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Chapter 1

Introduction

The urgency of climate change mitigation has placed the energy sector at the

center of global decarbonisation strategies [1]. International agreements and

national policies converge on the need to drastically reduce greenhouse gas

emissions, pushing power systems toward rapid and large-scale integration

of renewable energy sources [2]. This transition is not merely a technological

upgrade, but a structural transformation of the electricity system, affecting

generation, transmission, distribution and consumption paradigms simul-

taneously. The traditional model, based on centralised and dispatchable

generation that supplies passive end users, is progressively being replaced

by a highly distributed ecosystem characterised by intermittent production,

active consumers, and bidirectional power flows.

This evolution has accelerated the development of Smart Grids, conceived

as electricity networks enhanced by advanced sensing, communication and

control capabilities [3]. Smart grids aim to ensure reliability, efficiency and

sustainability in a context where uncertainty and variability are intrinsic fea-

tures of system operation. However, the deployment of intelligence across

the grid introduces new layers of complexity. Real-time observability, fast

decision-making and coordination among heterogeneous actors become es-

sential requirements, particularly at the distribution level where renewable

penetration is most pronounced [4].

In Europe climate and energy policies have led to a sharp increase in

non-programmable renewable generation over the past decade. In Italy in

particular photovoltaic, wind power plants and renewables now represent a

significant share of the electricity mix, covering more than 40% of the de-

1



2 Introduction

mand [5, 6], contributing substantially to emission reduction targets while

simultaneously challenging conventional network operation. Issues such as

voltage regulation in medium and low voltage feeders, congestion manage-

ment, protection coordination and reverse power flows have become increas-

ingly frequent.

In response to these challenges, recent European legislation, along with a

complete package of regulations [7, 8], introduced Renewable Energy Com-

munities (RECs) as a regulatory and organisational framework to promote

local energy sharing and active participation of consumers and prosumers.

By fostering local balance of production and consumption, RECs shift part

of operational flexibility from the transmission system to the distribution

network, where control actions can be faster and more targeted.

This transition, however, cannot be reling solely on large-scale infrastruc-

ture upgrades or centralised control solutions [9]. Achieving meaningful de-

carbonisation requires the active participation of a wide set of different ty-

pologies of users, including individual citizens and small prosumers [10]. As

power system operation becomes increasingly decentralised and algorithm-

driven, the interaction between humans and complex energy management

tools emerges as a non-negligible component of system effectiveness. for such

reason the proposed technologies must not only be technically effective, but

also accessible, transparent and usable by non-expert users, ensuring that

participation in energy communities does not remain limited to a restricted

group of highly skilled operators.

Within this framework, Energy Management Systems (EMSs) emerge as

a key enabling technology [11]. An EMS collects measurements, processes

forecasts and computes control actions for distributed resources such as bat-

tery energy storage systems and flexible loads. When applied to energy

communities and distribution networks, traditional EMS architectures reveal

important limitations. The heterogeneity of user behaviour, limited observ-

ability, forecast uncertainty and the coexistence of individual and collective

objectives hinder the effectiveness of centralised and rigid control strategies.

These constraints motivate the development of EMS architectures that are

scalable, adaptive, and capable of coordinating a large number of distributed

actors while preserving autonomy at the local level.

Beyond efficiency and economic optimisation, resilience has become a cen-

tral concern in modern power systems. Climate change itself increases the

frequency and severity of extreme weather events [12], while ageing infras-
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tructure and the growing interdependence between energy and digital sys-

tems expose distribution networks to new types of disturbances.

In this context, resilience requires fast detection of abnormal conditions,

adaptive reconfiguration capabilities and the ability to exploit distributed

energy resources to maintain supply continuity under degraded operating

conditions [13]. Power flow analysis in its classical and real-time formulations

plays a fundamental role in this process. It provides a consistent framework

to assess system states, validate control strategies and ensure that decisions

taken at different control layers remain compatible with network constraints.

1.1 The objective

Against this background, the objective of this dissertation is to develop an

intelligent, distributed, reliable and cost-effective monitoring and control sys-

tem capable of supporting the green transition and reinforcing resilience

in distribution networks. The proposed system integrates advanced fore-

casting techniques, low-complexity neural models, distributed state estima-

tion and multi-level EMS strategies. The architecture has been designed to

operate with realistic measurement infrastructures and computational con-

straints, making it suitable for practical deployment in microgrids, RECs

and medium-voltage distribution networks.

The following literature review situates the proposed approach within the

current state of the art, highlighting existing solutions and open challenges

that motivate the contributions of this work.

1.2 Contributions

The main contributions achieved throughout this research are:

• the design of a distributed monitoring architecture combining edge

intelligence and central coordination;

• the development of forecasting models crafted for small-scale users and

energy communities, with low computational cost and high robustness;

• a multi-level EMS framework that coordinates heterogeneous prosumers

while respecting network constraints;

• algorithms for adaptive network reconfiguration to enhance resilience;
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• an integrated simulation and decision-support platform, including a

conversational AI tool, to evaluate REC operation under realistic reg-

ulatory conditions.

1.3 Thesis Organization

The remainder of this dissertation is organised as follows.

Chapter 2 reviews the background on modern distribution networks, dis-

tributed generation, renewable energy communities, Energy Management

System (EMS) architectures and Reliability.

Chapter 3 presents the system architecture and the methodological frame-

work adopted throughout this work.

Chapter 4 discusses the forecasting models developed during this research.

Chapter 5 introduces the energy management methodology designed for the

single-user level.

Chapter 6 provides an in-depth analysis of the second-layer control system,

the one that stands at the community level

Chapter 7 extends the energy management strategy to the transmission in-

terface by implementing an Optimal Power Flow (OPF) formulation.

Chapter 8 discusses the broader implications, limitations, and potential fu-

ture developments.

Finally, Chapter 9 concludes the dissertation.



Chapter 2

Literature review

This literature review analyzes the evolution of distribution net-

works in the presence of high penetration of renewable energy

sources, distributed generation, and active consumers. It exam-

ines the interaction between electricity market mechanisms, net-

work infrastructure, regulatory frameworks, and control architec-

tures, with a particular focus on Renewable Energy Communi-

ties. The review highlights the central role of Energy Manage-

ment Systems as coordination layers enabling forecasting, opti-

mization, and multi-level control. Current approaches, limita-

tions, and open challenges related to scalability, uncertainty, and

resilience are discussed, providing the conceptual foundation for

the methodological framework developed in the subsequent chap-

ters.

5



6 Literature review

2.1 Scope and Structure

This literature review focuses on the operational and control implications of

the rapid changes and evolution that the electric power systems are exper-

inecing at the distribution level.

In particular, the chapter surveys the body of work addressing how mar-

ket mechanisms, network infrastructure, regulatory frameworks, and control

architectures interact in modern distribution systems characterized by dis-

tributed energy resources (DERs) and active consumers. Rather than treat-

ing these aspects in isolation, the literature is reviewed with the explicit goal

of highlighting their interdependencies and the resulting need for advanced

coordination and energy management solutions.

The review begins by examining the Italian electricity market as a repre-

sentative case study, emphasizing how wholesale and balancing market price

signals reflect network conditions and influence the behavior of producers

and consumers. It then analyzes the physical structure of the national elec-

trical infrastructure and the technical challenges introduced by widespread

distributed generation. Building on this foundation, the chapter reviews the

regulatory and operational framework of Renewable Energy Communities

(RECs), with particular attention to incentives, constraints, and coordina-

tion requirements.

Subsequently, the role of Energy Management Systems (EMS) is discussed

as a unifying control layer capable of coordinating distributed resources

across multiple scales, from individual users to communities and system-

level operators. Finally, the chapter addresses the concept of resilience in

distribution networks highlighting the role of DER coordination, microgrids

and EMS-based control in enhancing the system’s ability to withstand and

recover from extreme events.

Overall, this literature review aims to establish the state of the art and

identify open challenges that motivate the development of intelligent, dis-

tributed and scalable EMS architectures for modern distribution networks

and renewable energy communities.
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2.2 The Italian Electricity Market

2.2.1 Structure

Italy’s electricity sector has undergone liberalization over the past two decades,

evolving into a competitive market with multiple actors and trading sessions.

The wholesale market, managed by the Italian Power Exchange (IPEX), is

organized into a Day-Ahead Market (MGP – Mercato del Giorno Prima) as

the primary session where the majority of energy transactions are scheduled,

along with Intra-Day Market(MI) and forward and balancing markets [14].

In the MGP, generators and consumers (or their retailers) submit bids

for each hour of the next day. A market-clearing algorithm matches sup-

ply and demand for each hour and determines the dispatched volumes and

prices. Italy is divided into several bidding zones (geographical regions such

as North, Center-North, Center-South, South, Sardinia, Sicily, etc.) to ac-

count for transmission constraints. When transmission limits between zones

bind, the market splits and produces different zonal prices in the constrained

areas, reflecting localized supply-demand conditions.

A national reference price, the Prezzo Unico Nazionale (PUN), is then

computed as the average of the zonal prices weighted by volumes. In practice,

generators are paid the price in their zone, while many consumers pay the

PUN (for example, in regulated contracts or certain wholesale purchasing

arrangements) [15]. The PUN serves as a single benchmark price that many

retail contracts reference, although underlying regional price differences can

be significant.

In addition to the MGP and MI sessions, Italy also operates a real-time

Balancing Market (Mercato per il Servizio di Dispacciamento, MSD) in which

the TSO (Terna) procures last-minute adjustments and ancillary services to

maintain grid stability. Participation in balancing is mandatory for certain

large units (e.g. generators >10 MW) and open to others on a voluntary ba-

sis. This multi-tier market structure provides critical price signals at different

timescales for market participants to adjust their production or consumption.

2.2.2 Price Signals

The hourly clearing prices emerging from the day-ahead market represent

the marginal cost of electricity for each hour and act as signals of scarcity or

surplus guiding generation dispatch. High prices signal scarcity (encouraging
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more generation or reduced consumption), whereas low or negative prices sig-

nal surplus (encouraging flexible loads or storage uptake) [16]. Italy’s market

has historically exhibited a pronounced spread between day and night prices,

and between different zones, reflecting factors such as solar generation peaks,

wind availability, and transmission limits. These zonal price differences are

a feature, not a flaw, of the market design, as they signal where the grid is

constrained and electricity is more costly to deliver [17]

The increasing penetration of renewables has led to greater price volatil-

ity: for instance, strong midday solar output even led to occasional zero or

negative prices in those hours, whereas evening hours, when solar is offline

but demand is still high, see price spikes. This day-night price spread has be-

come more pronounced with more solar in the system. Such encreasing of the

intra-day price volatility present operational implications for the grid [18].

On the positive side, price volatility incentivizes flexibility in the system,

like schedule of energy-intensive processes of the industrial users or the adop-

tion of energy storage and demand response resources that can arbitrage

between low and high price periods. By doing so, these resources not only

earn money but also help the system by absorbing excess generation when

it’s abundant and providing extra supply or reduced load when the system

is tight.

On the other hand, rapid price fluctuations can pose challenges for genera-

tors and retailers in terms of risk management and can create uncertainty for

distributed energy resources that lack direct market access. This loss in pre-

dictability has driven interest in improved risk management and forecasting

tools in Italy’s power sector [19].

2.2.3 Operational Implications

A key challenge for DER like rooftop solar, small wind or electric vehicles

is that many of these resources do not have direct access to the wholesale

market price signals. These prosumers, those who both consume and produce

electricity, typically do not participate directly in the wholesale market so

they result partially blinded regarding the real-time wholesale price signal.

Traditional retail tariffs in Italy have included a mix of fixed charges and

time-of-use energy prices, the latter giving some incentive for consumers to

shift consumption to off-peak periods.

Another operational concern is that uncoordinated demand response to

price signals can cause new problems, such as rebound peaks, phenomenon
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in which a synchronized price-responsive response shiwinzer2024tariffsft or

concentrate shift peaks of excessive or scarcity of productions to others hours

instead of truly alleviate the stress on the whole system. This underscores

that price signals need to be paired with intelligent coordination (through

smart appliances, staggered response, or grid-aware control algorithms) to

avoid simply moving a peak from one hour to another [20].

2.2.4 Towards the Flexibility

As the Italian system is becoming more and more dynamic, flexibility is

both encouraged and required. Unfortunatly, the majority of Italy’s smaller

consumers (households and small businesses) do not have access to the energy

markets. The purchase of electricity pass through retail contracts, which

historically were often regulated or fixed-price offering.

This means that in most end-user electricity bills the real-time price signal

is only partially reflected, or not at all. To overcome this issue there has been

movement in Italy toward introducing more dynamic pricing at the retail

level. In compliance with EU Electricity Market Design regulations [14],

retail suppliers in Italy are now obliged to offer at least one dynamic tariff

option, where the price is linked to wholesale market outcomes, to consumers

with suitable smart meters. These meters record hourly consumption, which

is a prerequisite for dynamic pricing and participation in flexibility programs.

Italian regulators are working to better align prosumer incentives with

market signals. One approach has been to enable aggregators and new mar-

ket mechanisms so that even small resources can respond to system condi-

tions. Rather than each prosumer acting in isolation under fixed incentives,

aggregators can pool many small resources and respond to price signals on

their behalf, effectively bringing them into the market.

Several pilot programs and regulatory innovations has been implemented

in recent years. A cornerstone initiative is Terna’s introduction of Virtual Ag-

gregated Units in the balancing market. Starting around 2017–2018, Terna

opened up the Ancillary Services Market (MSD) to aggregated resources un-

der schemes called UVAC, UVAP, and later UVAM. UVAM (Unità Virtuali

Aggregated Miste) stands for “mixed” virtual aggregated units, meaning a

combination of demand reduction, generation increase and storage can be

aggregated to offer a single block of flexibility [21].

The success of these pilots has been important. By opening the door to

independent aggregators, Italy signaled that resources like factory demand
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response, supermarket refrigeration loads or clusters of home batteries can

support the grid just as traditional power plants do. Italian UVAM pilot rep-

resent a very promising start and show that the flexibility market is mature

and ready to expand to more participants, including possibly residential-

scale aggregations. Still challenging however is the economic access barrier

for small consumers and prosumers. In practical terms, that means while

the technology such as smart meters and home energy management may be

ready, the economic payoff for a residential customer to adjust usage is still

low in many cases [22].

In addition to nationwide market integration, Italy is experimenting with

Local Flexibility Markets (LFM) at the distribution level to bridge this gap.

These are mechanisms where the local distribution system operator (DSO)

can procure flexibility from resources in a specific area to solve local network

issues created an online marketplace for local ancillary services [23] [24].

2.3 National Electrical Infrastructure

2.3.1 Layers of the Network: HV, MV and LV

The Italian electrical infrastructure is traditionally organized in a hierarchi-

cal structure with three main voltage levels: High Voltage (HV) for transmis-

sion, Medium Voltage (MV) for sub-transmission and primary distribution,

and Low Voltage (LV) for final distribution to end-users.

The HV network, managed by Terna as TSO, consists of meshed 380 kV,

220 kV and 150 kV lines interconnecting large power plants, cross-border

interconnections, and major load centers across the country. Substations

then step down voltage to MV (typically 10–30 kV), which is used by regional

distribution networks operated by Distribution System Operators (DSOs) to

supply cities, towns, and industrial areas. Finally, local transformers further

step down MV to LV (400 V three-phase or 230 V single-phase) for delivery

to households, small businesses, and other low-voltage consumers [25].

Historically, power flow within this topology was predominantly one-directional.

Electricity generation was concentrated in a limited number of centralized

power stations connected to the HV grid, transmitted over long distances,

and progressively distributed radially outward to consumers at MV and LV

levels. Under this paradigm, distribution networks were designed as passive

systems, characterized by radial feeders and limited real-time monitoring
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or control capabilities, whose primary function was the reliable delivery of

energy from the upstream network to end users [26].

2.3.2 Challenges of Distributed Generation

The rapid diffusion of distributed generation (DG) in recent years has fun-

damentally challenged this traditional architecture. Italy has experienced a

significant proliferation of DG units connected at MV and LV levels, par-

ticularly photovoltaic (PV) systems. As a consequence, approximately one

quarter of the total installed generation capacity is now connected to distri-

bution networks, ranging from residential rooftop PV installations of a few

kilowatts to medium-scale wind farms, solar plants, and cogeneration units

of several megawatts. This decentralization implies that electricity can be in-

jected into the grid from thousands of nodes within the MV/LV network, at

times exceeding local demand. As a result, power flows are no longer strictly

top-down and reverse power flows toward higher voltage levels may occur.

The traditional distribution network, once a passive receiver of energy, must

evolve into an active part of the system.

Indeed, the entire electricity infrastructure is transforming from a paradigm

of few large generation nodes to one of many distributed generation sources

spread across the grid. This evolution introduces several technical challenges

for distribution system operation. One of the most critical issues concerns

voltage regulation along MV and LV feeders. Traditional radial feeders were

designed under the assumption of monotonically decreasing voltage from

the substation to the end user. However, high DG penetration near feeder

endpoints can lead to voltage rise beyond regulatory limits when local gen-

eration exceeds consumption. Maintaining voltage within admissible bounds

therefore requires increasingly coordinated control of on-load tap changers,

voltage regulators and inverter-based DG resources [27].

Protection and fault management are also significantly affected. Conven-

tional protection schemes in passive radial networks rely on assumptions re-

garding fault current direction and magnitude that are no longer valid in the

presence of DG. Bidirectional fault currents can reduce protection selectiv-

ity or lead to miscoordination, thus requiring adaptive protection strategies

and revised coordination schemes. In parallel, reverse power flow at HV/MV

transformer interfaces, once a rare operating condition, is now observed with

increasing frequency in several areas of Italy. Sustained reverse flows indicate

that distributed generation within a primary substation area can exceed to-
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tal local consumption, potentially leading to thermal and voltage constraints

and necessitating network reinforcements or active operational measures.

Along side these issues there is the limited real-time observability and

controllability historically present in distribution networks. Unlike the HV

transmission system, which is extensively monitored through Supervisory

Control and Data Acquisition (SCADA) systems, many MV and LV net-

works still lack comprehensive real-time measurement infrastructure. In

Italy, a substantial number of medium and small scale DG units are con-

nected without providing real-time telemetry to the TSO, limiting system-

wide situational awareness. Although DSOs are progressively deploying ad-

vanced metering infrastructure (AMI), visibility of the instantaneous state

of the distribution network remains partial in many areas, complicating both

local operation and coordination between transmission and distribution sys-

tem operators [28].

Collectively, these factors necessitate a transition from the traditional “fit-

and-forget” approach to DG integration toward a more actively managed

distribution network. Solutions currently being implemented or investigated

include:

• dynamic voltage control through inverter-based resources;

• active power curtailment or redispatch of DG during congestion;

• enhanced monitoring and state estimation techniques, and the use of

economic;

• market-based mechanisms to incentivize behaviors that support net-

work operation.

In this context, distribution grids are evolving toward the paradigm of Ac-

tive Distribution Networks (ADNs), capable of managing bidirectional power

flows and coordinating distributed resources.

This evolution may further involve the deployment of new operational ar-

chitectures such as microgrids and virtual power plants, in which clusters

of DERs are coordinated to provide local and system-level services. Plan-

ning and developing such architectures is widely recognized as essential to

preserving reliability and power quality as DG penetration increases. Italy’s

DSOs, in line with regulatory directives, are moving toward this active net-

work paradigm, investing in smart grid technologies (automation, sensors,

advanced control systems) to meet the challenges posed by widespread dis-

tributed generation [29].
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2.4 Renewable Energy Communities (RECs)

2.4.1 Concept and Regulatory Framework

One innovative concept that has emerged to enhance the integration of dis-

tributed renewables and engage consumers in the energy transition is that

of Renewable Energy Communities (RECs). Introduced at the European

policy level through the Clean Energy Package with the Internal Electric-

ity Market Directive (EU) 2019/944 [30] and then formally defined with the

Renewable Energy Directive (EU) 2018/2001 (RED II) [31], RECs are envi-

sioned as legal entities that allow citizens, businesses and local authorities to

cooperatively engage in producing, sharing and consuming renewable energy.

The EU directives define broad principles for energy communities, such

as open and voluntary participation, autonomy and primacy of environmen-

tal and social objectives over profit, and member states have been tasked

with incorporating these into national law [32]. In essence, a REC is an

autonomous legal entity that bring together private and public actors (cit-

izens, enterprises, local authorities, etc.) to collaboratively generate, share

and consume green energy to deliver environmental, economic and social

benefits at the community level.

In such vision these communities are seen as a key vector of the clean en-

ergy transition, aimed at increasing public acceptance of renewable projects

and attracting private investment into the energy sector [33]. By enabling

collective generation and local consumption of energy, RECs allow citizens to

directly receive benefits through improved energy efficiency, lower electricity

bills, and reduced energy poverty.

RECs also empower consumers to become prosumers, fostering a more

democratic and decentralized energy model. By enabling distributed gen-

eration and local energy sharing, RECs will help improve the resilience of

the grid at the community level and can enhance demand-side flexibility to

maximize self-consumption [34]. RECs have the potential to contribute to a

more sustainable and flexible energy system that is aligned with EU climate

goals.

This initiative can further promote sustainable local development and a

circular economy. They encourage the use of underutilized spaces, such as

disused industrial land or public building rooftops, for installing renewable

generation, turning dormant assets into community value. Prosumers with

large roofs can install renewable capacity, self-consume the portion of energy
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needed and share the surplus with community members. Every member will

then benefits from lower energy bills and greater energy independence as a

result of this collective action [35].

RECs were formally introduced into the Italian regulation through Leg-

islative Decree No. 199/2021 [36]. A distinctive feature of the Italian im-

plementation is that energy sharing is virtual rather than through private

wires. Each member remains physically connected to the public distribu-

tion grid and maintains their own supplier contract, but energy sharing is

accounted from the grid data. Specifically, the energy community’s contri-

bution is evaluated by measuring, for each hour, the minimum between the

total renewable energy injected into the grid by the community’s generators

and the total energy withdrawn by the community’s consumers.

This minimum value is termed collective self-consumption or “virtually

shared energy”. This concept of building such entities on the already present

distribution infrastructure simplify the process of aggregation of the members

and the Italian system operator uses these measurements to determine the

community’s performance and to allocate incentives.

2.4.2 Constraints and Incentives

Such incentives are a crucial component of the REC framework, designed to

make community projects financially attractive. In Italy, the implementation

of Renewable Energy Communities is further regulated by the CACER and

TIAD operational rules issued by the Gestore dei Mercati Energetici [37].

While the whole regulation saw numerous changes during the years, the

current version allow any end-user type (residential, small and medium com-

mercial, public) to become members.

Administrative requirements include establishing a legal entity, often a

cooperative or association, and registering the REC with authorities while

the aggragation may be done on national level, even if the shared energy

is evaluated only at the level of the primary distribution substation. The

advantage is in sharing the economic cost among different subconfigutarion.

Another limitation set by Italian law is a size limit on generation capacity,

as each renewable installation participating in the REC must be no larger

than 1MWp (1 megawatt peak). In practice, this means RECs are oriented

toward small to medium renewable projects while larger plants fall under

different schemes.

Italy provides a dedicated economic reward for the shared renewable en-
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ergy within a community. Such incentive is paid by the GSE (Gestore Servizi

Energetici, the national energy service manager) and can be allocated among

the community members according to rules they agree upon in their statute.

Importantly, this incentive is time-limited as they are currently guaranteed

for 20 years for each new REC under the scheme and funded by national

energy policy programs aimed at promoting renewables and efficiency.

In the first form of the regulation, the community receives approximately

110 € per MWh (0.11 € per kWh) of electricity that is generated and con-

sumed within the community on an hourly basis. The current and updated

regulation introduced a revised incentive structure with a variable component

that adjusts according to market electricity prices, among other factors [38].

This change aim to ensure the economic sustainability of RECs in the long

run and aligning the incentives with real-time grid needs, by providing higher

support when market prices are low, and tapering support when electricity

prices are high and self-consumption is already economically attractive.

2.4.3 Operation and Opportunities

From an operational perspective, the goal of a REC is to maximize the

matching of local renewable generation with local consumption. In other

words, to maximize the shared energy that yields both economic and envi-

ronmental benefits. Achieving a high self-consumption ratio requires careful

coordination of the community’s load and generation profiles. Flexible re-

sources play a pivotal role in this. For example, Battery Energy Storage

Systems (BESS) and controllable loads. By optimizing such behaviors, a

community can substantially increase the fraction of renewable energy that

is consumed on-site versus spilled to the grid [39].

The Italian framework implicitly encourages this by calculating the incen-

tive only on the simultaneous portion of generation and consumption, effec-

tively rewarding real-time coordination between prosumers and consumers.

In particular, BESS play a pivotal role in enhancing a community’s energy

flexibility. By optimally scheduling charging and discharging cycles, a BESS

can store surplus renewable energy when generation exceeds immediate con-

sumption and then supply that stored energy during later periods of high

demand or low generation.

This not only helps REC members cover a larger share of their needs with

locally produced green energy, but also improves overall efficiency and eases

pressure on the main grid. Deploying storage at the community level creates
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new opportunities both for the grid and the REC members: a sufficiently

sized community battery can act as a flexible resource providing ancillary

support to the network (voltage regulation, peak shaving, etc.) while also

empowering citizens by increasing energy autonomy, enabling them to par-

ticipate in ancillary service and balancing markets [40].

Such participation could be rewarded at higher rates than the base self-

consumption incentive, potentially unlocking new revenue streams for com-

munities while assisting the power system. Furthermore, advances in peer-

to-peer energy trading are being explored, where community members could

directly trade energy or negotiate the use of each other’s flexible resources

based on price signals. These concepts remain at pilot stage in Italy indicate

the future direction where communities become active cells of the grid able

to interact with the broader market and grid for mutual benefit.

2.4.4 Challenges

Beyond their technical and economic aspects, the success of RECs in Europe

critically depends on human and social factors. Studies highlight that social

acceptance, trust, and member engagement are decisive for long-term sus-

tainability. Participation in community energy projects is strongly correlated

with perceived fairness, transparency and trust in both peers and community

management [41,42]. Equally important is the fair and transparent distribu-

tion of economic rewards among members. Research shows that perceived

inequity in benefit-sharing can undermine participation, while transparent

and participatory governance increases trust and acceptance and various al-

location mechanisms have been proposed, all seeking to balance efficiency

and equity [43,44].

The presence of an energy community can however introduce the tipical

DER challenges to be managed. Community members might be encouraged

to alter their normal consumption patterns to increase self-consumption, but

care must be taken to ensure this does not create new peaks, rebound peaks

or issues in the local grid. It is even possible that a REC configuration led to

reverse power flow during peak PV production hours despite improving local

self-consumption. That mean that there is an interplay between maximizing

economic incentives and maintaining network limits, which requires active

energy management within the community.
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2.5 Energy Management Systems (EMS)

2.5.1 Role and Working Paradigm

The integration of renewables, distributed generation, and flexible loads into

power networks has elevated the importance of Energy Management Systems

(EMS) as essential tools for optimizing operations [45]. Broadly defined, an

EMS is a control and optimization system that monitors energy resources,

essentially generation, storage and loads, and orchestrates their operation to

achieve certain objectives, such as cost minimization, efficiency improvement,

emission reduction or reliability enhancement. the EMSs are the “brains”

that enable intelligent decision-making, using data and algorithms to balance

supply and demand inside the monitored system in an optimal way. As these

systems operate on energy flows, they typically function on time granularities

ranging from minutes to hours.

A typical EMS operates with a rolling horizon control paradigm or Model

Predictive Control (MPC). This structure reflects the need to continuously

adapt decisions to updated system information and forecast revisions and

can be plit in a cycle of four key functions:

1. Data Acquisition: The EMS continuously collects data from the field,

including measurements of power, voltage and current from smart me-

ters and sensors, as well as external information like weather forecasts,

crucial for forecasting the production due RES and electricity market

prices. Modern EMS implementations rely on an AMI to gather granu-

lar consumption and generation data, and often IoT devices to monitor

the state of distributed resources.

2. Forecasting: Using the acquired data and the known history of the

system, the EMS forecasts future system behavior over a given planning

horizon. This usually involves predicting the load demand of consumers

and the generation expected from renewable sources for the next few

hours or days. Forecasting accuracy is a critical factor, as it directly

affects the quality and robustness of subsequent control decisions.

3. Optimization and Scheduling: Given the forecasts and the current state

of the system, the EMS computes an optimal schedule for controllable

devices like batteries, electric vehicles charging, flexible industrial pro-

cesses and heating/cooling systems. This step determines a control
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trajectory over the prediction horizon while respecting operational con-

straints and aims to achieve specified objectives like the maximizing

economic benefit and maximizing self-consumption of renewables.

4. Dispatch/Control: Finally, the EMS implements the first control ac-

tion of the schedule by dispatching control commands to devices in real

time. This could involve sending setpoints to battery inverters, signals

to smart appliances via a home automation system, or even requests to

distributed generators to adjust output. The process is then repeated

at the next control interval, incorporating new measurements and up-

dated forecasts. This rolling-horizon mechanism allows the EMS to

compensate for forecasting errors and unmodeled disturbances while

maintaining computational tractability.

Collectively, these steps allow an EMS to act as a tool for optimal energy flow

management at the local level, maintaining a balance between generation and

demand and steering the system towards desired performance metrics.

2.5.2 Optimization Techniques

The optimization stage is the core of an EMS and has been extensively

studied in the literature. A wide range of optimization techniques has been

proposed reflecting trade-offs between optimality, computational complexity,

robustness and scalability [46–48]. Following the outline the main categories

and their characteristics.

Heuristic Approach (Rule-Based Control): Many early EMS, espe-

cially at the home or microgrid level, used rule-based logic due to its sim-

plicity and transparency. A rule-based EMS is typically a set of if-then-else

rules or a priority order for resources. Such deterministic rule heuristics are

easy to implement and robust, but they usually do not guarantee optimal

use of resources. They might lead to suboptimal economic results because

they cannot perfectly trade off different objectivies.

Nonetheless, rule-based EMS remain popular in commercial building man-

agement systems and some microgrids where reliability and simplicity are

prioritized over optimality. In hybrid power systems like microgrids or vehi-

cles, deterministic rule-based strategies, often derived from human expertise,

have been widely adopted and sometimes enhanced by tuning via optimiza-

tion algorithms.
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Also rule-based EMS in the “priority” form manifest greater reliability un-

der uncertainties, whereas more complex optimal strategies require accurate

data and computation.

Deterministic Optimization (Mathematical Programming): A large

portion of EMS research formulates the energy scheduling problem as a

mathematical optimization problem. Techniques include linear program-

ming (LP), mixed-integer programming for on/off decisions of generators or

discrete battery states, quadratic programming for AC power flow optimiza-

tions.

MILP (Mixed-Integer Linear Programming) has been a workhorse for mi-

crogrid EMS optimization, used to find minimum-cost dispatch schedules

over a forecasted horizon [49]. Deterministic optimization methods excel at

explicitly handling constraints (like generator limits, ramp rates, network

flow limits) and optimizing a clear objective (cost, emissions, etc.).

Even if the near-optimality of the solutions given the inputs is guarantee it

strongly depend on forecast accuracy and can be computationally intensive

as the size of systems or the lenght of the horizon scale up. Deterministic op-

timization is often combined with decomposition techniques to handle large

scales or with heuristics to obtain faster solutions when exact methods are

too slow.

Metaheuristic Algorithms: Metaheuristics such as Genetic Algorithms

(GA) and Particle Swarm Optimization (PSO) have been used to solve com-

plex EMS scheduling problems that are non-linear, non-convex or combina-

torial [50].

These algorithms do not guarantee a global optimum but can find good

solutions in reasonable time and are easier to adapt to different objective

formulations. For instance, if an EMS must optimize a multi-objective func-

tion (cost, emissions, and battery life simultaneously), formulating a linear

MILP may be challenging, so researchers have applied multi-objective GAs

to evolve a set of Pareto-optimal operating schedules.

Pure metaheuristics might need long computation or fine tuning to con-

verge, so integrating domain knowledge (rules) provides a shortcut to good

solutions. The main downside is the lack of guarantee on optimality. how-

ever, for real-time control or very large systems where a good solution now

is preferable than the optimal solution too late, metaheuristics algorithms
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are more than valuable tools.

Artificial Intelligence and Machine Learning Based Control: In

recent years, AI techniques have been increasingly integrated into EMS al-

gorithms. Briefly, AI-based approaches include machine learning models for

forecasting and optimization and reinforcement learning (RL) for control.

For example, in many modern EMS designs, neural networks or other

regression models forecast the short-term load and renewable generation with

high accuracy, feeding those predictions into an optimization engine. More

ambitiously, reinforcement learning algorithms are used to let an EMS learn

optimal control policies by interacting with the environment, simulated or

real, over time. Multi-agent reinforcement learning has recently emerged

as a promising approach enabling distributed agents to autonomously learn

coordination strategies under dynamic and uncertain conditions [51].

AI-based control offers strong adaptability and can handle non-linearities

and high-dimensional state spaces that are challenging for classical methods.

The downsides are the need for extensive training data or exploration, which

can be risky on real systems, and the “black-box” nature of some AI models

that makes them less interpretable and possibly less trustworthy in mission-

critical grid operations. A hybrid trend is emerging where AI is combined

with model-based methods, like using neural networks to approximate parts

of the system model or to warm-start an optimization, or conversely using

optimization outputs to safe guide the RL training.

Stochastic and Robust Optimization: To account for uncertainties in

renewable output or loads, stochastic EMS approaches incorporate multi-

ple scenarios or probabilistic constraints optimizing the expected cost over

many possibil forecast, or ensure constraints hold with a certain probability.

Robust optimization takes a worst-case approach, finding a solution that

minimizes cost while guaranteeing feasibility for all realizations within a de-

fined uncertainty set. These methods improve reliability, at the cost of a

more conservative or higher-cost operation and an encrease of the weight of

the computational effort. The trend is to combine these with decomposition

or heuristics to remain tractable.

In summary, typical EMS control algorithms range from simple heuris-

tics to advanced AI, and there is a clear evolution towards more intelligent,
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adaptive strategies. The most effective EMSs are often integration of multi-

ple strategies to combine the strenghts of each of them. The state-of-the-art

is characterized by multi-layered control algorithms with forecasting mod-

ules, optimization solvers and learning-based controllers working in tandem.

2.5.3 EMS and electrical network

EMSs exist at different control levels of the electrical network, corresponding

to the hierarchy of the grid.

At the low-voltage (LV) level, we have Home or building EMS, which fo-

cus on individual users or facilities [?,52]. Their objectives typically include

cost minimization, self-consumption maximization, and comfort preserva-

tion. Control decisions are largely local, involving appliances, batteries, and

EV charging systems.

At the medium-voltage level, EMS operate at the scale of microgrids, cam-

puses, or energy communities. These systems coordinate multiple users and

distributed resources, often with additional constraints related to network

operation, such as voltage limits and feeder congestion [53]. Community-

level EMS act as intermediaries between individual users and the distribu-

tion network, aggregating flexibility and aligning local objectives with grid

requirements.

At the high-voltage level, EMS functions are integrated into transmission

system operation, focusing on system-wide balancing, frequency regulation

and congestion management [54, 55]. While traditionally centralized, these

EMS increasingly rely on flexibility originating from lower voltage levels

through aggregators and coordinated interfaces with distribution systems.

The interaction between EMS operating at different levels has become

a central research topic, particularly as flexibility shifts from centralized

generators to distributed assets.

2.5.4 Architecture and Coordination

Architectural design about who makes decisions and how information is

shared is a fundamental aspect of EMS. The literature identifies three broad

EMS architectures, with hybrid variations: centralized, decentralized, and

distributed [56,57].
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Centralized EMS: In a centralized architecture, a single control entity

gathers data from all assets in the system and computes the optimal con-

trol actions for every controllable device. This top-down approach ensures

global optimization of the objective since all information is available in one

place. Centralized EMS were historically common at utilities and in micro-

grid controllers. The advantage is optimal coordination, the downside is that

centralized EMS suffer from scalability limits and single-point-of-failure risk.

As the number of devices grows, computational requirements become bot-

tlenecks. In present-day contexts with thousands of distributed assets, fully

centralized EMS are often impractical beyond a certain scale. They also

raise data privacy concerns, since individual consumers may be unwilling to

stream fine-grained energy usage data to a central authority.

Decentralized EMS: A decentralized architecture pushes decision-making

to individual devices or local controllers, with minimal central coordination.

Each DER or consumer may have its own EMS that operates autonomously

based on local objectives and conditions, without explicit communication

with neighbors or a central optimizer. Decentralized EMS enhance auton-

omy and resilience as if one controller fails, others are unaffected and the

system can be inherently robust to localized issues.

They also naturally scale with the number of devices, since control is

distributed. However, a pure decentralized approach can sacrifice optimal-

ity and system-wide coordination. Without oversight, individual controllers

might act greedily or in conflict, causing suboptimal or even unstable out-

comes for the grid. Thus, decentralized EMS often rely on indirect coordi-

nation mechanisms to achieve some level of harmonization and simple de-

centralized schemes may not fully exploit global optimization opportunities.

Distributed (Multi-Agent) EMS: Between these extremes lies the dis-

tributed or multi-agent EMS architecture, often implemented in a hierarchi-

cal manner. Here, control is spread across multiple controllers (agents) that

communicate and coordinate to achieve a near-global optimum. A popular

form is hierarchical EMS, where control is organized in layers. Each layer

makes decisions based on its scope, and passes information or setpoints up

and down. This approach attempts to combine the benefits of both central-

ized and decentralized schemes.

Another paradigm is fully distributed multi-agent systems (MAS), where
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multiple peer agents, representing DER units or microgrids, negotiate or

iteratively coordinate to reach a cooperative solution. In this architecture,

no single agent has global authority.

This type of framework often relies on the Alternating Direction Method of

Multipliers (ADMM), a distributed optimization algorithm that decomposes

large-scale convex problems into smaller subproblems coordinated through

dual variable updates.

With this methodology, independent nodes attempt to converge toward an

optimal solution through a consensus mechanism. Consensus is enforced by

penalizing deviations from shared variables and updating dual multipliers,

thereby driving local solutions toward global feasibility and optimality.

The advantages of distributed and hierarchical EMS are improved scala-

bility and fault tolerance as no single failure kills the whole system. On the

other side, distributed EMS depend heavily on communication infrastructure

and protocols. Coordination requires frequent exchange of data or signals

between agents or layers, which introduces latency and potential communi-

cation failures.

In practice, many EMS implementations are hybrid combining the different

approaches, dividing the problems on multiple layers. One interesting emerg-

ing architecture is blockchain-enabled transactive energy platforms, where

prosumers and consumers trade energy or flexibility through a distributed

ledger system. Such blockchain-based EMS architectures allow peer-to-peer

energy transactions and distributed decision-making with inherent security

and transparency [58].

2.5.5 EMS for Microgrids and RECs

Microgrids constitute a well-established reference framework for the integra-

tion and coordinated operation of DERs [59]. They are commonly defined

as localized electrical systems capable of operating either grid-connected or

in islanded mode, providing enhanced flexibility and resilience at the dis-

tribution level. Due to their limited scale and high penetration of power-

electronics-interfaced resources, microgrids have driven the development of

dedicated control architectures that differ from those adopted in traditional

centralized power systems.

Such strucures typically rely on a hierarchical control paradigm, which

decomposes control tasks across different time scales and functional objec-
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tives [60,61]. This hierarchy is generally organized into three levels:

• The primary control level ensures local stability and power sharing

through fast, decentralized mechanisms, such as droop control, based

solely on local measurements.

• The secondary control level operates at a slower time scale and focuses

on restoring voltage and frequency deviations introduced by primary

control actions, often relying on limited communication among con-

trollers.

