parameters have to be accurately selected across

the ones that strongly influence the topology, load density, and
electrical behaviour of LV networks and are available even when
detailed network models are not. For this reason, in the case study
considered in this paper, the classification is performed using
three macro-parameters usually available at the SS level: the rated
power of the MV/LV transformer (i.e., its size); the total number
of LV customers supplied by the SS; and the qualitative indicator
of population concentration in the served area (high, medium,
or low), derived from the municipality population according
to the Italian regulatory classification (>50,000 inhabitants;
5,000-50,000 inhabitants; <5,000 inhabitants, respectively).

In particular, the dataset of known LV networks is subdivided
into the typical commercial size of MV/LV transformers used in
Italy for the distribution system: 50, 100, 160, 250, 400, and 630
kVA. Regarding the number of LV customers, the subdivision
has been performed into three classes: fewer than 5 customers,
5-50 customers, and more than 50 customers. Considering also
the classification of municipalities, each of the 1,000 known LV
networks corresponds to a single parameter combination (out of
the 54 possible). It is worth noting that several combinations are
empty (i.e., twelve in the case study), such as those that would
associate a small number of customers with a small transformer
size in a densely populated municipality, and others are not
very representative due to the limited cases they include (i.e., 16
combinations include fewer than ten networks). Thus, the final
number of considered classes is 26.

Once the dataset of known real LV networks is subdivided into
classes, other features describing the internal structure of the
LV networks belonging to each class must be analysed. Each
network is characterised based on a few other indicators that
can characterise different behaviours within its class, that is, the
average feeder length, the share of overhead lines/buried cables,
the average number of customers per feeder, and the ratio of
installed generation capacity to the rated power of passive cus-
tomers. It is worth noting that such indicators are not available for
all the LV networks that will be represented by a synthetic model,
but this classification is designed to group known networks with
similar structural and electrical characteristics, ensuring limited
variability within each class. Another important parameter is the
number of feeders that constitute the LV networks, known for
the limited set of LV networks. This parameter, together with
the average values of the others, guides the selection of the
most representative network for each class. The representative
networks (RNs) are selected to build the synthetic network
model used in the simulations based on the average network
characteristics and the prevailing number of feeders in each class.
More in detail, the approach can be formalised as follows. Let
X; . be the value of the indicator k for the i-th network belonging
to a given class, and X, the average value of indicator computed
over all networks in that class. The representative network RN is
selected as the network that minimises the distance from the class
centroid in the multidimensional indicator space, as in (1).

RN = argmin Z (xiy — x_k)2 @

1

In this way, the selected RN can be interpreted as the net-
work whose structural characteristics are closest to the average
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configuration of the class. Furthermore, the initial set of 26
representative LV networks is further analysed and compared
in terms of topological and electrical characteristics. Networks
exhibiting very similar features (e.g., the same number of feeders,
comparable feeder lengths, and analogous configurations) are
grouped together, as they would lead to equivalent results in
subsequent simulations. This a posteriori aggregation reduces the
initial set from 26 to 16 representative networks while preserving
an adequate representation of the overall variability of the LV
system. Each RN is therefore used as a synthetic model for the
set of real LV networks belonging to the same class. Concerning
the representativeness of the selected RNs, since their selection
is made by choosing the closest-to-centroid configuration, the
average deviation from all networks in the class of real LV
networks for which some features were known is minimised. To
further support the representativeness of the selected RNs within
the limited set of LV networks, the intra-class variability of the
electrical indicators has been analysed. Results show that, for
each class, the dispersion of the considered indicators around the
centroid is limited, confirming that each selected RN provides a
reasonable approximation of the average network configuration
within that class.

These RNs have therefore been assumed to represent all the LV
networks under study, including those for which only the macro-
parameters at the SS level are known. This approach significantly
reduces the number of networks that must be analysed while
preserving the diversity of network configurations present in
the real distribution system. It is important to note that a full
quantitative validation of the representativeness of the selected
RNs over all LV networks is not feasible due to the lack of
detailed data. However, the purpose of this methodology is not
to provide a statistically optimal clustering of LV networks but
to define a tractable set of representative configurations that
can be consistently mapped to all substations based on available
macro-parameters.

Once the set of RNs has been identified, each SS in the studied
region is associated with its corresponding RN based on its macro-
parameters, and subsequent scenario analysis and probabilistic
power flow simulations are performed on these synthetic models.

To include the expected scenarios in the horizon years, modelled
as in the previous paragraph, different variants of the RNs are
built by crossing levels of demand, production, and EV diffusion.
In this way, the number of simulations is reduced, but to not
excessively lessen the accuracy of the results, a compromise
between the number of selected synthetic network models and
the levels of factors that characterise the future scenarios must
be made. In this way, the behaviour of every real LV network
is represented by its corresponding synthetic model, and, once
the scenario downscaling (detailed in section 3.1) is applied, the
time-varying demand and generation profiles of each SS can be
combined with the assigned RN for the subsequent flexibility
assessment.

Figure 2 summarises the proposed procedure for creating the
synthetic network model.

Moreover, for properly considering the coincidence between
demand and production, typical daily profiles (i.e., working days,

pre-holidays, and holidays for the four seasons) are associated
with diverse demand patterns, differentiated among the type of
customers (i.e., residential, agricultural, industrial, and commer-
cial, as in [23]), generators, and home charging stations (HCS) of
each RN.

