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Abstract

Achieving Europe’s decarbonization objectives requires a deep electrification of end-use sectors.
This transition, while indispensable, imposes unprecedented stress on distribution networks, which
must accommodate higher peak loads, bidirectional power flows from distributed generation, and
increased variability from weather-dependent sources. Addressing these challenges demands not
only physical reinforcement but also regulatory instruments capable of steering consumer behavior
toward grid-compatible operation.

This thesis develops a comparative optimization framework to assess how different tariff schemes
influence both user-side investment decisions and network development. The model integrates a
detailed Distribution Network Expansion Planning (DNEP) formulation with Prosumer Energy
System (PES) models. Two coordination regimes are compared: a centralized benchmark, where a
social planner co-optimizes all assets to minimize total system cost, and a decentralized configura-
tion, where prosumers act independently to minimize their own bills while the Distribution System
Operator (DSO) reinforces the grid to ensure its safe operation.

By contrasting these two regimes, the framework identifies how various tariff structures guide
decentralized decisions relative to the system-wide optimum. Results demonstrate that tariff design
decisively shapes grid evolution and prosumer strategies, but its effectiveness is strongly context-

dependent, influenced by technological costs and resource availability.
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Chapter 1

Introduction

1.1 The Dual Imperative: Climate Action and Energy Sovereignty

Europe’s energy paradigm is being fundamentally reshaped by a dual imperative. The first is the
unequivocal scientific consensus on the necessity of mitigating climate change driven by anthro-
pogenic greenhouse gas (GHG) emissions [1]]. This environmental mandate is not merely a policy
objective but a societal demand, with a clear majority of European Union (EU) citizens recognizing
climate action as an urgent priority [2]. The second imperative is the pursuit of energy security and
sovereignty. The systemic vulnerabilities of a fossil-fuel-dependent economy have been starkly
exposed by recent geopolitical instabilities, demonstrating that the transition to local, renewable
energy sources is a matter of strategic autonomy as much as it is one of environmental stewardship
[3]. Embracing the energy transition is, therefore, a challenge the EU must confront to secure both

its environmental and geopolitical future.
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Figure 1.1: Atmospheric concentrations of CO, and CH, continue to rise at an accelerating pace,
as shown by data from [4, S]. This persistent trend highlights the challenge of current climate
mitigation efforts, which have not yet been sufficient to slow the rate of GHG accumulation.
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1.1.1 Europe’s Strategy: Electrification as the Leading Pathway

In response to this dual challenge, the European Union has established an ambitious policy frame-
work: the European Green Deal and the REPowerEU plan have been translated into binding legis-
lation through the European Climate Law and the revised Renewable Energy Directive (RED III).
The EU is now committed to reducing GHG emissions by 55% by 2030 and achieving a 42.5%
share of renewable energy in total final consumption [6, [7].

Reaching such targets requires not only replacing fossil fuels as primary energy sources but
also as energy carriers. Among the possible technological pathways, electrification has emerged as
the most viable and immediate option, enabling the direct use of renewable electricity in end-use
sectors such as transport and heating through technologies like Electric Vehicles (EVs) and Electric
Heat Pumps (EHPs). Alternative pathways, such as advanced biofuels and green hydrogen, still
face significant hurdles in terms of technological maturity, scalability, and cost-competitiveness,
making them less likely to contribute substantially to the 2030 targets [9, 10].

Crucially, this transition from molecules to electrons depends not only on top-down policy
commitments but also on millions of decentralized investment decisions made by consumers and
producers. For the transition to progress at the required pace, clear economic signals must guide
households and businesses towards adopting new technologies. Instruments such as EV subsidies,
tax credits for building efficiency, transparent tariff structures, and well-designed price signals
are the key mechanisms that translate high-level EU targets into concrete investments, shaping

consumer behavior and accelerating emission reductions.
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Figure 1.2: Evolution of energy shares in the EU’s TFC. In the context of 2030 climate goals we
highlight the necessary trend to reach the binding 42.5% renewable energy target and the projected
35% of electrification required to reach such target.
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1.2 Distribution Networks: The Primary Bottleneck and Op-
portunity

As Europe pursues an electrification-led strategy, local distribution networks (DNs) are rapidly
becoming the primary bottleneck. Historically designed for unidirectional power flow from large,
central power stations to passive consumers, these networks are ill-equipped for the demands of a
decarbonized energy system. The mass adoption of distributed energy resources and new electric

loads creates a threefold challenge:

1. Increased Peak Demand: The simultaneous charging of EVs or operation of EHPs during
cold spells can create new, highly localized demand peaks, potentially exceeding the capac-
ity of existing infrastructure. Figure [I.3p shows how Italian Distribution System Operator

(DSO) is forecasting a increase of peak consumption up to 30% for some regions.

2. Reverse Power Flows: The proliferation of rooftop solar Photovoltaic systems (PV) intro-
duces bidirectional energy flows that can overwhelm local transformers and violate voltage
limits. (Figure[I.3pb) proves how this phenomenon spread in conjunction with the prolifera-
tion of solar panels and how is currently affecting 29% of the HV / MV grid infrastructure
for at least 5% of the time.

3. New Consumption Patterns: Weather-dependent renewable generation and new consump-
tion habits introduce a level of variability that legacy infrastructure was not designed to
manage. Figure illustrates the magnitude of this phenomenon: under specific operating
conditions, the total power flowing into the Italian DNs has been halved in less than 15 years.
Most notably, this curve now exhibits a pronounced sensitivity to meteorological variations

at the local scale.

The scale of required physical upgrades is daunting, with investment needs for DNs estimated
at €400—€600 billion by 2030 to avoid stalling the energy transition [11]. However, the challenge
is not merely financial but technological. Relying on brute-force reinforcement with more copper
and steel is an inefficient strategy that fails to address the grid’s operational dynamics. A more
intelligent approach is needed—one that increases the grid’s hosting capacity through transparent
price signals, markets for ancillary services, and tariffs that reward flexible consumption. The key
to this transformation lies in the inherent capabilities of the assets themselves: EVs, batteries, and
heat pumps can be shifted from being part of the problem to being the core of the solution.