• The tertiary control level addresses system-wide coordination and op-

timization objectives. Operating on time horizons ranging from min-

utes to hours, this level manages power exchanges with the main grid,

schedules generation and storage units, and coordinates flexible loads

in order to achieve economic, operational, or regulatory goals.

Within this hierarchical framework, the Energy Management System (EMS)

is naturally located at the tertiary control level, as it does not directly in-

teract with fast electrical dynamics but instead computes optimal operating

strategies based on forecasts, system constraints, and external signals.

The control concepts developed for microgrids provide a direct foundation

for the operation of RECs. While RECs differ from microgrids in terms of

regulatory structure and physical coupling, they share the same need for

coordinated management of distributed resources and flexible demand. In

this context, the EMS-centric tertiary control layer can be extended from

the microgrid domain to RECs, enabling coordinated energy scheduling and

interaction with the distribution network while preserving the autonomy of

individual participants.

REC-oriented EMS must simultaneously address multiple objectives such

as maximizing collective self-consumption, ensuring fair benefit allocation

among participants and respecting distribution network constraints [62–64].

This multi-objective nature coupled with a strong need of scalability, makes

centralized control impractical and highlights the need for distributed or

hierarchical coordination architectures.

To summarize, existing EMS coordination strategies for Renewable En-

ergy Communities can be broadly categorized into three main paradigms:

centralized MILP-based formulations, fully distributed multi-agent systems

often relying on ADMM, and decentralized heuristic approaches.
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Aspect Centralized ADMM-based MAS Heuristic

Intelligence Central Distributed Local

Edge Control Central setpoints Local optimization Rule-based

Optimization MILP / convex Convex + consensus Metaheuristic

Forecasting Central Local / shared Local

Scalability Limited High* High

Communication Moderate Iterative* Low

Computation High Distributed Low

*Convergence dependent on coupling strength and tuning.

Table 2.1: Structural comparison of EMS coordination paradigms in REC

literature

Centralized methods ensure global optimality but suffer from scalability

and single-point-of-failure issues. Fully distributed ADMM-based architec-

tures enhance scalability and privacy but may require significant iterative

coordination and careful parameter tuning to guarantee convergence. De-

centralized heuristic approaches reduce computational burden but typically

lack global coordination guarantees.

2.6 Resilience in Distribution Networks

2.6.1 Definition

Resilience in electrical distribution systems is commonly defined as the ability

of the system to withstand, adapt to and rapidly recover from high-impact-

low-frequency (HILF) disruptive events, such as extreme natural disasters

or large-scale blackouts [65]. A fundamental aspect is the temporal dimen-

sion. The evaluation is not limited to the system’s capability to resist an

initial disturbance but also includes the speed and effectiveness of recovery.

This depends on the availability of reserve resources, operational flexibility,

automation and well-defined emergency procedures.

In practical terms, a resilient power network is designed not only to reduce

the likelihood of outages but, more importantly, to absorb severe distur-

bances limiting their consequences and duration, while minimizing service

interruptions, preserving the supply to critical loads whenever possible and

restoring normal operating conditions within a short time frame.
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This concept goes beyond traditional reliability and explicitly targets rare

but catastrophic events capable of simultaneously affecting multiple compo-

nents of the grid. Examples include natural disasters, coordinated physical

attacks or technical failures. As in recent years climate change and system

complexity have raised both the probability and severity of such events the

relevance of resilience has increased significantly.

2.6.2 Metrics

To effectively design and enhance the resilience of electrical distribution net-

works, it is crucial to quantify resilience through suitable quantitative in-

dicators. Resilience metrics provide a systematic means to evaluate system

performance under adverse conditions and are used both during the planning

phase and during operation, for example to monitor the real-time state of

the network in emergency situations.

Over the past few years, a wide range of resilience indices and assessment

frameworks has been proposed in the technical and scientific literature [66–

68]. However, a universally accepted metric has yet to be established, as

different approaches tend to focus on specific aspects of resilience, including

structural robustness, recovery speed, and social impact. In the following,

the main categories of resilience metrics and evaluation methods adopted are

reviewed.

Qualitative and Quantitative Metrics

A first fundamental distinction in resilience assessment is between qualitative

and quantitative evaluations.

Qualitative metrics typically rely on descriptive analyses, checklists and

expert judgment to estimate the level of preparedness and response capability

of a system, without reducing resilience to a single numerical value. A net-

work operator may qualitatively assess resilience by verifying the existence

of formalized emergency plans, the availability of backup power supplies for

critical components or the level of staff training for crisis management.

Studies often adopt rating scales, like from 1 to 5, across multiple factors

or use qualitative descriptors such as low, medium, or high to character-

ize infrastructural, organizational and community resilience. Although this

approach is less mathematically rigorous, it is particularly useful when quan-

titative data are limited.
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Quantitative metrics express resilience through numerical values derived

from system data and models. A widely adopted approach consists in rep-

resenting the temporal evolution of electrical system performance during

an adverse event, commonly referred to as the resilience curve or resilience

trapezoid.

From this curve meaningful indicators are derivable. Before a disruptive

event, the system operates at full functionality meeting the entire demand

then, when the disaster level event occurs, system performance drops to a

lower level and then gradually recovers as resources are restored.

Three key parameters emerge from this dynamic behavior:

1. the magnitude of performance degradation immediately after the event,

such as the percentage of unserved load or the number of customers

without electricity;

2. the rate at which performance declines at the onset of the event, which

reflects the system’s ability to absorb the initial shock;

3. the recovery time, or resilience time, defined as the interval required

to restore service to near-normal levels, like recovering 90% of the de-

mand.

The evaluation of the area defined by the resilience trapezoid curve and the

one corresponding to uninterrupted operation represent a common example

of a composite resilience indices. This indicator provides a compact repre-

sentation of the total service loss experienced by the system as a smaller area

correspond directly to higher resilience.

Static and Dinamic Metrics

Another way to classify resilience metrics is to distinguish between static

and dynamic metrics.

Static metrics assess resilience a priori, based on the intrinsic properties of

the network before a disruptive event occurs. This category typically includes

indicators of structural robustness, such as the number of alternative paths

available between generation sources and loads in the event of line outages

and the amount of available spare capacity.

These indices often rely on probabilistic analysis methods—such as N-1 or

N-k contingency analyses and probabilistic power flow models or on graph-

theoretic approaches, providing a measure of the network’s vulnerability.
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Dynamic metrics, by contrast, refer to the temporal response of the system

during and after a disruptive event. The metrics discussed previously, such

as the extent of service loss and recovery times, fall within this category. Ex-

amples of a dynamic metric is the restoration duration curve or the recovery

speed metrics quantify the rate at which service is restored per unit of time.

Such dynamic indicators enable a direct comparison of different restoration

strategies.

Due to the multidimensional nature of resilience however, no single metric

can fully capture all its aspects. Consequently, resilience assessment often

relies on a set of complementary indicators to address different perspectives.

For example, a more comprehensive and informative resilience assessment

can be achieved by combining these elements:

• percentage of critical customers demand guaranteed during a blackout;

• average restoration time under disaster scenarios;

• amount of energy not supplied during extreme events;

• a qualitative score of organizational resilience.

Resilience metrics are increasingly integrated into distribution network

planning and regulations. Scenario-based analyses are used to identify crit-

ical assets, prioritize investments and quantify the benefits of resilience-

oriented solutions such as microgrids or automation [69]. In this context,

resilience metrics support cost–benefit analyses by explicitly accounting for

avoided social and economic losses during extreme events. Their adoption

is opening the way toward regulatory mechanisms that reward utilities for

resilience improvements, complementing traditional reliability-based incen-

tives.

2.6.3 Challenges

Challenges to resilience in distribution systems are multifaceted. Unlike

transmission networks which are often meshed and can tolerate single con-

tingencies by redirecting flows, many distribution grids are traditionally de-

signed with radial topologies and minimal redundancy.

This means that a single component fault may compromise all downstream

customers supply until it is repaired. Also, distribution infrastructure are

often exposed long stretches of overhead lines run through forests or along

roads, making them vulnerable to high winds, ice accretion or falling trees.
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Climate change is exacerbating these risks by increasing the frequency and

severity of extreme weather events.

Meanwhile, the constant increasing electrification of society means that the

socio-economic costs of such outages is increasing, raising the importance of

enhancing resilience.

The growing penetration of DERs is creating both opportunities and new

challenges [70, 71]. As already discussed about, electrical distribution net-

works are undergoing a structural transformation from centralized archi-

tectures toward highly decentralized systems characterized by widespread

distributed generation. This paradigm shift is widely recognized as an op-

portunity to enhance resilience.

DERs, when properly coordinated, can maintain local supply even when

the upstream grid is compromised, reducing dependency on transmission

networks and centralized assets. In an advanced scenario, the main power

system can be conceptualized as a “network of microgrids,” where local sub-

systems are capable of autonomous operation and fault isolation. Such archi-

tectures can preserve critical services during major disruptions and prevent

system-wide collapse by confining failures to limited areas.

On the other side of the coin, high penetration of non-dispatchable re-

newable sources like photovoltaic and wind generation depend on weather

conditions and may not align with local demand profiles, leading to undesired

stress on the network. The key point is that distributed resources improve

resilience only if they are intelligently managed. Otherwise, their stochastic

nature can exacerbate system vulnerability during critical conditions and,

paradoxically, lower its own resilience.

2.6.4 Improving the Resilience

To bolster distribution network resilience, a variety of mitigation strategies

are employed or under development:

Network Reinforcement: The first way if the hardening of the infras-

tructure starting by strengthening physical components to better withstand

stress. Examples include using stronger poles or burying lines underground

in areas prone to wind damage or elevating substations above flood levels.

Another way is to increase the network reconfiguration capability and

redundancy. Modern distribution networks are increasingly designed with tie

switches between feeders and automated switchgear that can re-route power
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and use sensors and intelligent switches to detect faults and automatically

isolate the faulted section to restore the supply in the unaffected parts in

seconds or minutes.

While such improvements can significantly improve the overhaul Resilience

of the system, it is often capital-intensive and thus is applied selectively to

critical segments or where cost-benefit analyses justify it.

Enhanced Monitoring and Control: As noted, situational awareness

is key in crisis scenarios. Distribution automation systems and EMS are

being deployed to get real-time data on fault locations and system status.

Smart meters can report loss of power at customer premises, helping pinpoint

outage extents. Feeder telemetry can detect variations that signal a fault or

imminent problem. With better data, operators or automated schemes can

make faster decisions to isolate problems and guide repair crews efficiently.

Also, as stated already, the presence of a monitoring system able to coor-

dinate the DER is getting more and more relevant to their proper integration

in the grid and to counter their eventual problematics. In essence, a smart

grid with advanced EMS can significantly enhance resilience by reducing

both the detection time and restoration time of outages, while improving

the integration of DERs.

Microgrids and Islanding Capability: Perhaps one of the most promis-

ing strategies for distribution resilience is the use of microgrids as partitions

of the overall grid. By doing so, such subsets are able to disconnect from

the main grid and operate autonomously using local generation and stor-

age. During normal operation, each microgrid is grid-connected and may

exchange power.

However, during an outage in the main grid, the microgrid controller can

isolate the system and continue supplying its internal loads using local re-

sources. This islanding capability limits outage propagation and preserves

electricity supply for critical infrastructures such as hospitals, emergency

shelters, and communication centers.

Island-capable microgrids must support black start functionality, enabling

them to recover autonomously after a blackout without external power. Once

operational, microgrids can also assist in the restoration of surrounding net-

work sections, acting as anchors for system recovery. In this way, they pro-

vide not only resilience to the participants within the microgrid but can also
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support the wider power network.

Real-world evidence confirms these benefits. During recent hurricanes in

the United States, community microgrids powered by photovoltaic systems

and battery storage remained operational while large portions of the grid

were offline, serving as resilience hubs for affected populations [72].

2.6.5 Resiliece and RECs

RECs represent a complementary organizational model that enhances re-

silience through collective and cooperative action. In the Italian regulatory

framework, RECs operate through virtual energy sharing and, while this

mechanism promotes load shifting, increases self-consumption and reduces

peak demand on the distribution network, they are not inherently designed

for islanded operation.

However their widespread deployment of distributed generation and stor-

age creates latent resilience capacity, working both on the social acceptancy

and on the penetration and coordination of the DERs. With appropriate

control layers and emergency protocols, RECs could evolve toward hybrid

configurations combining virtual sharing with physical microgrid functional-

ities.

2.7 Discussion and Research Gaps

The literature reviewed in this chapter clearly shows that modern distri-

bution networks are undergoing a profound transformation driven by the

combined effects of market liberalization, high penetration of distributed re-

newable generation, and increasing demand-side flexibility. Electricity mar-

kets increasingly rely on granular price signals to reflect system conditions,

while distribution infrastructures, originally designed for passive operation,

are now required to accommodate bidirectional power flows, local congestion

and voltage regulation challenges.

RECs emerge in this context as a promising organizational and regulatory

model to foster local energy sharing, social acceptance and citizen partici-

pation in the energy transition. However, the literature also highlights that

RECs introduce nontrivial operational challenges as maximize collective self-

consumption, ensuring fair allocation of economic benefits and maintaining

compliance with distribution network constraints require active coordina-
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tion of the resources. Incentive-based mechanisms alone are insufficient to

guarantee system-optimal behavior, particularly under high penetration of

flexible loads and storage.

EMSs are consistently identified as a key enabling technology to address

these challenges. As DERs and microgrids are widely recognized as enablers

of resilience, their effective contribution critically depends on the presence of

intelligent control layers capable of coordinating resources under both normal

and emergency conditions.

These gaps motivate the need for practical and implementable EMS frame-

works that explicitly account for scalability, regulatory constraints and real-

world deployment considerations. A multi-level energy management archi-

tecture designed for renewable energy communities and distribution networks

proposed in the following chapters is build on the insights derived from all of

this consideration, with particular emphasis on simplicity of implementation,

robustness and resilience-oriented operation.



Chapter 3

Proposed Architecture

This work proposes a multi-layer Energy Management System

for Renewable Energy Communities, designed to be scalable, re-

silient, and deployable in real electrical networks. Intelligence is

distributed across domestic, secondary, and tertiary control lev-

els, combining lightweight rule-based strategies with coordinated

optimization. Local controllers operate on low-complexity fore-

casting and decision logic, while higher layers exploit digital twins,

price-based coordination, and linearized optimal power flow to en-

sure efficient and reliable system-wide operation. A human–machine

interface based on a mobile application and LLM-assisted inter-

action is explored to improve accessibility, enabling non-expert

users to interact with complex control systems through natural

language while preserving deterministic decision-making.

33
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The proposed architecture, showed in Figure 3.1, aim to clear strategic

need: building a control system that is modular, scalable and realistically

implementable in a real electrical network. The philosophy followed was

simple: in real time control, a good solution delivered quickly always beats a

perfect one delivered too late. Considering that a realistic deployment may

involve hundreds of distributed nodes, scalability had to be addressed from

the very beginning.

Figure 3.1: Proposed Architecture

To achieve these objectives and to enhance the resilience and adaptability

of the overall system the choice fell on a compromise among the typical

solution presented in literature. The proposed approach is to divide the

coordination problem in a hierarchical form and then distribute intelligence

across multiple levels, mirroring the hierarchical structure of actual power

grids.

The architecture is therefore organized into three layers, named and struc-

tured as follow:

• Home Energy Management System (HEMS), a domestic layer;

• Community Energy Management Hub (CEMH), a secondary-

substation layer that work as coordinator;

• Overlord Energy Management System (OEMS), a higher-level

supervisory layer associated with primary substations or large-scale

energy infrastructures.



35

Figure 3.2: First Control Layer Architecture

Combining these layers allows the system to start from lightweight, local

decision blocks and progressively integrate higher-level coordination mecha-

nisms.

Primary Control Layer

At the lowest level, the domestic controller implemented on the prosumer

must remain computationally light. Every node in the network includes fore-

casting and planning/decision blocks, both designed to operate with minimal

computational resources. Figure 3.2 show the architecture of the imple-

mented HEMS.

For this reason, classical heavy optimization methods, such as linear pro-

gramming or MILP, were deliberately avoided. Instead, the design relies

on rule-based techniques and simple decision logic that can be executed on

low-power devices such as microcontrollers or smart meters.

Similar effort has been placed on the choice of the forecasting methodol-

ogy. Over the years, several lightweight forecasting modules were developed

specifically for this purpose, aiming to find a solution compatible with hard-

ware constraints.

At the domestic layer, the controller receives local measurements of con-

sumption, production, and any available contextual information and com-

bines them with external signals such as buying/selling energy prices. Based

on these inputs, the unit performs its own optimization to protect the user’s
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Figure 3.3: Second Control Layer Architecture

interest. This optimization also integrates a scheduling function for control-

lable loads, implemented through a heuristic algorithm.

Secondary Control Layer

The second layer of control introduces a crucial architectural choice that sig-

nificantly improves scalability, resilience and communication efficiency: the

integration of digital twins within each supervisory controller. Instead of re-

lying on continuous data exchange among all domestic EMSs, which would

scale poorly as the number of nodes increases, the second-level controller lo-

cally emulates their behavior through lightweight digital twins. This enables

the optimization algorithm, based on a variant of Particle Swarm Optimiza-

tion (PSO), to evaluate multiple scenarios rapidly and adjust particle values

without saturating the communication infrastructure. Figure 3.3 show the

architecture of such CEMH.

At this intermediate layer, the controller assumes responsibility for co-

ordinating the prosumers assigned to its domain. It manages both energy

production and storage, such as BESS scheduling, and demand flexibility in-

cluding controllable loads. When necessary, the second–level controller can

also execute selective load shedding. This function is essential for system

resilience as it allows the preservation of critical users, such as essential ser-

vices or medical facilities, while preventing broader blackouts in situations
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of energy scarcity.

Coordination at this layer follows an important design principle: the sys-

tem does not force individual EMSs into predetermined behaviors. Instead,

it influences their decisions by modifying the perceived energy price used

inside their local optimizations. This strategy ensures that users remain free

to act according to their own economic best interest, thereby maintaining

acceptability in real residential deployments. No homeowner would accept a

system that increases their electricity bill or forces decisions that contradict

their preferences.

To preserve fairness within an Energy Community, the second–level con-

troller can redistribute part of the collective incentives earned at the commu-

nity level. This compensates and reward users for adopting the “virtuous”

behaviors suggested by the monitoring system, such as sharing surplus pro-

duction or adjusting load profiles, that may be individually disadvantageous

in the short term but beneficial for the community as a whole. Through this

mechanism, the system ensures both cooperative behavior and user satisfac-

tion.

The second–level controller thus serves as a bridge between local autonomy

and community wide optimization. It receives forecasts and performance in-

dicators from the domestic layer, incorporates higher-level directives when

necessary, and shapes the collective response through incentive signals rather

than coercive commands. Its objectives may include maximizing virtual

self-consumption, performing peak shaving, reducing network stress or im-

plementing community-level policies defined at higher hierarchical layers.

Tertiary Control Layer

A third level of control has also been developed and explored over the years,

completing the hierarchical architecture. Unlike the lower layers, which must

operate under strict computational constraints, this upper-level controller

can rely on significantly higher computational resources. This allows the

execution of more sophisticated algorithms such as linearized optimal power

flow (OPF) formulations while maintaining real-time applicability. In Figure

3.4 such architecture is visually represented.

At this point scalability is no longer a limiting factor: the controller super-

vises only the second–level coordinators, rather than individual prosumers,

and therefore handles a problem of much smaller dimensionality. Its purpose

is not to impose direct decisions on users, but to guide the overall system
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Figure 3.4: Third Control Layer Architecture

toward globally optimal operational points.

The third level extends this philosophy to a higher voltage domain. Its nat-

ural positioning is above primary substations, interfacing between multiple

communities and the transmission network operating at a scale where mul-

tiple primaries and their associated second-level controllers are coordinated

simultaneously. The use of OPF–based methods becomes not only feasible

but advantageous, as it enables accurate modelling of network losses, transfer

limitations, and the physical cost of moving energy across the grid.

This level controller receives aggregated forecasts of both consumption and

production from the lower layers and combines them with the predicted avail-

ability of higher–cost or fuel–based generation resources. In the prototype

implementation, this framework was validated using the Ethiopian power

system, but the approach is general and can be applied to any transmission

network.

From these inputs, the controller computes an optimal global strategy. Its

objectives include:

• minimizing electrical losses across the network

• reducing the use of expensive or carbon intensive generation
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• satisfying the largest possible portion of the demand

• ensuring that the coordinated system remains within operational limits

Its outputs to the second–level controllers are of two types:

• Profile shaping commands, expressing the desired aggregate behavior

of each community in order to optimize global system performance

• Price–signal adjustments, when operating in price-based coordination

mode, to influence the behavior of local EMSs without overriding their

autonomy

Additionally, is possible to implement resilience function such as issuing

load–shedding commands when energy scarcity makes it impossible to serve

all loads. Because such system has a full overview of network constraints and

limited resources, it can determine which areas or communities must reduce

demand to maintain system stability.

This layer acts as the strategic orchestrator of the entire system. It inte-

grates forecasts, evaluates network constraints, coordinates multiple primary

substations and shapes the behavior of subordinate controllers. All of it to

ensure efficient, resilient and sustainable operation of the power system as a

whole.

Human–Machine Interface and LLM Integration

While Energy Management Systems traditionally focus on optimization and

control, their practical deployment in real communities highlights the need

for effective human–system interfaces. As EMS architectures become more

layered and distributed, the ability to explain system behavior, simulate

alternative scenarios, and support user-level decision making becomes as

important as achieving optimal control performance.

To complete the proposed architecture, the envisioned solution is a mobile

application that users can download on their smartphones. This app is

intended to expose selected functionalities of both the first and second level

controllers, providing visibility and control without overwhelming the user

with the underlying technical complexity.

An aspect explored during this research is the integration of Large Lan-

guage Models (LLMs), such as ChatGPT, into the interface. The goal is not

merely to provide a chatbot, but to create an intelligent AI–agent capable

of acting as an “expert intermediary” between inexperienced users and the
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monitoring and control system. Many individuals interacting with energy

management tools are not trained professionals, and conventional interfaces

often fail to bridge that gap. In Figure 3.5 the concept is displayed.

Figure 3.5: LLM Integration Architecture

The challenge lies in combining two fundamentally different worlds. On

one hand, LLMs offer exceptional flexibility in interpreting natural language

inputs, handling ambiguity and incomplete information with ease. On the

other hand, traditional control software requires deterministic, rigid, and

precisely structured inputs; even minor deviations can cause failure. The

research addressed this mismatch by adopting JSON as a unifying commu-

nication layer. In this configuration, the LLM does not replace the control

logic; instead, it acts as an adaptive, user-friendly interface that expands

accessibility while preserving correctness and reliability.

Although this integration has not yet been extended to the full multi–

level controller, it has been successfully implemented and tested within a

dedicated simulator of Renewable Energy Communities, yielding promising

results.

Chapters 4, 5, and 6 provide detailed descriptions of the first, second and

third–level controllers, respectively. The final chapter includes an overview

of the work carried out on LLM integration, outlining its current state and

future research directions.



Chapter 4

Forecasting of Consumption and

Generation Profiles

This chapter investigates forecasting techniques for electrical load

and generation profiles within Energy Management Systems, with

particular focus on robustness, computational efficiency, and real-

time applicability. Low-complexity feed-forward neural networks

are proposed and compared with seasonal persistence and LSTM

benchmarks, demonstrating comparable accuracy with significantly

reduced computational cost. The chapter further explores complex-

valued neural networks, highlighting their ability to encode phase

and magnitude information and their affinity with periodic load

patterns. Finally, a stochastic load profile generation method is

introduced to support robust optimisation, enabling the creation

of realistic scenario flocks under uncertainty. The results con-

firm the effectiveness of the proposed approaches for resource-

constrained EMS applications. 1

1Part of this chapter has been published as Low-Complexity Neural Networks for Elec-

trical Load Forecasting in Renewable Energy Communities [73] and as Load Profile Gener-

ation for Robust Optimization: A Stochastic Approach Based on Conditional Probability

Approximation [74]. Another part of this work was conducted while the author was a

visiting Ph.D. student at Manhattan College, New York (USA) from March to May 2024

(working with. Prof. Igor Aizhemberg)
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4.1 Introduction to Electrical Load Forecast-

ing

The forecasting of time series has been extensively studied, with method-

ologies ranging from classical statistical models to modern machine learning

and deep learning architectures. Forecasting is the activity of attempt to

predict the future trend of a profile based on its own historical behaviour

and the most recent past.

A common baseline for evaluating forecast performance is the persistence

model, which assumes that the next value will be equal to the most recent

measurement. In multi-step forecasting, the analogue is the seasonal per-

sistence model, where each future point is predicted by repeating the value

at the same hour of the previous day or week. These baselines are simple,

but surprisingly competitive, and any forecasting method must demonstrate

consistent improvements over them to be considered effective.

Figure 4.1: Concept of Forecasting

The forecasting problem for energy applications is a long-standing and

well-studied problem in power systems, yet it remains inherently challeng-

ing, especially at fine temporal and spatial resolutions. Although forecasting

energy production, at least in the case of photovoltaic systems, largely re-

duces to the availability and accuracy of meteorological predictions, electrical

load forecasting is fundamentally different.

Load time series are characterised by a strong stochastic component, driven

by human behaviour, lifestyle variability and external factors that are diffi-

cult to model explicitly. As a result, load forecasting is widely regarded a

more complex and uncertain task, especially when the objective is to forecast

the residential consumption of single households [75].
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Statistical models such as ARMA, ARIMA, and ARIMAX have histori-

cally shown strong performance for time series with stable autocorrelation

and identifiable seasonal patterns [76,77]. These models are computationally

lightweight and interpretable, which makes them suitable for environments

with limited computational resources. However, their linear structure limits

their ability to capture nonlinear dependencies and abrupt changes typical

of prosumer electrical loads.

With the advent of modern computing power, Artificial Intelligence (AI)

and Deep Learning (DL) approaches have become central to short-term load

forecasting. Techniques investigated in recent years include:

• Feed-Forward Neural Networks (FFNNs) [78,79]

• Jordan–Elman Recurrent Neural Networks (RNNs) [80]

• Long Short-Term Memory (LSTM) networks [81]

• Transformer architectures [82,83]

Among these, LSTM networks are widely regarded as the state of the art for

short-term electrical load forecasting due to their ability to capture temporal

dependencies over long horizons and to handle complex nonlinear relation-

ships. Figure 4.2 show the internal architecture of a cell of such networks.

Figure 4.2: LSTM recurrent cell. The σ and tanh blocks indicate respectively

the application of the sigmoid function and the hyperbolic tangent function.

However, increasing complexity does not necessarily translate into better

performance. Due to the high stochasticity of electrical load time series,
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large neural architectures often experience overfitting when trained on lim-

ited data, and their computational cost can hinder real-time EMS opera-

tion. This motivates the investigation of low-complexity neural predictors

that balance prediction accuracy with training speed, inference time, and

robustness.

4.2 The Role of Forecasting in Energy Man-

agement Systems

Forecasting is a fundamental component of any Energy Management System

(EMS). Based on historical measurements of a time series, the objective of

forecasting is to predict its future evolution over a selected time horizon.

In the context of electrical systems, forecasting is typically performed with

a sampling granularity between 15 minutes and one hour, depending on the

speed and resolution required by the control logic. Accurate short-term

forecasting becomes essential whenever an EMS is deployed, because the

efficiency of the control strategy is heavily dependent on the system’s ability

to anticipate future operating conditions. Figure 4.3 show the planned place

of the forecasting in the developed architecture.

Figure 4.3: Forecasting blocks in an HEMS architecture

The primary goal of an EMS is to optimise the operation of available

flexible resources, such as controllable loads (CLs) and Battery Energy Stor-

age Systems (BESSs), with respect to a defined criterion, often economic or

energy-related. These optimisation problems are based on predictive infor-

mation about consumption and generation.
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For example, scheduling the charging or discharging of a BESS requires

projections of future net load to avoid costly grid imports or to maximise the

use of renewable generation. Similarly, shifting or curtailing flexible loads

is meaningful only if the system has a reasonable expectation of what the

consumption or production profile will look like in the near future.

Because EMS architectures are commonly implemented using a rolling-

horizon approach, forecasting and optimisation are executed repeatedly over

time: at each step the forecasted trajectories are updated with the latest

measurements, and the optimisation is re-evaluated. As a result, the entire

control quality is deeply tied to forecasting performance: inaccurate fore-

casts lead to suboptimal decisions, unnecessary battery cycling, and reduced

economic benefit.

In contrast, more precise predictions extend the effective foresight of the

EMS and improve its ability to organise energy flows efficiently. Forecasting

is not an optional add-on, but a structural pillar of any EMS designed to

operate in real-world conditions.

4.3 Characteristics of Electrical Load and PV

Generation Time Series

Electrical load forecasting is notoriously challenging due to the complex sta-

tistical behaviour of consumption signals. By examining typical prosumer

load profiles, it is possible to distinguish at least three characteristic daily

patterns: one for weekdays, one for Saturdays, and one for Sundays or holi-

days.

This reflects the presence of strong daily and weekly seasonal patterns.

However, these periodic components coexist with a high level of irregularity.

Electrical load data are characterised by:

• high short-term variance

• sudden unpredictable spikes

• weak correlation among consecutive hours

• dependence on human habits and exogenous factors

These aspects significantly reduce the predictive power of purely deter-

ministic or low-order stochastic models and motivate the adoption of more

flexible data-driven methods.
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In contrast, PV generation exhibits more regular behaviour. Its trend is

dictated by solar irradiance, which induces a strong deterministic daily sea-

sonality and, under clear-sky conditions, a smooth and physically constrained

profile. PV time series typically show:

• strong correlation among adjacent samples

• very low variance under stable weather

• predictable sunrise and sunset patterns

When meteorological forecasts are available, predicting PV production re-

duces to combining irradiance predictions with a plant model. However, in

scenarios where weather input is not available, the EMS must rely on offline

forecasting methods. Even under these circumstances, PV generation is usu-

ally easier to predict than electrical consumption due to its more structured

and less stochastic nature.

Understanding these intrinsic characteristics is crucial as they determine

which forecasting techniques can be effectively applied and how to adjust

the model’s complexity for operational use within an EMS.

4.4 Low-Complexity Forecasting Models for

EMS Operation

In many Energy Management Systems, the forecasting module must oper-

ate under strict timing and computational constraints. This is particularly

true in real-time or near–real-time control architectures, where the EMS

must repeatedly acquire measurements, compute updated forecasts, run an

optimisation routine, and dispatch control commands.

In such environments, and when the monitored system increases in dimen-

sion, highly complex forecasting architectures may become impractical: their

training time, inference latency, and computational footprint can quickly

erode the time budget available for the rest of the control pipeline.

For this reason, low-complexity neural models have been studied and pre-

sented as an attractive compromise. The model is designed to capture the

essential temporal regularities of electrical load and PV production while

avoiding excessive architectural depth or recurrent structures. Their main

advantages can be summarised as follows:
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• Fast inference: Small models require only a few matrix multiplications,

enabling predictions to be computed in milliseconds. This ensures that

forecasting never becomes the bottleneck of the EMS cycle.

• Rapid and frequent retraining: Because the models contain a limited

number of parameters, they can be retrained online using sliding win-

dows of recent data. This allows the system to quickly adapt to changes

in user behaviour, seasonal shifts, or unexpected consumption patterns

without interrupting control operations.

• Reduced risk of overfitting: Electrical load signals are inherently noisy

and only partially predictable. High-capacity models tend to overfit

this randomness, learning spurious correlations that degrade forecast’s

accuracy. Low-complexity models, on the other hand, naturally reg-

ularise the prediction task and often generalise better under realistic

data conditions.

• Simplified deployment and scalability: In multi-user or community-

level EMS scenarios, a lightweight predictor can be installed on each

household EMS or edge device. This decentralisation enables scalable

architectures with hundreds or thousands of users without requiring

dedicated high-performance servers.

The low-complexity architecture adopted in this work is a Feed-Forward

Neural Network (FFNN) with one or two hidden layers of limited size. The

input vector is constructed using a fixed-width temporal window of past

measurements, in our case the past three days, and the output is a multi-

step forecast generated in a sequence-to-sequence fashion, allowing all future

samples within the prediction horizon to be estimated simultaneously.

4.4.1 Explored Approach

To evaluate the effectiveness of the proposed forecasting method, seasonal

persistence was adopted as a baseline, while an LSTM neural network served

as a state-of-the-art reference model. The methodology was tested using both

MISO (Multiple-Input Single-Output) and MIMO (Multiple-Input Multiple-

Output) approaches to allow a fair comparison across forecasting strategies.

In the MISO architecture, the forecasting technique is based on a set of 24

Feed-Forward Neural Networks (FFNNs), one for each hour of the day. This

choice exploits the strong daily seasonality of electrical load signals. Each
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FFNN is specifically trained to predict the value associated with a particular

hour. As a result, both this method and the one described in the next section

employ 24 neural networks to obtain the 24-step forecast.

Defining Eh as the measurement of the energy consumed in the last tempo-

ral slot before performing the forecast, Figure 4.4 represents a visual example

of the use of the described set of neural networks.

Figure 4.4: On the left, the concept of the multiple FFNN to predict different

section of the profile, while on the right the forecasting process employing

the set of MISO FFNN in visualized

Each MISO network consists of a single hidden layer with 20 neurons

and logsig activation, receives an input vector of size np = 72, and out-

puts a single predicted value. Every network is assigned a network label

hn ∈ 1, . . . , 24, corresponding to the predicted hour. Similarly, each input

sequence is assigned a sequence label hs ∈ 1, . . . , 24, based on the hour of its

last sample.

For instance, hs = 1 is assigned to all sequences ending at 01:00 a.m. The

hn-th network is trained to predict the next sample of the series labelled

hs = hn − 1. The network with hn = 1 is trained on the sequences with

the label hs = 24, with wrap-around for hn = 1, where the sequences with

hs = 24 are used. Given the initial data set containing 17,520 sequences,

each network is trained on 730 sequences.

During inference, the MISO predictors are executed sequentially: starting

from the network associated with the current sequence label, the 24 networks

are applied one after another to generate the full 24-sample forecast.

In the MIMO architecture shown in Figure 4.5, the model again employs

24 FFNNs, one per hour of the day, but this time each network has a MIMO
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Figure 4.5: Forecasting process employing the set of MIMO FFNN

structure. Each MIMO network contains 48 hidden neurons with logsign

activation, takes as input the same np samples, but outputs the full 24-step

forecast in a single execution. Sequence and network labels follow the same

rules as in the MISO approach.

The primary advantage of the MIMO architecture is the significantly

shorter inference time, as only one network execution is required to obtain

the entire forecast horizon.

4.4.2 Results and Discussion

Figures 4.6,4.7,4.8,4.9 present representative examples of predictions ob-

tained with each forecast strategy. In every plot:

• the blue curve shows the input sequence (past 72 samples)

• the red curve shows the ground-truth future sequence (target)

• the green curve shows the model prediction

Figure 4.6: Example of prediction on

the test-set with persistence.
Figure 4.7: Example of prediction on

the test-set with LSTM
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Figure 4.8: Example of prediction on

the test-set with MISO FFNNs.

Figure 4.9: Example of prediction on

the test-set with MIMO FFNNs.

A recurring behaviour can be observed: while the LSTM effectively cap-

tures the average daily profile, it often fails to reproduce sharp load peaks—particularly

the early-morning peak around the 80th–85th sample. In contrast, both

FFNN-based approaches more successfully identify secondary peaks, likely

because each individual FFNN specialises in a specific hour-of-day pattern.

Table 4.1 reports aggregated results throughout the test dataset, averaged

among the 127 users. The metrics include the MAPE for:

• the first predicted sample

• the last predicted sample

• the entire 24-step horizon

Table 4.1: Prediction results of the proposed forecasting methods obtained

on the testset.
Forecasting Seasonal FFNNs FFNNs LSTM

technique persistance (MISO) (MIMO)

Inference time < 10−3s ≈ 0.2s ≈ 0.01s ≈ 0.5s

Training time − ≈ 10s ≈ 10s > 1 min

MAPE 1st point 0.394 0.326 0.298 0.329

MAPE 24th point 0.394 0.329 0.308 0.340

MAPE sequence 0.393 0.328 0.305 0.332

Figure 4.10 shows the MAPE disaggregated by hour of day. From these

results, several observations emerge:

• All neural models outperform seasonal persistence, improving accuracy

by approximately 10
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• Despite their differences, MISO FFNNs, MIMO FFNNs, and LSTMs

perform similarly, with the MIMO FFNN showing slightly superior ac-

curacy. When no exogenous variables, such as temperature, are avail-

able, even simple architectures such as FFNNs can achieve accuracy

comparable to that of deeper recurrent models.

• The persistence model exhibits uniform error across the prediction hori-

zon, while neural approaches perform better on the first few forecasted

points. This indicates that neural networks can adjust predictions in

response to recent deviations in the load profile.

• Training time strongly favours FFNNs: Both MISO and MIMO FFNNs

require approximately 10 seconds to train, whereas LSTMs require

minutes to tens of minutes, making them less suitable for scenarios

requiring frequent retraining.

• Inference time differs between models: LSTM and MISO FFNNs have

similar inference times, since MISO FFNNs require 24 sequential exe-

cutions.

• The MIMO FFNN is the fastest, producing the entire 24-point fore-

cast in a single execution, with inference times of only a few tens of

milliseconds.

Figure 4.10: Prediction accuracy (MAPE) obtained on each hour of the day

for the considered predictors.

This study demonstrates the effectiveness of FFNN-based methods for
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short-term electrical load forecasting using only load time series as input.

Both architectures—MISO and MIMO—leverage the intrinsic daily season-

ality of consumption profiles by training 24 specialised networks. Compared

to an LSTM, FFNNs achieve similar forecasting accuracy (MAPE ≈30%),

while being significantly faster to train and deploy.

Among the explored methods, the MIMO FFNN emerges as a more than

suitable choice for EMS applications, primarily due to its optimal balance

between forecasting performance, computational efficiency, and extremely

low inference time. These characteristics make it particularly attractive for

real-time and rolling-horizon energy management systems.

4.5 Complex Valued Neural Networks in Load

Forecasting

During the research period abroad at Manhattan College in New York, a

dedicated investigation was carried out on the application of Multi-Level

Multi-Valued Neurons (MLMVNs) to the electrical load forecasting problem.

Unlike traditional real-valued neural networks, MLMVNs operate entirely in

the complex domain: both weights and activation functions are complex-

valued.

This formulation introduces an additional degree of expressiveness and

non-linearity, enabling the network to model intricate relationships within

the data that real-valued architectures may struggle to capture.

Each neuron in a MLMVN is effectively characterized by two parameters

(real and imaginary components), which expands the representational capac-

ity of the model while preserving manageable architectural depth. This richer

parametrization allows the network to “bend” the feature space more flex-

ibly, potentially capturing subtle correlations or periodic components that

are typical in electrical load signals.

A fundamental motivation behind studying MLMVNs lies in the natural

affinity between complex arithmetic and many structures commonly encoun-

tered in energy systems. Load profiles, especially at high resolution, present

strong periodic components that resonate with Fourier-domain representa-

tions. In this sense, reasoning in the complex domain provides a modelling

framework that aligns more closely with the intrinsic mathematical nature

of the signals, much like complex phasors in AC circuit analysis capture

amplitude and phase simultaneously.
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Furthermore, the complex domain offers inherent advantages for modelling

multi-feature interactions. Phase relationships, correlations across different

time scales, and frequency-domain dynamics can be represented in a way

that is both compact and expressive. By extending classical architectures

such as feed-forward networks, recurrent networks, or sequence-to-sequence

models into their complex-valued variants, it becomes possible to explore

forecasting performance beyond the limitations of real-valued models.

