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Summary

The transition to a fully electri�ed energy grid in the Netherlands is essential for the country's energy
transition strategy. However, the existing grid infrastructure struggles to support the increased demand
due to electri�cation, leading to congestion and potential outages anticipated before 2030. Microgrids,
decentralized networks where generation, heat, storage, and consumption are coordinated, o�er a
promising solution by providing the required �exibility for the integration of Distributed Renewable
Energy Resources (DERs) and potentially reducing energy losses associated with long-distance energy
exchange.

This study explores the implementation of Deep Reinforcement Learning (DRL) in a district-level
microgrid in the Netherlands. The primary objective is to minimize grid connection dependency and
reduce energy exchange distances within the microgrid cost-e�ectively, thereby enhancing grid reliability
and sustainability, answering the research question: Main Research Question: How can Distributed Energy
Resources be deployed and managed in a cost-e�ective manner within an electri�ed microgrid to achieve a balance
between energy consumption and production in order to minimize the burden on the central grid given �uctuating
demand?

A comprehensive framework was developed o�ering a structured approach for simulating and
optimizing microgrid scenarios, providing practical solutions and frameworks for the e�cient manage-
ment and deployment of microgrids. The study demonstrates that DERs can be e�ectively deployed
and managed within an electri�ed microgrid through a combination of simulation techniques with
geographical data input, a DRL model with a Deep Q-Network (DQN) that controls the system,
and dynamic mappings and visualization. While the DQN demonstrated its potential in optimizing
microgrid con�gurations, challenges were noted due to the large action spaces required for routing
optimization. To overcome these limitations, future work is proposed to combine DRL with Graph
Neural Networks (GNNs). This novel method shows promise in enhancing the scalability and e�ciency
of the optimization process, enabling distance and routing optimization without an aggregated model.

Scenarios were created to test the in�uence of di�erent components, demonstrating how various
factors a�ect overall system performance. The results of the model were as expected, and undertakings
to optimize the model further led to signi�cant improvements in the variability of the learning curve
and of the rewards.

The study concludes that the developed pipeline contributes to existing works by o�ering a structured
approach for simulating and optimizing microgrid scenarios and testing di�erent setups. While this
research approach has proven e�ective, future work should enhance the realism of components and
address some computational limitations encountered. Re�ning these methodologies by incorporating
GNNs, integrating real-world data, and extending the model with additional algorithms for performance
comparison will further advance the �eld. This e�ort ultimately supports the vision of a reimagined,
sustainable, resilient, and e�cient energy grid.

Keywords: Renewable Energy integration, Microgrid, Deep Reinforcement Learning, Dynamic
Clustering, DQN, Graph Neural Network, Digital Twin
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1
Introduction

With the European Union (EU) raising its renewable target, set within the Renewable Energy Directive, to
42.5 percent by 2030 and moving away from gas, the energy landscape in the Netherlands is undergoing
signi�cant changes toward sustainability and renewable energy integration. The shift is underpinned
by the European Commission's REPowerEU plan introduced on 18 May 2022 in response to the energy
market disruptions caused by Russia's invasion of Ukraine. Part of the broader 'Fit for 55' package, the
plan aims to signi�cantly reduce the EU's dependence on Russian fossil fuels and enhance its overall
climate objectives (European Council, 2022, 2023).

The Netherlands has set ambitious goals, including revisions to critical energy legislation, such as
the Energy Performance of Buildings Directive and the Energy E�ciency Directive, to adopt a more
vigorous approach towards renewable energy. The necessity of this shift is highlighted by the bene�ts
of renewable energy being low-cost and domestically produced, which reduces dependency on external
suppliers (European Commission, 2023). The transition requires the electri�cation of energy systems,
but the Dutch electricity grid is currently ill-prepared for a scale-up of this magnitude.

Progress is evident, particularly in integrating solar and wind energy. However, the inherent
intermittency and variability of these renewable sources present considerable challenges to the existing
grid infrastructure, necessitating the development of more �exible and e�cient transmission systems
to ensure consistent and reliable energy delivery (CBS Statline, 2023a). Tennet, the Dutch electricity
transmission system operator, has publicly underscored the urgency of the situation by highlighting the
potential for electricity shortages by 2030 if grid �exibility is not enhanced (Reuters, 2023). Therefore,
innovative and �exible solutions are crucial for the Netherlands to align with the EU's renewable energy
goals and successfully navigate the transition EBN, 2023; European Commission, 2023; International
Energy Agency, 2023.

1.1. Current Strategies to Address Grid Challenges
The Dutch government has called the National Action program Netcongestion (LAN) into being
(Netbeheer Nederland et al., 2022), in which they have identi�ed three main approaches to combat
the congestion. One of these three approaches is the creation of 'energy hubs', where businesses
in proximity coordinate their energy demand and supply, thereby reducing the overall load on the
grid. The LAN aims to enhance system �exibility by incorporating energy hubs, which, as described,
represent "decentralized networks where generation, heat, storage, and consumption are coordinated"
(Netbeheer Nederland et al., 2022). These energy hubs, scienti�cally known as microgrids, are an
increasingly popular topic. The growing body of research highlights the potential of microgrids to
advance the sustainability and �exibility of the grid, positioning them as a promising alternative (Uddin
et al., 2023). By reducing the transmission distance to and from energy sources, microgrids minimize
transmission losses. Local balancing of energy within these microgrids is highly feasible, optimizing
their independence, �exibility, and e�ectiveness in energy distribution. This optimization is crucial
for the advancement of resilient and e�cient energy systems. The exploration and development of
microgrids re�ect a critical step towards reimagining energy distribution networks to meet the demands
of the future in line with the government plans.

1
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� By 2030, it is expected that, without additional measures, 40 percent of the low-
voltage networks will have bottlenecks, and thus will not meet the requirements of
the network operator. (LAN, 2024) �Optimizing microgrids is challenging, as it often involves multiple variables and constraints, making

it di�cult to �nd a single de�nitive solution. Literature highlights many di�erent algorithms and
numerous objectives. Among these, DRL is emerging as the most e�ective method for improving
the performance of microgrids that rely on renewable energy (Hossain et al., 2023; Ifaei et al., 2023;
Tajjour & Singh Chandel, 2023). DRL has demonstrated strong performance in similar research
setups, e�ectively handling non-linearity and uncertainty, making it well-suited for the microgrid
environment (Subramanya et al., 2022). Its distinct advantage over metaheuristics, particularly its
ability to consistently reach optimal solutions, is supported by various studies (Klemm & Wiese, 2022;
Li et al., 2023; Subramanya et al., 2022). The potential of DRL to e�ectively manage complexities,
such as e�ciency and adaptability, makes it an ideal candidate for application in advanced microgrid
optimization strategies.