Each typical day is represented at hourly resolution and defined
separately for demand and generation. Base profiles are nor-
malised to unit daily energy and then scaled so that, for each
SS and scenario year, the annual energy associated with each
customer category and technology matches the values obtained
from the scenario downscaling. In this way, the long-term energy
scenarios are consistently translated into time-varying active and
reactive power profiles that can be used in the probabilistic
power flow simulations. It is worth noting that, as a result of
the study in [23], different typical daily load profiles (LPs) are
assigned to LV customers in a nominal homogeneous category
to overcome the inaccuracy caused by non-existent coincident
peaks arising from the common use of a single LP per category
and per typical day. According to [23], customers supplied by
the same SS (in this paper, one RN) are first grouped by annual
energy consumption and geographic location, and each group
is statistically associated with LP clusters through normalised
distribution coefficients reflecting their relative occurrence along
the network. Then, individual customers are randomly assigned
to clusters based on these coefficients, and each customer is
finally associated with the LP corresponding to the centroid of
the selected cluster. The proposed approach overcomes the sim-
plified approach commonly adopted in practice when detailed LV
information is missing, in which the secondary-substation load
profile is distributed across all downstream users proportionally
to their rated power, without differentiating customer behaviour.
While simple, this approach tends to produce unrealistically
coincident peaks and fails to capture the diversity of LV customer
demand. In Italy, the procedure for assigning time-varying power
profiles to LV customers, as suggested by the Italian Regulator and
used by the DSOs, starts from the active power measured at an
SS, typically with a 10-minute resolution. From each customer’s
monthly energy consumption (available for billing purposes),
individual customer power profiles are derived through the
following steps.

- The active power measured at the SS is integrated to compute
the total monthly energy supplied to the LV network.

- Based on the monthly energy of each customer (E.) and the
total energy measured at the SS (Egs), a monthly scaling factor
is calculated, as in (2).

Ec

k= B

@

- The yearly power profile of each customer is then obtained
by applying the corresponding monthly scaling factors to the
measured SS profile.

This procedure is inherently applicable to passive networks, as it
relies solely on energy measurements of consuming customers.
Moreover, it does not differentiate among customer types: all
users supplied by the same SS are assumed to share the same nor-
malised load profile shape, derived from the SS measurements.
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FIGURE 2 | Synthetic network model creation procedure.

On the contrary, the modelling strategy adopted in this paper
provides a more realistic representation of LV demand behaviour
overwhelming the conventional proportional-allocation bench-
mark under the same data-availability constraints.

Concerning the HCS, their charging profiles are derived from
the habits of EV drivers, which allows defining average hourly
consumption profiles based on vehicles and travelled distances.
In detail, the online available electric vehicle charging and grid
integration tool provided by the International Energy Agency
(IEA) is used to generate a large number of cases for build-
ing mean daily profiles differentiated by EV model, charger
power, and drivers’ habits (e.g., travelled kilometres, arrival and
departure time, etc.) [24]. Different charging behaviours are
modelled by combining several dimensions: vehicle segment,
charger power level, typical arrival and departure times, and daily
driven distance. The resulting synthetic population of charging
events is then mapped to the LV networks by assigning several
HCS to each residential customer, according to the penetration
level defined in the scenario, and by distinguishing between
single-phase and three-phase connections when relevant. This
procedure preserves the correlation between driving habits and
the location of charging points, which is crucial for reproducing
realistic coincident peaks at the feeder level [25].

2.3 | Flexibility Providers

Theoretically, all DERSs can provide flexibility services: customers
can reduce/increase their demand and/or shift it; owners of
dispatchable generation plants can vary their production both
upward and downward within the technical limits of the installed
technologies; storage systems, static or mobile (i.e., EVs), can
behave as a load or generator depending on their state of charge;
non-programmable generators can curtail their production.

Considering all the potentiality of flexibility providers, the inter-
face between MV and LV networks, the SS, can be modelled as a
four-quadrant equivalent generator that can change its working
point within a capability curve that, in the most extensive case,
is a rectangle in the P-Q plane, whose vertices can be calculated
as the sum of all the maximum potential offers by the DERs
connected to the downstream LV network. Figure 3 shows the
ideal capability curve for deviations from the expected working
point (A) in each time interval.

The maximum flexibility curve is obtained by considering the
maximum upward and downward bids from flexibility providers
(yellow area BCDE) and disregarding the limitations of the LV
grid. The assessment of such a potential can be formalised as
follows. Let F denote the set of flexibility providers connected to a
given LV network. Once the participation level for each provider
i € Fisdefined, the maximum upward and downward deviations

Association of the
synthetic model
with each real LV
network to be
studied

Inclusion of
growth scenarios

AP

D *E

FIGURE 3 |
erator that models the SS in one time interval.

Capability curves of the four-quadrant equivalent gen-

of active and reactive power, API.T max? APilmax, AQl.Tmax, AQl.lmaX,
with respect to the SS expected operating point in a given time
interval, can be assessed. The aggregate maximum deviations at

the SS are obtained by the following (3) and (4).