The New York research activities were therefore structured along two main

lines:

• Evaluating different MLMVN architectural configurations and assess-

ing their suitability for short-term load forecasting

• Conducting a series of experiments using complex-valued deep architec-

tures, aimed at quantifying whether the richer representational power

of the complex domain offers practical benefits in accuracy, stability,

or generalization.

These investigations provided valuable insights into how complex-valued

models behave when confronted with highly stochastic residential load data,

and how they compare to conventional predictors within the broader fore-

casting framework.

4.5.1 CVNN Proposed architecture

The architecture developed during the research activity is a complex-valued

feed-forward neural network (CVNN) composed of two hidden layers written

in matlab code. The first hidden layer contains 75 complex parameters,

while the second includes 100 complex parameters, resulting in a compact

yet expressive structure suitable for experimentation. Such architecture is

displayed in Figure 4.11.

The objective of the model is to forecast the active power consumption

for the next three days, using as input the consumption measured during

the previous three days, with an hourly sampling time. So, the number of

Inputs NI and the Number of Outputs NO are taken equally at 72.
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Figure 4.11: CVNN used architecture

The architectural choice follows an intentional design strategy: the first

hidden layer performs a compression of the input data, projecting the high-

dimensional time series into a compact complex subspace; the second hidden

layer expands this representation to reconstruct the temporal structure re-

quired for multi-day forecasting. This compression–expansion mechanism

proved to be effective in extracting relevant patterns while keeping the over-

all complexity manageable.

Parameter tuning, such as the number of neurons, the choice of activation

function, and the learning rate, was carried out empirically through iterative

experimentation, given the lack of consolidated guidelines for complex-valued

architectures applied to load forecasting.

Each layer employs a complex logarithmic-normalisation activation func-

tion, applied to the modulus of the complex-valued signals flowing through

the network. This choice stabilises the magnitude of activations, mitigates

gradient explosion, and preserves the phase information that is essential

when operating in the complex domain. Such activation functions are com-

monly used in CVNNs because they balance non-linearity with the need to

maintain meaningful geometric transformations in the complex plane.

Training is performed using supervised learning with early stopping based

on a validation set. A fixed 5% portion of the training dataset is always kept
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and used as validation to determine convergence and prevent overfitting.

Training is halted when the validation loss fails to improve for a predefined

number of epochs, ensuring that the model does not over-adapt to noise.

This architecture, although relatively simple in terms of depth and param-

eter count, enables the exploration of the unique representational capabilities

of complex-valued neural networks and sets the foundation for the more ad-

vanced experiments described in the following sections.

4.5.2 Evaluated Data Processing

During the experimentation phase, several preprocessing strategies were as-

sessed to determine their influence on the performance and stability of the

CVNN. Domestic load data are inherently noisy, highly irregular and strongly

influenced by daily and weekly periodicities. For this reason, preprocessing

plays a critical role in shaping the input representation before it is passed to

the CVNN.

The following subsections describe the different strategies explored, each

designed to enhance the compatibility of the data with complex-domain op-

erations and to facilitate the learning dynamics of the network.

A notable advantage of a custom train code is the ability to visualise

how information propagates through the layers of the CVNN. Because the

network operates in the complex domain, the transformation applied to the

samples can be observed as rotations, distortions, and twists within the

complex plane.

This offers valuable insight into the internal behaviour of the model. For

every normalisation approach considered, the evolution of the training se-

quences across the network layers will be shown. In the resulting graphs,

each “plane” corresponds to one sequence of the training set, enabling a di-

rect visualisation of how CVNNmanipulates the data in the complex domain.

Unit Circle Normalization

The first normalisation strategy consists of encoding the active power in-

formation into the phase of complex numbers. In Figure 4.12 a graphical

representation of this approach is shown. The preprocessing pipeline in-

volves:
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1. applying a logarithmic compression to the load values, in order to

reduce the dynamic range of the signal;

Slog = log(SInput + 1) (4.1)

2. mapping the resulting values to a sector of the unit circle, specifically

within the interval [0.35π, 0.6π]radians.This angular interval was se-

lected empirically to ensure a good balance between resolution and

phase separability.

SUC = Slog ∗
(ϑMax − ϑmin)

SMaxTrain
log − SminTrain

log

+ ϑmin (4.2)

Figure 4.12: Representation of Unit Circle Normalization

Figure 4.13 and Figure 4.14 show how the data are processed by the net-

work. In this case, the transformation experienced by the data as they

propagate through the network layers is relatively simple. At a macroscopic

level, the samples preserve their angular-sector shape after each layer and

continue rotating along the unit circle.

Since in this normalisation, all information is encoded exclusively in the

phase, the geometric evolution remains constrained to that sector. The out-

put of the network eventually settles in the same angular region as the input,

confirming that the CVNN preserves and reshapes the phase structure.
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Figure 4.13: Unit circle preprocess-

ing train data transformation: 3D

representation

Figure 4.14: Unit circle preprocess-

ing train data transformation: pla-

nar representation

Normalization via Fourier Transform

A second preprocessing approach consists of transforming the input time se-

ries using the Fast Fourier Transform (FFT), showed in Figure 4.15. Working

in the frequency domain naturally aligns with the mathematical structure

of CVNNs, given their strong affinity for complex arithmetic and harmonic

components. The methodology is simple:

1. apply the logarithmic compression

2. compute the FFT of the load profile;

3. normalise the spectrum by its maximum magnitude;

4. pass the resulting complex vector directly to the CVNN.

As the information is already expressed in amplitude and phase, the format

is inherently compatible with complex-valued operations.
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Figure 4.15: Example of the Fourier preprocessing

Figure 4.16 and Figure 4.17 show how , in this configuration, the geo-

metric transformation applied by the network becomes more significant: the

FFT spectrum initially appears as a “pillar” in the complex plane, then the

activations collapse into a compact angular sector in the unit circle after

both hidden layers, before expanding again toward the final output. This

behaviour reflects how the network contracts and reorganises frequency com-

ponents during processing.

Figure 4.16: FFT preprocessing

train data transformation: 3D rep-

resentation

Figure 4.17: FFT preprocessing

train data transformation: planar

representation



4.5 Complex Valued Neural Networks in Load Forecasting 59

Simplified FFT Normalization

A variation of the previous method exploits two well-known properties of the

Fourier Transform:

• the DC component (first coefficient) can be removed and later reintro-

duced after prediction

• for real-valued time-domain signals, the Fourier spectrum exhibits con-

jugate symmetry, meaning that only half of the coefficients carry unique

information.

, showed in Figure 4.15.Following these principles, this method uses:

1. logarithmic compression

2. FFT computation

3. removal of the DC component from the input

4. retention of only half of the spectrum

5. re-mirroring and reinsertion of the DC term in post-processing to re-

construct the full signal

The effect on the data is showed in Figure 4.18.

Figure 4.18: Example of the Simplified Fourier preprocessing

This reduces the input dimensionality and computational burden, while

preserving all relevant frequency information. Geometrically, Figure 4.19 and

Figure 4.20 allow to see how the transformations across the CVNN layers
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resemble those obtained in the full FFT method, though the points are

less tightly concentrated around the unit circle due to the reduced spectral

content.

Figure 4.19: Simplified FFT prepro-

cessing train data transformation:

3D representation

Figure 4.20: Simplified FFT prepro-

cessing train data transformation:

planar representation

3.5.2.4 Encoding the Day of the Week

To enrich the input and strengthen the representation of the seasonality of

the week, the day of the week was also integrated into the complex-valued

input, as showed in Figure 4.21. Complex numbers are naturally suited

to encode two-dimensional information, one variable in magnitude and the

other in the phase.

The procedure is as follows:

1. the active power is mapped to the modulus of the complex number,

using logarithmic compression to linearise its distribution

2. the day of the week, encoded as an integer from 1 to 7, is mapped to

the phase

This angular encoding is particularly effective due the phase is a circular

variable: the mapping covers the full 2πrange, ensuring smooth transitions

between days (from Sunday to Monday).
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Figure 4.21: Example of the processing with the day feature

Figure 4.22 and Figure 4.23 show how, in this configuration, the input

dataset presents a seven-point star shape when represented in three di-

mensions. After passing through the first and second layers, this struc-

ture is transformed into a spiral, reflecting how the CVNN manipulates

the phase–magnitude coordinates. At the output, the seven-point star re-

emerges, demonstrating the network’s ability to reconstruct the encoded

weekly periodicity.

Figure 4.22: Day feature preprocess-

ing train data transformation: 3D

representation

Figure 4.23: Day feature preprocess-

ing train data transformation: pla-

nar representation
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4.5.3 Comparison with persistency and LSTM

To properly evaluate the performance of the CVNN architectures developed,

two benchmark models were identified. The first is a seasonal persistence

predictor, selected as the baseline to surpass. The second is a Long Short-

Term Memory (LSTM) network, used as the gold standard to match or

approach.

The seasonal persistence baseline was defined on a weekly horizon: the

predictor assumes that the future load value at each time step will be equal

to the value observed exactly one week earlier. This choice reflects the strong

weekly periodicity often present in residential consumption patterns and pro-

vides a simple, yet surprisingly competitive, reference point.

The LSTM network was designed to take advantage of both active power

measurements and the day-of-week index, allowing the model to internalise

weekly seasonality. The day-of-week variable was transformed using its sine

and cosine components, producing a smooth circular encoding and avoid-

ing discontinuities between consecutive days, like from Sunday to Monday.

Active power was logarithmically normalised, as done in the CVNN config-

urations, to compress the dynamic range.

Figure 4.24 show the four layer LSTM architecture, implemented in MAT-

LAB, used in this study.

Figure 4.24: Implemented LSTM Architecture
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The number of hidden units in the LSTM layer was set at 40, following

empirical tuning aimed at balancing representational capacity and training

stability.

Defining as ŷh the response of the network in an input sequence xh and

yh as the expected ground trouth, the performances of all predictors, CVNN

variants, the LSTM model and seasonal persistence were evaluated on the

test set of NTest samples using two complementary metrics:

• RMSE, which quantifies the magnitude of the prediction error across

the forecast horizon. The metric has been evaluated for each step of

the forecasting horizon, showing how the error vary as the predicted

points get closer to the present. It has been evaluated for each step of

the sequence by applying the following formulation.

RMSEh =

√√√√ 1

NTest

NTest∑
i=1

(yh,i − ŷh,i)2 (4.3)

• ERR(Error Reduction Ratio), which evaluates the ability of the pre-

dictor to adapt its forecast trajectory as new data become available.

denote the number of steps between the moment the forecast was gen-

erated and the present time. To quantify how effectively the predictor

reduces the absolute prediction error as the target samples in the se-

quence yh become closer to the present, the following formulation is

adopted:

yERT

h = |yh − ŷh,T | (4.4)

ERRT =
1

NSamples

NSamples∑
k=1

(yER1

h,k − yERT

h,k ) (4.5)

The following preliminary results shown in Figure 4.25 compare the per-

formance of all proposed CVNN configurations against the two benchmark

models. The evaluation was carried out on a load profile selected from the

Ausgrid dataset. Each network was trained on three months of data and

tested on the following twenty days.

The performance obtained is comparable to that of the LSTM, both in

terms of RMSE and ERR, while relying on significantly simpler architec-

tures. A smaller RMSE indicates a smaller magnitude of the prediction
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error, a higher ERR reflects a stronger ability of the network to correct

its forecast trajectory as new data become available. This indicates that

complex-valued representations may offer expressive modelling capabilities

without the computational overhead typically associated with recurrent net-

works.

Although these results are promising, further investigation is required

to determine whether this behaviour is consistent across different users,

datasets, and time horizons. Future research will focus on validating the

robustness and generality of these findings to confirm whether this is a reli-

able assumption.

Figure 4.25: RMSE and ERR comparison between the proposed architec-

tures and the LSTM

4.6 Load Profiles Stochastic Generation

Short-term load forecasting, especially on the scale of individual house-

holds, is a challenging task. While numerous forecasting techniques have

been proposed, achieving high accuracy remains difficult due to the strong

stochasticity of user behaviour, hardware limitations, and the scarcity of

high-resolution data. In the context of Energy Management Systems (EMS),

this uncertainty is not a secondary issue: it directly impacts the quality of

control actions.

When the goal is to implement a robust optimisation strategy, relying on

a single forecast is fundamentally insufficient. Robust planning requires the

ability to anticipate not only the most likely evolution of the load but also

a set of plausible alternatives. For this reason, every EMS iteration must

operate on a flock of future load scenarios, representing different but credible
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realisations of the user’s behaviour.

These synthetic trajectories must satisfy two core requirements: they must

be consistent with the user’s historical consumption patterns and cover a

wide spectrum of possible future variations to effectively support robust

decision-making. This need motivates the formulation of the load profile

generation problem.

4.6.1 Proposed Methodology

This section addresses these challenges by introducing a stochastic approach

to load profile generation specifically designed to enable robust optimisation.

The method is conceived with three primary objectives: explainability, en-

suring transparency of the generative mechanism; computational efficiency,

allowing real-time integration into EMS control cycles; and scenario qual-

ity, producing a diverse and realistic flock of future trajectories capable of

supporting reliable robust scheduling.

The proposed methodology involves creating a set of probable future pro-

files by analysing recent historical data for effective optimisation. Specifi-

cally, the goal is to identify and leverage the profile distribution to improve

forecasting and consequently enhance the system’s performance.

It encompasses two distinct phases: first, estimating the conditional prob-

ability distributions that characterise the time series in question, and second,

producing profiles from the previously gathered data. The next paragraph

expands on these procedures, while Figure 4.30 shows flock profile generation

diagram.

The method was validated using the Ausgrid datasets to confirm its ef-

fectiveness. It includes 127 profiles of production and consumption from

prosumers, each covering a year. Table I describes the dataset’s contents.

Step 1: Conditional probabilities approximation

The first step is to approximate the conditional probabilities to feed the

profile generator. The underlying idea is that stochastic patterns govern a

load consumption time series.

As example The “mining” of the probabilistic properties of a profile starts

from its historical data. The history consists of N available days, each count-

ing 24 hours. Thus, it is possible to define Y, the history length, as follows:



66 Forecasting of Consumption and Generation Profiles

Y = N ∗ 24[hours] (4.6)

Then, we define knowledge K as the number of past hours used to generate

future profiles and the generation horizon G as the number of hours used to

generate those profiles. This allows us to calculate how many sequences we

need and their length for segmenting the historical data.

lseq = K +G[hours] (4.7)

Nseq = Y − lseq + 1 (4.8)

The Nseq sequences can be grouped on the basis of similarity, using the

property of periodicity, leading to 24 distinct groups. Each group will count

NH
seq sequences and correspond to a specific hour H ∈ [1, 24]. This procedure

is shown in Figure 4.26.

Figure 4.26: Sequences definition in the Dataset and split in H groups.

Histograms can be created to approximate the distribution of values for

each group H at each hour. Each histogram consists of a defined number

of bins, Nbins, with the first and last centers corresponding to the minimum

and maximum values observed during that hour, as shown in Figure 4.27.

The bin edges are set to ensure equal widths for all bins. For the final G

hours, the expected values for each bin are determined by means of the two

edges.

The next step is to investigate the relationship between each of K’s past

time steps and the target hour. Hence, the correlation and influence within

the past and the future bins are analysed. Also, to make the understanding

easier, let us consider G = 1 from this point on.
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Figure 4.27: Histogram bins definition.

Figure 4.28: Correspondence example between histograms at a past step k

and a g step, used as visual representation of conditioning of the values in

the step g respect to the value assumed in the step k.

The correlations CorrH(g|k), with k ∈ [1,K] and g ∈ [1, G] are computed

and stored in an array. The correspondence between the bins of each of the k

past steps and the bins of the landing g is analysed. A visual representation

of the conditional pattern is represented in Figure 4.28. The colors of the

bars of the landing histogram, the one on the left, are used to represent the

dependence to the bars of the departing histogram, the one on the right.

At this point, we have the empirical absolute distribution. To obtain an

approximation of the conditional probability PH
(g|k), the probability of the

value assumed at step g, knowing the value assumed at step k, we must

normalise these results by counts. An example is shown in Figure 4.29.

Step 2: Flock profile generation

After determining the last K known past values of a load consumption time

series, labelled Xpast, we can integrate these into the generation of a flock
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Figure 4.29: Passage from an absolute relationship to a conditional landing

probability. The values in the example are taken from Figure 4.28.

of F possible and plausible future trajectories. Each of these profiles ex-

tends into the future for a horizon L steps long. The complete procedure is

described in the flow chart in Figure 4.30

The elements of each possible future profile are generated step by step.

For each l ∈ [1, L], starting from the first, the corresponding group H is

identified. Then, the 10% of the past steps more correlated to this position

are selected and defined K10%. For each of the Nk10% steps, a candidate

X
(l,k)
land is randomly generated using the corresponding PH

g|k by sampling a bin

and assigning its associated expected value.

X l,k
land ∼ Discrete(PH

g|k(·|Xpast(k))) ∀k ∈ K10% (4.9)

Finally, the value X l
land is obtained as a weighted average of X l,k

land, using

correlation values CorrHg|k as weights.

X l
land =

1

Nk10%
∗
∑

k∈K10%

(X l,k
land ∗ CorHg|k) (4.10)

To evaluate the probability of occurrence of X l
land, the conditional prob-

ability is reversed using PH
g|k.

The probability P l
land is assigned based on the bin to which X l

land belongs

within PH
g|k. The generated bin is considered “impossible” if the associated

probability is zero. In that case, X l
land is replaced with the value correspond-

ing to the bin with the highest conditioned probability of the most recent

step k and is replaced with this value.

The procedure is iteratively repeated by removing the oldest sample and

appending the newly generated one as the most recent observation. At the
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Figure 4.30: Step 2 detailed flowchart

end of the process, what is left is a newly generated profile Xf
land of L steps,

produced based on the original known history.

Once the profile has been generated, an overall probability of occurrence

can be associated by concatenating all the conditional probabilities of each

generated step.

P f
land = PH

l=1|K ∗
∏

l∈[1,L−1]

PH
l+1|l (4.11)

The procedure is repeated for each of the f ∈ [1, F ] desired profiles, resulting

in a flock of F distinct and plausible future scenarios, each coupled with its

own probability of occurrence.

Our methodology introduces two exceptions to the procedure. The first

exception, explained in Figure 4.31, addresses the arrival of a new input

value that cannot be assigned to any admissible bin, making it impossible

to define the conditional probability PH
g|K for the subsequent step.
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Figure 4.31: Exception 1 flowchart explanation

As a bin can be seen as a cluster, it is reasonable to consider the value part

of the closest binj∗ in terms of edge and utilising the associated probability

of that bin.

Let binj∗ = argmin
j

|edges(binj)−Xpast(K)| (4.12)

X l,K
land ∼ Discrete(P (·|Xpast(K))) = PH

g|Kj∗ (4.13)

Limitations of Step 2

The second issue arises when a generated value X l
land falls into a bin that is

not accessible from the bin of the previous step Xpast(K). In such instances,

we solve the problem by selecting the bin with the highest probability of

occurrence relative to the preceding bin. the solution is illustrated in Fig-

ure 4.32.

PH
g|K(X l

landXpast(K)) = 0 (4.14)

X l
land = E[bin(j∗)]withj∗ = argmax

j
PH
g|K(X l

landXpast(K)) (4.15)

4.6.2 Results and Discussion

The procedure was condensed into a block that, based on a known past,

allows for generating a flock of possible future profiles. This tool can be

used for the implementation of advanced optimisation techniques to handle
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Figure 4.32: Exception 2 flowchart explanation

uncertainty in forecasts. The following results were obtained by testing the

procedure on MATLAB R2024a, running on a machine with the following

characteristics:

• Processor, Intel Core i9-139000K

• RAM, 32 GB.

One of the advantages of this approach is the simplicity in extracting in-

formation from the time series. The approximation of the conditional prob-

ability is a fast procedure, and its computational cost is negligible compared

to training a neural network. This aspect becomes critical in online time-

series applications, where brand new data continues to flow and must be

continuously incorporated by updating the information available.

In the case of household load-consumption especially, it is essential to

consider a high variability in user behaviour as the time passes. That means

that such instruments must be updated frequently to address these changes.

The time required for the information “mining” depends on the size of the

dataset representing the user’s history to date, from which the stochastic

information will be extracted. That size will now be addressed as history

depth. In all tests so far, this time remained in the 0.5-0.6 s window: 0.5

s for a history depth of 30 days and about 0.6 s for a history depth of 180

days.

The generation time cost shows an almost linear dependency on the num-

ber of full profiles generated at every iteration. In Figure 4.33 an example

of the test performed is shown. 200 profiles of 72 steps ahead have been

generated, using as input the most recent 72 past, taking 8.1 ms.

The memory cost to store this information manifests a quadratic depen-

dence from Nbins and a linear dependence on K, H and NByte. The latter
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Figure 4.33: Example of generation of the flock of profiles, whit the intensity

of the blue that represents the density of the generated profiles.

represents the size of the chosen variable type. For this work it was consid-

ered a K = 72 hours, Nbins = 10 and the chosen variable type (or single in

Matlab), with a weight NByte = 4 bytes. The resulting memory occupancy

will be ∼ 200 KB, potentially allowing implementation of this mechanism

on a microcontroller.

Memorycost ∼= 2 ∗ (Nbins)
2 ∗Nk10% ∗H ∗NByte (4.16)

with Nk10% ≈ K/10

To Conclude, the stochastic approach to profile generation proves to be

a valuable alternative, especially when computational resources are limited.

The methodology is, in fact, designed for ease of implementation and does

not necessitate specialised hardware, such as a GPU

By avoiding any explicit training phase, the method achieves significant

computational cost savings while delivering performance comparable to more

complex techniques.

As outlined, this method was designed for integration within a robust

optimisation framework and will be extended in future work to enable real-

time, robust planning for domestic prosumers.
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4.7 Conclusion and Final Remarks

This chapter has addressed the problem of forecasting consumption and gen-

eration profiles from a system-oriented perspective, with the explicit objec-

tive of supporting Energy Management Systems operating under uncertainty

and computational constraints.

Different forecasting paradigms were analysed, ranging from low-complexity

feed-forward neural networks to more expressive complex-valued neural ar-

chitectures, highlighting how model simplicity and architectural choices strongly

affect real-time applicability without necessarily degrading performance.

A comparative analysis shows that lightweight predictors can achieve ac-

curacy comparable to state-of-the-art recurrent models while offering sub-

stantial advantages in training speed and scalability.

In parallel, the investigation of complex-valued neural networks demon-

strated how phase–magnitude representations naturally align with the pe-

riodic structure of electrical load signals, opening interesting directions for

compact and expressive modelling. However, forecasting accuracy alone is

insufficient when the ultimate goal is operational decision-making.

For this reason, the chapter introduced a stochastic load profile generation

framework, capable of producing a flock of plausible future scenarios together

with associated probabilities. This approach enables the explicit handling of

uncertainty and directly supports robust optimisation strategies, which are

essential in real-world residential energy systems.

These forecasting and generation tools form the foundation upon which

higher-level control strategies can be built. In the next chapter, they are

integrated into a Home Energy Management System (HEMS), where fore-

casts and stochastic scenarios are exploited to coordinate flexible resources,

manage uncertainty, and enable intelligent, user-orientated energy control in

domestic environments.
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Chapter 5

Primary-Level Energy

Management (HEMS)

This work presents a comprehensive Home Energy Management

System (HEMS) for residential prosumers equipped with photo-

voltaic generation and battery storage. A rule-based approach

is proposed for battery scheduling, enabling high computational

efficiency while preserving near-optimal economic performance

with experimental validation on large real-world datasets. The

proposed architecture also includes strategies for controllable load

scheduling and overlapping price scenarios. To address forecast-

ing uncertainty, the methodology integrates both knowledge-based

countermeasures and robust optimization. Preliminary results

show that the hybrid approach significantly preserve economic

outcomes while remaining computationally lightweight, making it

suitable for large-scale deployment in energy communities and

smart grid environments. 1

1Part of this chapter has been published as A Computationally Efficient Rule-Based

Scheduling Algorithm for Battery Energy Storage Systems [73], as A Computationally

Efficient Rule-Based BMS Countermeasures for Price Overlapping Issues [84] and as

as Application of Control Algorithms for Battery Scheduling in Grid-Connected Energy

Prosumers [85].
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5.1 Introduction

This chapter presents a rule-based control strategy for the Home Energy

Management System (HEMS) of a prosumer connected to a low-voltage dis-

tribution network. The main objective is to propose a computationally effi-

cient algorithm capable of managing energy flows between the distribution

network and a prosumer equipped with a photovoltaic (PV) energy produc-

tion system. The goal of the EMS is to maximize the prosumer’s economic

revenue by optimizing the use, storage, sale and purchase of PV energy based

on electricity market information and daily production/consumption curves.

To achieve this goal, the method proposed in this paper consists of devel-

oping a rule-based algorithm that manages the prosumer’s BESS and con-

trollable loads. The rule-based approach in this type of problem allows for

the reduction of computational costs, which is of fundamental importance in

contexts where many users will be coordinated simultaneously. This means

that the EMS presented in this work could play a vital role in the context

of RECs as well.

From a general point of view, the method requires an algorithm to process

the load and generation profiles of the prosumer for the following three days,

together with the hourly price curve. The output is a plan for battery and

load scheduling for the forecasted horizon, which is updated every hour.

The algorithm is validated in terms of economic performance achieved and

computational times on two experimental datasets with different scenarios

characterized by real productions and loads of prosumers for over a year. The

annual economic results of the proposed rule-based approach has then been

compared with a linear programming optimization algorithm used as bench-

mark. The comparison highlights similar performance in terms of economic

revenue, but the rule-based approach guarantees 30 times lower processing

time.

5.2 Notation and Preliminary Hypotheses

5.2.1 Energy Profile

Considering an electricity user equipped with a PV system, the power ex-

change with the electrical grid can be represented, without losing generality,

as an alternation of injection intervals and withdrawal intervals, as shown in

the example in Figure 5.2).
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Figure 5.1: HEMS Architecture

In the following, we refer to the injection periods (green areas in Figure 5.2)

as positive intervals and the withdrawal periods (red areas in Figure 5.2))

as negative intervals. Let TS be the control time step in hours, i.e., the time

granularity of the actions performed by the EMS, and NH be the control

future horizon, i.e., the number of future actions scheduled by the EMS at

each algorithm execution.

Thus, the system’s future time horizon is TH = NHTS . In this study,

TS = 1 h and NH = 72, yielding TH = 72 h; however, the proposed energy

management approach is generalizable to any TS and NH values. Since TS

is equal to one hour, we consider the hourly energy exchange with the power

grid.

As an example, Figure 5.3 shows the hourly energy exchange corresponding

to the power curve in Figure 5.2. The hourly energy exchange is, therefore,

represented as an array Ē of length NH , with values Et being the energy

exchanged in the t−th hour, t = 1, . . . , NH .

The energy exchange sequence Ē is also composed of alternating positive

and negative intervals. We denote with NI the total number of positive and

negative intervals, and we indicate the intervals as Ij , with j = 1, . . . , NI .

Moreover, we denote with IH the union of all the intervals:

IH =

NI⋃
j=1

Ij (5.1)

For each interval, we define:

• the start index t
(j)
start, with j = 1, . . . , NI , as the position of the first

element of the j-th interval in the array Ē
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Figure 5.2: Example of 24 h profile representing the power exchange with

the electrical grid for a domestic prosumer. The green areas represent power

injections from the user into the grid (positive intervals), while in the red

periods, the user takes power from the grid (negative intervals).

• the stop index t
(j)
stop, with j = 1, . . . , NI , as the position of the last

element of the j-th interval in the array Ē

• the interval energy Etot,j , with j = 1, . . . , NI , as the total energy

exchanged in the j-th interval. Etot,j is computed as

Etot, j =

t
(j)
stop∑

t=t
(j)
start

Et (5.2)

Conventionally, energy is considered positive when injected into the grid

and negative when withdrawn from the grid. Note that t
(1)
start and t

(NI)
stop cor-

respond respectively to the array indices 1 and NH . Using the introduced

notation, each generic sequence Ē of NH samples can be mapped in a matrix

containing the t
(j)
start and t

(j)
stop indices, and the interval energies Etot,j . Ta-

ble. 5.1 shows the mapping matrix obtained for the example sequence shown

in Figure 5.3)). In this case, NI = 6, and therefore, the mapping matrix has

18 elements.

5.2.2 Economic Price Profiles

As the EMS objective is to maximize the economic benefits based on the

trend of the electricity market, we introduce the following important hy-
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Figure 5.3: Hourly energy exchange with the electrical grid for a domestic

prosumer (corresponding to the example in Figure 1). Each bar represents

the energy injected into (or taken from) the grid during that hour.

Table 5.1: Mapping matrix resulting from the sequence in Figure 5.3)).

j = 1 j = 2 j = 3 j = 4 j = 5 j = 6

t
(j)
start 1 5 8 13 17 20

t
(j)
stop 4 7 12 16 19 24

Etot, j (kWh) 2.544 −1.336 2.547 −1.273 2.289 −1.909
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pothesis: in each considered control horizon of NH actions, the minimum

purchase price is higher than the maximum selling price. Such condition can

be written as

min
t∈IH

C
(p)
t > max

t∈IH
C

(s)
t (5.3)

where C
(p)
t and C

(s)
t are respectively the purchase price and the selling

price, t = 1, . . . , NH . This condition implies that it is always more convenient

to store the excess production in the battery if needed for future usage in

negative intervals, instead of selling the overproduced energy and buying it

back later.

Such an assumption usually holds, even though in recent years, mainly

due to the consequences of COVID-19, there have been cases where the high

instability of the energy market has led to a violation of this hypothesis.

In this work, we do not take into account such exceptions. To help visu-

alize the condition expressed by Ineq. 5.3, Figure 5.4) and Figure 5.5) show,

respectively, a situation where the hypothesis is respected and a situation in

which it is violated.

In this study, we refer to the Italian framework and therefore consider

the following energy prices, according to the Italian regulation of the en-

ergy market and to what was established by the GSE (Gestore dei Servizi

Energetici, i.e., the Italian energy services manager):

• The selling price C
(s)
t is set equal to the PUN (Prezzo Unico Nazionale).

• The purchase price is calculated as C
(p)
t = 1.21C

(s)
t + 0.088/kWh,

where the second constant term accounts for taxes and system charges.

5.2.3 Final Consideration

Before introducing the LP cost function and constraints, some additional

definitions are needed: Ē0 is the original sequence representing the energy

exchange with the power gridĒ of length NH , without the contributions from

the BESS. The elements of Ē0 are E0,t with t = 1, . . . , NH .

ēB is the sequence of actions on the energy storage scheduled for the

next NH time steps, i.e., is an array of length NH containing the energy

exchanged with the storage. The elements of ēB are eB,t with t = 1, . . . , NH .

Conventionally, ēB is positive when the energy is stored in the battery and

negative when the energy is drawn from the battery.
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Figure 5.4: Example of selling price and purchase price trends respecting

condition 5.3.

Figure 5.5: Example of selling price and purchase price trends violating

condition 5.3. In this case, the minimum purchase price (red line) is below

the maximum selling price (blue line).
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ĒB is the sequence Ē0 considering the contributions of ēB , as established

by the scheduling algorithm. In other terms, the actions ēB modify the

original energy exchange with the grid vector Ē0, yielding a new energy

exchange vector ĒB . The elements of ĒB are EB,t, t = 1, . . . , NH . As such,

it holds:

EB,t = E0,t − eB,t t = 1, . . . , NH (5.4)

or, in vector notation:

ĒB = Ē0 − ēB (5.5)

Note that, to ease readability, quantities indicated with capital “E” refer

to energy exchanges with the electrical grid, while quantities indicated with

lowercase “e” refer to energy exchanges with the BESS.

We denote, respectively, with Ineg and Ipos the set of negative intervals and

the set of positive intervals. IH is defined as in Equation Eq. 5.1. Therefore,

it also holds: IH = Ineg
⋃
Ipos. The energy price array C̄, with elements Ct,

t = 1, . . . , NH , is defined as follows:

Ct =

{
C

(p)
t se t ∈ Ineg

C
(s)
t se t ∈ Ipos

(5.6)

Figure 5.6 shows how the C̄ array is derived from purchase and selling

prices, considering, as an example, the intervals in Figure 5.3.

SOCj , j = 1, . . . , NI , represents the BESS charge level at the end of

the j-th interval; SOCM is the maximum battery charge level; SOCm is

the minimum battery charge level. As such, the maximum possible energy

exchange with the storage at each control time step is eB,full = SOCM −
SOCm.

5.3 Linear Programming Benchmark Defini-

tion

Given the premises of the previous section, the LP cost function is formulated

as

min
EB,t

(
−

NH∑
t=1

EB,t Ct

)
subject to γ1, γ2

(5.7)
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Figure 5.6: Example of derivation of the energy price array C̄, given the

energy profile in Figure 5.3

γ1 and γ2 are the problem constraints, as defined in the following. The

first constraint γ1 establishes the lower and upper boundaries for ĒB as

min
(
E0,t, 0

)
≤ EB,t ≤ max

(
E0,t, 0

)
∀t ∈ IH (5.8)

Such a constraint implies that the battery can never exchange energy

directly with the grid. This entails, at the same time, the impossibility of

changing a positive interval into a negative one (and vice versa) by selling

or buying additional energy. Figure 5.7 shows the limits defined in 5.8 for

the energy profile shown in Figure 5.3.

Secondly, we define, for each interval, a γ2 constraint as a linear inequality

to limit the battery usage so that it always operates under the safe operating

conditions (in terms of charge level) recommended by the manufacturer.

As such, γ2 is a set of linear inequality constraints, one for each interval.

This is achieved by ensuring that the battery can never overcharge (over

the SOCM limit) in a positive interval or be depleted completely (under

the SOCm limit) in a negative interval. Therefore, we can express the γ2 a

constraint for the j-th interval as

SOCj ≤ SOCM if Ij ⊆ Ipos

SOCj ≥ SOCm if Ij ⊆ Ineg

(5.9)
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Figure 5.7: Visualization of the limits imposed by the constraint 5.8

SOCj = SOCj−1 +

t
(j)
stop∑

t=t
(j)
start

eB,t, j = 1, . . . , NI (5.10)

Note that SOCj for j = 0 represents the battery state of charge at the

beginning of the scheduling sequence, as determined by previously performed

actions. It is possible to express the generic SOCj in terms of SOC0 by

recursively expanding Eq. 5.10, yielding:

SOCj = SOC0 +

t
(j)
stop∑

t=t
(1)
start

eB,t, j = 1, . . . , NI (5.11)

Rewriting 5.9 using 5.11 and also introducing the relationship given by

5.4, we obtain



SOC0 +

t
(j)
stop∑

t=t
(1)
start

E0,t −
t
(j)
stop∑

t=t
(1)
start

EB,t ≤ SOCM if Ij ⊆ Ipos

SOC0 +

t
(j)
stop∑

t=t
(1)
start

E0,t −
t
(j)
stop∑

t=t
(1)
start

EB,t ≥ SOCm if Ij ⊆ Ineg

j = 1, . . . , NI

(5.12)

Rearranging the terms in 5.12 yields the following expression for the γ2
constraints:



5.4 Rule-Based Algorithm Definition 85



t
(j)
stop∑

t=t
(1)
start

EB,t ≥ SOC0 − SOCM +

t
(j)
stop∑

t=t
(1)
start

E0,t if Ij ⊆ Ipos

t
(j)
stop∑

t=t
(1)
start

EB,t ≤ SOC0 − SOCm +

t
(j)
stop∑

t=t
(1)
start

E0,t if Ij ⊆ Ineg

j = 1, . . . , NI

(5.13)

5.4 Rule-Based Algorithm Definition

In this section,the proposed rule-based approach is introduced. The algo-

rithm is formulated to achieve the same objective expressed by the LP cost

function 5.7, i.e., the maximization of the prosumer revenue derived from the

management of the battery. The implemented rule-based algorithm consists

of the following three main steps.

5.4.1 Step 1

Determination of the energy possibly requested from the battery and the

energy possibly available for storage in the battery in each interval Ij . These

quantities, denoted respectively as ēR and ēA, are vectors of size NI , with

elements eR,j and eA,j , computed as follows:

eR,j =

0 if Ij ⊆ Ipos

max(Etot,j , −eB,full) if Ij ⊆ Ineg

j = 1, . . . , NI (5.14)

eA,j =

min(Etot,j , eB,full) if Ij ⊆ Ipos

0 if Ij ⊆ Ineg

j = 1, . . . , NI (5.15)

In each interval the energy Etot,j represent the total energy exchanged

between the user and the grid.

Etot,j =

t
(j)
stop∑

t=t
(j)
start

Et (5.16)
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In a positive interval, the energy request from the battery must be zero,

whereas the available energy surplus potentially storable in the battery is

equal to the quantity Etot,j . The upper limit of Etot,j is the full battery

capacity eB,full.

Similarly, in a negative interval, the energy request from the battery equals

Etot,j , limited below by −eB,full, while the available energy is zero.

Note that, consistently with the convention adopted for eB,t, the quantity

eR,j is always nonpositive, since it represents energy that may be drawn

from the battery, whereas eA,j is nonnegative, indicating energy that may

be stored in the battery.

Figure 5.8: Flowchart of the first step of the rule-based algorithm. The left

and right branches illustrate, respectively, the procedure to determine ēR
and ēA.



5.4 Rule-Based Algorithm Definition 87

eR/A,j = eR,j+eA,j =

min(Etot,j , eB,full) if Ij ⊆ Ipos

max(Etot,j , −eB,full) if Ij ⊆ Ineg

j = 1, . . . , NI

(5.17)

5.4.2 Step 2

Determination of the target energy amount that the system needs to move

from or to the battery in each interval. We denote this quantity as ētarget,

with elements etarget,j for j = 1, . . . , NI .

We also introduce the vector ē
(next)
R , with elements e

(next)
R,j , containing, for

each interval, the cumulative unsatisfied energy request remaining from all

future intervals. The calculation proceeds backwards, starting from the last

interval INI
, as illustrated in the flowchart in Figure 5.9. In this way, the

algorithm correctly computes ē
(next)
R for all previous intervals.

For the last interval, we set

e
(next)
R,NI

= 0

etarget,NI
=


max

(
eR/A,NI

, E
(avg)
pos

)
if INI

⊆ Ipos

min
(
eR/A,NI

, E
(avg)
neg

)
if INI

⊆ Ineg

(5.18)

• e
(next)
R,NI

, i.e., the unsatisfied energy request from time instants beyond

the system’s future horizon TH , is set to zero.

• If INI
⊆ Ipos, then etarget,NI

is forced to be at least E
(avg)
pos , which rep-

resents the average energy surplus observed in positive intervals from

historical data. This accounts for the possibility that future positive

intervals may extend further, potentially providing additional energy.

• If INI
⊆ Ineg, then etarget,NI

is forced to be at most E
(avg)
neg , represent-

ing the average energy deficiency observed in negative intervals. This

assumption similarly accounts for the possibility that the last negative

interval may extend further and require more energy.
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Figure 5.9: Flowchart of the second step of the rule-based algorithm.