A lot of the tex
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Figure 1.3: State of the Italian distribution grid as described in the DSO annual report [12]:
(a) Estimate of the absolute and percentage increase in maximum power 2029 vs 2024.
(b) HV/MV sections that experienced reversal of energy flow for more than 5% of the time.

(c) Trend of the total power flow from the NTG to the E-Distribuzione network on a typical week-
day in August.



Chapter 2

Literature Review

2.1 The Evolving Paradigm of Distribution Network Expan-

sion Planning

Distribution Network Expansion Planning (DNEP) is the primary framework used to determine
the most economically efficient strategy for reinforcing the grid. The core task of DNEP is to se-
lect the grid upgrades necessary to serve a forecasted future demand while respecting all technical
constraints. As comprehensively detailed in [13], this framework can be implemented in a variety
of different ways: the demand forecast can range from deterministic worst-case scenarios [14] to
complex probabilistic models accounting for multiple investment stages [[15], additionally the port-
folio of available grid upgrades can be limited to specific technologies or broader: in the past, these
upgrades were limited to conventional grid assets such as the installation or reinforcement of lines
and substations [16], while in the last decade, as the energy transition has driven a significant evo-
lution of the field, DNEP models have routinely incorporated Low-Carbon Technologies (LCTs)
as investment alternatives, including the optimal sizing and siting of Distributed Generation (DG)
and Energy Storage Systems (ESSs) [17] but also of EV charging infrastructure [[18, [19]. More
recently, the paradigm has begun to shift again to include non-wire alternatives, which use the
intelligent operation of flexible resources to defer costly physical upgrades, in this regard [20] con-
siders the possibility to use inverters for grid support, while [21] evaluates the cost-effectiveness
of these solution when compared to traditional grid reinforcements. Depending on the scope of
the program and the modeling choices made, the problem’s complexity can vary, thus, solution
techniques range from exact optimization methods [22]] to heuristic methods such as genetic [23]]

and constructive [25] algorithms or particle swarm optimization [24].
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2.2 The Regulatory Pivot to Economic Instruments

The DNEP literature demonstrates a technical potential for finding highly efficient system solu-
tions by co-optimizing network assets, LCTs, and non-wire strategies. However, many of these
advanced models are formulated from the perspective of a single, centralized planner with control
over all assets. This approach conflicts with the EU’s regulatory reality, where DSOs are prohib-
ited from owning and operating generation or storage assets [26l]. In fact, The European regulatory
body, the Agency for the Cooperation of Energy Regulators (ACER), defines price signal as the
DSO’s tool for steering network users towards patterns that incentivize grid-friendly behavior, en-
hance system-wide efficiency and postpone the need for expensive grid reinforcements [27]]. The
challenge, therefore, is how to design price signals that effectively steer decentralized network
users towards the system-wide efficiencies identified by centralized optimization models. To ad-
dress this, recent research has increasingly turned to game-theory and market-based modeling ap-
proaches to represent how DSOs can influence network users through indirect mechanisms rather
than direct control. In particular, game-theoretic formulations have been used to model interactions
between the DSO and owners of distributed generation through a Stackelberg game [28]. This for-
mulation was later extended to represent prosumers as strategic agents capable of optimizing both
their consumption and generation decisions within the same hierarchical framework [29]. Finally,
market-based environments have been employed both to simulate the procurement of flexibility

services [30] and to analyze their potential failures [31].



Chapter 3

Methodology

3.1 Core Analytical Method: The Comparative Scenarios

Building on the presented body of work, the objective of this thesis is to develop a tool to evalu-
ate how tariff structure influence grid development. In particular we are interested in identifying
which economic signals most effectively drive users toward cost efficient behavior and in what this

behavior is. The analysis is based on a comparison between two coordination regimes:

* Centralized benchmark: a social planner co-optimizes all investments and operations—both
grid and user-side assets—to minimize total system cost. This represents the theoretical

efficiency frontier under perfect coordination.

* Decentralized configuration: the DSO defines the tariff parameters, after which each user
independently minimizes its electricity bill by optimally investing in and operating local
technologies. The resulting power exchange profiles determine the network reinforcements

that the DSO must implement to ensure feasibility.

Comparing the total system cost of these two scenarios quantifies the degree of coordination
achieved under a given tariff. This formulation enables a direct and quantitative assessment of
the synchronization ability of tariff signals—that is, their capacity to align decentralized economic

decisions with overall system efficiency.

3.2 Test Case Definition: The Campus Dataset

To demonstrate the proposed framework, we apply it to a dataset of synthetic campuses Fig [3.1]

that emulate realistic distribution network layouts. Each campus spans a maximum area of ap-
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proximately 9 km?, it is comprised of four districts, and comprises between 35 and 55 load buses,
which collectively reach a peak power demand between 3 and 5 MW.

The dataset includes a primary substation and several load buses, each characterized by geo-
graphical coordinates and voltage level (medium or low). For the load buses, hourly active and
reactive power profiles are also provided. Moreover, the combination of the solar irradiance vector

and the available surface area (A;**) at each bus determines its photovoltaic potential.

oy 1073w fss it oo sisse Primary
e g 4 3 Substation

01401 DEO0A0 2330965
0101 OFO000 2330566

Aml aER0an 233 a0y
01601 020000 3354038
aifnl 100 s

Position

Load Bus

Building 1D
District
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Surface

Voltage Level
Power demand vectors
Irradiaction vector

Figure 3.1: Structure of the Campus dataset. The data for each campus include an interactive
map defining geographical and district boundaries, and a file containing the annual time series for
demand and irradiance.

The study adopts a greenfield planning approach, designing the network from scratch to isolate
the economic and operational impacts of tariff design from legacy infrastructure effects. This
enables a transparent comparison between centralized and decentralized scenarios

To allow the optimization model to design a complete and technically feasible network, the

dataset is augmented with candidate options for key assets:

* Secondary substations: Within each district, three candidate locations are randomly gener-
ated as potential MV/LV substations. The model determines which of these are built as part

of the optimal solution.