P = Z APl o Py = Z AP 3)
ieF ieF

Quax = 2 AQ! s Quin = 2 AQ €
ieFr ieF

The ideal maximum flexibility region of the SS in the P-Q plane
is therefore given by all (AP, AQ) that satisfy (5).

_Pmin <AP<Z Pmaw _Qmin < AQ < Qmax’ (5)

which corresponds to the area BCDE shown in Figure 3, before
enforcing LV network constraints.

However, estimating the feasible flexibility cannot ignore the
network operation and must keep the working point within the
technical boundaries. Figure 3 shows a possible reduction of the
capability area, calculated as feasible for not incurring technical
constraint violations (green shape FGHI).

Since the point of view is from the LV side, customers offer
upward bids when their consumption is reduced and downward
bids when their demand is increased. Producers do the opposite,
so that an increase in production leads to a downward bid at
the SS level and a reduction in production to an upward offer.
For RES generation without storage, the production increase is
generally not possible. Finally, EVs and static storage systems
offer downward bids in the discharging mode and upward
bids in the charging phase. Thus, for instance, the point F of

IET Generation, Transmission & Distribution, 2026

7 of 17



GROWTH SCENARIOS
(demand, generation and EV)
APPLICATION

NO

v

FIGURE 4 | Flow diagram of the proposed procedure.

Figure 3 represents the case when some resources cannot offer the
maximum active power in upward (AP' < AP! )and no change
in reactive power is allowed (A Q' = 0) without violations of the
technical constraints, while the point G corresponds to the case
on which no change in active power (A P! = 0) is permitted and
the reactive power can be changed in downward until a limited
value, smaller than the maximum potential (AQ' < AQ},,).

3 | Proposed Approach for Assessing LV Flexibility

A five-step approach (shown in the flowchart of Figure 4) has
been developed to estimate the flexibility potentially offered by
the LV networks to the upper voltage level ones, and it is described
as follows.

1. Identification of representative networks (RNs) that are the
synthetic network models of the real ones.

2. Association of the RNs to real MV nodes, that is, the SSs, of
the distribution system under study.

3. Application of a specific demand, generation and electric
mobility scenario on RNs following the expected scenarios.
In this step, the rules for scaling the RN to be studied are
identified.

4. Unbalanced power flow (PF) calculations (using OpenDSS
for 4-wire distribution systems) are performed for each RN
identified in point 1 and modified, taking into account point
3, considering the following operating conditions:

a. As-is networks, which represent the networks in their
current configuration (i.e., year zero), are used to verify
the presence of contingencies and criticalities and, if
necessary, resolve them before proceeding to the next step,
as outlined in point b.

b. Networks in horizon years (e.g., 2030 and 2050), obtained
after application of the scenarios in point 3. If the power
flow calculations on the networks projected for a horizon
year reveal criticalities, the necessary investments to
address the detected criticalities are estimated.

5. Estimation of the flexibility that the LV network, possibly
resized, could provide to networks at the upper voltage level

ASSOCIATION OF
SYNTHETIC
NETWORK MODELS
WITH REAL
MV NODES

(i.e., MV) without violating the technical constraints in its
network operation.

The association of the real networks with the synthetic network
models at point 2 directly derives from the classification and the
rules adopted for selecting the RN, as described in paragraph 2.2.

3.1 | Application of the Load and Generation
Forecasts to the Synthetic Network Models

Concerning point 3 in Sec 3, rules for scaling these scenarios on
RNs should be found to ensure that the synthetic network models
can reproduce the behaviour of real networks during the expected
evolution. In the following sub-paragraphs, some details of these
rules are reported.

3.1.1 | Demand

Let us consider the group of real networks represented by a
specific RN. This group of real networks is characterised by a
certain growth in demand over the years, which results in their
consumption falling within a specific range, from D,,,;,, (minimum
demand) to D,,,, (maximum demand), in kWh/year. More in
detail, by hypothesising that the group associated with a given RN
includes 1000 real LV networks, each one characterised by three
values of energy demand, one for the year zero and two for the two
considered horizon years, 3000 values of energy demand, each
associated with one combination network-scenario, are available
for such a group that fall into the range D,,;,—D,,. The real
network group is generally not evenly distributed in this range.
Thus, once the group of real networks has been ordered by
increasing demand growth, it has been divided into Ny, sub-
groups, each with a demand range for which the minimum,
maximum, and average values can be defined. For instance, if
the range D,,;,—D,., is between 0 to 300 MWh/year and Ny, is
assumed equal to 3, the first class is between 0-100 MWh/year,
the second is between 100-200 MWh/year, and the third 200-
300 MWh/year. Such classes could include a variable number
of combinations of real network-scenarios. The average demand
values of the identified subsets become the reference energy
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TABLE 1 | Share of residential consumption across RN demand
classes.
Residential
customer
Total demand consumption
[kWh/year] [kWh/year]
Representative 109,157 3,882
network
(RN)—year O -
class 1 19,330 687
class 2 41,324 1,469
class 3 126,621 4,502
0.9
0.8
0.7 | |
' || ||‘ ||‘ ||‘ ||‘ Il‘ I|‘ I|‘ I|‘ I|‘ Il‘ I|| || ||
R Ch;u:ﬁi?cd:} —————— s

mclass | Wclass2 Mclass 3

FIGURE 5 |
customer of one RN in three classes.