For the other intervals, etarget,j and e
(next)
R,j are computed as follows:

e
(next)
R,j =


max

(
e
(next)
R,j+1 + etarget, j+1, −eB,full

)
if Ij ⊆ Ipos

min
(
e
(next)
R,j+1 + etarget, j+1, 0

)
if Ij ⊆ Ineg

j = 2, . . . , NI−1

(5.19)
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etarget,j =


min

(
eR/A,j , −e

(next)
R,j

)
if Ij ⊆ Ipos

eR/A,j if Ij ⊆ Ineg

j = 2, . . . , NI − 1

(5.20)

Finally, for the first interval I1, the initial state of charge of the battery

SOC0 must be considered:

e
(next)
R,1 =


max

(
e
(next)
R,2 + etarget,2, −eB,full

)
if I1 ⊆ Ipos

min
(
e
(next)
R,2 + etarget,2, 0

)
if I1 ⊆ Ineg

(5.21)

etarget,1 =


min

(
eR/A,1, max(−eR,1 − SOC0, 0)

)
if I1 ⊆ Ipos

min
(
eR/A,1, −SOC0

)
if I1 ⊆ Ineg

(5.22)

5.4.3 Step 3

Determination of the final battery scheduling ēB that the system will try

to follow. This is achieved by distributing the quantities etarget,j , computed

in Step 2, within each interval. Unlike Step 2, this operation is performed

forward, starting from the first interval.

In this way, the computation of ēB correctly accounts for the fact that,

in some intervals, it might be impossible to move the entire energy amount

etarget,j due to the battery capacity limits.

The criteria adopted for determining the scheduling are as follows.

Positive intervals. In positive intervals, the algorithm schedules the bat-

tery recharge by distributing the energy etarget,j among the time slots of

the interval, starting from those associated with the lowest energy selling

price. This process proceeds iteratively until the entire quantity etarget,j is

transferred to the battery or until the battery becomes fully charged.

Figure 5.10 shows an example of scheduling in a positive interval, assuming

a battery capacity of 3 kWh and an initially discharged battery. In this case,

the algorithm identifies the third slot as the least convenient for selling energy

and therefore gives priority to this slot for charging the battery. The process

continues until the desired energy amount is stored in the battery(etarget,j =

2.5 kWh in this example). Any remaining energy is then sold to the GSE at

the price Ct.
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Figure 5.10: Example of scheduling in a positive interval.

Negative intervals. In negative intervals, the algorithm schedules the

battery discharge by distributing the energy etarget,j among the interval time

slots, starting from those with the highest energy purchase price. This con-

tinues iteratively until the entire amount etarget,j is provided by the battery

or until the battery becomes completely depleted.

Figure 5.11 illustrates an example of scheduling in a negative interval.

In this case, priority is given to the slot with the highest purchase price.

At the fourth iteration, the scheduling process ends because the battery

becomes fully discharged. Any additional energy requirement must therefore

be purchased from the grid at the cost Ct.

Figure 5.11: Example of scheduling in a negative interval.
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Flowchart representation. The operations described in this third step

are visually represented in the flowcharts reported in Figure 5.12 and 5.13.

These flowcharts detail the procedure used to determine the scheduling for

positive and negative intervals starting from a given ētarget vector.

5.5 LP vs. Rule-based

5.5.1 Dataset

The described LP and rule-based approaches are tested on two datasets

containing historical production and consumption data from real prosumers.

None of the users is equipped with a BESS; therefore, the presence of a

storage system is assumed in the simulation. Additionally, the historical

trends of the energy market, made available by the GSE in the form of

PUN, are used as the reference for the energy price. All data are provided

in hourly format.

The datasets used in this study are summarized below:

• Ausgrid: this dataset contains one year (8760 samples per user) of

production and consumption data from 126 prosumers. In the follow-

ing, this dataset is indicated as the AUS dataset.

• Planet Smart City: this dataset contains five months of data (about

3550 samples per user) related to 286 users in the Milan area (Italy).

These users are pure consumers; therefore, production data are arti-

ficially added by assuming specific PV and BESS sizes (listed below)

and by using solar irradiation data from PVGIS. In the following, this

dataset is referred to as the PSC dataset.

Historical energy price data are available from the GSE website. This

study uses PUN values extracted from 2020, stable around 0.05 Euro/kWh).

Over this period, the hypothesis expressed in Eq. 5.3 always holds.

Furthermore, the datasets are augmented by rescaling the production and

consumption profiles of each user to achieve annual consumption levels of

3 MWh or 6 MWh, PV sizes of 3 kW or 6 kW, and BESS capacities of

6 kWh or 12 kWh. These options are combined in all possible ways, yielding

eight test scenarios.

In the following, scenarios are indexed by s = 1, . . . , 8. Each scenario

includes 126 rescaled users from the AUS dataset and 286 rescaled users
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Figure 5.12: Flowchart of the third step of the rule-based algorithm. The

“NEG Scheduling” and “POS Scheduling” blocks are illustrated in Fig-

ure 5.13.
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Figure 5.13: Operations performed in the “NEG Scheduling” block (on the

left) and “POS Scheduling” block (on the right) of Figure 5.12.
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from the PSC dataset. The dataset is denoted by d.

5.5.2 Results

The results of the two scheduling algorithms on the AUS and PSC datasets

are reported in this section, comparing computational performance and eco-

nomic benefits achieved per user. All algorithms are implemented in MAT-

LAB R2024a and executed on a machine equipped with an Intel Core i9-

13900K processor and 32 GB RAM.

Both the LP and rule-based scheduling algorithms, implemented within

a BMS based on a receding-horizon framework, are tested across the eight

scenarios described. The battery scheduling is computed onceper hour (i.e.,

per dataset sample) to determine the actions for the next NH hours (equal

to 72 in this study). Only the first scheduled action is applied, after which

the horizon is shifted forward by one hour and a new scheduling solution is

computed.

Tables 5.2 and 5.3 summarize the results obtained on the PSC and AUS

datasets. In the tables, TRB and TLP represent, respectively, the time re-

quired by the rule-based algorithm and the LP algorithm to compute a full

72-hour battery schedule.

Considering the LP schedule as the optimal reference, the quantity ∆rev,s

denotes the average percentage error made by the rule-based algorithm in

terms of final economic revenue, for each scenario s. More precisely:

∆rev,[i,s] =
rev

(final)
RB,[i,s] − rev

(final)
LP,[i,s]

rev
(final)
LP,[i,s]

· 100 (5.23)

∆rev,s =
1

Nuser

Nuser∑
i=1

∆rev,[i,s] (5.24)

where i is the user index, s is the scenario index, andNuser is the total number

of users. The values rev
(final)
RB,[i,s] and rev

(final)
LP,[i,s] represent the final economic

revenue obtained for user i in scenario s after the complete simulation (8760 h

for AUS scenarios, 3550 h for PSC scenarios).

By definition, ∆rev,[i,s] is negative when the rule-based approach performs

worse than the LP benchmark.

Tables 5.2 and 5.3 report the average results for each scenario. Figure 5.14

shows such results it terms of distribution of ∆rev,[i,s] and the average revenue
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trends over time for all scenarios across both datasets, comparing the rule-

based and LP algorithms. Note that the percentage difference between the

final points of each pair of curves corresponds to ∆rev,s.

Table 5.2: Results on PSC dataset. The values reported are averaged over

all users in each scenario.

Load PV Size BESS Size TRB TLP ∆rev,s

(kW) (kW) (kWh) (ms) (ms) (%)

3 3 6 ∼ 20 ∼ 720 −1.55

3 3 12 ∼ 20 ∼ 720 −4.31

3 6 6 ∼ 20 ∼ 720 −0.71

3 6 12 ∼ 20 ∼ 720 −1.80

6 3 6 ∼ 20 ∼ 720 −0.19

6 3 12 ∼ 20 ∼ 720 −0.53

6 6 6 ∼ 20 ∼ 720 −0.39

Table 5.3: Results on AUS dataset. The values reported are averaged over

all users in each scenario.

Load PV Size BESS Size TRB TLP ∆rev,s

(kW) (kW) (kWh) (ms) (ms) (%)

3 3 6 ∼ 20 ∼ 720 −0.02

3 3 12 ∼ 20 ∼ 720 −4.13

3 6 6 ∼ 20 ∼ 720 −0.18

3 6 12 ∼ 20 ∼ 720 −0.54

6 3 6 ∼ 20 ∼ 720 −0.12

6 3 12 ∼ 20 ∼ 720 −0.56

6 6 6 ∼ 20 ∼ 720 −0.004

6 6 12 ∼ 20 ∼ 720 −1.02

These results demonstrate that, although slightly suboptimal, the rule-

based algorithm closely approximates the performance of the LP benchmark

across all scenarios. However, the rule-based approach requires only a frac-

tion of the computational time needed by LP, making it preferable in appli-

cations where computational efficiency is critical.
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Figure 5.14: On the left: probability distribution of ∆rev,[i,s] including both

datasets; on the right: comparison of the average revenue achieved by the

users in each scenario when using either the LP or the rule-based approach.

The two curves are visually indistinguishable because the error introduced

by the rule-based algorithm is too small to be appreciated at the scale of the

plot.
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Information regarding the execution time of the algorithms is particularly

relevant from the perspective of the scalability of the management system.

As shown in Figure 5.15, when increasing the number of scheduled actions

NH to achieve a finer time granularity in the scheduling the rule-based ap-

proach becomes progressively and significantly preferable to LP in terms of

computational efficiency.

This is due to the fact that the computational time of the LP optimization

does not scale linearly with the length of the scheduled sequence.

Figure 5.15 illustrates this advantage graphically and highlights how it

becomes substantial for large values of NH . For example, for a one-day

schedule with a resolution of one minute (1440 time steps), the rule-based

algorithm is already more than 100 times faster than the LP-based approach.

Figure 5.15: Comparison between the computational time of the rule-based

and the LP algorithms for increasing values of NH .

5.5.3 Discussion

The proposed EMS aims to maximize the prosumer’s economic gains by

optimizing the use, storage, and trading of photovoltaic energy according to

market prices and daily production and consumption profiles.

A rule-based approach was adopted to achieve low computational costs

in determining the battery scheduling strategy, while maintaining economic

revenues comparable to those obtained with more classical optimization-

based methods.
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For this reason, the paper presents a comparison between two different ap-

proaches for developing a EMS for a single prosumer: the rule-based strategy

designed and implemented and a classical approach based on linear program-

ming.

The performance of the two methods is evaluated under the simplifying

assumptions of perfect predictions of the electric load and PV generation over

the scheduling window and absence of a battery degradation model. These

simplifications were introduced to isolate the evaluation of the scheduling

algorithms from external factors such as forecasting uncertainty.

The results can be summarized as follows:

• Both techniques provide extremely similar outcomes in terms of eco-

nomic revenue, with the LP approach typically yielding slightly better

results.

• In terms of computational time, the rule-based algorithm is approx-

imately 30 times faster than its LP counterpart when scheduling 72

future battery actions. This difference becomes even more significant

as the number of scheduled actions NH increases.

These findings indicate that the proposed rule-based algorithm is a viable

alternative to more common LP-based approaches for developing a MES for a

single prosumer equipped with renewable generation and storage. While eco-

nomic performance is comparable between the two methods, the rule-based

approach clearly outperforms LP optimization in computational efficiency.

This characteristic becomes fundamental when system scalability is re-

quired, such as in energy communities where hundreds or thousands of users

must be controlled and coordinated simultaneously.

Existing studies have shown that, in such scenarios, commonly used ap-

proaches such as MILP rapidly become too complex and ultimately imprac-

tical. Rule-based strategies, such as the one proposed in this work, are

inherently more suitable for large-scale implementation.

5.6 Price Overlapping Relaxation

The technique presented in the previous section emphasizes cost efficiency

and the explainability of the resulting scheduling strategy. However, it does

not account for the scenario of price overlapping, in which the selling price

may temporarily exceed the buying price. By studying the behavior of the
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problem, the proposed approach meant to find a solution close to the op-

timum in a fraction of the time and without recurring to computational

expensive techniques.

On the other edge, relying on a list of rules to take decisions is less flexible

than use an optimization technique. As the proposed approach was devel-

oped under the hypothesis that the selling price is never higher than the

buying price.

Figure 5.16: Comparison between 2020 and 2022 Selling prices and variable

part of the Buying prices

Such events arise from a combination of the uncontrollability of renewable

energy sources and the declining stability of fossil fuel supply chains, both

of which increase uncertainty within the energy market.

Historically, fossil fuel-based generation was the main driver of energy

prices, but the 2022 energy crisis, triggered by geopolitical instability, dis-

rupted supply chains and significantly raised thermal generation costs. In

Figure 5.16 a comparison between the two different type of year is showed.

As a consequence, situations occurred in which selling excess energy became

more profitable than storing it.
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Figure 5.17: Example of prices overlapping. The overlap in highlighted in

yellow

This section addresses this limitation by proposing and implementing sim-

ple countermeasures to preserve the quality of the cashflow generated by an

EMS that relies on the previously described approach.

5.6.1 Implemented Countermeasures

The countermeasure introduced in this section is based on the following

concept: if, during a specific hour within a forecasted injection interval, the

selling price of energy is higher than the lowest buying price in the subsequent

forecasted absorption interval, then that hour is marked. Marking an hour

implies that, in the presence of any energy surplus, the entire surplus is sold

to the grid rather than stored, as it is showed in Figure 5.17.

This procedure has been integrated into the first stages of the approach.

Maintaining the structure of the full rule-based methodology previously de-

scribed, the proposed extensions can be summarized as follows:

1. The prosumption Ē0, defined as the difference between the user’s fore-

casted production and consumption profiles, is processed to extract

information on injection and absorption intervals, exactly as in the

original methodology.

2. For each positive interval, the selling price of every hour within the

interval is compared with the lowest buying price of the subsequent

negative interval. All hours satisfying this condition are marked.

3. A dummy prosumption profile is constructed. It matches the original

one except for the marked hours, where the energy value is replaced
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with an arbitrarily small positive number.

4. The updated prosumption is processed to recompute the interval in-

formation matrix. The original rule-based procedure is then applied

up to the scheduling stage of the BESS actions.

5. The resulting prosumption after the BESS actions is obtained as the

pointwise difference between the original prosumption and the sched-

uled sequence of battery actions.

Note that in step 3, in correspondence of the marked hours, it is important

to not place the value of the dummy prosumption equal to zero. Not follow-

ing this guideline will cause a fraction of the positive interval each fraction

separated by a new negative interval.

This cause an increase in the number of intervals to consider in the suc-

cessive steps of the method, causing a severe loss of performance.

An example of the consequences of the proposed counter measures is

showed in Figures 5.18 and 5.19, while a detailed flow chart is displayed

in Figure 5.20.

Figure 5.18: BESS scheduling comparison without overlapping countermea-

sures
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Figure 5.19: BESS scheduling comparison with overlapping countermeasures

Figure 5.20: Overlapping countermeasures flowchart
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To verify the functionality of the proposed method, it was tested on the

two datasets previously introduced: Ausgrid and Planet Smart City.

Regarding energy prices, two years of PUN (Prezzo Unico Nazionale) were

used:

• 2020, a year in which no price overlapping is present;

• 2022, characterized by high volatility and episodes where selling elec-

tricity becomes more profitable than buying it.

The selling price was assumed equal to the PUN, while the buying price was

computed from a realistic retail contract.

The purchasing cost have been modelled following a realistic contract and

consists of several components, of which only the variable ones can be influ-

enced by electric load management and BESS scheduling. For this reason,

the hourly buying price used in this study considers only the variable com-

ponents. The cost definitions are as follows:

Ecost = PUNmonth
avg + Fcost (5.25)

Buycost = (Ecost + Tcost + Scost) ·VAT (5.26)

with:

PUNmonth
avg = monthly average of the PUN [Euro/kWh]

Fcost =

0.011 Euro/kWh, Sunday and from 23:00 to 07:00,

0.0286 Euro/kWh, otherwise

Tcost = 0.012 Euro/kWh

Scost =

0.038 Euro/kWh if YEAR = 2020

0 Euro/kWh if YEAR = 2022

VAT = 1.1.

Here, PUNmonth
avg represents the monthly average PUN, Fcost is an additional

hourly-dependent tariff component, Tcost is the transport cost, Scost is the
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system cost (zeroed in 2022 due to policy interventions), and VAT accounts

for billing.

5.6.2 Results and Discussion

To validate the effectiveness of the improvements introduced in the proposed

approach, both the original and the upgraded versions of the method were

tested in a MATLAB-based simulated environment.

All profiles in the two available datasets were rescaled to simulate a con-

tractual load of 3 kW and a photovoltaic system of 3 kW. This scaling was

achieved under the assumption that these values correspond to an annual

consumption and production of approximately 3 MWh.

The two methods, the original and the upgraded version, were evaluated

on all profiles across their respective time spans, first using 2020 prices and

then using 2022 prices as references. In parallel, using the same datasets,

the performance of two additional benchmarks was collected:

• Brainless strategy, which charges and discharges the battery as soon

as possible without considering price dynamics, and

• LP-based formulation.

Even in these simulations, the forecasting block of the EMS was modeled as

an Oracle, whit the forecasts assumed to be perfect. A forecasting horizon

of 72 steps ahead was adopted, and the optimization was performed once

every hour. Figures 5.21 and 5.22 show the resulting trend and distributions

on the two dataset.

For completeness Table 5.4 repeat the contents and structure of the datasets

used.

Table 5.4: Summary of datasets used for simulation.

Dataset Type of Profiles N. of Profiles Profile Length

Planet Smart Production 127 8760 hours

City consumption 127 8760 hours

Ausgrid Consumption only 287 3528 hours

PVGIS Irradiation and PV output 1 3528 hours

GME (PUN) Energy prices 2020 & 2022 8760 hours
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Figure 5.21: Ausgrid Dataset average cashflow comparison and final result

distribution with PUN 2020(left) and PUN 2022(right)

Figure 5.22: Planet SC Dataset average cashflow comparison and final result

distribution with PUN 2020(left) and PUN 2022(right)
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Table 5.5: Performance comparison of the original and upgraded methods

across datasets.
Dataset & Price Method Percent Avg. Result Comp. Cost

(%) (ms)

PSC – PUN 2020 No Counters 91.46 0.135

With Counters 91.46 0.143

PSC – PUN 2022 No Counters 63.51 0.134

With Counters 81.75 0.143

AUS – PUN 2020 No Counters 92.11 0.148

With Counters 92.11 0.155

AUS – PUN 2022 No Counters 88.46 0.148

With Counters 95.73 0.155

Table 5.5 summarizes the performance of the original and upgraded meth-

ods across the two datasets. Simulations on the Ausgrid dataset span 8160

hours (340 days), while those on the Planet Smart City dataset cover 3360

hours (140 days). The final cashflow values for each user are expressed as

percentages. For every user u in each dataset, the Brainless strategy is used

as the baseline reference, whereas the LP solution acts as the gold standard,

as defined in (3):

Resultu% =
Resultu − ResultuBrainless

ResultuLP − ResultuBrainless

. (5.27)

The tests were executed again in MATLAB R2024a on a machine equipped

with an Intel Core i9-13900K processor and 32 GB of RAM.

The obtained results show that, in scenarios without price overlapping

(e.g., 2020), the performance of the two versions of the method is identi-

cal. However, under conditions of extreme volatility, such as in 2022, the

upgraded method preserves a significantly higher level of performance with

only a negligible increase in computational cost.

To conclude, the instability of the energy market and the growing pene-

tration of renewable energy sources introduce new challenges in energy man-

agement and this section extende the rule-based method previously proposed

to correctly handle situations of price overlapping, without increasing com-

putational cost or compromising the explainability of the methodology.

The proposed countermeasure is simple to implement and enables the user

to optimize the cashflow even when the selling price temporarily exceeds the
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buying price with negligible additional computational effort, preserving the

speed and efficiency that characterize the rule-based approach.

This makes the upgraded methodology a valuable candidate for compu-

tationally constrained or large-scale applications where responsiveness and

scalability are essential.

5.7 Controllable Loads

Another important degree of freedom at the single-user level is represented

by controllable loads. The ability to shift their activation in time offers a

valuable countermeasure to the inherent unpredictability of renewable energy

production.

By reallocating consumption to more advantageous periods, these flexi-

ble appliances can help compensate for fluctuations in local generation and

improve the overall balance between demand and supply.

For this reason, incorporating the control and scheduling of controllable

loads becomes a highly relevant enhancement to the HEMS, enabling smarter

operation and a more effective exploitation of available renewable resources.

In our modelling of the controllable loads each of them is caracterized by:

• a load consumption CLv, an energy expressed in kWh;

• a window of time in which it can be used during the day CLw;

• the frequency of usage a day CLr.

The management of controllable loads is handled by a dedicated add-on

module designed to schedule each device within its allowed activation win-

dow. Figures 5.23 show the flowchart of the implemented method. The

objective is fulfilling the daily activation requirements of every load and en-

suring that the resulting profile respects the maximum hourly grid absorption

limit.

The optimisation criterion remains economic, aiming to minimise total

daily expenses by exploiting favorable market conditions.

For pure consumers, scheduling decisions depend solely on the Buyprice
curve, naturally preferring low-price hours for load activation. For prosumers

equipped with local generation, the logic changes during injection intervals:

the Sellprice is used instead, representing the opportunity cost of missing

potential revenues.
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Figure 5.23: FLow chart of the Controllable Loads Scheduling



5.8 Handling Forecasting Uncertainty 109

Activating a controllable load when energy could otherwise be sold effec-

tively “costs” the user that selling price. This mechanism is integrated into

the objective function so that the system selects time slots that reflect the

real economic trade-off. Figure 5.24 illustrates an example for a controllable

load requiring 1 kWh, with an activation window from 9:00 to 22:00 and a

daily requirement of one activation, under a grid-absorption limit of 3 kWh.

Figure 5.24: Example of scheduling of a controllable load characterized by

CLv = 1kWh,CLw = 9− 22,CLr = 1 for a user with LoadMax = 3kWh.

When a prosumer has both controllable loads and a BESS, the scheduling

process follows a strict priority: controllable loads are always scheduled be-

fore the battery. This ensures that self-consumption is maximized, prevent-

ing the storage system from absorbing energy that would be more profitably

used to operate local loads. Once the load positions are fixed, the HEMS

proceeds to compute the optimal battery schedule.

5.8 Handling Forecasting Uncertainty

The methodology presented so far relies heavily on the assumption of perfect

forecasting. Unfortunately, reality hits hard on that front: once forecasting

errors inevitably appear these inaccuracies propagate through the control

loop and degrade the quality of the resulting optimization.

The rolling-horizon strategy is introduced precisely to mitigate forecasting

uncertainty; however, for this approach to be truly effective, it must rely on

predictors that not only limit the magnitude of the forecasting errors but are
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also capable of promptly self-correcting their estimates as new measurements

become available.

In the context of load forecasting, and particularly at the household level,

the potential for improving predictive accuracy is inherently limited. Even

when augmenting active power measurements with additional contextual pa-

rameters, the accuracy cannot be improved beyond a certain threshold due

to the highly stochastic and user-driven nature of domestic consumption

patterns.

To increase the overall robustness of the architecture, two complemen-

tary strategies have been explored. The first is the integration of a set of

knowledge-based rules derived from an in-depth analysis of the system’s dy-

namics.

These rules act as safeguards, allowing the controller to react sensibly in

situations where the forecasts deviate significantly from reality. The second

strategy is the adoption of robust optimization.

As discussed in Chapter 4.6, implementing this approach requires the gen-

eration of multiple plausible future trajectories, capturing the uncertainty

affecting both load and generation forecasts. The development and evalua-

tion of such stochastic trajectories play a key role in enabling the HEMS to

remain effective even under imperfect predictive conditions.

In the following section, the studies conducted so far on this topic are

presented. These preliminary investigations form the foundation for a more

extensive research effort that will continue in the near future, with the aim of

consolidating the approach and developing results suitable for publication.

The long-term objective is to design a forecasting-based energy manage-

ment framework that remains effective even in the presence of significant

uncertainty, an essential requirement for real-world deployment.

To correctly implement these corrective strategies, it is essential to clarify

how the EMS commands are interpreted by the Battery Management System

(BMS), the control layer responsible for translating the high-level scheduling

decisions into the actual charging or discharging actions of the battery. In

the scenarios discussed so far, the BMS receives two reference values from

the EMS: an upper and a lower threshold for the allowable State of Charge

(SOC) during the current time step.

At the beginning of each time step, if the planned action is to charge

the BESS, the current SOC acts as the lower bound, while the target SOC

provided by the EMS defines the upper bound. Conversely, if the planned
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action is to discharge the battery, the roles of the two levels are swapped:

the EMS target becomes the lower limit, and the current SOC becomes the

upper limit.

Within this bounded interval, the BMS regulates the charging or discharg-

ing power according to its internal safety rules, ensuring that the physical

constraints of the battery are always respected.

Forecasting uncertainty is addressed by adjusting these SOC thresholds.

By expanding or contracting the allowable SOC interval, the EMS provides

the BMS with the flexibility needed to react to unexpected deviations in load

or generation. A wider interval increases the system’s robustness, allowing

more freedom to respond to unforeseen conditions, while still preserving the

overall goal set by the optimization.

5.8.1 Knowledge Based Countermeasures

One of the main challenges of EMS-level planning is the temporal resolution,

typically ranging from several tens of minutes to one hour. Within such in-

tervals, the controller has no opportunity to revise its decision if unexpected

events occur. For this reason, it is crucial to complement the day-ahead

and intra-day scheduling with emergency mechanisms capable of reacting to

unforeseen deviations.

By analysing the dynamics and structural properties of the problem, it is

possible to identify a series of “safe” behaviours, decisions that are always

preferable regardless of the specific scenario. These behaviours can then

be implemented by dynamically adjusting the SOC thresholds sent to the

BESS, enabling the battery to operate in a more flexible and resilient manner

whenever uncertainty arises. An example of the architecture is showed in

Figure 5.25
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Figure 5.25: EMS Architecture with knowledge based counter measures

In our study, the following good practices have been identified as essential

to improving robustness:

• Corrective Offset on Charging Target During Positive Inter-

vals: A corrective term is added to the target charging level during

positive slots, this offset is derived from the mean forecasting error on

the aggregated expected surplus within the interval, yielding a more

conservative charging request when predictions are unreliable.

During a positive interval t ∈ T +, a corrective offset δcorr is added to

the scheduled target SOC to account for average forecasting errors in

previous negative intervals:

SOCtarget
t = SOCsched

t + δcorr, δcorr = µ
(
εt | t ∈ T −) (5.28)

where µ(·) denotes the mean prediction error of surplus energy in neg-

ative slots.

• Emergency Load Supply During Expensive Negative Inter-

vals: If the first interval is negative, the EMS identifies the two most

expensive buying hours, If the current hour corresponds to one of them,

the EMS overrides the planned schedule and allocates all the required

power to serve local consumption. This avoids significant economic

losses when the real load exceeds the prediction.

If the first time slot t0 is negative (t0 ∈ T −) and pbuyt0 is among the

two highest prices within that interval:

pbuyt0 ∈ Top2
(
{pbuyt : t ∈ T −}

)
⇒ P grid

t0 = min
(
P load
t0 , P grid,max

)
(5.29)

This allows bypassing the plan to fully cover unexpected loads.
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• Charge Release During Cheapest Positive Hours: If the first in-

tervals is positive, the two cheapest selling hours are identified, Should

the current hour coincide with one of these, the charging constraints

are relaxed to allow full absorption of any unexpected overproduction,

preventing profitable energy from being curtailed.

If t0 ∈ T + and the selling price is among the two lowest in the interval:

psellt0 ∈ Bottom2
(
{psellt : t ∈ T +}

)
⇒ SOCt0+1 ≤ SOCmax (5.30)

This relaxes charging constraints to capture unexpected surplus energy.

• Critical False Surplus Detection: For positive intervals, the EMS

must also detect the critical case where a surplus is predicted but

does not occur. As these intervals typically correspond to high market

prices, such errors can be particularly costly. If the current selling price

exceeds the average buying price of the upcoming negative interval, the

EMS is pre-alerted to switch the battery from charging to discharging

as soon as the first inconsistency between forecast and measurement is

observed.

If a surplus is forecasted in a positive interval but actual production

is zero or negligible, and the current selling price is higher than the

average future buying price:

psellt0 > µ
(
pbuyt | t ∈ T −

)
and Eprod

t0 ≈ 0 ⇒ ubatt
t0 = discharge (5.31)

The battery must switch mode to discharge to avoid purchasing at high

prices later.

• Surplus Energy Check in Negative Intervals: In negative inter-

vals, the EMS continually monitors the battery energy, if the stored

energy exceeds the amount forecasted to be required for the remainder

of the interval, the discharge constraints are relaxed. This allows the

system to compensate for unexpected load increases instead of adher-

ing to an unnecessarily conservative discharge plan.

If t0 ∈ T − and the stored energy exceeds the remaining predicted

demand in that interval:

SOCt0 − SOCmin >
∑
t∈T −

t0

P load
t ·∆t ⇒ P batt,dis

t0 ≤ P batt,dis,max (5.32)

This allows relaxing the discharge constraint to meet unforeseen load

increases.
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Together, these strategies form a defensive layer that limits the impact

of forecasting inaccuracies. By adjusting the SOC bounds in real time, the

HEMS remains capable of responding to unforeseen disturbances, maintain-

ing operational efficiency even when predictions deviate significantly from

reality.

Figure 5.26, 5.27 and 5.28 provide a visual comparison of how forecasting

uncertainty affects the yearly cashflow of a representative prosumer. Five

different scheduling strategies are evaluated:

1. Receding-horizon optimization over a three-day window, updated hourly

2. Receding-horizon optimization over a one-day window, updated hourly

3. Daily optimization with a three-day horizon

4. Daily optimization with a one-day horizon

5. A näıve First-Charge First-Discharge (FCFD) policy, used as a lower-

bound benchmark and unaffected by forecast quality

Figure 5.26 presents the results under perfect foresight. In this ideal case,

only strategy 4 fails to outperform the brain-less benchmark, while strategies

1 and 3 yield identical performances. This equivalence is expected: when the

forecast is flawless, the initial scheduling is already optimal, and no corrective

updates are needed—making the rolling-horizon mechanism redundant.

Figure 5.26: Scheduling Methodology in presence of perfect forecasting
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In Figure 5.27 introduces forecasting errors into the loop. Here the impact

is severe: all optimization methods drop below the näıve benchmark. The

comparison, however, clearly highlights the benefit of rolling-horizon for-

mulations in mitigating the consequences of uncertainty. Even though the

performance remains sub-optimal, frequent re-planning prevents the EMS

from drifting too far from the economically sensible trajectory.

Figures 5.28 shows the effect of enabling the corrective countermeasures

described earlier. Their contribution is evident: when these rules are added

on top of the rolling-horizon framework, the yearly cashflow is lifted back

above the lower benchmark. The improvement is especially visible for strate-

gies that already rely on frequent updates, confirming that rule-based cor-

rections and receding-horizon operation are a good a combination to restore

robustness in the presence of imperfect forecasts.

Figure 5.27: Scheduling Methodology in presence of forecasting uncertainty
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Figure 5.28: Scheduling Methodology in presence of forecasting uncertainty

and countermeasures

5.8.2 Robust Optimization

Robust optimization addresses forecasting uncertainty from a fundamentally

different perspective. Instead of relying on a single predicted trajectory, this

approach evaluates the scheduling problem across multiple plausible future

scenarios and identifies the sequence of actions that remains effective in most

of them. The underlying idea is to explore a sufficiently wide ensemble of

possible evolutions so that at least part of this “scenario cloud” will resemble

the actual future conditions.

While robust formulations can traditionally be implemented through Lin-

ear Programming, in our study we adopt a simplified yet practical strat-

egy. Leveraging the high computational speed of the developed rule-based

EMS, the method introduced in chapter reference is used to generate a large

“storm” of potential future profiles. The scheduling algorithm is then exe-

cuted independently on each scenario, resulting in a collection of candidate

SOC upper and lower thresholds.

The final SOC bounds applied in real time are selected statistically through

a Confidence Interval (CI), expressed as a percentage. The enforced lower

SOC limit is chosen as the value that is lower than CI% of all generated

lower-threshold commands.

Symmetrically, the high SOC limit corresponds to the value that is higher

than CI% of the upper-threshold commands. In this way, the dispatched



5.8 Handling Forecasting Uncertainty 117

thresholds represent a robust compromise. Tight enough to be economi-

cally meaningful, yet sufficiently conservative to remain valid across most of

the plausible future trajectories. An example of architecture is showed in

Figure 5.29.

Figure 5.29: EMS Architecture with Robust Optimization

SOCCI
H ≥ IC ·Nseq · SOCH (5.33)

SOCCI
L ≤ IC ·Nseq · SOCL (5.34)

To evaluate the performances, the methodology has been tested on the full

Ausgrid dataset for a total of Nprofiles = 127. The scheduling and planning

were performed over a total of nine months of the full year, as the first three

months were used as a training set for the predictors.

Given a set of yearly cash flows for each user CFu,abs
Method and identifying

CFu,final
Method as the final cash flow reached by that specific user managed with

that method, and defining the case relying on perfect forecasting as “Oracle”,

the resulting cash flows of each method have been normalized at each point

of the sequence using the following operation:

CFu,rel
Method =

CFu,abs
Method − CFu,abs

Brain−less

CFu,final
Oracle − CFu,final

Brain−less

(5.35)
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Then the average result across the whole set as been calculated as:

CF set,rel
Method =

1

Nprofiles

Nprofiles∑
i=1

CFu,rel
Method (5.36)

The operation has been repeated for the 2020 PUN and the 2024 PUN,

and the results are shown in Figure 5.30 and Figure 5.31. Even if not as

impactful as the knowledge-based rule set previously introduced, the imple-

mentation of this approach still has a sensible impact on the quality of the

economic results of the prosumers, allowing them to considerably increase

their expected economic return, marking it as a good practice.

Figure 5.30: Average Relative cashflow comparison on PUN 2020
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Figure 5.31: Average Relative cashflow comparison on PUN 2024
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5.8.3 Hybrid Methodology

An idea that comes out naturally is to combine the two methodologies ex-

posed above. Since both approaches address uncertainty and improve plan-

ning from complementary perspectives, merging them offers the opportunity

to exploit their strengths simultaneously, ar displyed in An example of ar-

chitecture is showed in Figure 5.32.

The concept remains simple: each profile generated in the flock of the

robust optimization is also processed through the knowledge-based block,

allowing the rule set to refine or correct the scheduling decisions before the

final evaluation. Then, the real thresholds to send to the storage are deter-

mined through Eq. 5.33 and 5.34.

Figure 5.32: EMS Hybrid Architecture: Robust Optimization Knowledge-

based Countermeasures

The idea has been tested in the same way exposed for the robust optimi-

sation, using the same energy profiles and the same two price cases. The

results have been processed through Eq. 5.35 and 5.36, and the outcomes

are shown in Figure 5.33 and Figure 5.34.

What is possible to appreciate from these results is that the hybrid method-

ology leads to results similar to, or even better than, those reached by the

two methods applied individually, implying that the two methodologies are

actually complementary and that it makes sense to combine them.



5.8 Handling Forecasting Uncertainty 121

Figure 5.33: Average Relative cashflow comparison on PUN 2020

Figure 5.34: Average Relative cashflow comparison on PUN 2024
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5.8.4 Conclusion and Future Work

This section has presented some preliminary results on the impact of fore-

casting uncertainty on HEMS and the strategies developed to mitigate their

effects. As discussed throughout the chapter, the presence of forecasting

errors in household-level consumption and renewable generation cannot be

overlooked when aiming to design an energy management system suitable for

real-world deployment. Forecasts, by their nature, are subject to variability

and imprecision, and thus it becomes essential to incorporate mechanisms

capable of reacting to and compensating for such deviations.

The proposed methodology addresses this issue through the dual approach

of integrating knowledge-based corrective strategies and applying robust op-

timisation principles. The former provides fast and computationally lightweight

responses to common error patterns, while the latter offers a structured way

to plan actions that remain effective across multiple possible future scenarios.

The initial results are promising, demonstrating that the quality of the

optimisation output can be substantially restored even under non-ideal pre-

diction conditions, while keeping the computational burden low enough for

practical application in embedded or distributed systems.

Given the relevance of uncertainty handling for any realistic deployment

of HEMS, particularly in contexts involving distributed energy resources,

battery storage and prosumer dynamics, this line of research will remain a

key focus in the future work. Ongoing investigations will aim to rigorously

validate the performance of the proposed methods under a wider range of

conditions, including different levels of forecast accuracy, weather variability

and load profiles.

In addition, attention will be paid to formalising the proposed strate-

gies within scalable optimisation frameworks and evaluating their integra-

tion into multi-agent or community-level architectures. The final objective

is to develop a reliable, adaptive and cost-effective HEMS framework that is

effectively deployable in real-world energy communities or in Smart Grids in

general.
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5.9 Conclusion and Final Remarks

In conclusion, this chapter has presented a lightweight yet effective HEMS

architecture designed to operate at the residential level under realistic con-

ditions of uncertainty and limited computational resources. By combining

rule-based scheduling with a modular design, the system supports the inte-

gration of controllable loads and battery storage without relying on compu-

tationally intensive or complex optimisation methods.

This simplicity is not a drawback, but rather a strategic asset: in dis-

tributed energy systems, where coordination must scale across dozens or

even hundreds of households, a fast and elementary local controller is a nec-

essary building block.

Preliminary studies on the management of forecasting uncertainty demon-

strate how the inclusion of knowledge-based correction mechanisms and ro-

bust planning strategies enables the system to handle prediction errors ef-

fectively, maintaining both operational feasibility and economic efficiency.

The true strength of the proposed HEMS lies in its autonomy and ability to

produce reliable and interpretable scheduling decisions. These local decisions

can be aggregated and coordinated at higher levels to achieve community-

objectives.

The next chapter builds directly on this foundation, exploring how multi-

ple distributed HEMSs, each running the proposed logic, can be orchestrated

to achieve collective goals such as peak shaving, cost balancing, and energy

self-sufficiency. Emphasis will be still placed on scalability and a non-coercive

coordination method through price signal modulation will be presented.
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Chapter 6

Secondary-Level Energy

Management (CEMH)

This work presents a coordinated energy management framework

for Renewable Energy Communities based on a hierarchical archi-

tecture combining distributed HEMS units with a central Commu-

nity Energy Management Hub. Coordination is achieved through

price-based signaling and metaheuristic optimization, enabling

the alignment of individual user objectives with community-level

goals while preserving scalability and real-time feasibility. Dig-

ital twins are employed to emulate user behavior and support

centralized decision-making without direct control actions. As a

preliminary extension, a priority-based load-shedding mechanism

is introduced at the secondary control level to enhance system

resilience under grid constraints. Simulation results show that

coordinated operation significantly improves overall performance,

while controlled load shedding mitigates blackout conditions and

increases the fraction of satisfied demand. 1

1Part of this chapter has been published as Distributed EMS Coordination via Price-

Signal Control for Renewable Energy Communities [86]
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6.1 Introduction

The Community Energy Management Hub (CEMH) represents the supervi-

sory layer responsible for coordinating the actions of individual Home En-

ergy Management Systems (HEMSs) within a Renewable Energy Commu-

nity (REC). Its role is to provide a unified framework for collective decision-

making, enabling the community to behave as an integrated entity rather

than as a set of independent users.

Although an HEMS focuses exclusively on optimising the energy profile

of a single household, the CEMH is tasked with enhancing the overall per-

formance of the community. This includes aligning aggregated consumption

and generation patterns and increasing the level of virtual self-consumption,

which is a key source of economic benefit for RECs.

A major challenge in the design of a CEMH lies in the balance of individual

and collective benefits. In many cases, the optimal community-level strategy

does not coincide with the interests of specific members; therefore, ensuring

fairness, transparency, and long-term participation becomes essential.