1.2. The Research gap
Currently, there are numerous existing implementations of DRL on microgrids; however, applications
in the urban domain remain underrepresented. Most existing research on microgrid and DRL models
focuses primarily on industrial or isolated settings. This study proposes an automated pipeline to test
DRL models on an urbanized environment in the Netherlands, aiming to illuminate the complexities
arising from the diverse user pro�les in close proximity. Moreover, many studies rely on small-scale
synthetic loads, whereas this research uses real input data to simulate loads that accurately mimic
di�erent user pro�les in a scalable manner. The approach can produce load simulations for various
buildings within minutes. The input data includes both residential and building information, creating
a realistic depiction of demand per building. The data leverages Geographical Information Systems
(GIS) and geoprocessing tools for information gathering and maintaining a geographical extent for
visualization purposes, utilizing open data from the GIS community. In this research, loads are simulated
using EnergyPlus, employing a scalable methodology to generate loads based on the characteristics of
buildings and their occupants. These e�orts aim to provide insights into load balancing among users
with varying load pro�les and how this a�ects peak demand. Aggregated information on demand
and supply is optimized, with a fully functional model designed to o�er insights into system traits
and the requirements for implementing microgrids in the Netherlands. Additionally, real geographical
data is used for exploratory analysis for creating scenarios that validate and showcase the system to
stakeholders. Finally, this study presents a detailed process description and suggestion for conducting
a novel approach to address the varying topologies and non-uniformity of energy microgrids. This
innovative method involves utilizing a Graph Neural Network (GNN) with dynamic clustering. The
framework outlines this approach and sets the stage for implementation in future work.

1.3. Proposed Approach and Research Questions
Recognizing the limitations of centralized power grids in meeting the nuanced energy demands of
urban environments, this study proposes a new model to manage microgrids that perform independent
and sustainable. The inherent intermittency and variability of renewable sources present considerable
challenges to the existing grid infrastructure, necessitating the development of more �exible and
e�cient transmission systems to ensure consistent and reliable energy delivery (CBS Statline, 2023a).
Microgrids o�er numerous bene�ts over conventional power grids, including enhanced reliability,
reduced transmission losses, environmental bene�ts, and increased �exibility (Ali et al., 2022; Shahzad
et al., 2023). They allow for the integration of diverse and DERs, fostering a more resilient and sustainable
energy infrastructure. This research proposes to implement an optimization model for a case study DRL
to manage an urban microgrid. The main objective is to minimize the burden on the grid and enhance
grid �exibility by increasing the energy balance while integrating Renewable DERs and meeting variable
energy demand. Additionally, a location-based optimization using Hierarchical Clustering aims to
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mitigate transmission losses. The results are visualized to provide value to stakeholders, con�rmed
through collaboration. The research question guiding this study is: Research question: How can

Distributed Energy Resources be deployed and managed in a cost-e�ective manner within an electri�ed microgrid
to achieve a balance between energy consumption and production in order to minimize the burden on the central
grid given �uctuating demand?To e�ectively address the main research question, it's divided into several

sub-questions. This division allows for a targeted and in-depth exploration of each component of the
main issue. The sub-questions are as follows:

Q 1. Which modeling aspects need to be considered when designing a microgrid and its energy management
system, and how are these re�ected in the existing literature?

Q 2. How can reinforcement learning be utilized to e�ectively place and manage all identi�ed modeling aspects in
a microgrid while maintaining grid stability and reliability?

Q 3. How can the location-based optimization of a microgrid be e�ectively visualized to ensure it creates value for
all stakeholders?

1.4. Case Study and Scenarios
The proposed study involves a detailed case study to showcase the implementation of the microgrid
model in the Netherlands. The model will operate on a 15-minute basis over one year, assuming a
fully electri�ed grid. This microgrid is connected to the main grid, re�ecting a realistic energy network
con�guration, focusing on urban areas with mixed functions such as industrial or residential. The model
is tested through various scenarios to provide insights into the required innovations for transitioning
towards a microgrid-based energy system.

1.5. Contributions Research
This study aims to contribute to the knowledge of energy system modeling necessary for the national
transition to a reimagined energy distribution network. By integrating various renewable energy
sources into microgrids, the study seeks to minimize the burden on the main grid. Additionally,
location-based optimization through hierarchical clustering is showcased in order to set the stage for
further advancements in this framework to expand the complexity of the state spaces, and to minimize
transmission losses further. Lastly, the results are visualized for stakeholders �nalizing the pipeline
to gain insights into the implementation of microgrids in more case studies. The research also aims
provides new insights into the practical application of microgrids, speci�cally for the Netherlands,
contributing to the transition towards an energy grid that aligns with the European Union's goals. By
bridging this gap, the study o�ers innovative solutions crucial for the Netherlands to navigate the
energy transition successfully. In summary, this investigation not only advances the �eld of energy
system modeling with a completely scalable pipeline for the assessment of urban areas and microgrids,
but it also introduces a novel combination of methods to minimize transmission losses and enhance
energy e�ciency. All in all, aiming for a contribution to the current landscape that is oriented towards
achieving climate neutrality.