Scaling of a daily demand profile of a residential

demand of the Ny, classes for each RN. In the proposed example,
the average demands of the three classes are 50 MWh/year,
150 MWh/year, and 250 MWh/year, respectively. Such energy
demands are then applied to the customers of the given RN, which
is associated with the group of real networks, while maintaining
their daily load profiles to reproduce the expected scenarios of the
real networks. It is worth noting that the total energy demand
applied to one RN is divided among its customers, preserving
the proportionality across customer types. For instance, Table 1
shows that the residential consumption of one customer in one
RN is 3,882 kWh/year, which is approximately 3.5% of the total
demand. Such a share is maintained in each considered class of
demand (three in this example, N, = 3), and the daily profile of
that customer is simply translated, as in Figure 5. The demand of
one class may be smaller than of one at year zero, as in the case
of class 1 and class 2 in Table 1. In any case, the daily load profiles
of the customers are downscaled proportionally to their share in
the real RN (Figure 5).

3.1.2 | Generation and Electric Mobility

For scaling these scenarios onto the RNs, the same rule described
for demand can be applied to installed generation power and the
number of HCS expected in the scenarios. Thus, Npy generation
classes and Nyg classes for the EV charging stations can be
defined. The only difference from the definition of demand
classes is that classes with no PV or no HCS must also be

considered if the expected scenarios do not foresee the installation
of PV or HCS on the horizon years.

For positioning the generators in the RN, the generator size
is determined by the type of customer connected (i.e., 3 kW
for residential customers and up to 10 kW for non-residential
customers). Instead, the power expected to be installed in other
contexts is positioned in no-load LV nodes (up to 20 kW per node).

Regarding the HCSs, they are first positioned in nodes that
supply residential customers (up to 2 HCS per customer). If the
number of expected HCSs exceeds twice the number of residential
customers, the remaining HCSs are randomly assigned to nodes
with non-residential customers.

In summary, the networks selected as representative are at
most analysed in N x Npy X Nycg versions, representing the
combinations of demand, PV, and HCS classes (no PV and no
HCS classes included), respectively. However, in practice, it is
not necessary to build or analyse all possible combinations of
classes for all RNs if none of the real networks fall into any given
combination.

w

.2 | Unbalanced Power Flow Calculations

Initially, power flow (PF) calculations are performed to verify
if technical constraints are violated during the operation of the
defined RNs. The verification is carried out using a Monte Carlo
approach, in which the PF calculations are repeated by sampling
demand, generation, and charging/discharging current values on
an hourly basis from predefined time-dependent distributions.
Specifically, a beta distribution is adopted for demand [26], while
normal distributions are used for energy production and HCSs.
The sampling process is based on the typical hourly profiles
described in Section 2.2. The year zero and all the combinations
of scenarios that reproduce the horizon years are separately
simulated until the convergence criterion of the MC is met. The
stop criterion for the MC cycle is reaching the maximum number
of iterations or a given threshold ¢ to the convergence parameter
B, calculated as in (6).

_ Vo)
u(hy) - \/n

where n is the number of the current extraction, o(h,) and u(h, )
are the variance and the mean value of the h, occurrence of
violations (expressed in hours per year) calculated until the n-th
extraction. If violations are detected, a dedicated reinforcement
step is triggered. First, the type and location of the issues
(overvoltage, undervoltage, line or transformer overloads) are
identified in each RN. For each version of RN, unbalanced power
flow calculations are performed, and the resulting operating point
is checked against standard technical limits, namely voltage,
branch current and transformer loading constraints. Admissible
operating points must satisfy the following constraints in (7).

<en=1..N (6)

Vmin < Vn < Vmax vn

I, <IP™VL @)
S < Smax
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where V,, is the voltage magnitude at node n, I, is the current in
line £, and S,, is the apparent power at the secondary substation
transformer. The considered limits are V;,=0.95 p.u., V,.,=1.05
p.u., I7*=100%, S™*=100%.

In other words, the Monte Carlo simulations adopt a risk-
orientated convergence criterion based on the estimated annual
duration of technical constraint violations. The convergence
threshold ¢ is set equal to 5 h/year in the case study. At
each iteration, the mean and variance of the annual violation
hours are updated, and a convergence indicator is evaluated as
the variation between consecutive estimates, normalised over
the simulated year. The simulation process is stopped when
either: (i) the convergence indicator falls below the threshold
¢, indicating negligible variation in the estimated violation risk,
or (ii) a predefined maximum number of iterations is reached,
in order to limit computational burden. Further details on the
computational aspects are provided in Section 4.3.

For thermal violations, components that exceed their overload
limits are reinforced without changing the network topology.
Specifically, LV cables are resized to a larger standard cross-
section, and MV/LV transformers are replaced with the next
available commercial rating. The new rating is chosen as the
smallest standard commercial size capable of withstanding the
maximum simulated loading. Voltage violations are addressed by
resizing the entire feeder, which constrains the voltage profile.
The costs of the selected reinforcements are then quantified
according to the DSO’s cost assumptions, and the resulting rein-
forced elements replace the original ones in the synthetic network
models. The reinforced network is used in the subsequent step
(point 5) to reassess operation and feasible flexibility at the
MV/LV interface.