This chapter examines the structure, operating principles, and strategic

relevance of the CEMH in contemporary energy communities. Particular at-

tention is devoted to its coordination methods, its management of distributed

Battery Energy Storage Systems (BESSs), and its capacity to guide the REC

toward efficient, stable, and future-oriented operation.

The proposed approach addresses this issue by avoiding direct central con-

trol and instead employing incentive-driven coordination mechanisms, where

the CEMH influences without overriding the decisions executed at the house-

hold level. This paradigm supports scalability, preserves user autonomy, and

enhances social acceptance. The proposed architecture is displayed in Fig-

ure 5.29

6.2 Choice of the Optimization Approach

The work presented in [87] outlines an architecture similar in spirit to the

one proposed in this study, featuring a centralised manager coordinating

distributed local controllers. These local agents operate independently at

the user level, with the goal of minimising household energy costs, while the

central controller oversees the collective optimisation potentially enabling

peer-to-peer energy exchanges among participants. Although such energy
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Figure 6.1: Proposed architecture for two-layer EMS for the RECs showing

the main information exchanges.

sharing is not permitted under current Italian regulation and is therefore

excluded from this work, the reference model provides a valuable baseline.

The referenced study solves both levels of control using Mixed-Integer Lin-

ear Programming (MILP), achieving promising results under different config-

urations of load, renewable generation and storage. However, their analysis

is limited to a community of just four users. In contrast, this study aims to

simulate and coordinate communities of the order of one hundred users, more

representative of actual energy communities with potential grid-level impact.

This scale introduces challenges in both the problem’s dimensionality and

the model’s complexity.

Although MILP provides mathematical rigour and certified optimality

and is supported by mature solvers, it requires a strict linear problem for-

mulation. Nonlinear dynamics must be approximated, typically through

piecewise-linear models using auxiliary variables and big-M constraints. As

the problem’s size increases, so does the computational burden and the com-

plexity of model tuning, often limiting applicability of MILP in large-scale

or real-time scenarios.

For this reason, metaheuristic approaches, such as Particle Swarm Optimi-

sation (PSO), have gained popularity as a more scalable alternative. PSO is

a population-based, derivative-free optimisation method that excels in han-

dling nonlinear, nonconvex problems with limited modelling effort. Each

candidate solution is encoded by a particle whose position evolves based on



128 Secondary-Level Energy Management (CEMH)

individual experience and collective swarm behaviour.

It supports flexible constraint handling, allows encoding of discrete de-

cisions, and is inherently parallelizable. These features make it well-suited

for problems involving a large number of agents and complex interactions,

especially when near-real-time responsiveness is needed.

Studies in the domain of polygeneration highlight the recurring limitations

of MILP, including the need for piecewise linearization, full-horizon coupling

and clustering techniques to reduce dimensionality, factors that inevitably

increase solver burden and modelling effort [88]. Further evidence from in-

traday hydropower scheduling with fine-grained time discretization shows

that MILP struggles to remain tractable as physical detail and system size

grow, especially when compared to heuristic alternatives [89].

PSO trades optimality guarantees for model agnosticism, ease of imple-

mentation and computational tunability. Such traits make it highly at-

tractive for large-scale EMS coordination where digital twins, uncertainty

and dynamic feedback are present in the loop. Hardware-level studies have

demonstrated that PSO can operate effectively even on low-cost microcon-

trollers, with predictable timing and small memory footprints, thanks to

bounded population sizes and iteration caps [90].

Therefore, due to its scalability, modelling flexibility, tunability and com-

patibility with potential hardware contraints PSO has been adopted in this

study as the primary coordination method. MILP remains used as a bench-

mark reference to represent the theoretical optimal achievable under idealised

conditions, providing a valuable baseline for performance comparison in the

studied scenarios.

6.3 Notation and Preliminary Consideration

In this chapter only domestic users are considered, with different degrees of

flexibility depending on their typology: prosumers are equipped with BESS

units, while simple users are modelled through controllable loads. The data

set from which the load and production profiles are drawn to simulate the

user group is described in detail in the corresponding section.

The focus of this study is solely on the optimisation technique; therefore,

the forecasting process is not described in detail. The optimisation strategy

relies on a rolling-horizon architecture with a one-hour time step, meaning

that user behaviour is forecast and then optimised at the beginning of each
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step. For the remainder of the chapter, predictions are assumed to be perfect,

a choice made once again to focus the analysis on the performance of opti-

misation techniques without the noise introduced by forecasting inaccuracy

.

The impact of these studies is left for future research. Throughout the

chapter, the term prosumption is used to represent the energy exchange

between a user and the grid. The sign convention is defined such that the

value is positive when energy is injected into the grid and negative when it

is drawn from it.

The proposed architecture relies heavily on data exchange between the

nodes of the distributed system. The use of digital twins in the CEMH

helps minimise the number of such exchanges. Moreover, since the Energy

Management problem is a “slow” one, with time steps of one hour or, at

minimum, fifteen minutes, latency and bandwidth are not expected to pose

significant issues. It can therefore be assumed that, especially in the case of

many users, the most critical time requirement and the main contributor to

computational load will be the time needed to perform the optimisation.

As will be shown in the following section, important considerations must

be made regarding the prices at which energy is bought and sold. The selling

price Sell price at which the prosumers sell their excess energy is assumed

to be equal to the PUN (Prezzo Unico Nazionale). The PUN is an array

that contains the result of the day-ahead market listing, hour by hour, for

the following day.

The actual energy price is only one component of the total purchase cost.

Some components are fixed and independent of consumption, while the vari-

able components are proportional to it. Since only the variable part can

affect load planning and BESS scheduling, the hourly buying price considers

only the variable components:

Eprice = PUNmonth
avg + Fprice, (6.1)

Buy price = (Eprice + Tprice + Sprice) ·VAT. (6.2)

where:

• PUNmonth
avg = monthly average PUN [Euro/kWh];

• Fprice =

{
0.011 [Euro/kWh], Sunday and from 23:00 to 07:00,

0.0286 [Euro/kWh], otherwise;
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• Tprice = 0.012 [Euro/kWh] (transport cost);

• Sprice = 0.038 [Euro/kWh] (system cost);

• VAT = 1.1.

Another important aspect to consider is virtual self-consumption within

the community which is briefly recalled here for completeness. The Ital-

ian legislation defines it as the minimum, calculated hour by hour, between

the total energy injected into the grid from renewable production by the

community and the total energy requested by the community from the grid.

This parameter is relevant because the community receives a reward for

each kWh self-consumed in this way. Although the exact value may vary de-

pending on the hour and geographical area, it is typically close to 0.10 Eu-

ro/kWh. Therefore, in this study a constant value of 0.10 Euro/kWh is

assumed.

Regarding the REC, an internal compensation mechanism is employed.

In the simulated communities, the cumulative incentive obtained through

virtual self-consumption is partially allocated to reward and compensate in-

dividual users who incur losses while contributing to collective objectives.

The remaining share is retained at the community level.

To apply both the benchmark and the proposed methods, the following

quantities must be known:

• H: prediction horizon (number of steps ahead of the forecasting),

• Nu: number of users.

Then, for each user u ∈ [1, Nu], the following data must be collected:

• pt: forecasted prosumption;

• SOCmax, SOCmin, SOC0: BESS SOC limits and initial value;

• NC : number of controllable loads;

• Buy price, Sell price: hourly buying and selling prices;

• Loadmax,Prodmax: consumption and production at peak hourly rates.

For each load n ∈ {1, . . . , NC}, the following parameters must be specified:
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• CLvn: energy absorption [kWh];

• CLwn: set of hours during which the load can be activated;

• CLrn: number of hours that the load must operate.

The maximum request from controllable loads is therefore:

CLvmax =

NC∑
n=1

CLvn. (6.3)

For each controllable load n, the following additional parameters must be

defined:

• CLreqn: minimum number of activations required;

• CLTWn: set of allowable scheduling hours;

• CLoffsetn: size of the first scheduling slot;

• CLblockedn: parameter indicating whether the load request has al-

ready been satisfied in the initial slot.

6.4 Definition of the MILP Benchmark

Mixed-Integer Linear Programming (MILP) is one of the most common and

reliable approaches in the literature for addressing the problem of energy

management. The first steps are the definition of a set of variables rep-

resenting the state of the problem, followed by a cost function and a set

of constraints describing the relationships among the defined variables. In

this work, a mixed-integer linear formulation of the problem was developed,

starting from the linearisation of the single user–prosumer case and then

extended to cover the entire community.

6.4.1 Definition of the MILP for Single Users

The optimisation problem for a single user aims at scheduling the operation

of the BESS and/or the available controllable loads to maximise the user’s

cash flow. To formulate the problem, the following variables are introduced,

ordered as shown in Figure 6.2:
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Figure 6.2: Visual representation of the order of the variables for the single-

user problem.

• xt: prosumption forecast after optimisation;

• bt: BESS action after optimisation;

• CLT t: total consumption of the controllable loads;

• CLBn,t: hourly scheduling of controllable load n (binary);

• CLV n,t: hourly consumption of controllable load n;

• Injt: grid injection after optimisation;

• Abst: grid absorption after optimisation;

• xs
t : supporting binary variable for sign handling.

Counting all variables, the total number of decision variables in the opti-

misation model is:

Nvar = H (5 + 2Nc) ,

where H is the optimisation horizon and Nc is the number of controllable

loads.

1) Definition of Inequality constraints (total 12*H)

BESS Constraint (2H constraints) The cumulative BESS action must

keep the State of Charge within its admissible limits for all t∗ ∈ {1, . . . , H}:
SOC0 +

t∗∑
t=1

bt ≤ SOCmax,

SOC0 +

t∗∑
t=1

bt ≥ SOCmin.

(6.4)
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Equivalently, 
t∗∑
t=1

bt ≤ SOCmax − SOC0,

−
t∗∑
t=1

bt ≤ −SOCmin + SOC0,

(6.5)

which introduces two linear constraints for each t∗.

Prosumption Sign Constraint (2H constraints) The binary variable

xs
t∗ identifies the sign of the optimised prosumption xt∗ :

xs
t∗ =

{
0, xt∗ < 0,

1, xt∗ > 0,
∀ t∗ ∈ {1, . . . , H}. (6.6)

Using a big-M linearisation (with M = max(Loadmax,Prodmax)):
xt∗

M
≤ xs

t∗ ,

xt∗

M
+ 1 ≥ xs

t∗ ,
(6.7)

which yields the linear form:
xt∗

M
− xs

t∗ ≤ 0,

−xt∗

M
+ xs

t∗ ≤ 1.
(6.8)

Grid Injection Constraint (4H constraints) Linearization of

Injt∗ = max(0, xt∗). (6.9)

The standard big-M formulation is:xt∗ ≤ Injt∗ ≤ xt∗ +M(1− xs
t∗),

0 ≤ Injt∗ ≤ Mxs
t∗ .

(6.10)

This expands to: 

xt∗ − Injt∗ ≤ 0,

− xt∗ + Injt∗ +Mxs
t∗ ≤ M,

−Injt∗ ≤ 0,

Injt∗ +Mxs
t∗ ≤ M.

(6.11)
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Grid Absorption Constraint (4H constraints) Linearization of

Abst∗ = max(0,−xt∗). (6.12)

Using big-M : −xt∗ ≤ Abst∗ ≤ −xt∗ +Mxs
t∗ ,

0 ≤ Abst∗ ≤ M(1− xs
t∗).

(6.13)

Equivalent linear constraints:

−xt∗ −Abst∗ ≤ 0,

xt∗ +Abst∗ −Mxs
t∗ ≤ 0,

−Abst∗ ≤ 0,

Abst∗ +Mxs
t∗ ≤ M.

(6.14)

2) Equality Constraints ((1 + 3Nc)H)

Actions Constraint (H constraints) For every time step t∗ ∈ {1, . . . , H},
the optimised prosumption must satisfy:

xt∗ + CLTt∗ + bt∗ = pt∗ . (6.15)

Controllable Loads Total Constraint (NcH constraints) The total

controllable load consumption must be equal to the sum of the consumption

of each controllable load:

CLTt∗ =

Nc∑
n=1

CLVn,t∗ =⇒ CLTt∗ −
Nc∑
n=1

CLVn,t∗ = 0. (6.16)

Controllable Loads Value Constraint (NcH constraints) Each con-

trollable load n consumes a fixed amount of energy CLvn at every hour in

which it is scheduled:

CLVn,t∗ = CLvn CLBn,t∗ =⇒ CLVn,t∗ − CLvn CLBn,t∗ = 0.

(6.17)
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Figure 6.3: Visual representation of the variables of controllable load n with

CLreqn = 24, CLTWn from 2 to 15, and CLoffsetn = 19.

Controllable Loads Schedule and Slots (NcH constraints) The bi-

nary variable CLBn,t∗ determines whether the load n is scheduled at hour

t∗. Figure 6.3 illustrates the interaction between the parameters CLreqn,

CLTWn, and CLoffsetn for an example load.

From these parameters, a matrix ACLn is constructed with NSLOT rows

and H columns (Figure 6.4). Each row identifies the time window of a slot,

containing ones in the admissible hours and zeros elsewhere.

A trigger vector bCLn is defined as:

bCLn =

 CLtrigg1,n
...

CLtriggNSLOT,n

 , (6.18)

where

CLtriggs,n =

{
1, if the load has not yet been activated in slot s,

0, otherwise.
(6.19)

For each slot s, the scheduling constraint becomes:

H∑
t∗=1

ACLn(s, t
∗)CLBn,t∗ = CLtriggs,n, ∀s ∈ {1, . . . , NSLOT}. (6.20)

3) Definition of the cost function

Since the objective of the single user is to maximise the resulting cash flow,

the associated cost function fcost assigns a value only to the grid exchanges.

Specifically, for each slot of the hour t:

fcost(Injt) = Sell pricet fcost(Abst) = Buy pricet (6.21)
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Figure 6.4: Example of the architecture of the matrix ACLn

and all remaining entries of the cost vector are equal to zero.

Thus, the economic objective becomes:

max

H∑
t=1

(Sell pricet · Injt − Buy pricet ·Abst) (6.22)

which corresponds to maximising the user’s cash flow over the prediction

horizon.

6.4.2 Definition of the MILP for the REC

The purpose of community-level optimisation is to coordinate the actions

of Nu users to maximise community self-consumption and perform peak

shaving. The formulation of the REC problem extends directly from the

single-user formulation: for each user, the complete set of local variables is

defined, and an additional set of community-level variables is introduced.

REC-Level Variables For every time step t ∈ {1, . . . ,H}, the following

community variables are added:

• xREC
t : total community prosumption after optimisation,

• InjREC
t : total community grid injection,

• AbsREC
t : total community grid absorption,

• SelfREC
t : virtual self-consumption of the community,

• GapREC
t : gap between two consecutive points of the prosumption pro-

file,

•
(
GapREC

t

)mod
: absolute value of the prosumption gap.

Figure 6.5 illustrates the ordering of these variables within the global de-

cision vector.
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Figure 6.5: Visual representation of the order of the variables for the whole

REC problem.

Community Maximum Limits The theoretical peak consumption and

peak production of the REC are defined as the sum of the corresponding

limits of each user:

Load MaxREC =

Nu∑
u=1

Load Maxu, Prod MaxREC =

Nu∑
u=1

Prod Maxu.

(6.23)

Decision Variable Count Let Nvars
user denote the number of variables re-

quired for a single-user problem. The total number of variables in the REC-

level optimisation becomes:

Nvars
REC = Nu ·Nvars

user + 6H. (6.24)

REC Constraint Structure Community-level constraints must include

the following:

• the full set of constraints defined for each user of the REC,

• the additional constraints defining the REC variables and their re-

lationships (e.g., aggregation of prosumptions, injection, absorption,

virtual self-consumption, and peak-shaving constraints).

Both equality and inequality constraint matrices follow the block-structured

organisation shown in Figure 6.6, where user-level constraint blocks are com-

bined with REC-level constraints to form the complete MILP system.
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Figure 6.6: Visual representation of the content on the constraint matrices

of the REC problem.

1) Definition of Inequality constraints (total (12*Nu + 4) ∗H)

Self-Consumption Constraint (2H constraints) The REC’s virtual

self-consumption at each time step is defined as the minimum between the

total grid injection and the total grid absorption:

SelfREC
t∗ = min

(
InjREC

t∗ , AbsREC
t∗

)
, ∀ t∗ ∈ {1, . . . , H}. (6.25)

The minimum operator is linearised through the following inequalities:SelfREC
t∗ ≤ InjREC

t∗ ,

SelfREC
t∗ ≤ AbsREC

t∗ .
=⇒

SelfREC
t∗ − InjREC

t∗ ≤ 0,

SelfREC
t∗ −AbsREC

t∗ ≤ 0.
(6.26)

To enforce a correct solution, the objective function must be formulated

so that SelfREC
t∗ is maximised on whole prediction horizon.

Absolute Value of Prosumption Gap (2H constraints) For each time

step, the REC prosumption gap is defined as:

GapREC
t∗ = xREC

t∗+1 − xREC
t∗ , ∀t∗ ∈ {1, . . . , H}. (6.27)

Its absolute value is modelled through the auxiliary variable
(
GapREC

t∗
)mod

,

which satisfies the following:(
GapREC

t∗
)mod

=
∣∣GapREC

t∗

∣∣ . (6.28)
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This is linearised through:GapREC
t∗ ≤

(
GapREC

t∗
)mod

,

−GapREC
t∗ ≤

(
GapREC

t∗
)mod

.
=⇒

GapREC
t∗ −

(
GapREC

t∗
)mod ≤ 0,

−GapREC
t∗ −

(
GapREC

t∗
)mod ≤ 0.

(6.29)

To produce the intended peak-shaving effect, the objective function must

be designed to minimise
(
GapREC

t∗
)mod

.

REC Grid Injection (H constraints) The total REC grid injection is

the sum of the grid injections of all users:

InjREC
t∗ =

Nu∑
u=1

Inju,t∗ =⇒ InjREC
t∗ −

Nu∑
u=1

Inju,t∗ = 0. (6.30)

REC Grid Absorption (H constraints) Similarly, the total REC ab-

sorption from the grid is the sum of the absorptions of the users:

AbsREC
t∗ =

Nu∑
u=1

Absu,t∗ =⇒ AbsREC
t∗ −

Nu∑
u=1

Absu,t∗ = 0. (6.31)

REC Prosumption (H constraints) The REC prosumption is defined

as the difference between the total grid injection and the total grid absorp-

tion:

xREC
t∗ = InjREC

t∗ −AbsREC
t∗ =⇒ xREC

t∗ −InjREC
t∗ +AbsREC

t∗ = 0. (6.32)

REC Prosumption Gap (H constraints) For peak-shaving purposes,

the REC prosumption gap is defined as the difference between two consecu-

tive REC prosumption values, for all t∗ ∈ {1, . . . , H − 1}:

GapREC
t∗ = xREC

t∗ − xREC
t∗+1 =⇒ GapREC

t∗ − xREC
t∗ + xREC

t∗+1 = 0. (6.33)

3) REC-Level Cost Function

The objective of REC combines both the individual goals of each user and

the collective goals of the community. For the components of the cost vector

associated with user-level variables, the REC cost function simply replicates
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the corresponding single-user’s costs. For community-level variables, the ob-

jective incorporates the reward for virtual self-consumption and the penalty

associated with prosumption variations.

The resulting REC cost vector fREC
cost is therefore defined as follows:

fREC
cost (SelfREC

t ) = 0.10, (6.34)

corresponding to the incentive (€/kWh) granted for each unit of virtual

self-consumption within the community.

To promote peak shaving and smooth the aggregated profile of the REC,

the absolute value of the prosumption gap is assigned a small penalisation:

fREC
cost

(
(GapREC

t )mod
)
= 0.01, (6.35)

a value selected through preliminary calibration to ensure that maximising

the self-consumption reward remains the primary objective.

For user-related variables, the REC cost vector inherits the corresponding

single-user cost weights:

fREC
cost (Varuser,N ) = f

(N)
cost . (6.36)

All remaining entries in the REC cost vector are set to zero.

fREC
cost (·) = 0 for all other positions. (6.37)

6.5 Definition of the Proposed Approach

The proposed architecture combines a rule-based approach with metaheuris-

tic optimisation techniques, implemented in a distributed system. Each pro-

sumer is equipped with a local EMS that interacts with a central coordina-

tion node. The distributed HEMS units send their forecasted prosumption

profiles to this central CEMH.

In CEMH, a digital twin of each prosumer’s HEMS is maintained. These

digital twins allow the system to emulate the behaviour of the entire com-

munity locally, minimising communication delays. Once all forecasts are

collected, a metaheuristic optimisation method is applied to determine the

optimal strategy to achieve the REC objectives. In this work, the PSO

technique was used.

Importantly, this optimisation does not directly alter the actions of indi-

vidual users. Instead, it indirectly influences HEMS behaviour by adjusting
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the perceived buy and sell prices, effectively steering the distributed systems

toward the desired global outcome. These updated commands, expressed as

price modifications, are then sent back to the distributed HEMS network.

Note that the label CMD assigned to some of the following variables

indicates that they are evaluated after accounting for the effect of storage

management within the system.

6.5.1 Energy Management Hub

Figure 6.7 shows the information flow between the blocks of the system, while

Figure 6.8 illustrates the CEMH logic. After collecting the distributed load

and production forecasts, the flow splits into two branches: load coordination

(left, blue) and BESS Coordination (right, green).

Both rely on digital twins to emulate the user’s HEMSs behaviour and

employ PSO as a metaheuristic optimisation technique. The load coordi-

nation is achieved by adjusting the Buyprice,t, while the BESS coordination

is driven by altering the Sellprice,t. Defining Selluprice,t and Buyuprice,t as the

price profiles received as input by the HEMS of the user u, the following

relationships hold:

Selluprice,t = Sellux,t + Sellprice,t (6.38)

Buyuprice,t = Buyux,t +Buyprice,t (6.39)

where Sellux,t and Buyux,t are the decision variables optimised by CEMH to

achieve coordination. Note that the HEMS digital twins are exact clones of

the distributed ones. To complete a full coordination cycle, both paths must

be executed once. The priority between them is determined by evaluating

the variability of the controlled variables, defined as follows:

BuyGAP
price = max(Buyprice,t)−min(Buyprice,t) (6.40)

SellGAP
price = max(Sellprice,t)−min(Sellprice,t) (6.41)

As noted, the outputs of this process are not direct control commands

to individual users but price alterations perceived by their EMSs. Since

these alterations translate into costs in real-world scenarios, it is desirable to

minimise them. Therefore, the coordination process starts with the branch
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Figure 6.7: Architecture of the CEMH and information flow to and from the

distributed EMS network.

thet require smaller price adjustments to influence user behaviour toward the

REC objectives, assumed to be the one associated with the smaller GAP.

Both paths start with the same two steps: a preliminary digital-twin plan-

ning, followed by a forecast of REC behaviour. First, the optimisation and

scheduling of all controlled users are executed without any alterations to the

price profile, which will only be optimised later within the branch. This oper-

ation simulates the REC as it would behave without coordination, providing

a baseline forecast of the community’s behaviour.

The result of this step provides, for each user u, the following forecasted

profiles:

• Injuflow,t: grid injection profile scheduled in absence of BESS

• Absuflow,t: grid absorption profile scheduled in absence of BESS

• InjuCMDflow,t: grid injection profile scheduled in presence of BESS

• AbsuCMDflow,t: grid absorption profile scheduled in presence of BESS

From these, the cumulative injection and absorption profiles of all users

can be evaluated as follows:

Injtotflow,t =

Nu∑
u=1

Injuflow,t (6.42)

InjtotCMDflow,t =

Nu∑
u=1

InjuCMDflow,t (6.43)
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Figure 6.8: Flowchart of the decision three of the optimization process per-

formed inside of the CEMH.
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Abstotflow,t =

Nu∑
u=1

Absuflow,t (6.44)

AbstotCMDflow,t =

Nu∑
u=1

AbsuCMDflow,t (6.45)

Note that these profiles differ from those of the REC itself. A further step

is required to compute the REC profiles, both in the case without BESS and

after scheduling:

RECflow,t = Injtotflow,t −Abstotflow,t (6.46)

RECCMDflow,t = InjtotCMDflow,t −AbstotCMDflow,t (6.47)

InjREC
flow,t = max(RECflow,t, 0) (6.48)

InjREC
CMDflow,t = max(RECCMDflow,t, 0) (6.49)

AbsREC
flow,t = max(−RECflow,t, 0) (6.50)

AbsREC
CMDflow,t = max(−RECCMDflow,t, 0) (6.51)

From this point on, the two branches diverge; their steps are described in

detail below. From the BESS coordination, the steps are the following.

REC Ideal Injection Profile Definition

Assuming that BESS units are used only for the needs of their respective

owners, virtual self-consumption can occur only during time intervals where

a surplus of production and injection is forecasted. Under this assumption,

the maximum possible injection at each hour cannot exceed the cumulative

injection forecast without storage:

Injtotflow,t∗ ≥ InjtotCMDflow,t∗ ∀t∗ ∈ {1, . . . , H} (6.52)

During the forecasting horizon, the energy profile can be segmented into

intervals characterised by energy exchanges of the same sign, alternating
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between injection and absorption periods. Defining TWtot
Inj as a time window

of adjacent hours with Injtotflow,t > 0, the injected and absorbed energy within

this interval can be evaluated.

EInj
TW =

∑
t∗∈TWtot

Inj

InjtotCMDflow,t∗ (6.53)

EAbs
TW =

∑
t∗∈TWtot

Inj

AbstotCMDflow,t∗ (6.54)

The target injection profile for each such window is defined as:

RECTarget
CMDflow,t∗ = Injtot,TargetCMDflow,t∗ −AbstotCMDflow,t∗ ∀t∗ ∈ TWtot

Inj (6.55)

The energy available in each window is:

Edisp
TW = EInj

TW − EAbs
TW (6.56)

A first approximation of the target profile is:

Injtot,TargetCMDflow,t∗ =
Edisp

TW

|TWtot
Inj |

+AbstotCMDflow,t∗ ∀t∗ ∈ TWtot
Inj (6.57)

Since the feasibility condition in 6.52 must always hold, the profile is it-

eratively corrected by redistributing excess energy from unfeasible hours be-

tween the others. This operation is repeated for each injection interval in

the REC, obtaining a target profile that serves as a reference for subsequent

optimisation steps.

Figure 6.9 shows a visual representation of this procedure, while Fig-

ure 6.10 illustrates the corresponding logic flowchart.
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Figure 6.9: Examples of the definition of the Target Injection Profile.

Figure 6.10: Flowchart of the evaluation process of the Target Injection

Profile.
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6.5.2 BESS Coordination Through PSO Optimization

In this branch, the search for the optimal solution is carried out using Particle

Swarm Optimisation (PSO) in two distinct phases. In both phases, the

digital twins of the community HEMSs are included in the cost functional,

meaning that the entire REC is fully simulated for each particle of the swarm

and at every iteration of the algorithm.

The optimised variables are the alterations Sellux applied to the selling

price Selluprice perceived by each user. For consumers, Sellux,t is used at every

time step, while for prosumers an upper boundary is imposed. Since Sellux
essentially represents an incentive for paying the prosumer to act against

their individual interest to achieve community objectives, it is important to

guarantee sustainability. In this work, such boundary is set to be equal to

the reward of self-consumption, 0.10 €/kWh.

The choice of a rule-based technique is essential here as it reduces com-

putational cost while still allowing multiple full REC simulations within

an acceptable time frame. For each particle p of the swarm, there is an

Inj
(tot,p)
CMDflow,t∗ and a corresponding CERp

CMDflow,t∗ .

The first phase is the Aiming step, in which user selling prices are altered

to drive the particle injections Inj
(tot,p)
CMDflow,t∗ as close as possible to the target

profile Inj
(tot Target)
CMDflow,t∗ for all t∗ ∈ {1, . . . , H}. Figure 6.11 offers a visual exam-

ple of this step. The proximity is evaluated through RMSE, so the functional

to minimise becomes the following:

Aimp
cost =

√√√√√√
H∑

t∗=1

(
Inj

(tot,p)
CMDflow,t∗ − Inj

(tot Target)
CMDflow,t∗

)2
H

(6.58)

At the end of this run of the PSO is expected a set of Sell
(u,aim)
x,t for all

u ∈ {1, . . . , Nu} that corresponds to an Inj
(tot,aim)
CMDflow,t∗ very close to the Target

Injection Profile, with a corresponding Aimcost.

It is possible to define Sellaimx as the sum of all contributions Sell
(u,aim)
x,t in

both t and u, which represents the total set of promises made to achieve a

given solution. A challenging property of the energy management problem at

the user level is its discrete nature: to alter the scheduling of a storage unit

in a given hour, the corresponding price adjustment must exceed a minimum

threshold.
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Figure 6.11: Example of the effect of the alteration on the selling prices and

result after the aiming run of the PSO

An adjustment smaller than this value does not trigger any scheduling

change, while one that is larger but still below a second threshold simply

increases the price without effect. Both cases result in wasted resources, and

thus the solution obtained at the end of the Aiming step does not take into

account this behaviour.

For this reason, a second Refining run of PSO is introduced. In this

phase, the sets of Sell
(u,aim)
x,t obtained in the first step are used both as initial

conditions and as upper bounds for the corresponding variables. An example

of this phase is shown in Figure 6.12. The optimisation functional is also

modified. While it continues to include and rely on the digital twins of the

community EMSs, the cost function is defined as follows:

Ref
(p,app)
cost =

√√√√√√
H∑

t∗=1

(
Inj

(tot,p)
CMDflow,t∗ − Inj

(tot Target)
CMDflow,t∗

)2
H

(6.59)

Sell(p,ref)x =

Nu∑
u=1

H∑
t∗=1

Sell
(p,u)
x,t∗ (6.60)
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Figure 6.12: Example of the effect of the alteration on the selling prices and

result after the refining run of the PSO.

Refpcost = α

√(
Ref

(p,app)
cost −Aimcost

)2
+ β Sell(p,ref)x (6.61)

By choosing α ≫ β, the swarm is driven to identify a solution equivalent

to the one obtained at the end of the Aiming step in terms of proximity

to the target injection profile, but with a significantly lower global cost in

terms of the promised alterations. This effectively eliminates unnecessary

overpricing.

The resulting set of Nu alteration profiles Sell
(ref,u)
x,t , obtained at the end

of the Refining step, is considered the optimal solution for the set Sellux,t to

be used as commands to be sent to the distributed HEMSs.

The decision to split the optimization into two phases resulted from trial-

and-error experimentation. Tests showed that this two-step process outper-

forms a single-step approach, both in terms of solution quality and compu-

tational efficiency.



150 Secondary-Level Energy Management (CEMH)

Figure 6.13: Visual representation of the two PSO runs employed in the

BESS coordination process, illustrating how they interact with each other.

Two additional strategies applied to sensibly reduce computation time are

described as follows:

Interval independence. Given the assumption that prosumers always

prioritise self-consumption, storing sufficient energy in their batteries to

cover future demand regardless of market conditions, the total energy in-

jected into the grid in each injection interval remains fixed, independent of

actions taken in other intervals.

Consequently, the optimisation of each interval can be treated as an in-

dependent problem, decomposing a large, complex problem into a sequence

of smaller subproblems, each focused only on the relevant variables for that

interval. This approach allows the forecasting horizon to be divided into a

series of intermittent injection and absorption intervals, each characterised

by its own duration Ilength. The counting of these intervals starts from the

one closest to the present moment.
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Asymmetric resource allocation. Due to the receding-horizon struc-

ture of the problem, the same points and intervals are optimised multiple

times before actual execution. To improve efficiency, more computational

effort, expressed as the maximum number of PSO iterations, is allocated to

intervals closer to real-time execution, whereas fewer resources are devoted

to points further in the future. This reflects both practical considerations of

rolling optimisation and the real-world effect (though not addressed in this

work) of increasing forecast uncertainty at longer horizons.

To preserve progress across successive temporal steps, at the start of a new

optimisation cycle, 10% of the swarm particles are initialised from the best

solution obtained at the end of the previous step, shifted by one temporal

step. This anchoring effect stabilises the optimisation process while enabling

adaptation to updated forecasts.

For both phases, the PSO hyperparameters were tuned experimentally

and heuristically, and the chosen ones are shown in Tables 6.5.2 and 6.5.2,

while Figure 6.13 represents the concept of the two optimisation runs and

how they are connected. Some of them were kept constant, while others

were adjusted to implement the two strategies described above, aimed at

improving computation time.

This is particularly true for the PSO used in the Aiming phase, where

computational resources are focused on the search for solutions within the

injection intervals closer to the present moment. In both phases, the swarm

size depends on the length of the interval; however, the upper bound used

in the Refining phase is smaller, as this problem is easier to solve.

SwarmAim
Size = min (max(Nu, Ilength), 200) (6.62)

SwarmRef
Size = min (max(Nu, Ilength), 100) (6.63)

Table 6.1: PSO hyperparameters for the Aiming Run.

NInterval Maxiter Maxstall
iter Tol. In.range WSelf WSocial

I = 1 30 10 0.001 [0.1, 1.1] 1.49 1.49

I = 2 20 8

I = 3 10 8

I > 3 5 5
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Table 6.2: PSO hyperparameters for the Refining Run.

Maxiter Maxstall
iter Tol. In.range WSelf WSocial

5 5 0.001 [0.1, 1.1] 1.49 1.49

6.5.3 Load Coordination Through PSO Optimization

This branch is essentially constituted by the PSO for Load Coordination,

carried out in a single phase. Figure 6.14 helps to recapture the details of

this passage. In this case, the digital twins of the community HEMSs are

included in the optimisation functional, but only for the controllable load

component. The optimised variables are again the alterations Buyux applied

to the buying price Buyuprice perceived by each user.

The objective of the CEMH in this branch is to distribute controllable

loads across the time horizon to limit peaks in grid absorption and maximise

self-consumption. REC simulation is first performed without considering

controllable loads, obtaining CERCMDflow,t, which allows us to identify in

which hours self-consumption can be achieved and in which grid absorption

will be critical. For each swarm particle, the load scheduling of all users is

then performed, producing sets of grid absorption profiles due to controllable

loads, Abs
(u,p)
CL,t .

The total grid absorption due to controllable loads for each particle is

given by:

Abs
(tot,p)
CL,t =

Nu∑
u=1

Abs
(u,p)
CL,t (6.64)

By combining this with the forecasted REC profile, an approximation of

the community behaviour that take in account the presence of controllable

loads is obtained:

RECp
CL,t = RECCMDflow,t −Abs

(tot,p)
CL,t (6.65)

Abs
(REC,p)
CL,t = min

(
RECp

CL,t, 0
)

(6.66)
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Figure 6.14: Representation of the PSO run employed in the load coordina-

tion process.

The functional cost is defined as the RMSE of the REC grid absorption:

CLcost
p =

√√√√√√
H∑

t∗=1

(
Abs

(REC,p)
CL,t∗

)2
H

(6.67)

This cost function naturally reduces total grid absorption by pushing con-

trollable loads to be scheduled during hours of forecasted REC injection. At

the same time, it penalises high peaks, leading to a smoother load distribu-

tion across the horizon. The rolling-horizon framework, already described in

previous branches, is also applied here.

At the end of the optimisation cycle, the result is a set of Nu alteration

profiles Buy
(CL,u)
x,t , considered the optimal solution for the set Buyux,t, and

subsequently used as commands to be sent to the distributed HEMSs.

Table 6.5.3 shows the hyperparameters used for PSO in the load coordi-

nation phase:

Swarm SizeRef = min (max(Nu, Ilength), 100) (6.68)

Table 6.3: PSO hyperparameters for Load Coordination.

Maxiter Maxstall
iter Tol. In.range WSelf WSocial

5 10 0.001 [0.1, 1.1] 1.49 1.49
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6.5.4 Results

To evaluate performance, both the MILP benchmark and the proposed

methodology were applied to simulated RECs over a one-year test period,

performing the optimisation problem three days ahead, under the constraint

of prioritising storage for self-consumption. To emulate the behaviour of

users and prosumers, historical data of loads and productions were taken

from the Ausgrid dataset. Meanwhile, to take into account the day-ahead

energy market, the 2024 PUN history was downloaded directly from the GSE

portal.

• Ausgrid: dataset from which the load and production profiles of pro-

sumers from Australia are collected, with half-hour resolution. From

the set, the data for a whole year were extracted and, among them,

126 profiles with fewer missing values were selected and converted to

hourly-based resolution. Then these profiles were used to represent the

first set of prosumers.

• PUN: downloaded from the GSE portal, representing the historical

result of the MGP. This data represents the cost reached by an MWh

of energy, hour by hour, in every zonal market in Italy. The PUN is

the hourly mean of all zonal prices. For this work, the year 2024 of

PUN was used.

To combine these datasets, the Ausgrid dataset must be shifted by six

months to align the seasonal cycles. This adjustment ensures that both load

and production profiles correspond to the appropriate price curves, resulting

in a more realistic case study.

To normalise the behaviour of prosumers, all profiles were rescaled in the

same way. All load profiles were adjusted to reach an annual consumption of

3 MWh. The same process was applied to the production profiles to simulate

3 kWp plants, scaling them to simulate an annual production of 3 MWh.

For each prosumer, a 6 kWh BESS was considered.

For pure users, the presence of two controllable loads was also considered.

The first has a consumption of 0.5 kWh, schedulable once per day within

the time window from 8 a.m. to 6 p.m. The second has a request of 1 kWh,

schedulable once every two days within the time window from 3 p.m. to

11 p.m.
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The algorithms were implemented in MATLAB R2024a and executed on a

machine equipped with an Intel Core i9-13900K processor (Santa Clara, CA,

USA) and 32 GB of RAM. The simulated RECs consisted of 100 domestic

users, including 60 pure consumers and 40 prosumers. User profiles were

randomly drawn from the Ausgrid dataset until the required community size

was reached. Three optimisation approaches were tested under the different

REC scenarios:

• The MILP benchmark, used as the golden standard to provide the best

achievable results in terms of cash flow;

• Distributed HEMSs without CEMH, representing the baseline behaviour

of the REC in the absence of coordination;

• Distributed HEMSs with active CEMH, i.e., the proposed methodol-

ogy.

In all tests, the results showed that the performance of the defined bench-

mark are consistent with what is presented in the literature, taking an av-

erage time of 20 s to solve the problem in each single iteration, leading to

an improvement in the self-consumption of the community of 35% on aver-

age with respect to the case without any coordination. In Figure 6.15, an

example of a full year of energy exchanges between the REC and the grid is

shown.

It can be observed that, in the case of active coordination, most of the

peaks are shaved, both for the EMH ON and MILP cases. Figure 6.16

shows the same example; however, this time, the curves are not overlapped,

allowing for a clearer comparison of the effects of the two different techniques.

Therefore, the tests show that the introduction of the CEMH, in place of

the MILP, improved the REC performance to a similar extent, both in terms

of the regularity of the community profile and the incentives collected. The

latter parameter is easier to quantify and provides an indirect indication of

the quality of coordination. The proposed approach achieved results within

the range of 8+6.2
−1.6 % of the optimum obtained by the MILP benchmark, with

a confidence of 95%.

In Figure 6.17, an example of the trend of self-consumption incentive is

presented, illustrating the resulting REC behaviuor under different coordi-

nation approaches. Table 4 instead reports the results obtained for all the

RECs tested, using the following definitions:
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Figure 6.15: Visual comparison of the energy exchange between REC and

Grid in case of different methodology. The profiles are shown overlapped.

Figure 6.16: Visual comparison of the energy exchange between REC and

Grid in case of different methodology. The profiles are shown on different

plots.
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IncabsMILP = IncfinalMILP − IncfinalCEMH off (6.69)

IncabsCEMH on = IncfinalCEMH on − IncfinalCEMH off (6.70)

IncrelMILP =
IncabsMILP

IncfinalCEMH off

(6.71)

IncrelCEMH on =
IncabsCEMH on

IncfinalCEMH off

(6.72)

The results are expressed as distributions and, due to the limited number

of tests, the standard deviation s was evaluated using the Bessel correction.