* Conductors: A catalog of available conductor types is defined, covering a broad range
of capacities and costs. This enables both short LV connections and higher-capacity MV
feeders. The properties of the available conductors are summarized in Table[3.1]

* Candidate lines: All possible interconnections between nodes are initially considered, form-
ing a complete graph. This full set guarantees that the optimal network topology lies within
the feasible space and provides a reference benchmark for subsequent spatial reduction meth-

ods.
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Conductors ¢ [mm?] r [Q/km] x; [Q/km] i), [KA] Cost [K€/km]

Poppy 53.50 0.5502 0.429 0.23 100
Oxlip 107.30  0.2747 0.402 0.34 120
Daisy 135.30 0.2180 0.394 0.46 150
Tulip 170.60  0.1732 0.381 1.53 200
Billy 300.00  0.0900 0.190 3.00 280

Table 3.1: Properties of Different Conductors Used in the Campus Test Case

3.3 Applications and Interpretation of Results

The quantification of the Total System Cost Gap, derived from the comparative scenarios, can be
used as a foundation for several applications. It provides a tangible metric that indirectly mea-
sures the costs associated with sub-optimal capital allocation, inefficient LCT control strategies,
and misaligned economic signals under decentralized decision-making. This enables three key

insights:

1. Engineering Better Tariffs: The most direct application is the ability to test and compare
different tariff structures. A tariff that results in a smaller Total System Cost Gap is, by
definition, more effective at incentivizing efficient system-wide behavior. This allows for
evidence-based tariff design. The framework does not directly optimize tariff structures but

rather assesses their effectiveness by measuring the coordination gap they induce.

2. Evaluating LCT Control Strategies: The framework can be used to assess how different
operational strategies for LCTs, particularly within the decentralized scenario, impact the
overall system cost gap. This provides insights into best practices for consumer-level energy

management.

3. Informing the Pricing of Flexibility: The framework provides a powerful benchmark for
valuing flexibility and ancillary services. The cost of grid reinforcements that are deferred
or avoided thanks to flexible resources (like LCTs providing demand response or storage
services) represents the upper bound on the economic value of those services. The model
can thus be used to establish a rational basis for the price of flexibility procured by the DSO

in local markets.



Chapter 4
Mathematical Formulation

In this chapter, we define and describe the optimization models that form the analytical foundation
of this work. The problem is structured around two complementary formulations: the Distribution
Network Expansion Planning (DNEP) model and the Prosumer Energy System (PES) model. The
first represents the DSO perspective; it is responsible for grid investment and its correct function-
ing, while the second models the decentralized behavior of network users who invest in and operate

distributed assets.

4.1 Distribution Network Expansion Planning (DNEP)

The DNEP model determines the optimal reinforcement and operation strategy for the distribution
grid over a defined planning horizon. Its objective (M1-1), is to minimize the total annualized
system cost. This is composed by four cost components, defined in block (M1-2): the grid invest-
ment cost Cg,;g, the cost of imported electricity at the HV substation Ciporr, the revenues collected
from end-users through network tariffs Cyeyenye, and the penalty term Cp,,, applied to operational
or topological violations.

The grid investment cost represents the annualized capital expenditure associated with all grid
components, including the installation and capacity costs of high- and medium-voltage substations,
the installation of conductors of various types, and the investment in reactive power compensating
devices such as STATCOMs while the import cost accounts for the energy purchased from the
upstream transmission system.

The revenue term reflects the payments collected from consumers based on their electricity
consumption and the adopted tariff structure. As tariffs are exogenously defined, this term does
not represent a decision variable of the optimization but rather a fixed quantity that offsets part
of the total system cost. Finally, the penalty cost aggregates the slack variables introduced to

maintain model feasibility, such as overcurrent or unserved power flow terms. It is multiplied by a

10
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large weighting coefficient, ensuring that any violation of the physical or operational constraints is
heavily penalized. This term is not a real expense as it must be strictly zero for the solution to be
accepted.

The model’s physical behavior is described by the DistFlow equations (M1-3), which link
active and reactive power flows to current magnitudes and node voltages. These equations capture
the non-linear electrical relationships governing radial distribution feeders. To maintain realistic
operating conditions, the operational constraints (M1—4) bound the voltage magnitude at every bus
within the admissible range and ensure that the current on each line does not exceed the thermal
limit of its conductor. In addition, the voltage at each active HV substation is fixed at 1 p.u. to
provide a reference for the network.

The Asset Investment and Logic block (M1-5) integrates binary investment variables with
the physical constraints of the system. Binary variables determine whether each line, substation,
or compensating device is built, and which conductor type is selected. This block ensures that
physical limits, such as the maximum current of a selected conductor or the quadratic capacity
of substations, are only enforced when the corresponding asset is installed. It also aggregates
per-conductor flows into total line flows and total current magnitudes.

The Nodal Power Balance equations (M1-6) implement Kirchhoff’s Current and Power Laws
for every node type (HV, MV, and load buses). They ensure that the algebraic sum of inflows and
outflows of active and reactive power equals the local net injection, thereby maintaining energy
conservation across the entire grid.

Finally, the Network Topology constraints (M1-7) ensure that the optimized grid configuration
is both connected and radial. The connectivity requirement arises from the presence of distributed
energy resources: in principle, local generation could fully supply certain areas, leading to feasible
yet electrically disconnected solutions. To prevent this, a fictitious power flow is introduced. Each
load bus is modeled as consuming a fixed unit of this artificial commodity, while only HV substa-
tions are allowed to produce it as described by balance constraints (M1-7a—c). Furthermore, it is
necessary to constraint fictitious power to only flow in built lines (M1-7d).

To enforce radiality, an additional topological condition is imposed: the number of active lines
must equal the total number of active nodes minus one. Since the number of substations to be built
is not known a priori, the model dynamically counts as active only those substations connected by
at least one line, as enforced by constraint (M1-7f). Together, these relationships guarantee that the
resulting configuration forms a single spanning tree, fully connected and free of loops, consistent

with the operational structure of real distribution networks.
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12
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4.2 Prosumer Energy System (PES)

The PES model determines the optimal investment and operational strategy for distributed assets
installed at each load bus. Each prosumer can invest in PV panels, battery energy storage, and
inverter capacity to partially supply its own demand and exchange electricity with the grid under
a given tariff structure. The objective of the model, defined in (M2), is to minimize the total
annualized cost, which includes both the investment and installation cost of the selected assets
(M2-2a) and the cost of electricity (M2-2e), computed as a function of the net exchanged power
and the applicable tariff.