1.6. Reading Guide
The subsequent chapters provide a comprehensive exploration of the topic, showcasing an intermediate
framework, and consequential modeling steps that aim to answer the sub-research questions and with
that the main research question in the results and conclusion, see Figure 1.1. Chapter 2 delves into
related work to contextualize the problem statement and it aims to function as the catalog for the
theoretical framework, which is presented in the subsequent chapter, Chapter 3. Chapter 4 presents the
research steps that are taken to answer the other three research questions, and �nally answer the main
research question. The implementation of the optimization model is provided in a separate chapter,
Chapter 5, in order to clearly provide the implementation steps. The results for the optimization, and for
the visualization are presented in the subsequent chapters respectively Chapter 6, and Chapter 7. Lastly,
the research is discussed, and thereafter the conclusion and recommendations for further research are
presented in Chapter 8.
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Figure 1.1: Chapters and presentation research questions



2
Current State of Microgrid Research

and Implementation

This chapter provides essential background information to support an understanding of the proposed
work. It begins with an examination of the current state of microgrids as presented in the literature,
o�ering both historical and contemporary perspectives. The literature review focuses on the speci�c
challenges and issues associated with adopting microgrids, aiming to identify di�culties and concerns
relevant to their implementation. Subsequently, the chapter delves into the various components that
microgrids can encompass. Finally, it presents and analyzes relevant algorithms and case studies
from existing literature. This analysis serves as a foundation for the theoretical framework, which is
developed and presented in Chapter 3.

2.1. Background Information
The electri�cation of the energy landscape is substantially increasing electricity demand, leading to
grid congestion and the heightened risk of outages among other potential consequences. This growing
demand places an escalating burden on the existing grid infrastructure, intensifying the need for
immediate and e�ective solutions. Microgrids represent a promising approach to reduce this strain. By
facilitating localized generation and consumption of electricity, microgrids can signi�cantly reduce the
need for extensive energy transmission, thereby minimizing energy losses and enhancing the overall
resilience and e�ciency of the energy system. The strategic implementation of microgrids can help
alleviate some of the burdens currently faced by the national grid, enhancing overall resilience and
e�ciency of the energy system. The need for such innovations is particularly visible in the Capacity Map
provided by Netbeheer Nederland, which illustrates the regions where grid capacity is already stretched
to its limits, see Figure 2.1. This map o�ers a comprehensive overview of the available capacity within
regional electricity grids for connections exceeding 3x80A. The map reveals that in red-marked areas, no
excess energy can be supplied to the grid, highlighting the limitations of the current infrastructure and
the urgent need for expansion and modernization. As well as leading to a slower shift towards more
sustainable forms of energy, these congestion problems lead to market barriers (Netbeheer Nederland
et al., 2022). Companies are not able to feed energy into or take energy from the grid, meaning their
economic activities are signi�cantly hindered. This situation underscores the importance of strategic
investments in grid enhancement and expansion, alongside the development of innovative technologies
for energy storage and distribution. The aggregate peak demand in the Netherlands underscores a
critical challenge for the electricity grid.

5
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Legend for Transport Capacity Status

ˆ Transparent: Transport capacity avail-
able

ˆ Yellow: Limited transport capacity avail-
able

ˆ Orange: No transport capacity available
temporarily, awaiting congestion manage-
ment research results

ˆ Red: No transport capacity available:
congestion management cannot be applied

Note: A hatched pattern indicates that the trans-
port capacity status is based on the application
of congestion management or that the limits for
the application have been reached.

Figure 2.1: Capacity map illustrating regional grid limitations (Netbeheer Nederland, 2024)

This map, depicted in Figure 2.1, highlights the red-marked areas where no excess energy can be
supplied to the grid. Such capacity constraints underscore the urgent need for implementing microgrids,
which can operate independently of the main grid and provide localized support, thus mitigating
congestion and enhancing the grid's ability to handle peak loads. Furthermore, by reducing the distance
electricity has to travel, microgrids not only decrease transmission losses but also bolster the grid's
reliability and sustainability.

The following sections will further explore the bene�ts and challenges of microgrid technology,
drawing on speci�c case studies and theoretical discussions to illustrate how these decentralized systems
can transform the energy landscape in the Netherlands and beyond.

2.1.1. Bene�ts Microgrid and Renewable Energy
Microgrids present a promising option as an alternative to the conventional central grid that relies
predominantly on fossil energy and is a one-way system (Uddin et al., 2023). Microgrids not only
facilitate the localized distribution of renewable energy but also bring about a multitude of bene�ts,
including "increased reliability, reduced energy costs, improved energy security, environmental bene�ts,
and increased �exibility," as noted by Shahzad et al. (2023). Increasing �exibility of the power grid (by
its renewable energy sources-integration) in particular is one of the top priorities of the International
Energy Agency (2023).

The shift towards renewable energy frequently requires the adoption of distributed generation
technology (Gao et al., 2021), distinct from large-scale, centralized power generation systems. This
approach, aligned with the geographic distribution of renewable resources, optimizes the development
and utilization of these energies (Tajjour & Singh Chandel, 2023). Distributed generation not only
supports voltage pro�les through reactive power and decentralizes energy supply, but it also integrates
heat loads in co-generation and provides ancillary services and demand response (Zia et al., 2018). It
e�ectively reduces line losses and mitigates outages in transmission and distribution systems (Basu
et al., 2011; Zia et al., 2018). In their comprehensive review, Gao et al. (2021) describe the large-scale
adoption of renewable energy through distributed generation as an inevitable evolution for power
grids. Further, Shahzad et al. (2023) underscore microgrids' role in addressing energy poverty and
promoting sustainable economic growth. Lastly, Uddin et al. (2023) points out that there is no doubt
that microgrids will lead to a greener and more �exible power system. However, there are still a number
of issues and challenges ahead, described further in Subsection 2.1.2.

2.1.2. Challenges Microgrid and Renewable Energy
The management of microgrids presents a series of challenges that can be categorized into technical,
economic, market, or regulatory issues. A state-of-the-art review by Uddin et al. (2023) highlights the
di�culties in meeting demand given the unpredictable daily and seasonal variations in renewable
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energy generation and sudden load changes. These variations introduce signi�cant challenges for
system frequency and voltage stability, making the management of isolated microgrids demanding
(Li et al., 2023; Uddin et al., 2023). Furthermore, they encounter various issues, including more
technical complexities, high initial costs, regulatory barriers, di�culties with interconnection, and
ongoing maintenance and operational demands (Shahzad et al., 2023). One of the inherent drawbacks
of renewable energy sources used in microgrids is their volatility, uncertainty, and instability, which can
negatively impact microgrid performance by the short-term voltage changes (Gao et al., 2021; Uddin
et al., 2023).