3.3 | Flexibility Estimates

Step 5 of the proposed approach is performed by considering, for
each RN, possibly resized, the vertices of the rectangular capa-
bility curve in Figure 3 that determine the maximum deviations
from the expected working point of the MV/LV network interface.
By referring to Figure 3, starting from the expected working point
A (the origin of the AP and AQ plan), the maximum variation
upward can be obtained by combining the maximum reduction
of the demand and the maximum charging power of static storage
systems and EVs with the expected power production and the
cumulative variations in positive (i.e., point E) or in negative
(i.e., point D) of the reactive power of demand and the one
allowed by the capability curves of the inverters used for the
connection of the static and mobile storage systems. On the
other hand, the maximum downward variation can be obtained
by combining the maximum demand increase, the maximum
discharge of static storage systems and EVs and the cumulative
variations in positive (i.e., point C) or in negative (i.e., point B) of
the same contributions of reactive power, with the PV shut down.
It is worth noticing that the demand cannot easily change its
power factor. Thus, the corresponding variation of reactive power
follows the variation of the active power.

The feasibility check is carried out by running unbalanced
power flow calculations on the LV network models (i.e., repre-

sentative/synthetic networks) for these four relevant operating
conditions. In the unbalanced power flow simulations, the slack
bus is located at the MV node of the MV/LV transformer of the
secondary substation, which represents the interface between the
upstream MV network and the LV system under analysis. The
voltage at the slack bus is assumed equal to the nominal MV
voltage, consistent with the objective of the study, which focuses
on assessing the technical feasibility of flexibility provision within
LV networks without explicitly modelling the upstream MV grid.

The LV network can offer 100% of the potential flexibility if no vio-
lations occur. Otherwise, if any technical constraint is overcome,
the deviation from the expected working point is reduced with
respect to the maximum potential until a condition with no vio-
lation is found. Practically, this is implemented by progressively
scaling down the deviation along the corresponding direction of
the capability curve (upward or downward), while repeating the
PF calculations until all voltage and thermal limits are respected.
Such final percentages of upward or downward flexibility deter-
mine the feasible flexibility that the real networks, represented by
the synthetic network under study, can offer to the MV.

4 | Case Study and Results

The procedure is applied to an Italian region, whose distribution
system comprises about 12,000 SSs. The number of selected RNs
is 16 (Figure 6 shows three of them). Their main characteristics
(i.e., the number of feeders, average feeder length, share of
overhead lines, number of connected customers, and the ratio
of installed generation capacity at year zero -P,;,.- to the rated
power of passive customers -P,.-) are reported in Table 2. The
last column indicates the share of the ~12,000 real secondary
substations in the region that are represented by each RN.

The long-term demand and generation scenarios are derived
from a previous regional study that assessed the potential to
become a green model for the energy transition, characterised
by high electrification and extensive use of renewables [4]. On
the demand side, the sectoral growth rates are consistent with
the National Energy and Climate Plan. They are driven by
increased environmental awareness, efficiency improvements,
lower electricity prices due to higher RES penetration, and the
deployment of local energy communities and new electricity-
based technologies (e.g., hydrogen). By 2030 and 2050, electricity
demand is expected to grow moderately in the residential, tertiary,
and agricultural sectors, more strongly in industry, and signifi-
cantly in transport due to road electrification, with EVs reaching
more than 70% of the car fleet by 2050. On the generation side, the
scenario assumes a mix of onshore wind and photovoltaic plants.
Since wind plants are supposed to be connected to the HV system,
they are not considered in this study. Whereas photovoltaic
capacity is apportioned between MV and LV according to the
downscaling assumptions. In urban areas, PV is modelled as LV-
connected. In contrast, in non-urban areas, if the PV growth
scenario for a given RN results in a cumulative rated power
below 130 kW, the PV is spread throughout the LV RN, as it is
LV-connected only. Otherwise, it is modelled as MV-connected.

To cover all the identified scenarios applicable to real networks
for the horizon years 2030 and 2050, the selected RNs are built
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FIGURE 6 | Example of three of the LV synthetic networks used in this study.
TABLE 2 | RN main characteristics.
Network parameters
NETWORK Num of Feeder length Share of Number of
1D feeders [km] overhead lines clients P, tive/Ppassive  Representativeness
RN1 1 0,42 100% 2 0 24.8%
RN 2 2 1,42 100% 8 0,14 11,7%
RN 3 1 0,21 0% 2 0 3,7%
RN 4 2 0,50 88% 11 0,05 5,1%
RN 5 4 0,43 0% 85 0,09 11,5%
RN 6 1 1,54 83% 26 0,08 6,9%
RN 7 2 1,67 80% 110 0,06 1,3%
RN 8 2 0,35 0% 4 0 2,1%
RN 9 4 0,28 0% 22 0,20 6,8%
RN 10 2 0,29 0% 19 0,37 2,5%
RN11 4 0,31 4% 120 0,06 3,7%
RN 12 4 0,76 4% 364 0,06 8,8%
RN 13 4 0,20 3% 61 0,03 6,4%
RN 14 8 0,97 64% 389 0,04 1,0%
RN 15 6 1,00 4% 568 0,06 2,1%
RN 16 6 0,21 5% 61 0,01 1,7%

in 469 different variants. It is worth noting that, depending on
their initial energy demand, one RN-scenario combination can
represent two real networks belonging to the same group of real
networks represented by the given RN, one in the first horizon
year and another in the second.