Each prosumer is represented by a simplified two-bus configuration. The DC bus hosts the
PV generation and the energy storage system, while the AC bus connects to the grid and supplies
the local load. A single inverter connects the two sides, enabling bidirectional power exchange.
The inverter can also control reactive power within its apparent power limits, contributing to local
voltage support.

The operation of the system is governed by a set of constraints that ensure a consistent and
physically meaningful representation of the energy flows. The AC bus power balance (M2-3)
ensures that the power requested by the load is fed either from the inverter or from the grid. The
PV generation constraints (M2—4) limit the installed panel area to the available surface and link the
generated power to the local irradiance. The energy storage system constraints (M2-5) describe
the temporal evolution of the battery’s state of charge, accounting for charging and discharging
efficiencies and enforcing a daily cyclic energy balance. Finally, the inverter and DC-side balance
equations (M2—-6) establish the relationship between the inverter’s power exchange and its capacity,
while ensuring the DC-side power balance between storage, PV generation, and conversion to or
from the AC side.

. Microgrid Model Formulation (for a single bus b) N

Objective Function:

min Casset,b + Celec,b (M2-1)

Cost Definition:

Cusset,b = T (CPV,b + CStorage,b + Clnv,b) (M2-2a)
horizon

CPV,b = Apv,b Ty + fpv (M2-2b)

CStorage,b = Estor,b Testorage + Op fvtorage (MZ-ZC)
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Clnv,b = Sinv,b Tinverter (M2-2d)
Celec,b = f(Pbus,p,bv Qhus,p,b) (M2-2e)

Bus Power Balance (Load Side):

Pous,p.b = Bioad,pp — Pinvp,b Vp (M2-3a)
Ovus,pb = Qload p.p — Qimv,p.b Vp (M2-3b)
PV System:

Apyp < AT . (M2-4a)
Povpb <Apvp-Ip-Npy Vp (M2-4b)

Energy Storage System (ESS):

Esorp < Egfor - O (M2-5a)
Epp < Egorp Vp (M2-5b)
Epp=E, 15+ (nsmrPch,p,b - SlwrPdis,p,b> At Vp:i(p—1)%24#0 (M2-5¢)
Eypp=Epi2sp Vp: (p—1)%24=0 (M2-5d)

Inverter & DC Bus Balance:
Siznv,b > Pz%lv,p,b + Qiznv,p,b Vp (M2-6a)

vaA,p,b + Pdis,p,b = Pinv,p,b + Pch,p,b VP (M2'6b)

4.3 Decentralized and Centralized Coupling

The DNEP and PES formulations can be combined in two distinct ways, to obtain the two described
degrees of coordination between network users and the DSO. For the decentralized formulation, the
two models are solved sequentially. Each prosumer first solves its own PES optimization problem
(M2), minimizing its individual cost under a given tariff scheme. This produces the net active
and reactive power injections (P p b, Qpus.pb), Which represent the consumer interaction with
the grid. These exchanges are then treated as fixed parameters within the DNEP problem (M1),
which determines the least-cost grid reinforcement strategy that ensures operational feasibility
under those user decisions.

This formulation mirrors the real-world regulatory setting in which prosumers act indepen-
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dently while the DSO plans and operates the network based on their resulting demand and gener-
ation profiles. It captures how tariff structures shape user behavior and, in turn, how these decen-
tralized decisions influence grid reinforcement needs and total system cost.

Conversely, for the centralized formulation, the two models are solved simultaneously within a
single optimization problem. The coupling variables Py, and Qpys,p » are no longer exchanged
between separate problems but become endogenous decision variables jointly optimized alongside

all grid and user-level variables. The objective function of the unified model is given by:

min (Cgrid + Cimport — Crevenue + Z (Casset,b + Celec,b) + Cpen> . (41)
be#

Since the users’ electricity payments are exactly equal to the DSO’s revenues, the monetary ex-
change between the two sides cancels out from a system perspective. The objective thus simplifies
to:

min { Cyria+ Y, Cassetp + Cimport +Cpen | - (4.2)
be

This formulation represents a fully coordinated, system-optimal scenario in which a central
planner controls all grid and prosumer decisions simultaneously, internalizing every operational
interaction. It provides a lower bound on the total system cost and serves as the reference for

evaluating the efficiency loss that arises in the decentralized, tariff-driven case.



Chapter 5
Implementation

The DNEP model, as formulated in the previous chapter, is a Mixed-Integer Non-Linear Program
(MINLP). Such problems are computationally demanding and cannot be solved directly for re-
alistic network sizes. This chapter details the sequence of methodological steps implemented to
transform the theoretical model into a tractable and operational framework.

We first introduce the linearization strategies used to convert the original MINLP into a Mixed-
Integer Linear Program (MILP). We then present a scalability analysis performed on the linearized
model to characterize its computational growth with respect to spatial and temporal dimensions.
Successively, building on these insights, we apply a set of model reduction techniques—spatial
pruning of candidate lines and temporal clustering of representative days—to manage complexity
while preserving model accuracy. Finally, the chapter concludes with the validation of the resulting
model against a non-linear power flow solver and the presentation of a heuristic developed to

accelerate convergence on large-scale instances

5.1 Linearization of the MINLP Model

To render the DNEP formulation tractable, the first step involves its linearization—converting the
original MINLP into a MILP through appropriate mathematical reformulations or approximations.
This section describes the main non-linearities of the problem and the techniques used to address
them, together with targeted experiments for evaluating their performance and tuning their param-

eters.

17
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5.1.1 Linearization of the Absloute Value

A simple nonlinearity appears in constraints of the form |x| <y, which can be directly replaced by
two linear inequalities:
x<y (5.1)

x> —y (5.2)

Together, these two constraints are exactly equivalent to the original nonlinear expression.

5.1.2 Polygonal Approximation of Circular Constraints

------- Circular Constraint —— Interior Approximation —=— Exterior Approximation

Figure 5.1: Graphic example of internal and external polygonal approximation

This technique linearizes the quadratic relationship z> > x> + y?, which represents an asset
rating constraint. The approach replaces the single quadratic inequality with N linear inequalities,

approximating the circular feasible region by an N-sided regular polygon:
z>aqx+by Vk=1,....N (5.3)

where a; = cos(2mk/N) and by = sin(2wk/N).