E�ective load forecasting is crucial for reliable microgrid operations. However, this often requires
extensive datasets that are not readily available, particularly for newly distributed sources. Traditional
energy management systems, used for centralized systems, are expensive, complex, and sometimes
limited in functionality. While the energy storage systems (ESSs) and hybrid technologies are employed
to maintain frequency, stability, and continuous power supply, these solutions can be cost-prohibitive
and necessitate complex control mechanisms (Tajjour & Singh Chandel, 2023). The integration of
technologies such as ESSs, electric vehicles (EVs), and Internet of Things devices into microgrids adds to
this complexity.

Alongside the importance of load forecasting, long-term power forecasting is also critical for the
strategic planning and development of microgrids. This involves predicting future energy needs and
production capabilities over an extended period, which is essential for ensuring the scalability and
sustainability of microgrid operations. Long-term forecasting helps in making informed decisions
regarding capacity expansion, infrastructure investment, and integration of new technologies. However,
long-term forecasting comes with its own set of challenges, including the need to balance economic,
technical, and environmental considerations, particularly in the context of evolving energy policies and
market conditions (Pang et al., 2024). The dynamic nature of renewable energy sources and the growing
trend towards decentralized energy generation further complicate long-term planning in microgrids.

Lastly, Uddin et al. (2023) explains that energy losses still occur, attributed to several factors including
transmission losses. Further insights into transmission and distribution losses are provided in a report
by CEER (2020). The report details the distribution losses for the Netherlands, as shown in Figure 2.2.

Figure 2.2: Distribution losses in the Netherlands (CEER, 2020)

The technical attributes of the distribution network signi�cantly in�uence the losses. Distribution
losses are typically higher in extended networks because the line length is directly correlated to power
loss. This correlation can be quantitatively expressed by the following equation, which details how
power loss is a function of line length, resistivity of the conductor material, and the current �owing
through the line, see Equation 2.1.

%;>BB= � 2

�
� A4B

!
� 2A>BB

�
= � 2 � ' (2.1)

Where:

ˆ � A4Brepresents the resistivity of the conductor material.
ˆ ! represents the length of the conductor.
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ˆ � 2A>BBrepresents the cross-sectional area of the conductor.
ˆ %;>BBrepresents the power loss.
ˆ � represents the current �owing through the line.
ˆ ' represents the resistance of the line, given by the equation � A4B

!
� 2A>BB

.

Addressing these losses involves strategic planning and engineering solutions aimed at reducing
line lengths and improving conductor quality, thereby minimizing resistive losses and enhancing overall
system e�ciency. This is crucial for maintaining both economic viability and operational e�ectiveness
in microgrid deployments. The variety and complexity of microgrids necessitate advanced optimization
techniques to balance energy demand and production e�ectively. These optimizations are important to
enhance our ability to ensure stable microgrid operations, and to reduce the dependency on the central
grid. This need for optimization underscores the requirement and importance of the development of
sophisticated analytical approaches, including mathematical and computational models, to achieve a
harmonious balance between energy consumption and production.

2.1.3. Approaches and Used Models
Addressing the challenges associated with microgrid management, the literature proposes various
methods and strategies aimed at optimizing the balance between energy demand and production.
Strategies like peak shaving and load shifting are designed to even out the demand curve and reduce
strain on the grid during high usage times. Advanced load forecasting uses sophisticated algorithms to
anticipate energy consumption patterns, facilitating proactive energy distribution adjustments (Tajjour
& Singh Chandel, 2023). Hybrid Energy Systems combine various energy sources to enhance the
reliability of power supply, while DER management optimizes the deployment of localized energy
generation units.

E�ective control approaches are crucial for achieving this balance. Uddin et al. (2023) highlights
centralized, decentralized, and distributed control structures. Centralized control focuses on a single
point of command, decentralized control distributes authority across multiple points, and distributed
control emphasizes a networked approach, enhancing �exibility and resilience in the face of disruptions.
More complex systems di�erentiate between two or three control levels (Gao et al., 2021; Trivedi &
Khadem, 2022; Yamashita et al., 2020), which are bene�cial for managing di�erent operational aspects
of a microgrid, ensuring both stability and economic e�ciency.

Mathematical optimization of these energy systems involves formulating problems using math-
ematical models to represent the microgrid system's behavior and constraints. Techniques such as
linear programming, mixed-integer linear programming, and nonlinear programming are used to �nd
optimal solutions for energy distribution, storage management, and demand-response strategies. These
methods provide precise and scalable solutions that can adapt to the dynamic nature of microgrids,
ensuring e�cient and reliable operation while meeting multiple objectives.

Comprehensive optimization approaches also include heuristics, metaheuristics, and machine
learning algorithms. Heuristic algorithms provide practical solutions by quickly navigating through
complex problems, though they may not always guarantee the optimal outcome. metaheuristics, such
as genetic algorithms and particle swarm optimization, o�er a structured approach to search space
exploration, balancing between exploring new areas and re�ning known good solutions. Machine
learning enhances microgrid optimization by predicting patterns and making informed decisions based
on data-driven insights. For example, reinforcement learning develops adaptive control strategies to
manage the variability of renewable sources and demand �uctuations.

All these optimization techniques aim to achieve a balance across multiple objectives: enhancing
technical performance, minimizing environmental impact, ensuring economic viability, and meeting
social expectations (Ifaei et al., 2023). Examples include optimizing voltage regulation, the share of
renewables, greenhouse gas emissions, or data prediction (Hossain et al., 2023; Ifaei et al., 2023; Klemm
& Wiese, 2022). The case studies in the literature often focus on one or a few main objectives due to the
complexity and speci�city of each optimization goal. This approach allows researchers to isolate the
impact and feasibility of particular strategies without the confounding e�ects of multiple simultaneous
objectives.

Performance indicators used in these studies include optimization of voltage stability, voltage
deviation, and unmet load. Klemm and Wiese (2022) warns of the deterioration when using only one
sub-indicator, recommending multi-criteria approaches. Constraints in these optimizations can be
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related to planning, management, physics, policy, validity, feasibility, reliability, balance, design, or
network. Examples include supply-demand, spatial con�gurations, or loss of load expected (Ifaei et al.,
2023).

In summary, the literature suggests a range of strategies and control methods for constructing and
managing microgrids. This thesis explores minimizing the burden on the main energy grid, focusing on
connected microgrids. This further exploration aims to achieve a harmonious balance between energy
demand and production, enhancing overall grid resilience and e�ciency.