The chi-square distribution was then used to estimate the boundaries of the

confidence interval. Here, xi represents the observed value, x̄ is the mean, n

is the number of observations, and df = n−1 denotes the degrees of freedom

of the chi-square distribution.

s =

√√√√ 1

n− 1

n∑
i=1

(xi − x̄)2 (6.73)

σ1−α =

[√
df s2

χ2
1−α/2, df

,

√
df s2

χ2
α/2, df

]
(6.74)

Table 6.4: Reward from self-consumption of the tested RECs and averages.

REC 1 2 3 4 5 6 Avg. ±σ95%

IncfinalMILP(€) 3052 3102 3042 2961 3128 3084 3061 ±144
37

IncfinalCEMH on(€) 2936 2928 2779 2789 2926 2951 2914 ±193
49

IncfinalCEMH off(€) 2301 2287 2163 2120 2254 2281 2234 ±183
47

IncabsMILP(€) 751 816 880 841 873 803 827 ±117
30

IncabsCEMH on(€) 635 641 616 669 671 670 650 ±56
14

IncrelMILP(%) 32.6 35.7 40.7 39.7 38.7 35.2 37.1 ±7.8
1.9

IncrelCEMH on(%) 27.6 28.0 28.5 31.6 29.8 29.4 29.1 ±3.5
0.9

GapMILP
CEMH on(%) 5.0 7.6 12.2 8.1 9.0 5.9 8.0 ±6.2

1.6
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Figure 6.17: Visual comparison of the cash flow obtained after one year of

usage of the different optimization techniques on the same CER.

All results were represented with a confidence level of 95% (α = 0.05),

evaluating the chi-square distribution with df = 5. The following values are

used:

χ2
0.975,5 ≈ 12.833, χ2

0.025,5 ≈ 0.831. (6.75)

In Figure 6.18, the results in terms of GapMILP
CEMH on are presented through-

out the year in a box plot, allowing an evaluation of how the difference in

quality between the two methods varies throughout the year.

However, such improvement in performance is not cost-free. Coordination

imposes a burden on users, particularly prosumers, who must reschedule

the operation of their BESS to sell energy at different, and sometimes less

favourable, hours. Since these lost opportunities are the result of deliberate

choices made for collective benefit, it is essential that the members who take

them are adequately rewarded for their collaboration and compensated for

their losses.

In this regard, tracking the price alterations generated by the proposed

method provides a fair and real-time evaluation of each user’s contribution,

facilitating redistribution of incentives and rewarding those who prioritise

community objectives over individual gains.

These values ultimately make it possible to estimate the lower bound of
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Figure 6.18: Boxplot of GapCEMHMILP
on duringtheyear.

the incentive percentage that should be redistributed among worthy users,

while the remaining share can be retained by the REC and used at its own

discretion.

Defining Usersfinalloss as the difference between the cumulative cash flow of

all REC members with and without CEMH, UsersfinalSell rew as the total in-

centive allocated to reward users who shift their injection scheduling, and

UsersfinalBuy rew as the cumulative incentive used to reward users who modify

their controllable load scheduling, the results of the rewards evaluation are

shown in Table 6.5.

Each reward is evaluated by valuing the energy exchanged by the users

using the historical price alterations computed through the CEMH coordina-

tion, instead of the original market prices. Let x
(u,hist)
t denote the historical

prosumption of user u at time t, and let Sell
(u,hist)
x,t and Buy

(u,hist)
x,t denote,

respectively, the historical sell- and buy-price alteration signals assigned to

user u. We can then define the rewards, ∀t ∈ hist, as follows:

SelluRew,t = x
(u,hist)
t · Sell(u,hist)x,t (6.76)

BuyuRew,t = x
(u,hist)
t · Buy(u,hist)x,t (6.77)

Sell
(u,final)
Rew =

∑
t∈hist

SelluRew,t (6.78)
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Buy
(u,final)
Rew =

∑
t∈hist

BuyuRew,t (6.79)

UsersfinalSell rew =
∑
u∈Nu

Sell
(u,final)
Rew (6.80)

UsersfinalBuy rew =
∑
u∈Nu

Buy
(u,final)
Rew (6.81)

It should be noted that such evaluations are easy to perform either at

the end of each optimisation cycle in real time or over longer aggregation

periods, such as weekly or monthly intervals.

Table 6.5: Users’ losses due to coordination and evaluated rewards.
REC 1 2 3 4 5 6 Avg. ±σ95%

Usersfinalloss (€) −93.6 −104.7 −94.5 −103.1 −102.3 −69.3 −94.6 ±32.5
8.3

UsersfinalSell rew(€) 235.2 214.2 221.4 219.1 237.1 240.5 228.2 ±27.0
6.9

UsersfinalBuy rew(€) 89.6 89.6 89.0 88.8 90.0 89.0 89.3 ±1.1
0.3

Another key aspect is the computational cost. As mentioned in the in-

troduction, MILP formulations tend to grow rapidly in size and require sig-

nificant computational resources. The MATLAB implementation required

sparse matrix formulations and, more importantly, exhibited longer execu-

tion times. The main tests showed that MILP required, on average in the

case studies, roughly three times longer to complete an optimisation cycle

compared to the proposed method, for communities structured as described

above.

The computation time depends on the number of users Nu and the propor-

tion of prosumers within the community. This trend was further investigated

and confirmed by additional tests in which the number of community mem-

bers Nu varied from 50 to 1000 users, and the prosumer-to-consumer ratio

PCratio was adjusted from 20% to 80% of the total.

The composition of the community was randomly generated and then

tested for a full day of operation, which is a total of 24 iterations. The rolling

horizon of the optimisation was kept to three days ahead, i.e., H = 72 h.

Tables 6.5.4 and 6.5.4 present the results of varying Nu and PCratio with

respect to the average optimisation time, allowing a direct comparison be-

tween the two methodologies. The number of constraints increases linearly

with the number of users.
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Talking about the number of inequality constraints, which mainly define

the controllable loads possessed only by pure consumers, it decrease as the

percentage of prosumers increases. It should also be noted that a higher

share of prosumers implies that more variable bounds are relaxed, such as

those related to battery operations, allowing MILP to explore a larger feasible

region and thereby increasing the overall complexity of the problem.

Table 6.6: Average time cost of the proposed method to complete one opti-

mization iteration.
PC ratio = 20% 40% 60% 80%

Nu = 50 5.46 s 5.85 s 4.85 s 4.55 s

Nu = 100 5.53 s 6.44 s 8.91 s 8.21 s

Nu = 500 77.68 s 100.03 s 113.14 s 124.14 s

Nu = 1000 175.18 s 213.24 s 234.30 s 254.34 s

Table 6.7: Average time cost of MILP benchmark per iteration and number

of inequality and equality constraints.

PC ratio = 20% 40% 60% 80%

Nu = 50 3.40 s 7.11 s 5.80 s 48.88 s

604× 72 h 294× 72 h 604× 72 h 234× 72 h

Nu = 100 4.96 s 10.79 s 31.02 s 704.23 s

1204× 72 h 584× 72 h 1204× 72 h 464× 72 h

Nu = 500 88.52 s 294.08 s 407.92 s 3897.4 s

6004× 72 h 2904× 72 h 6004× 72 h 2304× 72 h

Nu = 1000 483.66 s 1048.1 s 1077.6 s 7242.5 s

12 004× 72 h 5804× 72 h 12 004× 72 h 4604× 72 h

6.5.5 Discussion

As expected, the MILP benchmark outperformed the proposed methodol-

ogy in terms of solution optimality. Nevertheless, the proposed approach

achieved results sufficiently close to the theoretical optimum to justify a dis-

cussion of the trade-offs involved. As recognised in the literature, real-time

energy management must operate under strict time constraints, where ob-

taining a near-optimal solution within an acceptable time is preferable to

computing the true optimum too late for practical implementation.
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The proposed hybrid framework, which combines a PSO metaheuristic

with a rule-based control layer, was specifically designed for real-time de-

ployment with particular attention to both computational efficiency and

hardware constraints. Its light implementation and limited computational

demand make it suitable for edge-computing environments and large-scale

community deployment.

Beyond performance efficiency, the proposed coordination mechanism in-

troduces a transparent price-based reward system that allows the fair com-

pensation of individual users contributing to community objectives at a per-

sonal cost. This transparency and fairness in value sharing are essential

design choices, recognising that Renewable Energy Communities depend on

the active cooperation of real human participants.

By ensuring that collective optimisation does not penalise individual mem-

bers, the proposed methodology fosters trust and increases user acceptance

in delegating part of their control to the EMS. It is important to note, how-

ever, that the results shown were obtained by applying the proposed method

to a specific case study.

Although the methodology is expected to be able to approach the opti-

mum under different conditions, the value of GapMILP
CEMH on may vary in terms

of percentage points. Further analysis, applying the proposed method to

different configurations, will be carried out in future works.

A further step toward real-world implementation of the proposed archi-

tecture will involve addressing the communication layer and validating the

system in operational environments and the reliance on perfect forecasting.

Unfortunately, in real-world scenarios, this assumption is unrealistic and the

impact of uncertainty on performance will be explicitly evaluated. The im-

plementation of techniques such as robust optimisation and stochastic model

predictive control has already been evaluated for integration both at the

HEMS and within the digital twin environment of the CEMH, to effectively

address this uncertainty.

Overall, the proposed framework represents a pragmatic and scalable step

toward the realisation of resilient, fair and human-centric Energy Manage-

ment Systems for next-generation Renewable Energy Communities.
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6.6 Load Shedding and Resilience

Load shedding is one of the key functionalities that can be implemented

at the secondary control level of an energy management architecture. The

underlying idea is to modulate the load requested by users according to the

amount of energy available within the system and the maximum power that

can be safely drawn from the grid. In practical terms, load shedding acts as a

security layer that selectively disconnects the minimum amount of electrical

loads needed to prevent the system from exceeding its operational limits.

This mechanism plays a crucial role in enhancing the overall resilience of

the grid. When the capacity of the grid is exceeded, the typical consequence

is a cascading failure leading to a widespread blackout and, therefore, the

complete loss of all loads served. By contrast, a controlled load-shedding

strategy mitigates this risk by ensuring that only a limited subset of loads

is temporarily curtailed, allowing the system to remain operational.

In this sense, resilience can be quantified through metrics such as the Load

Served Ratio (LSR), defined as the ratio between the effectively supplied

load and the load originally requested by users, and is also one of the core

components of the broader System Resilience Index (SRI), widely used in the

analysis of smart grids and microgrids. In this work, we focus specifically on

improving the LSR, as it directly captures the effectiveness of the shedding

mechanism in maintaining service continuity.

LSR =
Load Served

Load Requested
(6.82)

Furthermore, a hierarchical or priority-based load-shedding scheme can

be implemented to determine the order in which the loads are disconnected.

This introduces a structured and socially meaningful approach to resilience.

For example, in a residential smart grid, critical loads such as hospitals or

hydraulic pumping stations would be classified as high-priority assets and

disconnected only under extreme conditions. Conversely, non-critical resi-

dential loads would be the first candidates for curtailment, ensuring that

essential services remain operational for as long as possible.

In our work, this mechanism has been incorporated as part of the CEMH

functionality and is executed prior to the scheduling process. This ensures

that the optimisation phase begins from a feasible operating point, where

the risk of violating grid constraints has already been mitigated through

controlled and prioritised load reduction.
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When CEMH schedules the shedding, it does so over the entire duration

of the forecasted horizon, and the process occurs in two steps. In the first

step, all internal production is omitted, and the cumulative load profile is

compared with the grid’s availability to evaluate a preliminary shedding

plan. The second step involves the use of a PSO, which starts from both the

solution obtained in the previous CEMH iteration and the one found at the

end of step one.

Load shedding has been implemented in a discrete form, and each user

has been characterised by:

• a shedding priority level Sheddup ,

• the minimum load level that must remain available before complete

disconnection ShedduBSlvl
,

• the total number of shedding levels ShedduNlvls
.

6.6.1 Research of a Preliminary Solution

To perform the planning, users have been divided according to their Sheddup ,

with the idea of handling users with the same level of priority in the same

way. The planning is performed over the whole forecasting horizon, and the

total number of variables of the problem is equivalent to the horizon length

multiplied by the number of different priority levels in the system:

Nvar
Shedd = H ·max

(
Sheddup

)
(6.83)

Given the requested load profiles of each user of the community, Loadureq,t,

for the entire forecasting horizon, each variable LSp
t represents the percent-

age of load that will be supplied to all users belonging to the priority class

p, above their minimum guaranteed level ShedduBS lvl. If at any time LSp
t is

set equal to zero, this means that the user will be completely shut down.

The remaining load above the base service level is computed as:

Loadurem,t = Loadureq,t − ShedduBSlvl
(6.84)

The resulting supplied load after shedding is then defined as:

Loadushedd,t =

LSp
t · Loadurem,t + ShedduBSlvl

if LSp
t > 0

0, if LSp
t = 0.

(6.85)
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Given a set that covers the entire forecast horizon, the Grid Availability

profile GridAva
t represents the maximum amount of energy that can be sup-

plied by the grid at each time step. The methodology implemented to obtain

a first candidate solution is straightforward: acting step by step, and start-

ing from the lowest priority class, the value of LSp
t is iteratively decreased

by one unit until the cumulative load demand of the community is reduced

sufficiently to not exceed the grid’s availability at time t.

LoadCER
shedd,t =

Nusers∑
u=1

Loadushedd,t (6.86)

LoadCER
shedd,t < GridAva

t (6.87)

This procedure is repeated for every time step of the forecast horizon,

generating the complete set of shedding levels for all user categories over the

entire sequence of time steps.

6.6.2 Refining of the Solution trough PSO

To properly account for the presence of local production units and batter-

ies, the PSO architecture relying on the Digital Twins framework within the

functional has been reintroduced. Since PSO is an optimisation approach

in which the variables evolve in a continuous space, preserving the discrete

nature of the shedding levels requires discretising the variables inside the

functional at each iteration.

During swarm initialisation, 10% of the particles are set equal to the sim-

plified solution, which represents a good approximation of the minimal fea-

sible shedding level. Another 10% is initialised using the solution obtained

in the previous CEMH iteration, shifted by one hour, and an additional 10%

is set to the maximum shedding level for each priority group and each time

step. The remaining particles are initialised randomly across the feasible

space. This 30% of structured initialisation provides a robust starting set

for the search process and significantly speeds up convergence.

In this case, the entire forecast horizon is optimised in a single run, and

each particle contains Nvar
Shedd decision variables. At every PSO iteration,

particle values are rounded to the nearest integer to preserve the discrete
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structure of the shedding levels, and the load profiles of the users are mod-

ulated accordingly using Eq. 6.85. Then, the production profiles of the pro-

sumers Produt are incorporated and the complete energy profiles of all users

Energyut are computed.

Energyut = Produt − Loadushedd,t (6.88)

Finally, the digital twins of the community are used to assess how these

profiles evolve in the presence of the BESS units or after the implementation

of controllable commands in general EnergyuCMD,t.

Summing all the generated user profiles yields a candidate REC-level pro-

file.

EnergyCER
CMD,t =

Nusers∑
u=1

EnergyuCMD,t (6.89)

The cost function is designed to reflect two main objectives:

1. Feasibility with respect to grid availability:

No time step of the sequence may exceed the corresponding grid avail-

ability. If this condition is violated, the entire sequence is considered

unfeasible, and a heavy penalty is added to the cost function for each

violating time step.

ObjUnfeasable
points =

H∑
t=1

(EnergyuCMD,t > GridAva
t ) (6.90)

2. Maximisation of supplied load based on priority:

A sequence is considered better when more demand is actually sup-

plied from higher-priority users. The PSO is therefore guided toward

solutions that respect feasibility while maximising the supply of loads

with higher priority.

ObjMax
supply =

H∑
t=1

Nusers∑
u=1

Sheddup · LSp
t (6.91)

Then, the two objectives are linearly combined to obtain a single formu-

lation that represents the cost function. Note that the first objective, which

evaluates the feasibility of the points, must always be satisfied. This means
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that it should be significantly more weighted than the second one. The

resulting formulation of the cost function is as follows:

Sheddcost = W1 ·ObjUnfeasable
points +W2 ·ObjMax

supply with W1 ≫ W2 (6.92)

6.6.3 Preliminary Result

The presence of this decision block shows an important impact on the re-

silience of the whole system. A simulation has been run on a community

of 100 domestic users, of which 25 are defined as prosumers and, therefore,

equipped with local production plants. The 75 pure consumers have been

divided into three priority groups. The prosumers have been placed in the

second priority level. This first test simply shows how essential it is to se-

lectively shed the load demand in the community, or even in a smart grid,

to avoid unnecessary full blackouts.

The simulation has been carried out over a 10 day period, corresponding to

240 hourly steps N test
step, considering both a scenario in which load shedding

is present and one in which the community is not reactive to an evident

shortage of available energy. In the simulation, if at any time step the total

request from the grid exceeds its capacity, it is assumed that the grid goes

into protection mode and does not supply the community for the entire time

step.

It is assumed, to simplify the study, that the grid is able to return to full

functionality as soon as the constraint on availability is respected again, with-

out considering the normal operational delays due to restoration of nominal

operating conditions or black start procedures. Note that this hypothesis ac-

tually underestimates the importance of avoiding grid overload, as it reduces

the practical impact of blackout occurrences.

The Load Satisfaction Ratio (LSR) achieved by the community has been

evaluated hourly over the full experiment window:

LSRt =

∑Nusers

u=1 Loadushedd,t∑Nusers

u=1 Loadureq,t
(6.93)

We defined:

• Hourly Average LSR (ALSR): the mean of the LSR evaluated at
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each step over the entire time horizon of the test;

ALSR =
1

N test
step

Ntest
step∑
t=1

LSRt (6.94)

• Total LSR (TLSR): the LSR evaluated on the total energy requested

and supplied over the test window;

TLSR =

∑Ntest
step

t=1

∑Nusers

u=1 Loadushedd,t∑Ntest
step

t=1

∑Nusers

u=1 Loadureq,t

(6.95)

It is also possible to include the priority of the loads in the evaluation of

the metrics. In this case, the metric becomes the Priority-Weighted Load

Served Ratio (PW-LSR), defined as:

PWLSRt =

∑Nusers

u=1 Sheddup Load
u
shedd,t∑Nusers

u=1 Sheddup Load
u
req,t

(6.96)

Then it is possible to define:

• Hourly Average PWLSR (APWLSR): the mean of PWLSR eval-

uated at each step of the whole test horizon;

APWLSR =
1

N test
step

Ntest
step∑
t=1

PWLSRt (6.97)

• Total PWLSR (TPWLSR): the PWLSR evaluated on the total

requested and supplied energy;

TPWLSR =

∑Ntest
step

t=1

∑Nusers

u=1 Sheddup Load
u
shedd,t∑Ntest

step

t=1

∑Nusers

u=1 Sheddup Load
u
req,t

(6.98)

Even without resorting to the priority-weighted formulation, it is already

sufficiently clear how strongly the coefficient related to the satisfied load

demand increases when load shedding is enabled. In the test window, the

community’s load demand reaches daily peaks of about 50 kWh, while, in

our scenario, it is assumed that the grid can supply a maximum of 20 kWh.

In such cases, even with the simplified soft blackout model adopted, the case
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without load shedding fails badly to supply its members, and the LSR drops

significantly.

Even if preliminary, the results achieved clearly show how community-

level coordination can be impactful in regulating the interaction between

a Renewable Energy Community and the grid. Through coordinated load

shedding, a community can preserve the operability of key assets and critical

services while avoiding a complete blackout. This coordinated behaviour,

although potentially requiring temporary sacrifices from some users, ulti-

mately benefits all participants. Even users whose loads are fully curtailed

gain an indirect advantage, as a complete blackout would affect the entire

community indiscriminately.

Althougt recovery time has not been explicitly considered in this study,

it is reasonable to assume that, in the event of a grid collapse, the result-

ing disruption would be both longer and more severe than any partial and

temporary shedding strategy. From this perspective, controlled and priori-

tised load shedding represents a form of collective, altruistic behaviour that

enhances the overall resilience of the system. By preventing grid protection

events and maintaining partial operability, the proposed approach shows how

coordinated demand management can significantly reduce the severity of ex-

treme events, laying the groundwork for more advanced resilience-oriented

control strategies.

Figure 6.19: LSR metrics on the Example without active Load Shedding
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Figure 6.20: LSR metrics on the Example with active Load Shedding
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6.7 Conclusion and Final Remarks

This chapter presented a coordinated energy management framework for

Renewable Energy Communities based on a hierarchical and distributed ar-

chitecture. The proposed approach combines local autonomy at the HEMS

level with centralised coordination performed by a Community Energy Man-

agement Hub, enabling the alignment of individual user objectives with

community-level goals.

Coordination is achieved through indirect, price-based signals and meta-

heuristic optimisation supported by digital twins, allowing scalable operation

under realistic computational and communication constraints. The results

showed that the proposed methodology can achieve performance close to

that of a centralised MILP benchmark while maintaining compatibility with

real-time operation.

In addition to coordination, a priority-based load-shedding mechanism was

introduced at the secondary control level to enhance system resilience under

grid availability constraints. Although this mechanism represents a prelim-

inary contribution, the simulations highlighted its effectiveness in avoiding

unnecessary full blackouts and in increasing the fraction of satisfied demand,

particularly for higher-priority loads. Metrics such as the Load Satisfaction

Ratio and its priority-weighted extension provided a clear and quantitative

evaluation of the resilience improvements introduced by selective load cur-

tailment.

While this chapter focused on coordination at the community level, the

proposed architecture naturally fits within a broader, multi-layer control

framework. The next chapter extends this perspective by addressing the

tertiary control layer, where the interaction between multiple communities

and the transmission network is considered.

In particular, a controller based on Optimal Power Flow is introduced to

manage large-scale network constraints, enabling the coordination of Renew-

able Energy Communities with transmission-level objectives and ensuring

system-wide feasibility and security.
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Chapter 7

Scaling Up Control:

Transmission-Level EMS

This chapter presents a comprehensive framework for the mod-

elling, simulation and operational management of a transmis-

sion network through the integration of a Digital Twin and a

Linearised Optimal Power Flow based Operational Management

System (OMS) of the Ethiopian Transmission Network (E-TN).

The proposed methodology enables the detailed analysis of system

behaviour under normal and stressed operating conditions, with a

particular focus on resilience, flexibility, and the coordinated ex-

ploitation of renewable energy resources. The Digital Twin rely

on an Optimal Power Flow (OPF) to provide a high-fidelity rep-

resentation of E-TN. On top of this representation, the OMS

operates as the highest decision-making layer. To ensure compu-

tational tractability while preserving sensitivity to network effects,

the OMS formulates the optimization problem using a linearized

OPF. This framework allows to investigate several critical case

studies impossible to replicate on the physical system, including

transmission line failures, generation outages and long-term de-

mand growth scenarios and to evaluate the system response. 1

1The study presented in this chapter was conducted while the author was a visiting

Ph.D. student at Aalborg University, Aalborg (Denmark) from April to July 2025 (working

with. Prof. Yajuan Guan, Dr. Wenfa Kang and Dr. Mahshid Javidsharifi)

173
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7.1 Introduction

In the previous chapters, the architecture of the lower-level management sys-

tems has been presented. The HEMS was designed as a lightweight controller

capable of managing the needs of individual users with minimal computa-

tional effort. At the second layer, the CEMH was introduced to address

issues arising at the community and distribution-network level. The core

idea behind this architecture was to enable coordination among decentral-

ized controllers without centralizing all the “intelligence” of the system. Here

as well, the priority was to propose a methodology that remains simple, scal-

able, and easy to implement.

At the elementary level, the HEMS receives electrical measurements from

the monitoring system and energy prices from the outside world. The sec-

ondary layer, instead, operates using forecasts provided by the HEMSs and

higher-level objectives coming from external actors. To allow interaction be-

tween these layers, the CEMH influences the behavior of individual HEMSs

by modifying the prices they perceive, effectively steering their decisions

toward community-level objectives.

At this point, it becomes natural to ask how such community-wide ob-

jectives should be defined, and how a hypothetical third-level management

system may coordinate multiple CEMHs at the scale of a distribution net-

work, as shown in Figure 7.1. Essentially, two inputs can be used to influence

the logic of the second layer: the desired shape of the community’s aggre-

gated power profile and the availability of grid energy, which may trigger

load shedding when required.

To properly integrate the transmission-level grid constraints into this hier-

archical framework, the natural methodology to adopt is the Optimal Power

Flow (OPF). OPF enables the evaluation of how different scheduling or gen-

eration patterns impact voltage levels, line loadings, and overall system fea-

sibility, making it the appropriate tool for defining higher-level objectives.

The methodology presented in the following sections has been developed

in collaboration with the CROM research group at Aalborg University and

is based on the topology of the Ethiopian transmission network. This work

was carried out within the “Last Wind” project [91], in which the Ethiopian

TSO requested support from the university to identify optimal locations for

future wind farms in order to increase the resilience of the national power

system.
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Figure 7.1: Third Level EMS Concept

7.2 Power Flow Analysis

Power flow analysis is one of the fundamental tools for understanding and

operating modern electrical power systems. Although traditionally asso-

ciated with transmission system studies, its relevance extends increasingly

toward distribution networks and community-level management, especially

in the presence of high renewable penetration and distributed control archi-

tectures.

A power flow model provides a steady-state snapshot of the electrical grid,

describing how real and reactive power move across the network, how voltage

magnitudes and angles are distributed among buses, and how heavily each

transmission line is loaded.

In the context of this work, power flow analysis plays a bridging role.

The previous chapters focused on decentralized decision layers, HEMS and

CEMH, designed to shape local consumption and community-level profiles.

However, when such local actions are scaled up or coordinated across multiple

communities, their aggregated effects inevitably interact with the physical

constraints of the transmission grid.

This makes power flow analysis not only a computational tool, but a nec-

essary foundation for defining feasible system-wide objectives and for under-

standing how high-level EMS strategies propagate through the network.

As the following sections will show, this framework becomes particularly
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relevant when evaluating or designing optimal strategies on real-world trans-

mission systems such as the Ethiopian grid, where rapid expansion of renew-

able capacity and geographically heterogeneous load centers require precise

and reliable network assessments.

The objective of this subsection is not to provide a comprehensive deriva-

tion of power flow theory, but to summarise the core concepts taken from []

required to understand the modelling choices presented later.

Problem Definition

A power system, like the one in Figure 7.2 can be represented as a set of

buses connected through transmission lines and transformers. Each bus i is

characterised by four quantities: real power Pi, reactive power Qi, voltage

magnitude Vi, and voltage angle ϑi. The power quantities may represent

either a demand or an injection, depending on their sign.

Each line ij, representing the branch that connects buses i and j, is charac-

terised by its impedance zij , composed of the resistance rij and the reactance

xij , and by its admittance yij , composed of the conductance gij and the sus-

ceptance bij . The power flow components, Pij and Sij , represent the active

and complex power flows on the branch ij.

Solving the power flow problem means determining Vi, ϑi, Pi, and Qi for

each bus i. As in general Pij ̸= Pij and Qij ̸= Qij due to the losses on the

lines, the power flows injected in each line ij are defined as

P inj
ij = max(|Pij |, |Pji|) (7.1)

Qinj
ij = max(|Qij |, |Qji|) (7.2)

Addressing these tasks requires solving a nonlinear system of equations

derived from Kirchhoff’s laws and the network admittance matrix.

Buses Definition

Depending on which quantities are known and which must be solved for,

buses are classified into three categories:

• Slack (or reference) bus: voltage magnitude and angle are specified;

this bus balances system losses.

• PV buses (generator buses): real power and voltage magnitude are

specified, while Q and ϑ are unknown.



7.2 Power Flow Analysis 177

Figure 7.2: Representation of a power system

• PQ buses (load buses): real and reactive power consumptions are spec-

ified, while V and ϑ are unknown.

When the network model is defined, at least one bus must be designated

as the Slack (or reference) bus. This node sets the system voltage angle

reference and absorbs any mismatch between scheduled injections and the

actual solution of the power flow equations. If required by the topology or

by numerical robustness, multiple slack buses can be assigned, allowing the

error compensation to be distributed more evenly across the system.

Admittance Matrix

The Admittance matrix contain the full topology and electrical characteristic

of the grid. For an electrical network with Nb buses, the relationship between

bus currents and voltages is:

I = Y V ⇐⇒ Ii =

Nb∑
j=1

YijVj (7.3)

where I = [I1, I2, ..., INb
]T is vector of injected currents, V = [V1, V2, ..., VNb

]T

is vector of bus voltages and Y is bus admittance matrix (Y-bus), of Nb×Nb

dimension

Defining yij as the admittance of the line between the buses i and j and
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Figure 7.3: Bus Definition

yshi the shount admittance toward earth of each bus i, is possible to build

the admittance matrix as:

• Diagonal elements Yii

Yii =
∑

k ̸=i yik + yshi
the diagonal elements represents how strongly bus i is connected to the

network.

• Off-diagonal elements Yij (for i ̸= j)

Yij = −yij
If there is no direct line between i and j, then Yij = 0 The negative

sign indicates that a voltage increase at bus j causes a current flowing

out of bus i.

Power Flow Equations

Starting from Kirchhoff’s Current Law (KCL), the complex power injected

at bus i is:

Si = Pi + jQi = Vi

N∑
j=1

V ∗
j Y ∗

ij , (7.4)

where V ∗
j and Y ∗

ij denote the complex conjugates of the bus voltage and

bus admittance, respectively. Keep in mind that Yij is the i, j-th element of

the admittance matrix.
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Y =

 Y11 −y12 −y13
−y12 Y22 −y32
−y13 −y32 Y33



Figure 7.4: Example of Admittance matrix of a three-bus system.The diag-

onal terms are defined as:

Y11 = y12 + y13 + ysh1 , Y22 = y12 + y23 + ysh2 , Y33 = y13 + y23 + ysh3 .

Figure 7.5: Admittance in the power system

Expanding into real and imaginary parts yields the standard power flow

equations for characterization of the bus i:

Pi = Vi

N∑
j=1

Vj (Gij cos θij +Bij sin θij) , (7.5)

Qi = Vi

N∑
j=1

Vj (Gij sin θij −Bij cos θij) , (7.6)

with

θij = θi − θj .
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Once the buses are got defined is possible to evaluate the component of

the power that flow on the branches ij with the following equations:

Pij = V 2
i gij − ViVj (gij cos θij + bij sin θij) (7.7)

Qij = −V 2
i bij − ViVj (gij sin θij − bij cos θij) (7.8)

It must kept in mind that in 7.7 and 7.8 gij and bij are the once that

characterize the branch and not the element of the admittance matrix.

Per-Unit System

The per-unit (p.u.) system is a normalized representation widely used in

power flow and power system analysis. By expressing electrical quantities

with respect to predefined base values, the per-unit formulation offers several

advantages:

• Simplifies numerical computation: avoids extremely large or small

values, improving numerical stability and algorithm convergence.

• Voltage-level independence: makes quantities comparable across

different voltage levels.

• Uniform component representation: lines, transformers, and ma-

chines are expressed on the same scale.

• Well-scaled Y-bus matrix: all admittances become dimensionless

and numerically consistent.

The general definition of a per-unit quantity is:

p.u. value =
actual value

base value
.

Typical base quantities include:

Sbase, Vbase, Zbase =
V 2
base

Sbase
, Ibase =

Sbase√
3Vbase

.

One of the most remarkable properties of the per-unit representation is

its effect on transformer modelling. When all quantities are converted to

a common per-unit base transformer turns ratios effectively disappear from

the model.
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Figure 7.6: Representation of a transformer in p.u.

The normalization implicitly accounts for the voltage scaling introduced

by transformers, eliminating the need to include explicit turns-ratio factors

in the power flow equations. This greatly simplifies the modelling of multi-

level networks and contributes to the robustness of the per-unit system.

Iterative Methods for Power Flow

Solving the power flow problem requires computing bus voltage magnitudes

and angles that satisfy the nonlinear algebraic equations describing real and

reactive power injections. Due to the nonlinear nature of these equations,

iterative numerical methods are employed. Among the classical approaches,

the Gauss-Seidel and Newton-Raphson algorithms represent the two funda-

mental solution strategies.

Gauss-Seidel is simple and computationally light, but it converges slowly

and is rarely used in modern large-scale systems. Newton-Raphson, instead,

achieves fast and robust convergence through a Jacobian-based linearization

of the power flow equations and remains the industry-standard method for

transmission networks.

In the context of this work, these methods are recalled only for complete-

ness, as the subsequent sections focus on the Optimal Power Flow (OPF)

formulation. OPF extends the power flow problem by embedding it within

an optimization framework, where operating costs or system objectives are

minimized subject to the physical constraints of the network.

Introduction to Optimal Power Flow

The classical power flow problem determines the steady-state operating point

of an electrical network by computing bus voltages and power flows that sat-

isfy Kirchhoff’s laws. However, real power systems must operate not only in

a feasible state, but in an optimal one according to economic, technical, or se-

curity criteria. This leads to the Optimal Power Flow (OPF), which embeds
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Figure 7.7: Newton-Raphson

flowchart.

Figure 7.8: Gauss-Seidel flowchart.

the AC power flow equations within a constrained optimization framework.

The general mathematical structure of an OPF problem can be written

as:

min
x, u

f(x, u)

s.t. g(x, u) = 0 (Power flow equations)

h(x, u) ≤ 0 (Operational limits).

(7.9)

Here, the variable sets are:

• Controllable variables u: generator active/reactive power setpoints

(Pg, Qg), voltage setpoints, transformer tap positions, shunt injections,

and in some formulations even controllable loads or storage.

• Dependent variables x: bus voltage magnitudes and angles, branch

currents, line power flows, and all quantities determined by the AC

power flow model.

The equality constraints g(x, u) = 0 enforce the nonlinear AC power

flow equations, ensuring physical feasibility, while the inequality constraints

h(x, u) ≤ 0 include generator limits, voltage bounds, thermal line ratings,

and other operational restrictions.
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The objective function f(x, u) encodes the operational goal. Common

examples include:

f =

Ng∑
i=1

(
aiP

2
G,i + biPG,i + ci

)
(Minimization of generation cost),

(7.10)

f =
∑

(i,j)∈lines

RijI
2
ij (Minimization of network losses). (7.11)

In the context of this work, OPF provides the foundation for defining

feasible and optimal system-level behaviors on large-scale networks, such as

the Ethiopian transmission grid.

7.3 Ethiopian Transmission Network (E-TN)

7.3.1 Panoramic and Topology

Ethiopia’s national power system is evolving rapidly in response to growing

electricity demand, industrial development, and nationwide electrification

initiatives. The transmission network extends over a wide and topograph-

ically diverse territory, organized around several voltage levels: 66 kV and

132 kV for regional transmission, 230 kV and 400 kV for corridors that plays

a critical role in long-distance power transfers. In addition, Ethiopia has

a 500 kV high-voltage direct current (HVDC) interconnection with Kenya,

enabling large-scale cross-border energy exchange and supporting regional

power market integration.

Hydropower remains the dominant source of electricity in Ethiopia, sup-

ported by a series of large-scale projects developed over the past two decades [92].

The Gibe III plant, located relatively close to the main load center of Addis

Ababa, contributes significantly to supply security in the central region.

More recently, the Grand Ethiopian Renaissance Dam (GERD), situated

near the Sudanese border, has become the largest hydropower installation

in the country and one of the most significant in Africa. With a multi-

gigawatt capacity, GERD dramatically reshapes the northern transmission

landscape and introduces new operational challenges and opportunities con-
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cerning long-distance bulk power transfers, voltage regulation, and system

stability.

Despite these major infrastructure investments, the Ethiopian grid still

presents structural vulnerabilities. Long transmission distances, uneven mesh-

ing across regions and geographical clustering of generation contribute to

congestion risks and reactive power management challenges. Seasonal vari-

ability in river flows further complicates operational planning, making the

system sensitive to both hydrological conditions and fluctuating renewable

production.

As a result, maintaining system reliability requires not only operational co-

ordination but also forward-looking infrastructure planning. Unfortunately,

the Ethiopian power system is also weak from a regulatory standpoint, as grid

codes are still incomplete and undergoing continuous evolution, which fur-

ther complicates the integration of large-scale renewable generation [93,94].

As demand continues to rise and electrification progresses in rural areas,

comprehensive transmission planning becomes essential. The integration

of new renewable sources, particularly wind power, plays a crucial role in

this strategy. In this context, the ongoing Last Wind project, developed

in collaboration with Aalborg University, aims to identify optimal locations

and capacities for future wind farms.

By diversifying the generation mix and distributing production more evenly

across the territory, the project seeks to enhance system resilience, reduce

reliance on hydropower-dominated corridors and mitigate the effects of sea-

sonal variability. Assessing these impacts requires analytical tools capable

of capturing network constraints and operational limits, making OPF-based

studies a central component of the planning process.

For the purpose of this study, the modeled transmission network focuses

on the 230 kV and 400 kV layers, which represent the primary high-voltage

backbone responsible for long-distance bulk transfers. The topology of teh

network has been taken from Open Infrastrucure map [95] and was simplified

in order to have a 230 kV layer with 17 Buses and 17 lines and a 400 kV of

10 nodes and 10 lines.

Note that the 500 kV has been integrated within this layer in order to use

the Kenya bus as Slack. In Figure 7.9 and Figure 7.10, the topologies of the

two transmission layers are shown. The 230 kV and 400 kV networks are

interconnected through transformers located at six substations, identifiable

in the diagrams by the presence of a black dot.
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Figure 7.9: 230 kV Network topology

Figure 7.10: 400 kV Network topology
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Table 7.1: Network topology used parameters

Nnodes Nbranches R[Ω/km] X[Ω/km]

230 kV 17 17 0.0678 0.36

400 kV 10 10 0.0276 0.32

7.3.2 Load Centers

The electrical demand in Ethiopia exhibits a strongly uneven spatial distri-

bution. Due to the concentration of population, commercial activity, and

industrial development, only a few large demand nodes dominate the na-

tional profile, the largest of which is Addis Ababa. This metropolitan area is

surrounded by vast rural regions, many of which are still undergoing progres-

sive electrification and therefore display lower and less stable consumption

patterns [96].

Administratively, the country is divided into eleven regions, each charac-

terized by different levels of industrialization, demographic density, and pen-

etration of the national grid. The western and north-western regions, where

most of the major hydropower plants are located, are supplied through the

400 kV transmission backbone redunded with the 230 kV layer.

In contrast, the eastern part of the country relies on the 230 kV network

only, which extends across long lines. While the center of the nation sur-

rounding Addis Ababa benefits from a relatively well-interconnected grid,

the eastern regions face structural limitations due to their distance from

major generation sites and the limited redundancy of local transmission in-

frastructure. As it will be discussed in the next subsection, the geographical

imbalance between generation (mostly in the west) and demand (heavily

concentrated in the center and increasingly in the east) creates operational

challenges for power transfers and voltage stability.

In [97], the authors analyze the projected evolution of national electricity

demand over multiple decades. Overall, Ethiopia’s load demand is increasing

rapidly. According to data provided by the Ethiopian Transmission System

Operator (TSO), the total national electricity consumption reached approx-

imately ∼ 13.7 TWh in 2019, already exceeding earlier forecasts.