This outer polygonal approximation tends to overestimate the true feasible region, potentially
resulting in an overestimation of the asset capacity. To ensure a conservative approximation, one
that always satisfies the original non-linear constraint by remaining entirely within the circular
boundary, the polygon is inscribed within the circle by scaling the constraints with a factor of

cos(m/N). The resulting inner approximation is expressed as:

z~cos<]£v) > ax+by Vk=1,....N (5.4)
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The number of polygon sides N must be tuned to balance approximation accuracy and com-
putational performance. To investigate this trade-off, we conducted an experiment comparing
the proposed interior and exterior linearization with Gurobi’s automatic handling of the original
conic constraint. Gurobi can be configured to solve quadratic problems either through an outer-
approximation scheme or by using continuous relaxations. Since the latter did not converge within
several hours, our comparison focuses on the proposed linearization approaches and Gurobi’s own
linearized formulation based on outer approximation. The analysis therefore aims to quantify the
trade-off between computational performance and solution precision among the viable lineariza-

tion strategies.

a) Precision Analysis b) Performance Analysis
1.5 140
= )
X O 1204
=104 £
S S o — ;
- g
q% 0.5 8
s} gé 80'
m
0.0 ey
— 60_
16 32 64 16 32 64
Number of Segments Number of Segments
—=— Interior Approx. —=— Exterior Approx. ~ Gurobi's Method

Figure 5.2: Time performance and precision of polygonal linearization, comparing the interior
and exterior polygonal approximations using increasing number of segments with the automatic
linearization performed by Gurobi.

The results, shown in Figure[5.2] illustrate the trade-off between computational cost, precision,
and operational safety. Panel (a) highlights the essential safety difference: the proposed interior
approximation consistently yields a positive Safety Gap, ensuring that the system’s capacity is
never overestimated. As the number of segments increases, precision improves and the approxi-
mation approaches the ideal zero-gap line from the conservative side. In contrast, both the exterior
approximation and Gurobi’s automatic method overestimate the asset’s capacity and, thus, fail to
enforce the original nonlinear constraint.

Panel (b) summarizes the performance trade-off. The increase in execution time is not strictly

proportional to the number of segments but correlates with actual improvements in precision. In
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other words, the computational cost rises noticeably only when the additional segments provide
a tangible gain in accuracy. This behavior is particularly evident for the interior approximation,
where the solver efficiently exploits the tighter feasible region, whereas the exterior approximation
shows nearly constant solving times regardless of precision gains. As expected, Gurobi’s built-in
linearization remains the fastest overall, serving as a useful performance benchmark.

Overall, the proposed interior approximation provides a conservative and tunable solution that
balances safety and precision. Although Gurobi achieves higher speed, its non-conservative nature
introduces an operational risk, and its solver-specific implementation limits portability and tunabil-
ity. By performing the linearization explicitly, the interior approach ensures solver-independent

robustness and controllable precision, making it a reliable and generalizable choice.

5.1.3 Piecewise Linearization of the Square Function

2
pl’
important to note that in our model square of voltage and current variables are linear variables,

Another key non-linearity arises from the complex power constraint: vz’l- . ifﬂ > P;il + Q7 . 1t is
in fact, the non linearity arises from the bilinear nature of this equation-the product between two
variables-and from the square function applied to active and reactive power. To tackle this issue,
a linearization based on the approximation of voltage and the picewise linearization of the square

function is applied, this is implemented in the following steps:

1. Approximating the voltage: Since the admissible voltage range is narrow:
V € [0.95;1.05]p.u., we approximate its value to 1. Doing so removes the bilinear compo-

nent of the equation that becomes: i; s Pli |+ QIZL !

2. Obtaining the Absolute Power Value: Power flow P, ; is decomposed into two non-negative

components, P;l and P, such that P,; = P[j:l ~P

\Pyt| = P;l +P, The same is done for reactive power 0, ;

The absolute value is their sum:

3. Discretization of the Power Domain: The continuous domain of absolute power, [0, X;qx.],

is partitioned into n contiguous segments, indexed by d € .

4. Defining Segment Lengths and Slopes: The parameter LPW B, ; defines the width of each

segment d. The slope of the approximating line for that segment, SPW B, 4, is defined by the

chord connecting the start and end points on the f(x) = x> curve:

X2 X2
SPWB, g = 4N — X it + Xona (5.5)
' Xend - Xslarl
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5. Formulating Linear Constraints: The original non-linear inequality is replaced by a set of

linear constraints using discretized power variables (P, 4,0 1.4):

1Ppil =Y Ppya and [Qpil= Y Qpia (5.6)
de9 de9
0<P,;a<LPWB;;, and 0<Q,;q4<LPWB 4 5.7
i2,> Y SPWBi4-Pyia+ Y SPWB4-Qp1a (5.8)
de9 deg

The precision of this method strongly depends on how LPW B, 4 is defined. To illustrate this, we

compare two approaches: constant and logarithmic progression length.

10000 Uniform Intervals Logarithmic Intervals
8000 /
6000 ‘

40001 | -
2000 1 ‘
|
O, 4
201
0 25 50 75 100 0 25 50 7 100
------ y=x? (Original) —o— Logarithmic Approximation
—o— Uniform Approximation —— Relative Error (%)

Figure 5.3: Example of piecewise linearization with constant and varying segment lengths, and the
corresponding relative precision across the interval.

As shown in Fig.[5.3] the logarithmic method yields a more uniform relative error. To assess
whether this improvement translates into higher overall precision and acceptable computational
performance, we run the DNEP model for 24 time steps on a single district, varying only the
linearization method.

Results in Fig.[5.4]show that the logarithmic segmentation achieves a relative error below 20%,
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a) Current Precision b) Performance Analysis
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Figure 5.4: Computation time and precision of square-function linearization. Constant-length and
logarithmic progression methods are compared with Gurobi’s automatic linearization.

while the equal-segment method, although faster, remains above 120%. Notably, Gurobi’s auto-

matic linearization also struggles to reach satisfactory precision in this case.