2.2. Implemented Microgrids and Case Studies
Microgrids are very diverse, dependent on their con�gurations and the component in the system. Parisio
et al. (2014) de�ned microgrids as "subsystems of the distribution grid, which comprises generation
capacities, storage devices, and controllable loads, operating as a single controllable system either
connected or isolated from the utility grid." Following an extensive review of the literature, Uddin
et al. (2023) further re�ned the concept of a "microgrid" as a small-scale power subsystem comprising a
limited number of DERs, including both renewable and conventional energy sources. Uddin et al. (2023)
categorize microgrids into groups based on applications, infrastructure, and end-users requirements.
Multiple case studies of microgrids in similar contexts have been conducted, demonstrating the
composition of a conceptual model often consisting of multiple sources, loads, and management entities.
A notable example is the conceptual model by Uddin et al. (2023).

Figure 2.3: Schematic Energy Management System R¼nstate (R¼nstate, 2023)

There are a couple of microgrids e�ective in the Netherlands. An example of an implemented
microgrid is the hospital R¼nstate (R¼nstate, 2023). The hospital functions largely independently from
the central grid, providing enhanced resilience crucial for a healthcare facility that requires a continuous
and reliable energy supply.

Another implemented microgrid in the Netherlands is in Nederweert, primarily serving industrial
purposes (Stultiens, 2023). Additionally, an exploratory research project in Aardehuizen features a
microgrid consisting of 23 earth ship-type houses, achieving almost 90% self-su�ciency (Spectral, 2018).
The project focuses on increasing knowledge and evaluating several techno-economic performance
indicators, such as energy production versus consumption, self-su�ciency, capital investment, and
payback period.

The diversity in microgrid setups stems from varying needs and socio-environmental factors.
Industrial areas, hospitals, and residential communities each have distinct energy demands and spatial
con�gurations for DERs.
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2.3. Geographical Analysis
The problem of microgrids exhibits a signi�cant amount of contextual variety, largely due to the
di�erences in resources available at various locations and the varying demand pro�les. The geographical
context signi�cantly in�uences the design, implementation, and management of microgrids, making it
essential to consider these elements for e�ective microgrid operation.

In residential neighborhoods, energy demand typically peaks during morning and evening hours
when residents are most active, leading to lower and more predictable demand compared to industrial
areas. These residential areas can leverage renewable resources such as solar power due to the availability
of roof space for solar panels. Additionally, there is a high emphasis on reliability and quality of power
supply to avoid disruptions in daily activities, and the implementation of demand response programs
and energy-e�cient appliances can be more e�ective.

On the other hand, industrial areas have higher and more consistent energy demands throughout
the day, with signi�cant variations depending on the type of industry and shift patterns. These
areas might require a mix of energy sources, including renewable and non-renewable, to meet their
substantial energy needs, and the integration of Combined Heat and Power (CHP) systems can be
advantageous. High reliability and quality of power are critical to prevent production losses and
maintain operational continuity, and industrial energy management systems, process optimization, and
the use of energy-e�cient machinery are essential strategies.

The geographical component is analyzed by means of exploratory geographical research and
processes. It is an important component in the planning and optimization of microgrids. It contributes
to the approaches mentioned in the previous sections in several ways. For instance, geographical
analysis helps in assessing the availability of renewable energy resources such as solar, wind, and hydro
power, which is crucial for designing Hybrid Energy Systems that combine various sources to ensure a
reliable power supply.

Determining the optimal locations for DERs is essential for maximizing their e�ciency and
e�ectiveness, and geographical analysis helps in identifying sites that may minimize transmission losses
and enhance the overall resilience of the microgrid.

The geographical context in�uences the choice of control strategies (centralized, decentralized, or
distributed) by highlighting the logistical and infrastructural constraints of an area, making decentralized
control more suitable for areas with dispersed energy resources.

Geographical data can also enhance optimization algorithms by providing insights into local
conditions and constraints, which can be used to �ne-tune heuristic, meta heuristic, and machine
learning algorithms for better performance in speci�c contexts.

2.4. Con�gurations & Components
The set up of a microgrid is made up out of the components and by the con�guration. The con�guration
entails the network setup and the components are the elements that are integrated in the system. These
two aspects are further explained below.

2.4.1. Con�gurations
In microgrid con�gurations, the architecture can vary among alternative current (AC), direct current
(DC), or a hybrid AC/DC system, tailored to the speci�c operational needs of the microgrid (Ali et al.,
2022). DC-coupled energy storage is generally more suited for low-power applications like EVs and
residential solar installations, optimizing battery use, stability, compactness, and quietness despite its
complexity and expense (ACP, n.d.). On the other hand, AC-coupled energy storage �ts better with
medium to high-power uses such as industrial energy and grid storage, o�ering �exible design and
a�ordability, yet with some trade-o�s like inverter losses and capacity constraints. When linked to
solar power sources, ESSs bene�t from DC coupling, leveraging the DC from solar panels for enhanced
e�ciency across residential to utility scales. Each coupling approach presents unique advantages and
challenges, shaping their adoption in varying energy storage scenarios (Ali et al., 2022).

For a hybrid grid a bidirectional converter is essential in to convert DC from the battery/fuel cell or
their combination into AC (Singh et al., 2019). See Figure 2.4 for a hybrid con�guration.

As mentioned before, these microgrids are designed to operate either independently or in conjunction
with the main power grid, a duality that enhances the overall security and reliability of the power
supply (Gong et al., 2020). The distinct operational features of each microgrid con�guration are critical
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Figure 2.4: AC/DC hybrid microgrid (Ali et al., 2022)

to the strategies employed for energy management and distribution, playing a signi�cant role in the
grid's e�ciency and stability (Sinha & Kanwar, 2024).

2.4.2. Components
The components in a microgrid can include entities such as (distributed) energy sources, ESSs, loads,
and the utility grid (Nakabi & Toivanen, 2021). Depending of the objective of the grid and the speci�c
requirements for the energy demand of the location a combination of components is to be put together
that is able to meet the objectives. In Figure 2.5 a conceptualization is depicted of a microgrid capable of
both isolated and grid-connected operations, including components such as energy sources, generators,
energy storage, loads, and the utility grid. Meanwhile, Figure 2.6 presents a schematic for a test
microgrid setup, notably disconnected from the central grid, thereby illustrating the adaptability and
possible independence of microgrid con�gurations.