Current projections indicate that by 2030 total annual consumption may

surpass 27 TWh, reflecting both demographic growth and accelerated elec-

trification efforts. Table 7.2 summarizes the expected evolution of sectoral

demand.
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Table 7.2: Electricity Demand by Sector (TWh)

Sector 2012 2015 2020 2025 2030

Urban 1.17 1.50 2.35 3.68 5.84

Rural 0.42 0.90 1.86 3.22 5.22

Agriculture 0.04 0.05 0.08 0.13 0.18

Service 1.03 1.36 1.65 2.58 3.02

Industry 1.54 3.09 4.58 8.26 12.00

Transport 0 0.41 0.60 0.82 1.07

Total (TWh) 4.19 7.30 11.11 18.69 27.32

To realistically emulate the national load behaviour, the Ethiopian TSO

provided the CROM research group with the complete regional load time

series for the year 2019. For modeling purposes, a representative load cen-

ter was identified within each of the eleven regions and assigned the cor-

responding regional load profile. This approach preserves the geographical

asymmetry of demand and will allows the OPF framework to reproduce the

pattern of power flows and the operational stress points that characterize

the Ethiopian transmission network more realistically.

Table 7.3: Load centers by region and 2019 Total Demand

Region Load Center Total Demand

(TWh)

Oromia Addis Ababa 4.55

Sidama Awasa 0.37

Amhara Bahir Dar 2.04

Dire Dawa Dire Dawa 1.28

Gambela Gambela 0.03

Benishangul-Gumuz Asosa 0.04

Tigray Mekelle 1.32

Afar Semera 0.17

Somali Jijiga 0.30

Harari Harar 0.11

SNNPR SNNPR 3.55
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Figure 7.11: Load Centers map

7.3.3 Production Centers

Ethiopia is one of the countries that relies most heavily on renewable sources

to meet its national electricity demand. This highly unbalanced generation

mix has historically been, and still is, dominated by large hydropower plants

supplied by extensive river basins [98]. Over time, the structure of the na-

tional transmission grid has effectively developed around this hydro-based

supply, with the primary function of transporting power from the generation-

rich western regions toward the central and eastern load centers.

Although the ability to meet domestic demand almost entirely through

renewable resources represents a significant strategic asset, depending for

roughly 90% of total generation on a single energy source exposes the sys-

tem to several vulnerabilities. Hydropower, while more controllable and pre-

dictable than other renewable sources such as solar or wind, remains strongly

influenced by seasonal variations, hydrological uncertainty, and periods of

drought. These factors can substantially affect generation availability and,

consequently, the reliability of the entire system.

For these reasons, Ethiopia has initiated a progressive transition toward

a more diversified generation portfolio. Project by Last Wind show the em-
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phasis that has been placed on wind power, which represents a promising al-

ternative for supplying regions where the transmission grid is comparatively

weak or structurally constrained. Expanding the national renewable mix also

aligns with long-term policy goals aimed at strengthening energy security,

enhancing regional market participation, and supporting future electricity

exports to neighboring countries.

The following subsections provide an overview of the historical evolution

of Ethiopia’s hydropower and wind power sectors, with particular attention

to their geographical distribution and their implications for the operation

and planning of the national transmission system.

Hydropower Generation

Hydropower has historically constituted the backbone of Ethiopia’s electric-

ity generation. The country is crossed by major rivers like the Omo, Abay

(Blue Nile), and Tekeze alongside numerous smaller tributaries that form an

extensive reservoir of potential low-cost renewable energy. Over the decades,

national development plans have expanded this potential through the con-

struction of increasingly ambitious hydroelectric projects.

Early installations such as Koka and Tis Abay were later followed by larger

facilities equipped with substantial storage dams [99]. However, this rapid

infrastructural growth was not always met with unanimous acceptance, as

the creation of large reservoirs altered traditional agricultural practices and

reshaped local ecosystems.

At present, Ethiopia operates fourteen major hydropower plants. Among

these, the Gilgel Gibe cascade, especially Gilgel Gibe II and Gilgel Gibe III,

plays a central strategic role. Together, these plants reinforce the southern–

central generation corridor and serve as a vital hub supplying Addis Ababa,

Oromia, and the surrounding regions. Collectively, the Gilgel Gibe plants

can reach a peak nominal output, Prodmax
p , of approximately ∼ 2.5 GWe,

supported by a reservoir capacity of nearly ∼ 15 km3.

Another cornerstone in Ethiopia’s hydropower list of plants is the Grand

Ethiopian Renaissance Dam (GERD), located in the north-west near the

Sudanese border. At the time of this study, only part of the installation

was operational, providing a Prodmax
p of roughly ∼ 0.75 GWe. Once fully

commissioned, GERD is expected to reach a peak capacity of ∼ 5.5 GWe,

supported by an exceptionally large reservoir capable of storing up to ∼
74 km3 of water. This makes GERD a future cornerstone of Ethiopia’s
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Figure 7.12: Maps of the Ethiopian Hydro Power Plants

generation and a potential enabler for regional electricity exports. Each

Hydro power plants of the list has been assigned to the close and better

connected bus of the modelled network, as shown in Tab. 7.4.

Modelling the river flows

Despite their economic and environmental advantages, hydropower plants

remain vulnerable to hydrological fluctuations. Seasonal variability, changes

in rainfall patterns, and prolonged droughts can significantly reduce available

generation, posing operational challenges to the national grid and highlight-

ing the need for complementary energy sources.

Ethiopia experiences three distinct climatic seasons: Bega, the dry season,

which accounts for less than 5% of annual rainfall; Belg, the short-rains

season, contributing roughly 15%; and Kiremt, the main rainy season, during

which more than 80% of annual precipitation occurs.

This strong seasonal pattern has a profound impact on river discharge

across the country. During Bega, major river flows may drop to as little as

10–15% of their Kiremt peak values, while smaller rivers may dry up entirely.

This underlines the importance of reservoir storage, both for ensuring con-
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Table 7.4: HPP buses asignation: Plants and Buses

Plant Bus

Beles Bahir Dar

Tekeze Merelle

Gilgel Gibe I Jimma

Gilgel Gibe II Jimma

Gibe III Jimma

Melka Wakena Awasa

Finchaa Finchaa

Genale Dawa Genale Dawa

GERD GERD

Amerti Neshe Finchaa

Tis Abay II Bahir Dar

Koka Addis Ebeba

Awash II Addis Ebeba

Awash III Addis Ebeba

Table 7.5: Main Ethiopian Hydropower Plants: Capacity, Reservoir Size,

and River Basin
Plant Peak Production Reservoir Size River

[MWe] [km3]

Beles 460 9.10 Beles

Tekeze 300 9.30 Tekeze

Gilgel Gibe I 184 0.92 Gilgel Gibe

Gilgel Gibe II 420 0.00 Gilgel Gibe

Gibe III 1870 14.70 Omo

Melka Wakena 153 0.75 Shebelle

Finchaa 134 0.63 Finchaa

Genale Dawa 254 2.60 Genale Dawa

GERD 5050 74.00 Blue Nile

Amerti Neshe 95 0.13 Amerti Neshe

Tis Abay II 84.4 0.00 Blue Nile

Koka 43 1.90 Awash

Awash II 32 0.00 Awash

Awash III 32 0.00 Awash
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Table 7.6: Ethiopian Climatic Seasons

Season Gregorian Months Ethiopian Months

Bega (dry season) October – January Tqmt(i), Hdar, Tahsas, Trr(i)

Belg (short rains) February – May Yäkatit, Mägabit, Miyazya, Gänbot

Kiremt (main rains) June – September Säne, Hamle, Nähasä, Mäskäräm*

*Mäskäräm marks the end of Kiremt and the transition into Bega.

Figure 7.13: Example of the modelled rivers flow

tinuous hydropower generation and for meeting agricultural and domestic

water needs.

Since official continuous flow measurements were not available for all rivers

considered in this study, a simplified hydrological model was adopted. Using

the maximum, average, and minimum reported flows for each river, an annual

discharge profile was constructed such that the minimum flow occurs during

Bega, while the remaining volume is distributed across Belg and Kiremt

according to their known seasonal proportions (approximately 85% during

Kiremt and 15% during Belg).

Although approximate, these flow profiles provide a reasonable representa-

tion of seasonal water availability and therefore enable a simplified modelling

of hydropower output variability throughout the year.
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Table 7.7: Main Ethiopian Rivers Feeding Hydropower Plants

River Max Flow Avg Flow Min Flow

[m3/s] [m3/s] [m3/s]

Beles 440 318 17

Tekeze 743 171 0

Gilgel Gibe 134.4 52.8 13.12

Omo 1680 660 164

Shebelle 158.7 71.2 15.7

Finchaa 95.59 31.93 0.2

Genale Dawa 531.6 241.5 56.2

Blue Nile 6096 2106 424

Amerti Neshe 24.72 10.3 1.54

Awash 803 43.5 0.035

Modelling the power generation

Another important step required to properly emulate hydropower production

is the definition of the relationship between electrical power output and water

consumption. This can be derived beginning from the standard hydropower

equation:

P = η ρ g H Q = β η Q (7.12)

where:

• P is the electrical power output (W),

• η is the turbine–generator efficiency,

• ρ is the density of water (1000 kg/m
3
),

• g is the gravitational acceleration (9.81 m/s
2
),

• H is the hydraulic head (m),

• Q is the volumetric water flow rate (m3/s).

• β = ρ g H ,

In this study the hydraulic head H is preliminarily assumed to be 50 m

for each plant, which represents a reasonable average value for typical large-

scale hydropower installations. Also the parameter β is assumed equal for

all of the plants.



194 Scaling Up Control: Transmission-Level EMS

To better illustrate the relationship between power production and water

consumption, it is useful to estimate the amount of water required to produce

1 kWh of electrical energy. A quantity of 1 kWh corresponds to maintaining

an average electrical output of 1 kW for one hour. Assuming an efficiency

of η = 0.9, the required power level can be fixed as:

P = 1000 W.

Substituting this value into the hydropower equation yields:

1000 = 0.9 · 1000 · 9.81 · 50 ·Q.

Solving for Q:

Q =
1000

0.9 · 1000 · 9.81 · 50
.

The resulting flow rate needed to generate 1000 W under the assumed

conditions is:

Q ≈ 2.27× 10−3 m3/s.

With the required steady-state flow rate known, the total water consump-

tion can be computed. Since 1 m3 = 1000 liters:

2.27× 10−3 m3/s× 1000 = 2.27 liters/s.

Thus, the total water required over a full hour is:

Water per kWh = 2.27 liters/s× 3600 s = 8160 liters.

Under the assumed hydraulic head and efficiency, producing 1 kWh of hy-

droelectric energy requires approximately 8160 liters of water to pass through

the turbine during one hour of operation. Although this estimate is simpli-

fied, it provides an intuitive metric for evaluating the potential energy stored

in Ethiopia’s reservoirs and for understanding the relationship between hy-

dropower production and seasonal water availability. In this extimantion is

important to consider also that only the 80% of the volume is actually usable

to store water for production.
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Table 7.8: Main Ethiopian Hydropower Plants: Estimated Energy Capacity

Plant Nom. Reserve Usable Reserve Est. Energy

[km3] [km3] [TWh]

Beles 9.10 7.28 0.89

Tekeze 9.30 7.44 0.91

Gilgel Gibe I 0.92 0.74 0.09

Gibe III 14.70 11.76 1.44

Melka Wakena 0.75 0.60 0.07

Finchaa 0.63 0.50 0.06

Genale Dawa 2.60 2.08 0.25

GERD 74.00 59.20 7.25

Amerti Neshe 0.13 0.10 0.01

Koka 1.90 1.52 0.19

Total 114.0 91.22 11.18

Modelling the efficiency

Another important aspect required to complete the hydropower production

model is the representation of turbine efficiency. The efficiency of a hy-

dropower unit is a nonlinear function that link the volumetric flow rate Q

at the inlet to the electrical power output P at the generator.

This behaviour depends strongly on the operating point of the turbine, and

assuming a constant efficiency may lead to inaccurate energy estimations,

especially during off-design conditions.

defining Qnom as the flow required to bring the turbine to its own maxi-

mum power output generation it is possible to define Qr, the relative flow,

as:

Qr =
Q

Qnom
(7.13)

that can be used to express the efficiency η as a function of such parameters.

In this work, all hydropower plants are modelled as equipped with Francis

turbines. This assumption is consistent with the actual configuration of the

largest Ethiopian plants, such as GERD and Gibe III, which indeed rely

on large Francis units. To approximate the efficiency profile of η(Qr), a

piecewise efficiency curve was adopted and uniformly applied to all turbines

in the model.
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Table 7.9: Points for the piecewise approximation of the efficiency

Npoint 1 1 3 4 5

η(Qr) 0.4 0.8 0.9 0.9 0.85

Qr 0 0.5 0.8 0.9 1.2

• Nominal operating range (Qr ∈ 80–90%): Efficiency typically

reaches 93–94% at or near the design point, with stable hydraulic

conditions and minimal energy losses. This is the optimal operating

zone for Francis turbines.

• Partial load (Qr ∈ 50–80%): Efficiency progressively declines to

approximately 80–90% due to sub-optimal conditions. The turbine

remains fully operable but less efficient.

• Low-load region (Qr ∈ 40–50%): The efficiency drops further to

around 60–80%, with the appearance of flow recirculation and draft-

tube vortices. Operation becomes less stable and generally less desir-

able.

• Very low load (Qr < 40%): Efficiency falls below 60–70%, and

significant hydraulic instabilities, vibrations, and cavitation may occur.

Continuous operation in this region is normally avoided.

• Overload region (Qr ∈ 90–120%): Operation above nominal flow

is technically possible, but efficiency decreases by 2–5 percentage

points, with an increased risk of cavitation and mechanical stress.

Beyond this range, performance deteriorates sharply.

For this study, a simplified piecewise approximation of the typical Francis

efficiency profile was implemented, ensuring that efficiency decreases appro-

priately at low flows and near overload while remaining close to 90% within

the nominal operating range.

In our model ηnom ≈ 0.88 is the efficiency corresponding to Qnom, or

η(Qr = 1). Starting from Prodmax
p it is possible to compute the correspond-

ing nominal flow of each plant p as:

Qp
nom =

Prodmax
p

ηnom · β
(7.14)
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Figure 7.14: Simplified Francis Turbine efficiency curve

Wind Power Generation

As introduced before, wind energy represents the second major renewable re-

source in Ethiopia and is the center of particular interest due to its potential

to scale production and diversify the mix of generation.

In recent decades, wind farms have seen a progressive expansion on the

utility scale to reduce national dependence on hydrological conditions and

strengthen the resilience of the power system and studies have been con-

ducted to evaluate possible new sites [100].

At the moment, national efforts have been concentrated in three main

locations where average wind speeds are adapt for large-scale power produc-

tion. These locations are Ashegoda in the north, Adama in the center, and

Aysha at the eastern edge of the country. In all three sites a wind farm is

already present, although of moderate size.

A previous phase of the Last Wind project aimed specifically at evaluating

how much these wind farms could be expanded to maximise their impact on

the grid. Future investments in this field promise to provide an important

non-hydrological asset capable of stabilise generation during the dry season.

From a system-operation perspective, wind generation represents a steady

source of energy, available throughout the year and throughout the entire

day, offering strong seasonal complementarity with hydropower.

Wind farms also improve geographic diversification by placing production

nodes in regions where hydropower is absent, such as the eastern part of the
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Figure 7.15: Maps of the Ethiopian wind farms

Table 7.10: Main Ethiopian Windpower Plants: Actual and Planned Size

Plant Actual Size [MW] Planned Size [MW]

Adama 204 261.5

Ashegoda 120 120

Aysha I 60 125

Aysha II 60 125

country, which is typically less well connected to the main grid.

On the other hand, integration of wind production introduces a new set

of challenges. Wind is, by its nature, far less predictable than hydropower,

and to ensure adequate usage the system must be equipped with sufficient

reserve margins, robust forecasting tools, and transmission flexibility to man-

age rapid fluctuations in generation.

The previous phase of the Last Wind project [101] aimed to identify the

locations where it would be most convenient to invest in the expansion of ex-

isting wind farms. The results of that study concentrated the recommended

expansion mainly in the Adama area, but especially in Aysha in the far east

of the country. This outcome aligns with both the national geography and
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the structure of the transmission grid, as the eastern region lies far from

the major hydropower generation sites and is characterised by a particularly

weak network infrastructure.

Modelling the wind

The first key step in properly emulating the behaviour of wind farm produc-

tion is to analyse the historical wind speed measurements available for the

three selected regions. These data were acquired through the NASA wind

database, which provides hourly wind speed records at a reference height of

50 m above ground for the chosen locations.

On a daily time scale, wind exhibits a high degree of variability, and any

real-world operational framework requires appropriate forecasting tools to

manage this uncertainty. However, in this work, the forecast is assumed to

be perfect, as the focus is placed on the development of the monitoring archi-

tecture and the decision system. The integration of forecasting algorithms

and uncertainty management is left to future extensions of the project.

The NASA portal provided multi-year wind profiles from 2020 to 2024,

allowing us to characterize the seasonal behaviour of the wind in the different

areas under study.

To evaluate the statistical behaviour of the wind flow during the years, the

data set was divided by months, and the confidence interval was calculated

using Eq. 7.15 and Eq. 7.16, which are repeated below for completeness.

s =

√√√√ 1

n− 1

n∑
i=1

(xi − x̄)2 (7.15)

σ1−α

[√
df, s2

χ21− α/2, ; df
, ;

√
df, s2

χ2α/2, ; df

]
(7.16)

Table 7.11 shows the 95% confidence interval for the wind speed in each

location during a period of a year while Figure 7.16 represents a box plot

of the same wind speeds

Since turbines installed in Ethiopian wind farms operate at approximately

100 m of height, the wind speed data must be scaled accordingly. The vertical

variation of wind speed can be estimated using empirical laws that approx-

imate the wind profile as a function of surface roughness and atmospheric

stability. One of the most widely used formulations is the power law :
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Table 7.11: Monthly wind speed confidence intervals at 50 m for Aysha,

Ashegoda, and Adama (95% CI)

Month Aysha Ashegoda Adama

[m/s] [m/s] [m/s]

January 7.0
(+1.9)
(−1.8) 4.5

(+1.8)
(−1.7) 5.2

(+1.7)
(−1.7)

February 7.0
(+2.1)
(−2.0) 4.7

(+2.0)
(−1.9) 5.5

(+1.9)
(−1.8)

March 6.6
(+2.5)
(−2.4) 5.0

(+2.2)
(−2.1) 5.2

(+2.1)
(−2.0)

April 5.8
(+2.3)
(−2.2) 4.5

(+2.0)
(−1.9) 4.5

(+2.2)
(−2.1)

May 5.2
(+2.3)
(−2.2) 3.9

(+2.0)
(−1.9) 4.1

(+2.2)
(−2.1)

June 6.4
(+2.9)
(−2.8) 4.5

(+1.9)
(−1.8) 4.2

(+2.0)
(−1.9)

July 7.9
(+2.9)
(−2.7) 4.6

(+1.3)
(−1.3) 5.6

(+2.2)
(−2.1)

August 7.5
(+2.7)
(−2.6) 3.8

(+1.6)
(−1.5) 4.8

(+2.2)
(−2.1)

September 5.7
(+2.7)
(−2.6) 3.5

(+1.7)
(−1.7) 3.3

(+1.8)
(−1.7)

October 6.0
(+2.0)
(−1.9) 4.2

(+1.7)
(−1.6) 4.7

(+2.2)
(−2.1)

November 7.1
(+1.6)
(−1.5) 5.1

(+1.6)
(−1.5) 5.3

(+1.8)
(−1.7)

December 7.2
(+1.6)
(−1.6) 4.9

(+1.8)
(−1.7) 5.2

(+1.8)
(−1.7)

v(h) = v(h0)

(
h

h0

)α

(7.17)

where:

• v(h) is the wind speed at height h

• v(h0) is the wind speed measured at the reference height h0

• h and h0 are the heights in meters

• α is the power-law exponent, dependent on surface roughness. In the

Ethiopian case, it is possible to assume it as α = 0.15

The new scaled values are represented in Table 7.12, which shows the

updated 95% confidence interval of the wind speed in each site, while Figure

7.17 represents the boxplot of such distribution for the year.

Among the three analysed sites, Aysha consistently presents higher wind

speeds throughout the year. An additional element of interest is the recurring
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Figure 7.16: Boxplot of the wind speed at 50m in the three locations

Figure 7.17: Boxplot of the wind speed at 100m in the three locations

seasonal pattern: historical data show a noticeable decrease in wind speed

during the transitions from Belg to Kiremt and from Kiremt to Bega.

This behaviour has been observed over multiple years and it must be con-

sidered both in long-term expansion planning and in the design of monitoring

and control strategies, as the system must anticipate a significant reduction

in wind generation during these periods.

Wind turbine modelling

To correctly address the behaviour of wind turbines, several aspects must be

addressed. First, wind turbines operate within a well-defined range of wind

speeds, outside of which their behaviour is governed by safety constraints.

In particular, when the wind speed exceeds a critical threshold, known as

the cut-out wind speed, the turbine is automatically shut down to prevent

mechanical and electrical damage. For modern utility-scale turbines, this

limit typically lies between 20 and 25 m/s (approximately 72–90 km/h).

Beyond this value, the aerodynamic loads on the blades and the structural

components become potentially dangerous.

When cut-out conditions are reached, the turbine activates a dedicated

safety mode: the blades are pitched into a feathered position to minimise
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Table 7.12: Monthly wind speed confidence intervals at 50 m for Aysha,

Ashegoda, and Adama (95% CI)

Month Aysha Ashegoda Adama

[m/s] [m/s] [m/s]

January 7.8
(+2.1)
(−2.0) 5.0

(+2.0)
(−1.9) 5.8

(+1.9)
(−1.9)

February 7.7
(+2.4)
(−2.3) 5.3

(+2.2)
(−2.1) 6.1

(+2.1)
(−2.0)

March 7.3
(+2.7)
(−2.6) 5.5

(+2.5)
(−2.4) 5.8

(+2.3)
(−2.2)

April 6.4
(+2.5)
(−2.4) 5.0

(+2.2)
(−2.1) 5.0

(+2.5)
(−2.3)

May 5.8
(+2.5)
(−2.4) 4.3

(+2.2)
(−2.1) 4.6

(+2.5)
(−2.4)

June 7.1
(+3.3)
(−3.1) 5.0

(+2.1)
(−2.0) 4.6

(+2.2)
(−2.1)

July 8.8
(+3.2)
(−3.0) 5.1

(+1.5)
(−1.4) 6.2

(+2.4)
(−2.3)

August 8.3
(+3.0)
(−2.9) 4.2

(+1.7)
(−1.7) 5.3

(+2.4)
(−2.3)

September 6.4
(+3.0)
(−2.9) 3.9

(+1.9)
(−1.9) 3.7

(+1.9)
(−1.9)

October 6.6
(+2.2)
(−2.1) 4.7

(+1.8)
(−1.8) 5.2

(+2.4)
(−2.3)

November 7.8
(+1.8)
(−1.7) 5.7

(+1.7)
(−1.6) 5.9

(+2.0)
(−1.9)

December 8.0
(+1.8)
(−1.7) 5.4

(+2.0)
(−1.9) 5.7

(+2.0)
(−1.9)

aerodynamic forces, the rotor is progressively braked, and the generator is

disconnected from the grid by the conversion system.

This results in a complete stop in power production until wind conditions

return within the operational range.

Table 7.13: Operating regimes of a modern wind turbine

Wind Speed Range Operating Regime Power Output

[m/s]

0–3 Below cut-in Turbine off (no production)

3–12 Cut-in to rated speed Increasing, variable power

12–25 Rated operating region Nominal (rated) power

> 25 Cut-out Turbine shut down for safety

However, in the Ethiopian scenario, such extreme wind conditions are

historically rare and occur significantly only in Aysha.

The second important step is to evaluate the power produced by the tur-

bines. Wind turbines installed in Ethiopian wind farms, and in most wind
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farms in general, use the Horizontal-Axis Wind Turbine (HAWT) design,

and the following formulation has been used to evaluate the production.

Starting from the kinetic energy possessed by the moving air, the flux

available to a wind turbine is expressed as:

Ec =
1

2
ρAv3 (7.18)

where:

• ρ is the air density (approximately 1.225 kg/m
3
),

• A is the swept area of the rotor (A = πR2),

• v is the wind speed (m/s).

There exists a theoretical limit on the maximum kinetic energy that can be

extracted by a turbine, known as the Betz limit, which fixes the maximum

extractable fraction at 59.3%. Taking into account all practical consider-

ations, modern utility-scale wind turbines achieve an overall efficiency of

approximately 35–45%.

In this study, the onshore turbine model SG 5.0-145(2.0) has been used as

a reference to ensure realistic parameters:

• Pnom = 5 MW nominal power output per turbine,

• r = 72.5 m blade radius, corresponding to a rotor area of A ≈ 1.6 ×
104 m2,

• ρ = 40% expected conversion efficiency.

To emulate each wind farm, the single-turbine model was replicated until

the total installed capacity of the plant was reached. Evaluating expected

power production places even more emphasis on the criticality of seasonal

wind speed drops: as shown in Eq. 7.18, the cubic relationship between

wind speed and available energy makes wind generation extremely sensitive

to variations occurring at seasonal transitions.

Each Wind power plants in the list has been assigned to the closest and

better connected bus of the modelled network
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Table 7.14: Monthly power generation of a single SG 5.0-145(2.0) turbine

[MW] with 95% CI

Month Aysha Ashegoda Adama

Month [MW] [MW] [MW]

January 1.93
(+2.04)
(−1.15) 0.51

(+0.91)
(−0.39) 0.80

(+1.09)
(−0.55)

February 1.86
(+2.30)
(−1.20) 0.59

(+1.12)
(−0.47) 0.94

(+1.29)
(−0.64)

March 1.60
(+2.54)
(−1.17) 0.67

(+1.39)
(−0.55) 0.79

(+1.40)
(−0.61)

April 1.07
(+1.85)
(−0.82) 0.50

(+1.03)
(−0.41) 0.50

(+1.16)
(−0.42)

May 0.80
(+1.57)
(−0.64) 0.32

(+0.77)
(−0.28) 0.39

(+1.04)
(−0.35)

June 1.43
(+3.04)
(−1.18) 0.50

(+0.96)
(−0.40) 0.40

(+0.89)
(−0.34)

July 2.77
(+2.23)
(−1.99) 0.54

(+0.62)
(−0.34) 0.97

(+1.64)
(−0.73)

August 2.34
(+2.66)
(−1.69) 0.30

(+0.55)
(−0.24) 0.61

(+1.25)
(−0.50)

September 1.04
(+2.30)
(−0.87) 0.23

(+0.56)
(−0.20) 0.20

(+0.51)
(−0.17)

October 1.18
(+1.65)
(−0.81) 0.42

(+0.72)
(−0.32) 0.58

(+1.21)
(−0.47)

November 1.94
(+1.67)
(−1.02) 0.73

(+0.89)
(−0.47) 0.84

(+1.16)
(−0.58)

December 2.04
(+1.74)
(−1.07) 0.65

(+0.98)
(−0.47) 0.76

(+1.09)
(−0.53)

7.3.4 E-TN Digital Twin

With all of the information above, it is now possible to assemble the digital

twin of the E-TN. The developed grid model includes 27 buses across both

voltage layers, some of which are used only as transit nodes to properly

emulate the topology of the network and the power flow.

Eleven of these nodes act as load centers for the various regions, assigned

as in Figure 7.11, while production plants have been allocated as shown in

Figure 7.12 and Figure 7.15, and according to Tables 7.3, 7.4 and 7.15.

Table 7.15: WPP buses asignation: Plants and Buses

Plant Bus

Adama Addis Ebeba

Ashegoda Merelle

Aysha I Aysha

Aysha II Aysha
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Each bus hosting at least one power plant has been defined as a PV bus,

the Kenya bus represents the Slack bus, and the remaining nodes have been

defined as PQ buses as shown in Table 7.16.

The network includes a total of 33 connections among the nodes, 6 of

which are transformers, 10 belong to the 400 kV transmission layer, and the

remaining lines form the 230 kV layer. Detailed list is shown in Table 7.17.

To properly emulate real-grid behavior, a ramp-up limitation has been

introduced on the power deliverable by each hydroelectric plant. Since our

simulations reproduce grid operation hour by hour, every plant is allowed to

increase its power output by at most 10% of its nominal capacity relative to

the set point of the previous time step.

In contrast, reductions in output are always permitted without restriction.

This mechanism generates dynamic production bounds that depend on the

operating state at the beginning of each step.

These dynamic boundaries are then used by the EMS to convey its strategy

to the digital twin. Regardless of the cost function, we simply require the

minimisation of total production. Why minimise production? Because when

a given load must be met, reducing generation inherently reduces losses,

guiding the system toward the most efficient operating point in terms of

overall network losses.

A rudimentary form of load shedding has also been implemented to ac-

count for network contingencies. At each iteration, the topology of the grid

is analyzed to verify whether the system remains fully connected or if line

outages have split it into multiple electrically isolated sub-networks.

For each resulting sub-network, the available generation capacity is eval-

uated by considering the production limits and ramp-up constraints of the

generators located within that island. If the locally producible energy is not

sufficient to meet the total demand of the sub-network, a load shedding pro-

cedure is activated, reducing the load until the internal generation-demand

balance is restored. This mechanism allows the model to emulate islanding

operation and assess the impact of limited generation availability on supply

continuity under degraded network conditions.

For each island k ∈ I, load shedding is modelled through a non-negative

decision variable si associated with each demand bus i ∈ Nk, representing

the fraction of load that is supplied. The served demand is therefore defined

as:

Loadservedi = si Loadi, 0 ≤ si ≤ 1, ∀i ∈ Dk. (7.19)
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Table 7.16: Ethiopian Transmission Grid Buses (PF Model)

ID Name Voltage Bus Plant List

Type

1 Addis Ebeba 230 kV PV Koka, Awash II, Awash III

AdamaWind I, AdamaWind II

2 Awasa 230 kV PV MelkaWakena

3 Jimma 230 kV PV GilgelG I, GilgelG II, GIBEIII

4 Finchaa 230 kV PV Finchaa, AmertiNeshe

5 Bahir Dar 230 kV PV Beles, TisAbayII

6 Dessie 230 kV PQ –

7 Dire Dawa 230 kV PQ –

8 Gode 230 kV PQ –

9 Gambela 230 kV PV Gambela

10 Asosa 230 kV PQ –

11 Merelle 230 kV PV Tekeze, AshegodaWind

12 Semera 230 kV PQ –

13 Aysha 230 kV PV AyishaWind

14 Jijiga 230 kV PQ –

15 Harar 230 kV PQ –

16 Deressa 230 kV PQ –

17 Debra Markos 230 kV PQ –

18 Addis Ebeba 400 400 kV PQ –

19 Awasa 400 400 kV PQ –

20 Jimma 400 400 kV PQ –

21 Bahir Dar 400 400 kV PQ –

22 Genale Dawa 400 kV PV GenaleDawa

23 SNNPR 400 kV PQ –

24 GERD 400 kV PV GERD

25 Deressa 400 400 kV PQ –

26 Debra Markos 400 400 kV PQ –

27 Kenya Slack 400 kV Slack –
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Table 7.17: Transmission lines and transformers with resistance and reac-

tance
From To Distance [km] Type R [Ω] X [Ω]

1 2 220 230kV 14.92 79.20

1 3 260 230kV 17.63 93.60

1 4 170 230kV 11.53 61.20

1 6 250 230kV 16.95 90.00

1 7 345 230kV 23.39 124.20

2 8 580 230kV 39.32 208.80

3 4 210 230kV 14.24 75.60

3 9 260 230kV 17.63 93.60

4 17 90 230kV 6.10 32.40

5 6 250 230kV 16.95 90.00

5 17 140 230kV 9.49 50.40

6 11 260 230kV 17.63 93.60

6 12 170 230kV 11.53 61.20

7 13 150 230kV 10.17 54.00

7 15 40 230kV 2.71 14.40

10 16 240 230kV 16.27 86.40

14 15 75 230kV 5.09 27.00

18 20 260 400kV 7.18 83.20

18 25 245 400kV 6.76 78.40

18 26 185 400kV 5.11 59.20

19 20 190 400kV 5.24 60.80

19 22 210 400kV 5.80 67.20

19 27 600 400kV 16.56 192.00

20 23 190 400kV 5.24 60.80

21 24 255 400kV 7.04 81.60

21 26 140 400kV 3.86 44.80

24 25 285 400kV 7.87 91.20

1 18 0 Transf. 0.01 0.04

2 19 0 Transf. 0.01 0.04

3 20 0 Transf. 0.01 0.04

5 21 0 Transf. 0.01 0.04

16 25 0 Transf. 0.01 0.04

17 26 0 Transf. 0.01 0.04
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Figure 7.18: Example of the E-TN Digital Twin

A feasibility check can be expressed by comparing the maximum pro-

ducible power inside the island, also limited by ramp-up constraints, with

the total served demand:

∆Pk =
∑
i∈Dk

Loadservedi −
∑
g∈Gk

Prodmax
g (t), (7.20)

where Prodmax
g (t) denotes the time-dependent maximum available genera-

tion within the sub-network, including ramp-up limitations. If ∆Pk > 0,

load shedding is activated and the coefficients si are gradually reduced until

the feasibility condition is satisfied.

Once load shedding has been applied, the OPF is tasked with supplying the

remaining demand within each sub-network by solving independently on each

island k. The optimisation problem is formulated to minimise hydropower

production, subject to power balance and operational constraints.

Since energy storage systems are not included in the current model, the

system always exploits the full availability of wind generation first, treating

it as a non-dispatchable and priority source. Hydropower plants are then
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used only to cover the residual demand that cannot be satisfied by wind

generation alone, while respecting ramp-up limits.

Denoting by GH
k the set of hydro generators and by GW

k the set of wind

generators in island k, the optimisation problem reads:

min
xk,uk, s

∑
g∈GH

k

Prodg (7.21)

s.t. gk(xk, uk) = 0 (power flow equations) (7.22)

hk(xk, uk) ≤ 0 (operational limits) (7.23)∑
g∈Gk

Prodg =
∑
i∈Dk

Loadservedi + P loss
k (7.24)

0 ≤ Prodg ≤ Prodmax
g (t), ∀g ∈ Gk (7.25)

Prodg = Prodmax
g (t), ∀g ∈ GW

k (wind treated as must-take)

(7.26)

where xk are the dependent variables (voltages, angles, and line flows),

and uk are the control variables (generator set-points, voltage references,

transformer taps, etc.). The constraint (7.26) enforces the full use of avail-

able wind power, while the objective (7.21) minimises hydropower usage to

preserve water resources.

Minimising total generation while meeting the remaining load naturally

leads to a reduction in network losses, as lower power injections result in

reduced line currents.

As a consequence, the adopted objective function simultaneously promotes

efficient network operation and conservative use of water resources, which is

consistent with the long-term planning perspective of the study.

7.4 Operational Management System (OMS)

for E-TN

The digital twin of E-TN is an important asset in studying the behaviour of

the grid and then developing a monitoring system to coupled it with. In this

way it will be possible to increase efficiency and robustness by coordinating

the usage of the available power sources.

In the context of the Last Wind project, such a system has been defined

as the Operational Management System (OMS), representing the highest
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decision-making layer. Its primary role is to ensure secure and efficient sys-

tem operation under network constraints, generation limitations and contin-

gency conditions translating into medium and short term operational objec-

tives attainable through coordinated control actions.

The OMS explicitly accounts for the following:

• Transmission constraints

• Inter-area power exchanges

• Ramp-up limitations of hydropower plants

• Availability of non-dispatchable renewable sources

In this context, its functions are to coordinate the dispatch of generation,

managing load shedding when necessary and preserving critical resources

such as water reserves.

The OMS can be interpreted as an Energy Management System which,

based on forecasts of load center demand and wind power production, de-

termines the set-points to be requested from hydropower plants. The OMS

formulates its decision problem as a Linearised Optimal Power Flow (L-OPF)

and this choice has been taken as a good compromise between computational

cost and realistic consideration of the dinamics of the network.

Network losses are approximated using precomputed loss coefficients (the

so-called α-coefficients), allowing the impact of power injections on losses to

be represented in linear form. This approach enables fast optimisation over

large networks and makes the OMS suitable for repeated execution within

an operational time horizon.

By embedding the OPF within a rolling-horizon framework, the OMS can

schedule control actions over time, anticipate ramp-up constraints, and mit-

igate future shortages. The resulting optimisation balances three competing

objectives:

• Satisfying demand

• Minimising Network losses

• Limiting hydropower usage to support long-term sustainability and

resilience of the transmission system

One of the strengths of a correct linearised formulation is that the search

for the solution is carried out through the properties of the solution space

itself, rather than relying solely on a physical interpretation of the problem.
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Within a receding-horizon architecture, if all time steps are properly linked

to each other, this allows the optimise over the entire horizon at once, rather

than solving each step independently. As a result, the global optimum for

the whole sequence of steps can always be identified in a single iteration.

In the following, the definition of the linearised problem is presented. Note

that the ramp-up variables are used as coupling elements between consecu-

tive time steps, linking all the steps in a single optimisation space. Initially,

the variables and the problem formulation for a single-step horizon are pre-

sented in detail. Subsequently, the full multi-step horizon formulation is

introduced.

7.4.1 Variables and the parameters for the OMS

The linearised OPF problem formulated within the Operational Management

System relies on the following sets, parameters, and decision variables.

Sets

• N : set of network nodes, indexed by i.

• B: set of transmission branches, indexed by b.

• G: set of all generation units, indexed by g.

• GH ⊂ G: set of hydropower plants (HPPs), indexed by p.

• GW ⊂ G: set of wind power plants (WPPs), indexed by w.

• T : set of time steps within the optimisation horizon, indexed by t.

Parameters

• Loadreqi (t): electrical demand requested at node i at time t.

• Prodmax
g (t): maximum power output available from generator g at

time t.

• Windavaw (t): wind power available for WPP w at time t.

• Prodmax
p : nominal power production of the hydropower plant p.

• ∆ru
p : relative ramp-up limit of the hydropower plant p.

• Prodprevp : power output of the hydropower plant p in the previous time

step.
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• Reservep(t): water stored in the reservoir associated with the plant p.

• Flowp(t): river flow associated with plant p.

• Qnom
1MWh: nominal water volume required to produce 1 MWh.

• αb: vector of linear loss coefficients used to approximate network losses.

• LSlevels: Integer variable, number of possible load shedding steps.

• M : large positive constant used in big-M linearisation constraints.

• Npiece: number of pieces used to approximate HPP efficiency.

Decision Variables

• ProdNi (t): net power production at node i.

• Fb(t): active power flow on branch b.

• |Fb(t)|: auxiliary variable representing the absolute value of branch

flow.

• Prodg(t): power output of generator g.

• si(t): load supply factor at node i, integer value si(t) ∈ {0, ..., LSlevels}.

• Loadservi (t): load served at node i, equal to si(t)
LSlevels

Loadreqi (t).

• Qp(t): water flow used by hydropower plant p.

• Qava
p (t): water flow available for plant p.

• RUp(t): ramp-up bound variable for hydropower plant p.

• Bp,r(t): binary variable selecting the r-th segment of the piecewise-

linear efficiency curve of plant p.

7.4.2 Network modelling and loss approximation con-

straints

The transmission network is modelled through nodal power balance con-

straints, including branch power flows and a linear approximation of net-

work losses. Let N be the set of buses and B the set of active transmission

branches. For each branch b ∈ B, let i = from(b) and j = to(b) denote its

terminal buses, Fb the signed active power flow in the branch, and |Fb| an
auxiliary variable representing its magnitude.
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Network losses are approximated using precomputed linear loss coefficients

αb, following a standard α-coefficient formulation. Due to the lack of detailed

electrical data for the transmission lines, a simplifying assumption has been

adopted by assigning a uniform loss coefficient αb = 0.1 (i.e., 10%) to all

branches.