5.1.4 Linearization of Indicator Constraints: The Big-M Method

Finally we linearize the logical ’if-then” constraints, such as the DistFlow equations holding only
for active lines (o = 1). This is obtained by implementing the Big-M method. For an equality
constraint like g(x) = h(x), this consists in first decomposing the constraint into two inequalities:
g(x) <h(x) and g(x) > h(x). Then we respectively add and subtract the Big-M term to the obtained

inequalities. For the DistFlow voltage drop equation, this results in:

ve =i < =2Y (P e+ x10Qpie) + (e +37 )5 M- (11— ) (5.9)
C
Vi =2 > 2N (1o Py e+ x00Qpie) + (e 1) — M- (1— o) (5.10)
psJ pt — lvc p7l,c l,C PJ-,C l,C l,C p,l,c 1 .
C

When o; = 1, the M terms become zero, enforcing the original equality. When ¢y = 0, the large M

value makes the constraints non-binding.

5.2 Model Validation

The linearized model is validated against a nonlinear power flow solver based on the Newton—Raphson

method. The network topology and net power exchanges obtained from the MILP optimization are
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used as inputs to run the power flow analysis. The comparison between the two methods is shown
in Figure[5.5] The close alignment of the points with the unity line confirms that the power flow re-
sults from the optimization are consistent with those from the nonlinear solver, thereby validating

the adequacy of the adopted linear approximations.
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Figure 5.5

5.3 Scalability Analysis

Once the DNEP formulation was linearized, we carried out a scalability analysis to evaluate how
the computational burden of the resulting MILP evolves with problem size. The results, presented
in Fig. illustrate the dependence of problem complexity on two main dimensions: the spatial
one, defined by the number of districts, and the temporal one, corresponding to the number of
representative days.

The analysis reveals distinct scaling behaviors. The number of continuous variables increases
proportionally with both dimensions, whereas the binary variables grow only with the number
of districts and remain unaffected by the temporal horizon. As a result, the solver runtime scales
linearly with the number of representative days but rises exponentially with the number of districts,
reflecting the combinatorial complexity introduced by binary investment decisions.

Extrapolating these trends suggests that solving the problem for data spanning seven days and
four districts would require roughly three months of continuous computation, not accounting for

the memory constraints that such problem sizes would introduce. This highlights the need for the
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reduction strategies introduced in the following sections, which aim to limit both the spatial and

temporal dimensions while preserving the essential physical and economic fidelity of the model.

Continuous Variables Binary Variables Runtime
x108 x103 logio(s)
7 ‘
13.6 6.9
12.0
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A - zz
) 8.8 \ :
= 72 4.5
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£ 56 33
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2.4 2.1

1 2 8 4 1 2 3 4

Number of Districts e Data Points

Figure 5.6: Scalability analysis of the linearized DNEP MILP showing how continuous and binary
variables, as well as solver runtime, scale with the number of districts and representative days.
Continuous variables grow linearly in both dimensions, binary variables only with the number of
districts, leading to linear temporal but exponential spatial runtime growth.

5.4 Model Reduction Techniques

5.4.1 Spatial Reduction

To overcome the computational challenge posed by the number of possible line routes, we apply
spatial reduction techniques. The goal is to intelligently prune the number of candidate lines to

a manageable subset that is still very likely to contain the optimal solution. We implement and

compare two methods for this purpose:

Rule-Based Heuristic

The first level of reduction applies a set of intuitive, physically-grounded rules to generate a com-

prehensive yet manageable set of candidate lines. The rules are as follows:

* Connect every High Voltage (HV) substation to every Medium Voltage (MV) substation.

Connect MV substations to each other within the same district.

* Connect each MV substation to all MV and LV loads located within the same district.
* Connect each MV load to its two geographically closest MV load neighbors.

* Connect each LV load to its two geographically closest LV load neighbors.
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Minimum Spanning Tree (MST) based Reduction

This second, more aggressive method takes the set of lines generated by the rule-based heuristic as
its starting point. It iteratively considers each substation as the sole source and finds the shortest
possible set of lines (a spanning tree) to connect all loads. The final set of candidate lines is
represented by the union of all the resulting trees.

To assess the impact of these reduction methods, we run a targeted experiment. The DNEP
model is configured to run on two district, for a single time step, using the base load for each
bus. This simplification isolates the effect of the candidate line set on the resulting topology and
computational performance.

The results of this experiment, illustrated in Figure demonstrate that the reduction of the
candidate line set does not deteriorate solution quality. Although the number of candidate lines
was progressively reduced—from 160 in the complete configuration to 75 with the rule-based
method and 39 with the MST heuristic—the total network cost remained effectively unchanged,
with variations below 0.02%. This confirms that the optimal solution lies within the reduced search
spaces. The main effect of the reduction is therefore on computational performance: the rule-
based method halves the solving time, while the MST heuristic achieves a speed-up of more than
one order of magnitude. These results indicate that a carefully designed reduction strategy can

substantially improve tractability without compromising optimality

5.4.2 Temporal Reduction: Representative Day Selection

As was proven by the scalability analysis, running the optimization model over a full year is com-
putationally infeasible. On the other hand, we cannot isolate critical timestep because this would
mean losing the time domain, rendering modeling the storage dynamic impossible. We must there-
fore select a small number of representative days. The selection is based on two key annual time-
series: the aggregated campus-wide electricity demand and the corresponding solar irradiance

profile. We compare two distinct methods for this temporal reduction:

Statistical Distribution Matching

This optimization-based method selects a small, weighted set of days whose combined statistical
properties mirror the full annual data. By minimizing the deviation between the cumulative dis-
tribution functions (CDFs) of the full year and the selected days, this approach ensures that the
frequency and magnitude of various load and generation conditions are accurately preserved. Its

strength lies in providing a robust estimation of annual operational costs (OPEX).
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Figure 5.7: Comparison of the spatial reduction methods showing the generated candidate line
sets and the resulting optimal topologies. The associated number of candidate and active lines,
execution time, and total cost are also reported.