Figure 2.5: Conceptualization connected microgrid
(NASEO, 2023)

Figure 2.6: Conceptualization isolated microgrid (Uddin et al.,
2023)

In an impact analysis by Stephan Brandligt (2024) the impact of electricity installations on the main
grid is researched and presented, see Table 2.1 for a selection of the researched installations that are
relevant for the scope of this research. The di�erent installation types are compared on their peak
generation moments, in order to analyze the impact of the current Dutch grid congestion that is expected
to grow, see Chapter 1. It can be seen the current grid is largely unprepared for the high and medium
demand installations, indicating a need for signi�cant upgrades or changes in consumer usage patterns.

Solar panels and heat pumps, which are indicated to have a medium impact on the grid, can already
be e�ectively integrated into microgrids. As they include ESSs that can store excess energy during low
demand and distribute it during peak times, lessening the burden on the central grid. In anticipation of
a 'future-proof' grid that can support a wide range of new installations, it is essential to adopt renewable
energy sources and develop systems that can manage simultaneous high demands. Preparing for
the future grid involves accommodating renewable energy sources and shifting towards systems that
o�er high simultaneity without overwhelming the grid, thus ensuring reliability and e�ciency. The
components are further explored in more detail in Section 2.5.
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Table 2.1: Impact of various household installations on the electricity grid (Stephan Brandligt, 2024)

Installation Peak Power Simultaneity Impact on
Grid

Current
Grid Ready

Future-
proof Grid
Ready

Electric Vehicle Medium/High
(11 kW)

Medium/High Medium/High No Yes

Water Heat Pump
(ground/sur-
face/very low temp
network)

Medium/Low
(2-5 kW)

High Medium No Yes

Air Heat Pump Medium/Low
(3-6 kW)

High Medium No Yes

Hybrid Heat Pump Low (1-3 kW) High Medium Partially Yes
Solar Panels Medium (4-8

kW)
High Medium No Yes

District Heating on
residual heat or
geothermal

None (0 kW) High None Yes Yes

2.4.3. The Role of Geographical Information (Systems) in Microgrid Design
Geographical Information can support the e�cient composition and con�guration of microgrid
components. GIS tools can analyze spatial data to determine the optimal locations for DERs, such
as solar panels and wind turbines, based on factors like solar irradiance, wind speed, and land use
patterns. By mapping out these resources, the use of GIS can help in identifying the best sites for energy
generation to maximize e�ciency and output.

Moreover, GISs can assist in planning the layout of ESSs and other infrastructure within the microgrid.
By evaluating spatial data on load centers, transportation networks, and existing utility grids, GISs can
facilitate optimization of the placement of these components to ensure e�ective energy distribution and
minimal transmission losses. Spatial optimization is particularly important in urban areas where space
is limited and energy demand is high.

Furthermore, GISs can help enable accurate load simulations by making use of the open-source
geographical data on buildings. Data includes information on building size, type, occupancy, and
energy consumption patterns. By integrating these datasets, geographical information can help model
energy demand pro�les for di�erent types of buildings within the microgrid.

In summary, GIS can provide support and tools for microgrid design, implementation, and operation
by providing spatial insights and optimizing the placement and management of components.

2.5. Distributed Energy Resources
In the previous subsection common components of microgrids are brie�y discussed that can take part in
the setting up of a microgrid. In this section a more in depth analysis of components that are suitable for
urban microgrids is provided by means of literature. First, the renewable energy sources are explored.
Second, the role of EVs in a microgrid is discusses, and thereafter the di�erent sorts of batteries are
presented. Lastly, the role of the loads and the access to utility grid is considered.

2.5.1. Urban microgrids and common renewable energy sources
The most prevalent renewable energy sources globally in the power sector are wind, solar, hydro power,
bio energy, geothermal, and marine/ocean energy (Al-Shetwi, 2022).

Urban microgrids are in�uenced by factors such as safety and spatial constraints. Consequently,
microgrids in urban areas typically utilize smaller wind turbines or solar PV systems (Nakabi & Toivanen,
2021). These renewable sources are often supplemented by generators or the main grid.

Solar panels are commonly installed on rooftops, while solar parks are located in more open areas.
SolarPower Europe reports that "when it comes to solar power per capita, Europe's long-time solar
leader, Germany, does not hold the �rst position. For the second year in a row, the Netherlands ranks
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�rst" (SolarPower Europe, n.d.). Additionally, "in 2022, the biggest market segment in the Netherlands
was the residential rooftop market, with a share of 46% (approx. 1.8 GW) of the total market" (SolarPower
Europe, n.d.). The total solar generation over the last 12 months, with its seasonal variance, is presented
in Figure 2.7.

Figure 2.7: Generated solar energy over the last 12 months (Nationaal Energie Dashboard, 2024)

For the wind energy generation, the pro�le is less patterned. The generated energy varies throughout
the day. The wind in the Netherlands can pick up just as quickly as it can die down (EBN, 2023).
Domestic scale wind turbines can vary from 2.7 to 9 meter in their diameters, see Figure 2.8. Alam
and Jin (2023) explains how "small wind turbines up to 10 m tall and with a diameter under 7 m are
exempt from some regulations in several countries". Furthermore, the Netherlands only has guidelines
and laws for noise restrictions. According to the Nl and Blezer (n.d.), the spatial guideline is to have a
minimum space of three times the diameter between two motors, meaning that there should be bu�er
around the center of a turbine of three times its size.

(a) Small Wind Turbines

(b) (a) Horizontal Axis Wind Turbine, (b) Vertical Axis Wind
Turbine, (c) Domestic HAWTs, (d) Domestic VAWT, (e) Domestic

VAWT

Figure 2.8: Comparative illustrations of small wind turbines taken from Alam and Jin (2023)

In order to manage the �uctuation of these weather dependent sources, good estimations are of
importance. One method for forecasting renewable energy generation involves leveraging historical
data and input parameters, utilizing past observations, such as solar irradiance and wind conditions,
to predict future energy outputs. According to Israr and Yang (2021), integrating historical data with
current variables like solar irradiation intensity, the orientation of solar panels, and wind characteristics
is essential for accurately predicting renewable energy generation.