4.1 | Networks in Horizon Years

Preliminarily, and accordingly to step 4.b of the proposed
approach (Section 3), power flow calculations on the networks
projected in a horizon year are checked. If criticalities are iden-
tified, the necessary investments to address them are estimated.
The criticalities vary significantly across network types, with
some RNs remaining largely compliant (e.g., RN 9, RN 10, RN
13) and others showing criticalities in the majority of simulated
scenarios (e.g., RN 12 and RN 14) or in all the combinations

(e.g., RN 7, RN 15). Figure 7 shows the share of RN-scenario
combinations that exhibit no criticalities, criticalities exceeding
the threshold of five critical hours per year, and combinations
where no real network falls (no scenario).

Considering all the RNs identified for this study, approximately
52% of these networks do not require resizing to address critical-
ities. RNs that do not require reinforcement in any combination
are approximately 20% (Figure 8). The other networks must be
resized to accommodate the growth in demand, production, and
HCS diffusion over the horizon year. In Figure 8, the numbers
within the bars indicate the number of real networks each RN
represents.

Figure 9 and Figure 10 show the results of the MC simulations
for three of the 16 identified RNs, considering the different levels
of generation, demand, and HCS diffusion. In particular, Figure 9
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illustrates, using traffic lights, the presence of criticalities in the
networks. Green dots indicate scenario—network combinations
in which no violations are observed in any Monte Carlo sample.
In contrast, red dots highlight combinations in which technical
constraints are violated for more than a fixed number of critical
hours (i.e.,, 5 h in this study). At the same time, the hyphen
indicates the absence of a scenario (i.e., the RN-scenario com-
bination does not represent any real network, not even in a
future year). It is clear that criticalities emerge and become more
frequent as the penetration of distributed resources increases. For
example, the number of red dots increases when moving from
PV class PV1 to PV3 and when demand (or HCS diffusion) rises.
Figure 10 details the type of criticality registered (i.e., transformer
or line overloading, OL/OT, overvoltage, OV, or undervoltage,
UV) and if they happen during the day (_D) or not (_ND). The
cells marked with a hyphen correspond to the absence of a given
type of criticality throughout the simulated year; otherwise, the
presence of OL, OV, or UV indicates that the corresponding limit
is exceeded in at least one Monte Carlo sample. The grey areas
correspond to the network variants not simulated. As shown in

uNO SCENARIO

RN9 RN10 RNI1 RNI2 RNI13 RNI4 RNI5 RNI16 RNTOT
HOURS OF CRITICALITIES <5

Share of RN-scenario combinations with and without criticalities for each representative network.
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RN10 RN11 RN12 RN13 RN14 RN15 RN16

REINFOCEMENT

Percentage of real networks represented by the RNs that do not/must be resized.

Figure 9, the variety of criticalities increases with the penetration
of distributed resources. For instance, new types of criticalities
emerge when demand (or HCS diffusion) increases in network
RN 6.

From another perspective, Figure 11 illustrates the identified
criticalities, namely overvoltage, voltage drops (undervoltage) at
the nodes, and line and transformer overloading. It is subdivided
into the four quarters of the year. Overloading of transformers
and lines, as well as overvoltage, occurs mainly during the
spring and summer quarters (i.e., Q2 and Q3). Excessive voltage
drops arise throughout the year but are most prevalent during
the autumn and winter quarters (i.e., Q1 and Q4). A clear
distinction also emerges between network types: rural networks
are mainly characterised by voltage-related criticalities, often
coupled with daytime line current violations, whereas urban
networks are more frequently affected by thermal congestion and
equipment overloading. In quantitative terms, nearly 50% of the
analysed networks exhibit current violations, 47% present voltage
violations, and 17% show transformer overloading.
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FIGURE 9 | Traffic-light summary of the presence/absence of technical criticalities for three representative LV networks under different scenario
combinations.
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FIGURE 10 | Classification of the type of criticality (OL, OV, UV) for the same networks and scenarios considered in Figure 9.
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FIGURE 11 | Identified criticalities.

4.2 | Flexibility Assessment Results

Accordingly, with step 5 of the proposed approach (Section 3),
the proposed assessment focuses on flexibility from load modu-
lation and distributed generation control/curtailment. Flexibility
contributions from EV smart charging and static energy storage
are not explicitly represented; however, they could be considered
without losing generality. Consequently, since PV generation is
supposed to inject active power at a unitary power factor, reactive
power variations arise solely from variations in the active demand
power, assuming no deviation in the power factor. In the case

study proposed in this paper, the maximum participation of the
flexibility providers is described as follows:

- Active customers agree to reduce their consumption by a
certain percentage (i.e., up to 50%).

- Producers, owners of renewable generators (i.e., PV systems),
agree to curtail their production until they are shut down.

For active customers, a reduction of up to 50% is applied to
the hourly baseline demand derived from each customer’s load
profiles, and it is assumed to be sustainable over the entire
one-hour interval, without modelling rebound effects.