Although approximate, this choice allows the model to capture the quali-

tative impact of network losses while preserving linearity and computational

efficiency.

Definition of nodal generations

Let N be the set of buses and G the set of generation units. A binary

assignment parameter Γig is defined such that:

Γig =

{
1 if generator g is connected to bus i

0 otherwise

For each bus i ∈ N , the active nodal power exchange is defined as the sum

of the power outputs of all generators connected to that bus:

ProdNi (t) =
∑
g∈G

Γig Prodg(t), ∀i ∈ N . (7.27)

Absolute value modelling for branch flows

The auxiliary variables |Fb| are linked to the signed branch flows through

the linear constraints:

Fb(t) ≤ |Fb(t)| → Fb(t)− |Fb(t)| ≤ 0 (7.28)

−Fb(t) ≤ |Fb(t)| → −Fb(t)− |Fb(t)| ≤ 0 (7.29)

which, in combination with a cost function that minimises |Fb(t)|, ensures
that |Fb(t)| fall right on |Fb(t)|true, allowing to linearise the loss term to

depend on the magnitude of the branch flow.

Nodal power balance with linearized losses

For each bus i ∈ N , the active power balance is enforced as:

Pi(t) +
∑
j∈N

Fij(t) = 0 (7.30)
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where Pi(t) is the net exchange of nodes (positive for injection), Fij rep-

resents the flow incoming to the bus i from each of the connected buses

j ∈ N .

Nodal exchange Pi(t) is defined as the difference between internal produc-

tion and bus i load demand.

Pi(t) = ProdNi (t) − Loadservi (t) (7.31)

For each branch b = (i, j), Fb represents the flow that passes through it

in case of no losses. It is considered positive if it moves from node i to node

j and negative in the opposite direction. The power flow contribution, from

the node end point of view, is then defined as:

Fij =

{
Fb

(1− αb)Fb

Fji =

{
(1− αb)Fb if Fb i ⇒ j

Fb if Fb i ⇐ j
(7.32)

Using the branch flow module |Fb(t)| it is then possible to model such

losses in a linear form.

Fij(t) =
αb − 2

2
Fb(t) − αb

2
|Fb(t)|

Fji(t) =
2− αb

2
Fb(t) − αb

2
|Fb(t)|

(7.33)

For each branch b of the network, it is possible to define the corresponding

elements of the square matrices N × N , A and C, to properly account for

the distributed branch flows. Specifically, for a branch b = (i, j):

Aij =
αb − 2

2
Aji =

2− αb

2
(7.34)

Cij = −αb

2
Cji = −αb

2
(7.35)

while Aij = Cij = 0 for each couple of buses ij with no interconnection and

no branch associated

For each bus i ∈ N , the active power balance is enforced as:

ProdNi (t) − Loadservi (t) +
∑
b∈B

Aib Fb(t) +
∑
b∈B

Cib |Fb(t)| = 0, (7.36)
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where the coefficients Aib and Cib correspond to the i-th row of the ma-

trices A and C

The linear loss term
∑

b Cib |Fb| provides a first-order approximation of

active power losses by allocating the estimated branch losses equally to the

terminal buses. This simplified approach preserves convexity and computa-

tional efficiency, making it suitable for large-scale and multi-step optimisa-

tion within the OMS.

Discrete load shedding formulation

Let D ⊆ N be the set of load buses. For each load bus i ∈ D, an integer

decision variable πi is introduced to represent the load shedding level.

The load shedded at node i is defined as:

Loadservedi (t) =
si(t)

LSlevels
Loadreqi (t), (7.37)

As the variable si(t) is constrained as:

si(t) ∈ {0, 1, . . . , LSlevels}, (7.38)

the fraction si(t)
LSlevels

represents the percentage of load at node i that will

be supplied. 1
LSlevels

represent the smallest discrete steps applicable to the

shedding.

In this study Lsmax = 5 have been chosen, corresponding to shedding steps

of 20% of the nominal load. This discrete formulation prevents arbitrarily

small load reductions and reflects the coarse granularity typically available

in real-world load shedding actions at the transmission level.

Hydropower ramp-up, water flow constraints, and piecewise effi-

ciency approximation

The OMS models hydropower operational limitations through ramp-up cou-

pling constraints and a piecewise-linear approximation of the relationship

between generated power and water usage.

Ramp-up modelling

For each hydropower plant p ∈ GH , the increase in power output between

consecutive time steps is limited. A dedicated variable RUp(t) is intro-

duced to represent the time-dependent upper bound induced by ramp-up

constraints. In this way it is also possible to connect the different steps of

the horizon under optimisation.
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• First time step: when optimisation is initialised at time t = 1, the

ramp-up bound is computed from the known previous utilisation ratio

Prodprevp :

RUp(1) = Prodprevp + (∆ru
p

)
Pmax
p ∀p ∈ GH , (7.39)

where ∆ru
p is the relative ramp-up limit and Pmax

p is the nominal power.

• Subsequent time steps: for t > 1, the bound is linked to the previous-

step production set-point:

RUp(t)− Prodp(t− 1) = ∆ru
p Pmax

p , ∀p ∈ GH , t > 1. (7.40)

Finally, the ramp-up limitation is enforced through:

Prodp(t) ≤ RUp(t), ∀p ∈ GH , ∀t ∈ T . (7.41)

Available water flow

The maximum usable water flow is defined as the sum of the stored reservoir

volume and the river inflow:

Qava
p (t) = Reservep(t) + Flowp(t), ∀p ∈ GH , ∀t ∈ T . (7.42)

The flow used is constrained by availability:

Qp(t) ≤ Qava
p (t), ∀p ∈ GH , ∀t ∈ T . (7.43)

Piecewise-linear approximation of hydropower efficiency

The relationship between generated power and required water flow is ap-

proximated through a piecewise-linear lower envelope. What is needed is a

way to express the power output of the plant as a function of the flow en-

tering the turbine. Starting by expressing η as a function of Qr in Eq. 7.12,

Eq. 7.12 leads to:

Prodp(t) = β · η(Qr,p(t)) ·Qp(t) = β · η(Qr,p(t)) ·Qr,p(t) ·Qnom,p (7.44)

This leads to:

Prodp(t) = β · η′(Qr,p(t)) ·Qnom,p (7.45)
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Table 7.18: Points for the piecewise approximation of η′

Npoint 1 2 3 4 5

η′ 0 0.4 0.72 0.81 1

Qr 0 0.5 0.8 0.9 1.2

where η′(Qr,p(t)) collects all the nonlinearities and represents the relation-

ship that must be approximated with a piecewise-linear function of the form

η′piece ·Qr,p(t).

To identify the breakpoints of the piecewise approximation, Table 7.9 can

be used. The points of η′ are computed as the product of the values of η(Qr)

and the corresponding Qr, as reported in Table 7.18.

Let z ∈ {1, . . . , Npiece} index the linear segments, where Npiece = Npoints−
1. The coefficients az and bz are defined as:

az =
η′(z + 1)− η′(z)

Qr(z + 1)−Qr(z)
(7.46)

bz = η′(z)− azQr(z) (7.47)

The values Qr(z) act as thresholds xz to regulate the switch from one

piece to another. A nominal conversion factor Qnom
1MWh is used to normalise

water usage. Using the parameters just defined, Eq. 7.45 can be rewritten

for each piece as:

Prodp(t)

β
= (az ·Qr,p(t) + bz) ·Qnom,p = az ·Qp(t) + bz ·Qnom,p (7.48)

A binary variable Bz
p(t) ∈ {0, 1} is introduced to keep track of which

segment is active through a big-M logic. One binary variable is required for

each transition between pieces. The coupling between Bz
p(t) and the flow

variable Qp(t) is defined as follows.

For z ∈ {2, . . . , Npiece}:

Bz,p(t) ≤ 1 +
Qr,p(t)− xz

M
⇒ Bz,p(t)−

Qp(t)

M Qnom,p
≤ 1− xz

M
(7.49)

Bz,p(t) ≥
Qr,p(t)− xz

M
⇒ −Bz,p(t) +

Qp(t)

M Qnom,p
≤ xz

M
(7.50)

with M ≫ 0.
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These constraints, combined with the bound Bz,p(t) ∈ {0, 1}, generate the
required set of binary variables. This set, together with Eq. 7.48 and defining

z′ = z + 1, allows to write for each piece the following pair of constraints:

Prodp(t)

β
≤ azQp(t) + bzQnom,p +MBz′,p(t) +M(1−Bz,p(t)) (7.51)

Prodp(t)

β
≥ azQp(t) + bzQnom,p −MBz′,p(t)−M(1−Bz,p(t)) (7.52)

Rearranging all terms on the left-hand side yields:

Prodp(t)

β
− azQp(t)−MBz′,p(t) +MBz,p(t) ≤ bzQnom,p +M (7.53)

−Prodp(t)

β
+ azQp(t)−MBz′,p(t) +MBz,p(t) ≤ −bzQnom,p +M (7.54)

Equations 7.53 and 7.54 must be modified for the first and last piece:

• If z = 1, the contributions involving Bz,p(t) must be ignored, as this

variable does not exist.

• If z = Npiece, the contributions involving Bz′,p(t) must be ignored for

the same reason.

The defined set of constraints and support variables finally permit to fully

implement the piecewise approximation of the efficiency.

7.4.3 Variable bounds and cost function

To ensure physical feasibility and numerical stability, the optimisation vari-

ables are constrained through explicit lower and upper bounds. These bounds

encode operational limits of generators, admissible ranges for branch flows,

and the discrete nature of load shedding.

Bounds

Nodal injections are bounded by the maximum generation that can be in-

jected into each bus, obtained from the aggregation of the plants connected

to the node. In particular, wind generation is treated as non-dispatchable

(must-take), hence its lower and upper bounds coincide with the available

wind power.
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Hydropower outputs are bounded between zero and available capacity,

which depends on the status of the plant and the availability of resources.

Branch flows are bounded symmetrically to allow both directions of power

transfer, while auxiliary absolute-value variables are constrained to be non-

negative. The load shedding variables are bounded between zero and the

nominal demand in each bus, and the corresponding discrete shedding level

is bounded by the maximum number of shedding steps.

Cost function

The OMS objective is composed of three sub-objectives.

• It prioritises non-dispatchable renewable generation while preserving

water resources and maintaining secure system operation. This is

translated into minimising the water flow entering the hydropower

plants and, consequently, hydropower production:

Obj1 = min
∑
t∈T

∑
p∈GH

Qp(t) (7.55)

• It aims to avoid curtailment of the served load by supplying the full

demand whenever possible, allowing load shedding only when strictly

necessary to preserve feasibility:

Obj2 = max
∑
t∈T

∑
i∈D

Loadservi (t) = min
∑
t∈T

∑
i∈D

(
− Loadservi (t)

)
(7.56)

• It minimises the auxiliary variables introduced to represent absolute

values, which, in combination with the associated constraints, ensure

that these variables correctly match the true absolute values:

Obj3 = min
∑
t∈T

∑
b∈B

|Fb(t)| (7.57)

The complete objective is a linear weighted combination of these three

parts:

Objtot = α1 Obj1 + α2 Obj2 + α3 Obj3. (7.58)

Since the primary purpose of the OMS is to serve the load demand as

much as possible, to ensure that load shedding is selected only when serving

the load is infeasible, it is important that α2 ≫ α1.
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Note that even if it is good practice to explicitly account Obj3 it may

be partially redundant with Obj1. Minimising the flow of used water while

meeting the load demand implies minimising hydropower production, which

tends to reduce network losses. Since such losses are strictly related to

the magnitude of branch flows, this also promotes smaller values of |Fb(t)|,
providing an effect similar to Obj3.

7.5 Preliminary Results

The previous sections have shown in detail how the Digital Twin of the E-TN

and its OMS are defined. To obtain a complete simulated environment to

testing the behaviour of the E-TN, these two components must be properly

interconnected.

At the beginning of the simulation step k, the OMS receives measurements

of the requests and served loads, as well as the production supplied by each

plant at each node. Based on this information, the OMS forecasts the future

behaviour of the grid and optimises the scheduling. It should be noted that,

at this stage, the forecasting process is simplified and assumed to be perfect.

The output of the OMS optimisation is a detailed schedule of the actions

to be implemented on the E-TN to achieve the efficiency objectives. How-

ever, this plan is overly detailed for direct implementation, as the first set

of planned setpoints for each hydropower plant represents an exact produc-

tion target. As these results are obtained through a linearised model, an

additional processing step is required before their application.

The setpoints generated by the OMS are therefore used to define the

boundaries of the feasible space within which the OPF of the Digital Twin

can search for a solution, this time fully accounting for network nonlineari-

ties. Given the OMS solution ProdOMS
g (1) for all g ∈ G, the bounds for the

Digital Twin generation are defined as:

ProdE-TN
g,UBound = ProdOMS

g (1) + 0.1 · ProdOMS
g (1), (7.59)

ProdE-TN
g,LBound = ProdOMS

g (1)− 0.1 · ProdOMS
g (1). (7.60)

The Load shedding parameters are also passed as inputs to the Digital

Twin. Instead of relying on the simplified one-step shedding mechanism

previously implemented, demand curtailment is now directly regulated by



7.5 Preliminary Results 221

Figure 7.19: Coupling of the Digital Twin and the OMS of the E-TN

the OMS output. For all i ∈ N , this is expressed as:

sE-TN
i =

sOMS
i (1)

LSlevels
. (7.61)

By constraining both the generation search space and the shed demand of

the Digital Twin according to the OMS output, the control loop is effectively

closed.

The resulting architecture enables a detailed simulation of the E-TN be-

haviour in a wide range of future scenarios and case studies. These scenarios

typically involve major disturbances to the system that would be unrealistic,

unsafe, or impractical to reproduce on the physical grid.

The proposed framework therefore allows the response of the entire trans-

mission system to be evaluated even under highly critical conditions, provid-

ing valuable information on its robustness, flexibility, and operational limits.

Case Study 1: Failure of Transmission Lines

By simulating transmission line failures, it is possible to assess how changes in

network topology affect the ability of the grid to supply the demanded loads.

Although this represents a preliminary test, the results already highlight a

strong spatial asymmetry in the system’s resilience.

In particular, the eastern part of the country appears to be extremely

exposed to this type of contingency, as it is essentially connected to the

main grid through a limited number of corridors. In contrast, the presence

of a double-layer transmission structure in the central and western regions
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Figure 7.20: Case Study: Lines Failure

provides a higher degree of redundancy, improving their ability to withstand

line outages. An example of such cases is presented in Figure 7.20

Case Study 2: Failure of Power Generation Plants

Another relevant scenario concerns the failure of major power production

plants. In this case, it is of particular interest to evaluate the capability of

the grid to absorb such severe disturbances through the activation of load

shedding strategies and the re-dispatch of the remaining generation.

The non-ideal behaviour of production units, whose power output increases

are constrained by ramp-up limits, plays a crucial role in determining how

quickly the system can recover and compensate for the missing generation.

This case study therefore provides insight about the dynamic limitations

of the system and the effectiveness of the OMS in coordinating a constrained

response. Figure 7.21 show an example of such a scenario.

Case Study 3: Shift of Nominal Operating Conditions

A third important scenario is related to the anticipated long-term increase

in load demand. In the coming years, national electricity consumption is
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Figure 7.21: Case Study: Plants Failure

expected to grow significantly, potentially doubling with respect to current

levels. It is therefore essential to study the behaviour of the entire system

as this shift in nominal operating conditions occurs.

This analysis highlights the areas of the grid that are most stressed by

the increasing demand and allows an assessment of whether the current and

planned generation and transmission capabilities are sufficient to guarantee

acceptable performance in terms of security of supply and quality of service.

In the example shown in Figure 7.22 it’s possible to see how, in such a

case, the cutoff of the loads may be needed even if no major failures are

present into the network
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Figure 7.22: Case Study: Shift of the nominal conditions

7.6 Conclusion & Future Development

In conclusion, this chapter presented a comprehensive methodology for build-

ing a simulated environment for the development and testing of a monitoring

and operational management system aimed at improving the performance of

a transmission network in terms of resilience and flexibility.

By coupling a high-fidelity Digital Twin OPF-based of the E-TN with

a Linearised Optimal Power Flow–based Operational Management System,

it is possible to analyse the behaviour of the grid under a wide range of

operating conditions and severe contingencies.

One of the main strengths of the proposed approach lies in its generality

and scalability. The same modelling framework can be applied to differ-

ent power systems with limited adaptations, enabling the investigation of

scenarios that are difficult, risky or outright impossible to test on a physi-

cal grid. In this sense, the Digital Twin becomes a powerful tool not only

for operational studies, but also for the validation of control strategies and

resilience-orientated assessments.

Future developments of this work may focus on a more systematic evalu-
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ation of system resilience by introducing quantitative indicators such as the

LSR, the total energy not served and the recovery time following major dis-

turbances. By linking these metrics with the different simulated scenarios,

it will be possible to objectively assess the impact of the OMS on the overall

system performance and to compare alternative operational strategies.

In addition, to ensure full applicability in real-world conditions, the OMS

should be extended by integrating dedicated forecasting blocks for both load

demand and renewable generation. The inclusion of uncertainty-aware fore-

casting and probabilistic optimisation would further enhance the robustness

of the decision-making process, allowing the system to proactively anticipate

critical conditions rather than merely reacting to them.

These extensions represent a natural continuation of the methodology pre-

sented in this chapter and open the way to more advanced and realistic op-

erational studies.

This chapter naturally builds upon the concepts and tools introduced in

the previous chapters. While earlier sections focused on the modelling of

local management systems and distributed control strategies to address what

can happen inside of a bus of the network, here these elements are brought

together within a unified framework that operates at transmission level.

In this sense, the Operational Management System acts as the logical

extension of the lower-level control architectures, translating local flexibility

and renewable variability into coordinated, system-wide decisions.

The integration of monitoring, optimisation and simulation within a closed-

loop architecture highlights how the methodologies discussed throughout the

thesis can be combined to address resilience, security of supply and efficient

resource usage in a coherent manner.
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Chapter 8

Conclusion

This chapter summarises the contribution and presents the con-

clusion of the work.

227
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This work is framed within the context of the energy transition, at a

historical moment in which the traditional model of energy generation and

distribution is no longer sustainable. The paradigm based on large cen-

tralised power plants is progressively being replaced by a system dominated

by renewable energy sources, particularly solar and wind. Although this

transition is necessary to achieve long-term sustainability, it also introduces

a set of significant operational challenges.

One of the main obstacles lies in the spatial distribution of the generation.

Energy production is no longer concentrated in a few high-voltage nodes but

is instead widely distributed throughout the distribution network through a

large number of small-scale generation units.

This is further complicated by the intrinsic non-controllability of renewable

sources, which generate energy only when environmental conditions allow it.

As a result, there is a clear need for coordination mechanisms operating from

the lowest levels of the system, enabling local consumption of locally pro-

duced energy and improving the alignment between generation and demand.

The primary contribution of this work does not consist in a single algorith-

mic solution but rather in the coherent multi-level architecture adopted to

address the problem. The proposed framework is a compromise between the

most used solutions available in literature and tackles coordination across

different control layers, starting from the individual user level, extending to

community-level and then reaching the network level, where similar issues

emerge on a larger scale. This conceptual continuity represents a key element

of the proposed approach.

Within this framework, particular emphasis has been placed on the de-

velopment of lightweight and interpretable solutions. The focus on inter-

pretability has been a deliberate design choice. By gaining a deeper un-

derstanding of the problem structure, it was possible to avoid the use of

more powerful but computationally expensive optimisation techniques, which

would have negatively affected scalability and practical deployability. In this

sense, simplicity becomes an enabling factor rather than a limitation.

User coordination emerges as the central element of the proposed system.

The architecture explicitly avoids rigid and fully centralised solutions that

impose coordinated behaviour in a coercive manner. Instead, coordination

is achieved through mechanisms that preserve individual interests whenever

possible, while providing guarantees of fairness and transparency.

This aspect is particularly relevant, as the success of the energy transition
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ultimately depends on the active and voluntary participation of end users,

who must be able to contribute without being unfairly penalised.

The obtained results show that the desired system-level behaviour can

be achieved through scalable, stable and low-complexity solutions without

sacrificing coordination effectiveness. The relevance of these results lies not

in the absolute level of optimisation achieved but in demonstrating that such

an approach is practically feasible.

All these considerations are summarized in Table 8.1, where the proposed

methodology is compared with the approaches available in the literature

across a set of key aspects. It is important to note that the proposed method-

ology is not necessarily the best option for every individual aspect. Rather,

it represents a balanced compromise that accounts for real-world constraints

and is designed to enable practical system deployment.

Aspect Centralized ADMM MAS Heuristic Proposed

Intelligence Central Distributed Local Hierarchical

Edge Control Central Local Rule-based Rule-based

setpoints optimization

Optimization MILP/ Convex + Metaheuristic Mixed

convex consensus Approaches

Forecasting Central Local/ Local Local

shared (lightweight)

Scalability Limited High* High High

Communication Moderate Iterative* Low Low

Computation High Distributed Low Low/

moderate

*Convergence dependent on coupling strength and tuning.

Table 8.1: Compact comparison of EMS coordination paradigms and pro-

posed architecture

Future developments will begin by relaxing the simplifying assumptions

introduced throughout this work, such as the assumption of perfect forecast-

ing. Although these assumptions are not realistic, they allow the decoupling

of forecasting and optimisation problems, enabling a clearer understanding

and analysis of the mechanisms and dynamics of the two aspects indepen-

dently while avoiding concealed structural interactions.

A key aspect of future research will also be the explicit treatment of fore-



230 Conclusion

casting uncertainty across all control levels, from local load and generation

estimation to community and network coordination.

Then the focus will shift on the full integration of the proposed control lay-

ers, the deployment of the system on embedded platforms and experimental

validation in real-world settings, such as operational energy communities.

In addition, communication constraints, latency, reliability and user ac-

ceptance will need to be systematically addressed, as they become critical

when transitioning from simulation to real deployment.

In addition, the integration of conversational AI with Energy Manage-

ment Systems will represent a complementary layer instead of an alternative

to traditional control. By lowering the barrier to interaction and understand-

ing, such tools enable broader participation in energy communities, facilitate

informed decision making, and ultimately improve the social sustainability

of technically optimal solutions.

In conclusion, this work is a starting point rather than a final outcome.

The ultimate goal is to get the proposed architecture out of the simula-

tion environment and confront it with real-world conditions, where delays,

imperfections and constraints are not exceptions, but the rule.
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Future Developments

This final chapter outlines the main future developments of the

proposed multi-level Energy Management System, focusing on ro-

bustness, integration and real-world applicability. Key research

directions include the mitigation of forecasting uncertainty across

all control layers, the systematic quantification of resilience through

dedicated metrics, and the full integration of local, community

and transmission-level controllers. Particular attention is given

to the deployment of lightweight control algorithms on embed-

ded platforms and their experimental validation in real Renew-

able Energy Communities. Finally, the integration of Large Lan-

guage Models as an expert-user layer is discussed as a promising

approach to combine flexible human interaction with the trans-

parency and reliability of deterministic control architectures. 1

1A preliminary version of the work presented in this chapter has been published as

GPT-Powered Chatbot for Dissemination and Simulation of Renewable Energy Commu-

nities [102].
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The work presented in this thesis defines a multi-level Energy Management

System capable of coordinating local, community and grid-level objectives

under realistic computational and operational constraints. While the pro-

posed architecture already demonstrates solid performance in simulation,

several research directions naturally emerge to further improve robustness,

integration and real-world applicability.

Mitigation of Forecast Uncertainty

A first and fundamental line of future research concerns the explicit treat-

ment of forecasting uncertainty across the different layers of the EMS. The

effective deployment of the proposed architecture in real-world scenarios de-

pends on the ability to manage both measurement noise and prediction errors

in load and generation forecasts.

This research direction has already been partially addressed, particularly

at the HEMS level, where preliminary corrective mechanisms have been in-

troduced. The results obtained are encouraging, they remain preliminary

and require validation through large-scale testing on more heterogeneous

datasets. Such an evaluation is necessary to assess robustness and generali-

sation under diverse user behaviours and operating conditions.

At the community level, future work will focus on analysing how forecast-

ing errors propagate to the Community Management Hub (CMH), affecting

coordination quality, collective objectives, and resilience indicators. Under-

standing this propagation is essential to quantify the impact of uncertainty

on coordinated control strategies.

At the third control level, corresponding to the Operation and Monitoring

System (OMS), forecasting becomes a prerequisite for real-world applicabil-

ity. In its current form, the OMS operates under idealised assumptions and

is therefore limited to simulation studies. Future developments will require

the explicit integration of forecasting blocks for nodal loads and renewable

generation, such as wind power, enabling operational decision-making under

uncertainty.

Overall, future work will focus on robust EMS formulations that explicitly

account for uncertainty, including ensemble forecasting techniques, online

learning strategies and uncertainty-aware scheduling policies, with the goal

of transitioning from a simulation-orientated framework to an implementable

control architecture.
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Resiliece Evaluation

Another relevant direction for future research concerns the systematic im-

provement and quantification of resilience metrics within the proposed energy

management framework. Even if the concept of resilience has already been

partially addressed in this work and preliminary mechanisms have been de-

fined, no extensive studies has yet been conducted to evaluate the large-scale

impact of the Energy Management System on the resilience of the monitored

system.

At the CEMH level, future developments will focus on a more structured

analysis of resilience indicators, such as the LSR, under a wide range of

operating conditions. In particular, it will be necessary to move beyond

isolated case studies and perform large-scale evaluations over longer time

horizons and heterogeneous datasets.

This includes the analysis of different community configurations, load pro-

files and disturbance scenarios, with the objective of identifying representa-

tive and meaningful cases that deserve deeper investigation. Rather than

relying exclusively on full datasets, intermediate or “typical” scenarios may

be identified to balance statistical significance with computational feasibility.

Such an analysis would enable a clearer understanding of how the pres-

ence of a coordinated HEMS influences the system’s ability to absorb dis-

turbances, prioritise critical loads and recover from stress conditions. In this

context, resilience metrics would not only describe the system behaviour,

but also serve as quantitative indicators to compare different coordination

strategies and control policies.

At the third control level, corresponding to the OMS, the problem becomes

substantially more complex. At this scale, resilience cannot be evaluated

solely through community-level indicators, and new metrics and method-

ologies must be introduced to capture the interaction between coordinated

energy management actions and transmission-level dynamics. Future work

will therefore focus on defining appropriate resilience metrics at this level

and integrating them into the algorithm.

This extension would enable the study of significantly more complex sce-

narios than those accessible at the CEMH level, including large-scale dis-

turbances, cascading effects and interactions across multiple voltage levels.

Ultimately, such a multi-level resilience assessment would make it possible to
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quantitatively evaluate how coordinated energy management strategies in-

fluence system behaviour under extreme and realistic operating conditions,

providing a solid basis for comparing architectures and control philosophies.

Full Integration of the Multi-Level EMS

A direction for future research concerns the full integration of the three

control layers into a unified and deployable EMS architecture. Although the

roles and interactions of the individual layers are clearly defined and the first

two levels have already been correctly and fully integrated, further work is

required to achieve complete system coherence across all layers.

In the current implementation, the interaction between the HEMSs and

the CEMH is already operational and validated in simulation. However, the

third control level, corresponding to the OMS, is still applied in isolation to

the transmission network case study. A fundamental next step is therefore

the full integration of the OMS as a component coherently connected with

the CEMHs and capable of operating on the same coordinated system.

From an implementation perspective, an important development concerns

the migration of the HEMS and CEMH control codes from MATLAB to

lower-level programming languages, such as C. This transition would en-

able deployment on embedded platforms and low-performance hardware, in-

cluding simple microcontrollers. Since the proposed algorithms have been

explicitly designed to be lightweight and computationally efficient, such a mi-

gration represents a realistic and natural step toward edge-level intelligence,

reducing reliance on centralised computation and allowing the evaluation of

real-time constraints, communication delays and scalability limits.

Ultimately, the most significant milestone toward real-world applicability

is experimental validation. Future work will therefore aim at testing the

proposed EMS, in particular the first two control layers, on real Renewable

Energy Communities or physical electrical systems. Such an experimental

deployment would provide concrete evidence of the feasibility, robustness,

and effectiveness of the proposed architecture under real operating condi-

tions, representing a decisive step from simulation-based validation to prac-

tical implementation.
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Integration of LLMs as an Expert User Layer in the HMI

A further and particularly promising research direction concerns the inte-

gration of Large Language Models as an expert user layer within the Hu-

man–Machine Interface of the EMS.

The proposed EMS architecture is inherently powerful but complex, as it

involves multiple control layers, forecasting models and optimisation mech-

anisms. However, real-world users are rarely experts in power systems or

control theory. Bridging this gap requires an intermediate layer capable of

translating high-level human intentions into structured actions that can be

safely processed by the underlying control system.

In this context, LLMs are not introduced as an auxiliary feature but as a

natural extension of the EMS paradigm. Their role is to act as an intelligent

interface between human users and complex energy management systems,

mediating the interaction without interfering with deterministic control logic.

The key advantage of this architecture lies in the deliberate combination

of two complementary properties: the high flexibility of LLMs in handling

ambiguous and unstructured user inputs, and the transparency and relia-

bility of classical simulation and control algorithms. This separation avoids

the risks associated with black-box numerical reasoning, while significantly

improving usability and accessibility 9.1.

Figure 9.1: Enter Caption

The preliminary results obtained with the chatbot-based REC simula-

tor developed in this work demonstrate the feasibility of this approach.

The LLM-driven interface is capable of interpreting highly flexible natural-

language inputs, guiding users through complex configuration procedures

and translating unstructured requests into structured inputs for a determin-

istic simulator. At the same time, all numerical computations and decision

logic remain entirely delegated to conventional and transparent code 9.2.
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Figure 9.2: Implemented chatbot for the REC simulation

At its current stage, this integration is intentionally limited to a supervised

and non-autonomous role. The LLM role is not to perform control actions,

nor does it replace optimisation or forecasting modules.

Although not yet fully deployed in operational environments, the extension

of this concept toward a generalised expert user layer represents a serious and

promising research direction. Addresses a critical barrier to the real-world

adoption of advanced EMS architectures: the mismatch between system

complexity and user expertise. By embedding intelligence at the interface

level rather than in the control core, this approach preserves the rigour of

the system while enabling broader applicability and acceptance.

Figure 9.3: Proposed architecture for the EMS-LLM integration
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Appendix A

Datasets and Information

Sources

This section summarizes the datasets and external information sources used

throughout this study.

Ausgrid Dataset: This publicly available Australian dataset contains

electricity consumption and photovoltaic production profiles of residential

prosumers. In this work, one full year of data (8760 hourly samples per user)

from 126 prosumers has been used. Additional complete yearly datasets are

available online through the Ausgrid website1.

Planet Smart City Dataset: This dataset is not publicly available, as

it contains privacy-sensitive information provided by PLANET IDEA S.r.l.

It includes approximately five months of data (about 3550 hourly samples

per user) collected from 286 residential users located in the Milan metropoli-

tan area (Italy). All users in this dataset are pure consumers, with no local

generation assets. Information regarding data access can be requested via

the official Planet Smart City website2.

Ethiopian Regional Load Profiles: Hourly load profiles of the Ethiopian

national electricity demand for the year 2019, disaggregated by region, were

provided by the Ethiopian TSO to the CROM research group. These data

1https://www.ausgrid.com.au
2https://planetsmartcity.it
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are not publicly available.

PVGIS: The Photovoltaic Geographical Information System (PVGIS) is

an online platform developed by the European Commission Joint Research

Centre. It provides solar radiation data and photovoltaic system performance

estimates for almost any location worldwide, excluding polar regions. In this

study, PVGIS has been extensively used to emulate the power production

of photovoltaic plants at different geographical locations and for multiple

historical years3.

GME: The Italian electricity market operator provides public access to

historical day-ahead market prices, including the national single price (PUN)

and zonal prices. In this work, price data from 2020 onward have been used4.

NASA POWER: NASA POWER is a global web-based platform pro-

viding meteorological and renewable energy-related data. In this study, it

has been used to retrieve historical wind speed data for several locations in

Ethiopia, enabling the emulation of wind power generation profiles5.

Open Infrastructure Map:

Open Infrastructure Map is an open-access, community-driven platform pro-

viding georeferenced information on critical infrastructure worldwide, includ-

ing electricity transmission and distribution networks. In this study, the plat-

form has been used to retrieve topographical and structural information on

the Ethiopian power grid. The dataset covers multiple countries and is con-

tinuously updated through open data sources and user contributions, making

it a valuable reference for large-scale comparative and planning studies.6

3https://joint-research-centre.ec.europa.eu/photovoltaic-geographical-information-system-pvgis_

en
4https://www.gme.it
5https://power.larc.nasa.gov/data-access-viewer/
6https://openinframap.org

https://joint-research-centre.ec.europa.eu/photovoltaic-geographical-information-system-pvgis_en
https://joint-research-centre.ec.europa.eu/photovoltaic-geographical-information-system-pvgis_en
https://www.gme.it
https://power.larc.nasa.gov/data-access-viewer/
https://openinframap.org
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This research activity has led to several publications in international journals

and conferences. These are summarized below.1
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1. Becchi, L.; Bindi, M.; Grasso, F.; Intravaia, M.; Lozito, G.M.; Luchetta,

A. “Distributed EMS Coordination via Price-Signal Control for Renewable
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of Criticality for Underground Medium Voltage Lines”, Electric Power Sys-
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1The author’s bibliometric indices are the following: H -index = 5, total number of
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249



250 Publications

International Conferences and Workshops

1. Becchi, L.; Bindi, M.; Intravaia, M.; Lozito, G.M.; Piccirilli, M.C.; Marconi,

R.; Cacciavillani, V. “GPT-Powered Chatbot for Dissemination and Simula-

tion of Renewable Energy Communities”, in Proc. of the 2025 IEEE Inter-

national Conference on Environment and Electrical Engineering and 2025

IEEE Industrial and Commercial Power Systems Europe (EEEIC / I&CPS

Europe 2025), pp. 1–6, 2025. [DOI: 10.1109/eeeic/icpseurope64998.2025.11169160]

2. Becchi, L.; Camerota, C.; Intravaia, M.; Bindi, M.; Luchetta, A.; Pecorella,

T. “Load Profile Generation for Robust Optimization: A Stochastic Ap-

proach Based on Conditional Probability Approximation”, in Proc. of the

2025 IEEE International Conference on Environment and Electrical Engi-

neering and 2025 IEEE Industrial and Commercial Power Systems Europe

(EEEIC / I&CPS Europe 2025), pp. 1–6, 2025. [DOI: 10.1109/eeeic/icpseu-

rope64998.2025.11169098]

3. Bindi, M.; Meshram, V. S.; Luchetta, A.; Becchi, L.; Intravaia, M.; Trivino,

A.; Villagrasa, E. “Foreign Object Detection for Wireless Power Transfer

Systems Using MLMVN”, in Proc. of the 8th IEEE International Forum on

Research and Technologies for Society and Industry Innovation (RTSI 2024),

pp. 453–458, 2024. [DOI: 10.1109/rtsi61910.2024.10761762]

4. Corti, F.; Intravaia, M.; Bindi, M.; Lozito, G.M.; Becchi, L.; Reatti, A.

“State of Charge Estimation Using a Neural Network for a Battery-Powered

DC–DC Converter System”, in Proc. of the 2025 International Conference on

Clean Electrical Power (ICCEP 2025), pp. 561–567, 2025. [DOI: 10.1109/ic-

cep65222.2025.11143649]

5. Becchi, L.; Belloni, E.; Bindi, M.; Intravaia, M.; Lozito, G.M.; Laudani, A.

“Optical and Electrical Model for Vertical-Mounted Bifacial Solar Panels”,

in Proc. of the 10th IEEE International Symposium on Systems Engineering

(ISSE 2024), pp. 1–6, 2024. [DOI: 10.1109/isse63315.2024.10741094]

6. Intravaia, M.; Becchi, L.; Bindi, M.; Corti, F.; Lozito, G.M.; Garzon Al-

fonso, C.C.; Luchetta, A.; Reatti, A. “LCC–S Compensated Wireless Power

Transfer: System Optimization Using Genetic Algorithms”, in Proc. of the

2024 International Conference on Electrical Machines (ICEM), pp. 1–7,

2024. [DOI: 10.1109/icem60801.2024.10700581]

7. Becchi, L.; Bindi, M.; Garzon Alfonso, C.C.; Intravaia, M.; Lozito, G.M.;

Grasso, F. “A Neural Network-Based Control Strategy for Constant Current

Battery Chargers with PV Source”, in Proc. of the 8th IEEE International

Forum on Research and Technologies for Society and Industry Innovation

(RTSI 2024), pp. 459–464, 2024. [DOI: 10.1109/rtsi61910.2024.10761440]



251

8. Becchi, L.; Bindi, M.; Intravaia, M.; Grasso, F.; Pasqui, M.; Carcasci, C.

“Application of Control Algorithms for Battery Scheduling in Grid-Connected

Energy Prosumers”, in Proc. of the 2024 IEEE 22nd Mediterranean Elec-

trotechnical Conference (MELECON), pp. 932–937, 2024. [DOI: 10.1109/m-

elecon56669.2024.10608734]

9. Becchi, L.; Bindi, M.; Intravaia, M.; Sabino, L.; Garzon Alfonso, C.C.;

Grasso, F.; Fulginei, F.R.; Crescimbini, F. “Low-Complexity Neural Net-

works for Electrical Load Forecasting in Renewable Energy Communities”,

in Digest of Technical Papers – IEEE International Conference on Consumer

Electronics, pp. 61–66, 2024. [DOI: 10.1109/isct62336.2024.10791183]

10. Intravaia, M.; Lozito, G.M.; Becchi, L.; Corti, F.; Luchetta, A.; Reatti, A.

“Failure Prevention Based on Principal Component Analysis and Machine

Learning for Wireless Power Transfer Systems”, in Proc. of the 2024 IEEE

22nd Mediterranean Electrotechnical Conference (MELECON), pp. 213–218,

2024. [DOI: 10.1109/melecon56669.2024.10608513]

11. Intravaia, M.; Becchi, L.; Bindi, M.; Costanzo, L.; Garzon Alfonso, C.C.;

Meshram, V. S.; Reatti, A.; Vitelli, M. “Sensitivity Analysis of PV Pro-

duced Power in Presence of Measurement Uncertainty”, in Proc. of IEEE

MetroInd4.0 & IoT, pp. 245–250, 2024. [DOI: 10.1109/metroind4.0iot61288.2024.10584219]

12. Bindi, M.; Luchetta, A.; Grasso, F.; Piccirilli, M.C.; Becchi, L.; Zoni, M.;

Bartemucci, L.; Borghesi, T. “Symbolic Analysis Role in the Reliability and

Availability of Power Systems”, in Proc. of the 4th International Confer-

ence on Advanced Electrical and Energy Systems (AEES 2023), pp. 377–384,

2023. [DOI: 10.1109/aees59800.2023.10469260]

13. Intravaia, M.; Becchi, L.; Bindi, M.; Paolucci, L.; Grasso, F. “Autoencoders

for Hourly Load Profile Reconstruction in Renewable Energy Communities”,

in Proc. of EUROCON 2023 – 20th International Conference on Smart Tech-

nologies, pp. 280–285, 2023. [DOI: 10.1109/eurocon56442.2023.10199058] [ISBN:

978-1-6654-6397-3]

14. Intravaia, M.; Bindi, M.; Becchi, L.; Luchetta, A.; Lozito, G.M.; Paolucci,
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