An emerging element in sustainable energy systems is green hydrogen, produced by water electrolysis
using power from renewable sources. This technology is poised to facilitate emission reductions in
sectors that are traditionally challenging to decarbonize. While the prospects for green hydrogen are
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promising, its current production costs are higher than fossil fuel alternatives, which remains a barrier
to widespread adoption (Hodges et al., 2022).

Strategic placement of hydrogen electrolyzers could address renewable energy curtailment issues
caused by grid stability and network constraints. These devices can absorb surplus energy, thereby
acting as local loads and preventing waste of generated renewable power (Lasantha Meegahapola, 2023).

Despite being in a developmental phase, hydrogen's role in the energy landscape is expanding.
The Energy Technology Perspectives Clean Energy Technology Guide provides a detailed overview of
renewable energy sources, tracking their development from initial ideas to fully operational systems
(IEA, 2023). Within this overview, hydropower and induction cooking for example are marked as
mature technologies, while nuclear fusion is an aspirational concept described as a potential source of
base-load electricity with negligible CO2 emissions and a nearly inexhaustible fuel supply (IEA, 2023).

When analyzing the renewable energy sources and their impact when incorporated into microgrids,
the ETP Clean Energy Technology Guide can be very useful. It may informed estimations of what
is possible now and what might be feasible in the future. From the 550 included sources 121 are for
buildings and urban environments, and 182 are for energy transformation. Other sectors that are taken
in are industry, transport, and �$ 2 management.

Considering the urban context and factors like scalability and compatibility, options like hydrogen
blending in existing natural gas networks, �oating solar PV, hydrogen boilers, and hybrid heat pumps
seem more immediately feasible than other options in the guide. These sources are therefore further
explored. The entire selection process and the other concepts are presented in Appendix A.

2.5.2. Hydrogen Integration
Hydrogen technology is set to be integrated into the energy systems. A signi�cant development in
this area is the integration of hydrogen into existing natural gas networks. Gasunie (2024) outlines the
high investment costs associated with this transition but predicts its realization in the coming years.
A proposed hydrogen utility network spanning 1200 kilometers is in the works, with 1000 kilometers
using the existing natural gas infrastructures.

Complementing this, Power-to-Gas technology plays a crucial role by using surplus renewable
energy to produce hydrogen through water electrolysis. This method not only allows for the e�ective
storage of renewable energy but also ensures a steady supply of hydrogen for various applications,
including those in CHP systems, heat pumps and boilers (Yu et al., 2023).

In these CHP systems, hydrogen can be utilized in modi�ed internal combustion engines to
simultaneously generate electricity and heat with minimal emissions. Moreover, the proximity of
hydrogen production facilities to CHP systems can signi�cantly reduce transportation and storage costs,
enhancing overall e�ciency and cost-e�ectiveness (Gasunie, 2024). Hydrogen-speci�c technologies
such as hydrogen boilers and hybrid heat pumps also gain relevance with these developments. These
systems are capable of using hydrogen blended into natural gas pipelines to provide e�cient and
low-emission heating solutions.

This shift toward hydrogen integration makes technologies like hydrogen boilers and hybrid heat
pumps increasingly relevant. Hydrogen boilers will be able to utilize the blended hydrogen in natural
gas pipelines, providing heating without high carbon emissions.

Finally, hydrogen fuel cells in CHP systems o�er a highly e�cient means of converting hydrogen into
electricity, operating at lower temperatures than combustion engines and surpassing the performance
of systems based on fossil fuels in terms of e�ciency and emissions (Yu et al., 2023).

Fuel cells in general are recognized for their high e�ciency and minimal emissions and are seen as
potential substitutes for traditional engines and turbines, despite facing higher production costs at the
moment. Blending hydrogen with other fuels to create hybrid fuels is an interim approach that bridges
the transition from fossil fuels to hydrogen (Yu et al., 2023).

2.5.3. Batteries and Battery Energy Storage Systems
Over the past decade, batteries have been at the forefront of energy storage technology. Extensive
research has been conducted on their various types, applications, characteristics, and how they can
be optimized and programmed, especially in the context of microgrids (Zarate-Perez et al., 2022). An
overview of battery characteristic ranges is given below in Table 2.2.

A Battery Energy Storage System (BESS) serves as a fundamental voltage device that helps stabilize
power �uctuations and maintain balance in the energy system (Rostami et al., 2020). They make it



2.5. Distributed Energy Resources 15

Table 2.2: Summarized technical characteristics of storage technologies in microgrids (Zarate-Perez et al., 2022)

Characteristic Range or Value High Performance Examples Common Uses
Speci�c Energy (Wh/kg) 10�250 Lithium-ion, Sodium Sulfur Portable devices, electric vehicles
Speci�c Power (W/kg) 75�300 Nickel metal hybrid, Lead acid High power applications
E�ciency (%) 65�95 Lithium-ion Energy storage systems
Service Life (years) 5�20 Sodium Sulfur, Nickel-cadmium Long-term energy solutions
Self-discharge Rate (%) 0�High Redox �ow (low), Nickel metal hybrid (high) Energy storage when not in use

possible to deal with the intermittency of renewable energy sources by storing the excess energy (Israr
& Yang, 2021). When developing such a system there are a variety of factors to be considered, such
as reliability, battery technology, power quality, and frequency variations along with environmental
impacts (Zarate-Perez et al., 2022). Operational constraints like the State of Charge (SOC), battery life,
and degradation rate also play critical roles in optimizing BESS functionality. Additionally, battery
aging, in�uenced by factors such as temperature, voltage, and the cyclical nature of charging and
discharging, must be accounted for in the total cost and e�ciency calculations of the system (Rostami
et al., 2020; Zarate-Perez et al., 2022).

2.5.4. Electric Vehicles: Sink and Source
The integration of EVs with renewable energy sources o�ers substantial opportunities to enhance the
adoption of both technologies. Charging EVs with renewable energy not only supports the transition
to green transportation but also reduces the demand from the main grid. EVs can serve a dual role;
they not only act as consumers of clean energy but also as dynamic ESSs through vehicle-to-grid (V2G)
services (Hannan et al., 2022; Richardson, 2013). This capability enhances grid �exibility and o�ers
economic bene�ts both to the grid operators and EV owners by allowing EVs to charge during times of
renewable energy surplus and supply energy back to the grid during peak demand periods (Ali et al.,
2022).