The assumed maximum load reduction of 50% is consistent with
values reported in the demand response literature, where load
reduction ratios between 10% and 50% have been documented for
residential and commercial customers for HVAC-based strategies
[27], while lighting in office buildings can achieve a load reduc-
tion ratio of up to 80% during peak hours, with an average daily
value of 20% [28]. In addition, field trials in European residential
settings have reported achievable household demand reductions
of up to 33% during peak hours through automated demand
response and home energy management systems [29]. In this con-
text, the 50% value adopted in this work should be interpreted as
an illustrative upper-bound assumption for flexibility activation,
introduced to explore the network response under a sufficiently
wide range of demand modulation levels. For PV generators,
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the maximum downward modulation in each hour is equal to
the instantaneous PV output given by the production profiles,
so that the available downward flexibility naturally follows the
diurnal and seasonal pattern of solar generation. Full curtailment
is technically feasible with modern inverters and consistent with
current regulatory practices, as MV-connected generators are
already required to enable remote active power limitation by the
DSO, and similar provisions are foreseen at the European level
through flexible connection agreements [30].

By summarising these assumptions, the feasibility of the work-
ing points corresponding to the maximum reduction of the
demand with the expected production (upward flexibility) and
the maximum generation curtailment with the expected demand
(downward flexibility) is checked and possibly scaled for finding
the final percentage of demand reduction or production curtail-
ment that the real networks, represented by the RNs under study,
can offer to the MV.

Feasible flexibility is evaluated for all RN-scenario combinations,
considering both configurations that remain compliant without
reinforcement and those in which the identified reinforcements
are applied to remove technical violations. Regarding networks
that do not require reinforcement to address criticalities that may
arise in future years, downward feasible flexibility is always the
maximum potential. Thus, the network operation can tolerate
production curtailment during all the typical days. On the
contrary, upward feasible flexibility does not reach its maximum,
and in some cases, it is null. In particular, upward feasible
flexibility increases in versions of RNs with high demand (e.g.,
in the third class), but demand cannot be reduced at some hours
of the day. Figure 12 illustrates this behaviour in one of those RN,
considering the highest increase in conventional load demand
and HCS penetration, together with a high PV growth scenario.
In the central hours of the day in Q1 and Q2, no upward flexibility
can be provided (red area), whereas in QI at noon and in Q2
and Q3 at 3 p.m., up to 80% of the potential upward flexibility
can be delivered. In all the remaining hours, 100% of the upward
flexibility is feasible (green area), meaning that a curtailment of
up to 50% of the load demand can be tolerated.

The time-dependent behaviour observed for the individual RN-
scenario combinations can be extended to the full set of RNs
that do not require reinforcement. In these networks, downward
flexibility is always fully feasible (i.e., equal to 100% of the
available potential in both 2030 and 2050). Upward flexibility,
instead, may become more restrictive in specific simulated hours.
Table 3 summarises this behaviour by classifying the substations
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Upward feasible flexibility of one RN-scenario combination.

TABLE 3 | Feasible upward and downward flexibility by scenario
horizon for networks without reinforcement.

Upward Downward
Minimum 0% 0% - 100% 100% 100%
flexibility
2030 41% 15% 44% 100.00
2050 29% 2% 63% 100.00

according to the minimum feasible upward flexibility reached
over the simulated typical days and hours. More specifically, the
first class includes networks that reach 0% upward flexibility in
at least one time interval, the second includes networks whose
minimum feasible upward flexibility lies between 0% and 100%,
and the third includes networks that maintain 100% upward
flexibility throughout all simulated conditions. In 2030, 41% of
the compliant substations fall into the first class, 15% into the
second, and only 44% into the third. In 2050, the share of
substations maintaining full upward flexibility throughout all
simulated conditions increases to 63%, while the share reaching
zero upward flexibility in at least one interval decreases to 29%.

The remaining resized networks, for which reinforcement solved
the violations over the horizon years, are more likely to offer the
maximum upward and downward potential flexibility. Only one
RN, in three versions that integrate the highest level of foreseen
PV, cannot provide the maximum possible reduction of demand
during the central hours of typical spring and summer days. This
corresponds to 142 secondary substations out of the ~12,000 in the
region.

Based on the results, some remarks can be formulated to
explain differences across scenarios and seasons. The observed
differences are primarily driven by the interaction between
(i) the temporal mismatch between demand and distributed
generation, (ii) the penetration level and spatial allocation of
DERs, and (iii) the intrinsic characteristics of the LV networks.
First, seasonal effects are largely explained by the variability of
PV generation and demand patterns. Overvoltage and thermal
overloads predominantly occur in spring and summer, when high
PV production coincides with relatively low daytime demand,
leading to reverse power flows and voltage rise phenomena. Con-
versely, undervoltage conditions are more frequent in autumn
and winter, when higher demand and lower PV output increase
current flows and voltage drop along feeders. Second, scenario-
dependent drivers are associated with the increasing penetration
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FIGURE 13 | a)Volumes (length of lines to be reinforced) and b) costs by line type (OH and UC) in the years 2030 and 2050.

TABLE 4 | Unitary costs.