Extreme Day Selection

This clustering-based method prioritizes network robustness over reproducing OPEX. All 365 days
are grouped into clusters based on aggregated demand and solar irradiance profiles. From each
cluster, the “extreme” day—defined as the day furthest from the clusters center—is selected. By
designing the grid to withstand these extreme conditions, the method increases the likelihood that
the resulting network will perform reliably under all conditions throughout the year, thus helping

to preserve the true grid capital expenditure (CAPEX).
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Figure 5.8: Statistical comparison of representative days selection methods

To compare these two methods, the model was run for a single district, using an increasing
number of representative days. For this experiment, a simple tariff scheme was used where grid
users only pay for their net consumed energy at the wholesale market price. The resulting designs
are then evaluated based on their total CAPEX and OPEX for both the DSO and grid users. The

plot below highlights the trade-off between designing for cost-efficiency versus resilience.
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Figure 5.9: Comparison of CAPEX and OPEX for the DSO and Grid User under extreme and
statistical day selection methods.

From Figure 5.4 b we can confirm our expectations: the extreme days method is better at
identifying stressful condition, thus the grid CAPEX is generally higher and show smaller variance.

On the other hand this method has a greater variation in terms of OPEX and the statistical one is
on average closer to the full year values.
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5.5 Heuristic for Accelerated Convergence

Despite the reductions introduced, the final MILP remains large. To facilitate convergence, a

heuristic is developed to provide a high-quality initial solution:

1. Initial Run: Solve the model assuming only the best (most expensive) conductor type for

all lines.
2. Fix Topology: Fix the resulting optimal topology.

3. Iterative Downgrade: Iteratively downgrade conductor types on the least-loaded lines, re-

solving after each change to verify feasibility and total cost.

4. Select Best Guess: Choose the feasible configuration with the lowest total cost and feed it

to the full optimization as a warm start.

This procedure reliably accelerates convergence without compromising optimality.



Chapter 6

Results

6.1 Model Parameters and Tariff Definition

Running the optimization framework requires defining two groups of parameters. The first group
concerns the techno—economic parameters of all grid and prosumer assets, together with the whole-
sale price of energy exchanged at the HV substation. These values determine the economic envi-

ronment in which both the DSO and the prosumers operate. They are reported in Table [6.1]

Parameter Value
Planning horizon (DSO) 30 years
HYV substation capacity cost 1000 k€/MVA
MYV substation capacity cost 1500 k€/MVA
STATCOM capacity cost 3200 k€/MVAr
HV substation installation cost 50 k€/unit
MV substation installation cost 500 k€/unit
Import/export price at HV substation 0.15 €/kWh
Inverter capacity cost 0.16 k€/KVA
PV capacity cost 0.1 k€/m?
Storage capacity cost 0.44 kK€/kW
PV installation cost 1 k€/unit
Storage installation cost 1.5 k€/unit
Storage efficiency 0.90

Table 6.1: Techno-economic parameters used in the simulations.

The second group of parameters defines the tariff structure used in the decentralized prosumer

29
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optimizations. Tariffs are composed of two terms: an energy-based charge applied to exchanged
energy and a capacity-based charge applied to the maximum exchanged power. To allow for dif-

ferent pricing of imported and exported energy, each tariff is defined by the three parameters

(ﬁimp ’ ﬂexp ) ﬂcap) .

To systematically study tariff effects, we construct a two—dimensional tariff space. The import
rate is fixed at Ty, = 3.0c€/kWh, while the import—export spread and the capacity fee vary over

the discrete sets
Arm =[0.00, 0.10, 0.20, 0.25] €/kWh, Teap = [0, 50, 100, 200] €/kW/year.

The corresponding export rate is Texp = Timp — AT, and the full set of tariff scenarios is given by
the Cartesian product

Each tariff in .7 produces a full network design, this is characterized by its topology, the se-
lected conductor types, and the siting and rating of grid assets such as substations and STATCOM
units. On the prosumer side, each bus is equipped with an optimized set of LCTs, and their corre-
spondent hourly dispatch vectors.

While each bus and consequently each feeder exhibits its own operational behaviour, analysing
such detailed dynamics is not the first scope of this thesis. Our primary objective is to assess how
different economic signals shape the overall cost structure of the system. We therefore begin the
analysis from the aggregated cost components, which compactly summarize how investments and

operations respond to the tariff signal.

6.2 Aggregated Cost Gaps

Figure summarizes the results of the tariff sweep. Each heatmap reports the gap between the
decentralized and the centralized solution for the main cost components. The TSC map provides an
immediate indication of which tariff structures yield the most efficient decentralized outcome. The
lowest total system cost is obtained for tariffs with high spread and no capacity fee, as seen in the
bottom-right corner of the TSC heatmap. To understand why this specific combination performs
best, we proceed by analyzing the disaggregated cost gaps.

The OPEX map shows a clear trend: increasing the spread and reducing the capacity fee both

lead to lower operational expenses. To interpret this behaviour, we recall that operational costs are
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Figure 6.1: Gap between decentralized and centralized solutions for total cost and its components.

driven by imported energy:
Eimp = Eload —Epy + Eloss,line + Eloss,st0r~

Since loads are identical across all tariffs and line losses are found to be negligible, the variation
in OPEX must originate from PV production and storage losses. The curtailment and storage-loss
maps in Figure[6.1| confirm this: the dominant factor is PV curtailment, which reduces noticeably
with the spread. High curtailment forces the system to import more energy, increasing OPEX. This
provides a first important insight: not exploiting available PV potential is the main inefficiency
driving operational costs.

Turning to investments, the CAPEX map reveals a different pattern: both a higher spread and a

higher capacity fee tend to increase the investment gap. This results from the balance between two
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opposite contributions. On the one hand, the grid CAPEX gap decreases with both tariff signals
and can even become negative, indicating that decentralized self-consumption and flexibility may
reduce the need for grid reinforcement. On the other hand, user CAPEX rises sharply, more than
offsetting any potential grid savings. This shows that relying on user-side LCT investments to
relieve the grid is not cost-effective at system level: the private asset cost exceeds the avoided grid
cost.