Item Costs
LV undergrounded cables—UC [€/km] 90,390
LV overhead cables - OH [€/km] 27,763
100 kVA LV/MV transformer [€] 7.300
160 kVA LV/MV transformer [€] 7,330
250 kVA LV/MV transformer [€] 7.660
400 kVA LV/MYV transformer [€] 8.035
630 kVA LV/MV transformer [€] 9,540

of PV generation, HCS diffusion, and electrified loads. Higher
PV levels amplify voltage rise and congestion issues, while
increased demand and EV charging tend to exacerbate thermal
loading and voltage drops. This explains the growing number
and diversity of criticalities observed as penetration increases.
Third, the results are strongly influenced by network structural
characteristics, such as feeder length, load density, and trans-
former size. Networks with long feeders or low load density
are more prone to voltage issues, whereas highly loaded or
densely populated networks are more susceptible to thermal
constraints. This heterogeneity explains why some representative
networks remain compliant while others require reinforcement
under the same scenario conditions. Finally, these drivers directly
affect the feasibility of flexibility. Downward flexibility (e.g.,
PV curtailment) is generally unconstrained because it alleviates
network stress, whereas upward flexibility (load reduction) is
often limited, especially during periods of already low demand
and high PV generation, when further reductions would worsen
voltage rise conditions.

When mapped back to the real system, the reinforcement plan
has been evaluated in terms of investments needed to bring
the operation of future networks back within the technical
constraints. More in detail, the unitary costs are reported in
Table 4.

The final bill corresponds to an estimated expenditure of approx-
imately 140 million euros in 2030 and 60 million euros in 2050
for line reinforcements (Figure 13b), and of roughly 20 million
euros in 2030 and 35 million euros in 2050 for transformer
replacements (Figure 14b). These outputs allow the DSO to
compare reinforcement needs and their associated costs across
scenarios and LV network classes. In this way, the technical

analysis of LV criticalities is directly linked to the economic
assessment of alternative planning options at the MV/LV inter-
face. In terms of volumes, the LV reinforcements identified by
the proposed procedure are not negligible. Most interventions
concern overhead lines in rural and semi-urban areas. In contrast,
a smaller number of underground cables in dense urban areas
accounts for a disproportionate share of the cost due to much
higher unit installation costs (Figure 13a). The cost of transformer
replacements is a small, but still non-negligible, component of
the overall expenditure, mainly driven by the uprating of existing
100-250 kVA units to the next standard size (Figure 14b).

4.3 | Computational Aspects

From a computational perspective, the proposed methodology
is suitable for large-scale applications. In the case study, each
hourly unbalanced power flow simulation with OpenDSS takes
only fractions of a second on a standard workstation. Considering
the typical Monte Carlo convergence range (10°-10* iterations)
and the full annual simulation horizon, a single RN-scenario
combination can be analysed within times compatible with
offline planning studies (from minutes to a few hours depending
on the complexity and convergence speed).

The overall case study, including 16 representative networks and
469 RN-scenario combinations, was completed without requiring
high-performance computing resources.

The computational burden scales approximately linearly with
the number of representative networks, scenario combinations,
and Monte Carlo samples. Moreover, the workflow is inherently
parallelisable, as simulations for different RNs and scenarios
are independent, enabling efficient execution on multi-core
architectures or distributed/cloud environments.

5 | Conclusions

This paper proposes a methodology for evaluating the flexibility
that LV networks can offer to the upper voltage level grids. The
methodology employs synthetic network models to address the
issues arising from the variety and large number of LV networks
in a distribution system. Furthermore, the forecasted demand
and generation patterns are downscaled to each secondary sub-
station based on global projections formulated at national or
regional levels. Then, to manage inherent uncertainties, a Monte
Carlo approach is used to assess whether violations of technical
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FIGURE 14 |

constraints occur during the operation of the defined synthetic
networks. Finally, the feasible flexibility is calculated for each
version of the studied synthetic networks.

The case study demonstrates that LV constraints can substantially
reduce the theoretically available flexibility, and this effect is
strongly dependent on both the network type and the scenario
combination. Some configurations remain compliant without any
modification and can provide most of their potential flexibility,
whereas others require targeted reinforcements before flexibility
can be safely exploited. In this respect, the procedure not only
identifies where LV constraints arise but also translates them into
concrete upgrading needs on lines and transformers. The results
indicate that LV reinforcements are not negligible, underlining
that LV networks will increasingly influence the pace and cost of
the energy transition, since most distributed resources and small
flexibility providers are connected at this level.

Although a direct quantitative comparison with official reports or
other studies is challenging because most available analyses esti-
mate flexibility potential at aggregated levels (national, regional,
or system-wide), whereas the proposed methodology evaluates
flexibility at the MV/LV interface while explicitly considering LV
network technical constraints, it is important to observe that the
scenario assumptions adopted in this work are consistent with
recent studies and official reports addressing the evolution of
distribution systems under the energy transition (e.g., IEA [1,
2], Eurelectric [3]). These reports highlight the rapid growth of
distributed renewable generation and electrified loads connected
to distribution grids, as well as the growing importance of DER
flexibility. At the same time, they emphasise that the effective
exploitation of this flexibility depends strongly on the technical
capabilities of distribution networks.

The results of this study confirm this trend, showing that
LV network constraints, such as voltage limits and thermal
loading of lines and transformers, can significantly reduce the
theoretically available flexibility at the MV/LV interface under
high-penetration scenarios of distributed resources. Such a reduc-
tion in the potential maximum flexibility offered by LV flexibility
providers must be carefully considered by DSOs and TSOs that
may need it. Future work will focus on coordinated distribution
planning methodologies to realise development plans that exploit
the benefits of flexibility without creating issues in LV networks.
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