Combining these observations leads to a coherent picture. Both economic signals encourage
additional LCT deployment, but the associated investment does not reduce total CAPEX, as the
savings on the grid are outweighed by user expenditures. The key differentiator between tariffs
is therefore operational efficiency. A higher spread increases PV utilisation, reduces imports, and
thus lowers OPEX. This explains why tariffs with a high spread and zero capacity fee ultimately

yield the most cost-effective decentralized outcome.

6.3 Feeder-Level Analysis

The aggregated results presented so far describe the behaviour of the system when a single tariff
is applied uniformly to all users. While this is appropriate for assessing tariff performance at
system scale, it is important to note that in our campus dataset several buses exhibit very large PV
potentials combined with extremely low loads. Under many tariff configurations, these buses find it
economically convenient to not take adventage of their full renewable potential. As a consequence,
the system-wide OPEX variation observed in the previous section was strongly influenced by this
behaviour.

To obtain a clearer picture of how tariff signals affect other prosumers, we isolate a representa-
tive LV feeder where such extreme PV—load ratios do not occur. This feeder is more consistent with
a residential setting, where prosumers have moderate PV availability and load profiles that make
self-consumption and storage operation comparable to realistic urban or suburban conditions.

Table [6.2] reports the four tariff configurations analysed in this section.

Name Az [€/kWh] 7., [€/kW/year]
Net Metering (NM) 0.00 0

Net Billing (NB) 0.25 0

NM + Capacity Fee (NM+C) 0.00 200

NB + Capacity Fee (NB+C) 0.25 200

Table 6.2: Tariff combinations analysed at feeder level.
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Figure [6.2] shows the cost decomposition associated with these four tariffs for the selected

feeder.
TOTAL COST OPEX CAPEX
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Figure 6.2: Cost decomposition for the four extreme tariffs on the selected LV feeder.

A first observation confirms this expectation. Once we focus on the selected feeder, where PV
potential and load are more balanced, prosumers no longer have an incentive to curtail PV under
any tariff. Consequently, the OPEX differences across tariffs are not driven by curtailment. In this
context, OPEX no longer decreases with higher spreads: the trend is flattened or even reversed as
storage losses increase with both the import-export spread and the capacity fee.

Consequently, the Total System Cost on this feeder is primarily determined by the CAPEX
variation. Here the same investment trade-off observed earlier reappears: the NM tariffs has the

lower gap, as reinforcing the grid is proven to be more cost efficient than installing storage.

Figure [6.3| provides additional insight by reporting the aggregated power flows for the selected
feeder under the four tariffs.

These plots highlight two important qualitative differences. First, the reactive power balance
shows a clear separation between the centralized and decentralized cases. In the centralized so-
lution, the inverter capacities of distributed LCTs are used to supply or absorb reactive power,
keeping net reactive injections near zero. Under all decentralized tariffs, instead, this coordinated
use of reactive flexibility does not emerge, leading to the installation and active operation of STAT-
COM units on the feeder. This confirms that the considered tariffs are not able of coordinating
inverter capabilities effectively.

Second, while the centralized case uses storage only to avoid oversizing the grid to by reducing
power peaks. Tariff with high spread and capcity fees, induce much more intensive storage cy-
cling driving up losses. In particular, storage operation under NB does not flatten the peak power
demanded at the substation, which results in a grid CAPEX similar to the NM case.
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Figure 6.3: Aggregated DC, AC, and substation power flows under the four extreme tariffs.

Overall, this feeder-level analysis reinforces the conclusions drawn earlier: the economic sig-
nals under consideration strongly influence prosumer investment and operation, but they do not
inherently coordinate these actions in a grid-efficient manner. Even though decentralized LCTs
have the technical capability to support the network, the tariff structures tested here do not consis-

tently elicit such behaviour.



Chapter 7
Conclusions

This thesis presented a comparative optimization framework designed to assess how different tariff
structures influence prosumer investment behaviour and the resulting evolution of the distribution
network. The main contribution of this work lies in the development and validation of a mod-
elling tool capable of quantifying the degree of alignment between decentralized decisions and
the system-wide optimum. The numerical results discussed throughout the thesis are therefore
intended as illustrative outcomes of the methodology rather than as definitive predictions for any
real system, as their validity is inherently tied to the techno-economic assumptions and to the
characteristics of the dataset employed.

By contrasting decentralized and centralized regimes, the framework computes a transparent
measure of the coordination gap induced by alternative tariff schemes. The case study confirms that
different economic signals lead prosumers to adopt markedly different operational and investment
strategies—affecting PV utilisation, self-consumption, storage cycling, and peak grid usage—and
that these behavioural shifts translate into heterogeneous reinforcement requirements for the dis-
tribution network. In particular, the analysis shows that not exploiting available PV potential is the
dominant source of inefficiency in decentralized operation, that a spread between import and export
tariffs does not effectively reduce feeder peak loads, and that the considered tariff structures fail
to coordinate the reactive capabilities of inverters, leaving substantial potential for grid-supportive
behaviour untapped.

At the same time, the modelling exercise highlighted a number of structural simplifications
that limit the realism of the current formulation. These limitations also identify clear directions for

future extensions of the framework.
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7.1 Model Limitations and Directions for Development

Representation of technical constraints. Several technical components were simplified to en-
sure computational tractability. For instance, inverter operation was modelled using reduced sets
of constraints that do not capture the full complexity of device capabilities, control strategies, or
grid-code requirements. Incorporating more realistic inverter behaviour would allow for a more

precise assessment of the flexibility that distributed assets can provide.

Energy prices and market-driven dynamics. The model assumes constant import and export
prices over the entire planning horizon. However, wholesale energy prices are time-varying and
respond to market dynamics and renewable variability. Using fixed prices prevents the framework
from capturing interactions between tariff design, arbitrage potential, and market conditions. Ex-
tending the model to incorporate time-varying prices or simplified market coupling would enable

a more complete evaluation of tariff performance.

From greenfield to brownfield planning. The case study adopted a greenfield planning per-
spective to isolate the impact of tariffs from legacy infrastructure. Real-world DSOs operate in
brownfield environments, where existing networks constrain reinforcement decisions. Extending
the framework to accommodate brownfield conditions—such as fixed line routes, existing asset ca-

pacities, and multi-stage investment decisions—would significantly expand its practical relevance.
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