Smart Charging for Peak Reduction
The landscape of EVs is varied, encompassing fully electric, hybrid, and fuel-cell vehicles (Singh et al.,
2019). Each type presents unique demands and bene�ts concerning grid integration and renewable
energy utilization. Uncontrolled EV charging, often dictated by daily mobility patterns, can lead to
signi�cant peaks in electricity demand. These peaks are in�uenced by routine activities, such as home
charging overnight or workplace charging during the day (Shepero & Munkhammar, 2018).

Power system support algorithms are designed to optimize charging schedules based on grid
demands and renewable energy availability, thus facilitating a more responsive and resilient grid
infrastructure (Wang et al., 2014). For example, Fachrizal et al. (2020) has illustrated daily EV charging
patterns alongside typical renewable energy production, as shown in Figure 2.9, highlighting the
interplay between renewable energy availability and EV charging demand.

Smart charging is de�ned by Richardson (2013) as "The idea behind smart charging is to charge
the vehicle when it is most bene�cial, which could be when electricity is at its lowest price, demand
is lowest, when there is excess capacity, or based on some other metric". Smart charging strategies,
which intelligently adjust the charging times and rates of EVs based on grid conditions and renewable
availability, have been highlighted in numerous studies for their potential to reduce peak loads (Fachrizal
et al., 2020). Furthermore, a study by Hannan et al. (2022) shows that a smart charging algorithm for
plug in vehicles is able to provide islanded microgrids with enough power to survive critical loads
without any direct power connection between the microgrid. These strategies are crucial in a landscape
where vehicles are parked and potentially connectable to the grid 95% of the time, ready to either draw
energy or supply it back depending on real-time needs and conditions (Mwasilu et al., 2014).

Smart charging can thus signi�cantly enhance the e�ciency and sustainability of urban energy
systems, and employing renewable energy to charge EVs presents a great potential for increased
penetration of EVs as well as renewable energy sources (AbuElrub et al., 2020).

The use of renewable energy to charge EVs not only result in green transport but also help to reduce
the energy demand on the main grid and prevent or reduce costly grid upgrades. EV present a very
critical and e�ective use of renewables where the charging energy can be extracted from such sustainable
sources, or it can be used as sink serving as storage unit presenting V2G services improving grid's
�exibility, known as V2G (Hannan et al., 2022). The concept of V2G could encourage EV owners to
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Figure 2.9: Electricity load pro�le in Sweden on a typical day juxtaposed with PV power production and city-scale EV charging
load shape taken from Fachrizal et al. (2020)

use their EVs' batteries for charging at times when there is surplus of renewable energy and use them
as storage to supply power to the grid at times of peak demand. In this way, EVs provide economic
bene�ts to the grid as well as to the EV owner (Ali et al., 2022).

Challenges Presented by Electric Vehicle Integration
The nonlinear behavior and dynamic characteristics of EV charging can introduce several challenges to
the electrical grid (Ali et al., 2022). Factors such as the charging current, the initial state of charge of
the battery, the penetration level of EVs, and their distribution within the power system signi�cantly
in�uence the grid's stability and operational e�ciency (Ali et al., 2022; Richardson, 2013). These
dynamics necessitate the development and implementation of specialized charging algorithms that can
mitigate negative e�ects and support grid operations.

Charging points
EVs utilize various types of charging points, which can broadly be classi�ed into three categories based
on typical usage locations: Work, Home, and Other (Shepero & Munkhammar, 2018).

Charging power demands are presented in an overview by Arias et al. (2017), see Figure 2.10.
Optimizing charging points of EVs is much discussed in literature, as it in�uences the performance

of the smart charging. It comes forward in Arias et al. (2017), Fachrizal et al. (2020), and Shepero and
Munkhammar (2018).

2.5.5. Loads
The load management in microgrids is thus crucial due to the variability in demand, characterized
by peak loads and other temporal �uctuations. There are primarily two types of loads: critical loads,
which are essential and must always be met, and controllable loads, which can be adjusted or deferred
during supply constraints, such as standby devices and daytime lighting (Parisio et al., 2014). Balancing
these loads e�ectively within the grid can be achieved through sharing energy between entities with
di�erent load pro�les, which eliminates the need for additional storage or generation, thereby easing
the pressure on the grid.

To optimize load sharing within a microgrid, clustering techniques can be utilized to group buildings
or parcels based on their energy consumption pro�les (Rostami et al., 2020). This approach is frequently
used in the formation of multiple microgrids but can also be applied within a single microgrid to
dynamically create optimal energy balance at each time step. In terms of speci�c clustering methods,
hierarchical clustering comes forward as the best method for clustering microgrids.

2.5.6. Utility Grid
The utility grid, as earlier mentioned, can function as back up for when the demand is not met by the
DERs in the microgrid. However, in order to release burden of the grid, the microgrid can also buy
energy of the grid when it has an overload. In this way it receives cheap energy and also relieves the
grid. The demand of the main grid is also in line with the aggregate peak hours. Therefore, the costs
are higher on those peak hours. Also, taking o� energy o� the main grid during overload might even be
free of costs.
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Figure 2.10: Battery EV characteristics: Battery characteristics. (a) Gaussian distribution of the remaining available battery SOC.
(b) Battery-charging pro�le of a lithium-ion polymer battery with 50-kW charging power. (c) Battery-charging pro�le of a

lithium-ion polymer battery with 120-kW charging power taken from Arias et al. (2017)

2.6. Used Optimization Methods
Optimization refers to the process of deriving the most favorable outcomes from available resources
(Ifaei et al., 2023). A wide range of algorithms is used in the literature to approach the optimizing of
microgrids with integrated renewable energy sources. This re�ects the wide range of considerations
including system size, grid connectivity, technology integration, cost factors, and automation levels.

In a signi�cant state-of-the-art review by Tajjour and Singh Chandel (2023), an analysis of 170 papers
on Energy Management Systems (EMS) for solar microgrids spanning from 2011 to 2023, including 20
review papers, o�ers an insightful overview of the currently used optimization methods. This review
highlights how microgrid management systems vary, in�uenced by several factors such as system size,
grid connectivity, technology, costs, and the level of automation. An overview of all approaches in this
review is given in Figure 2.11. Tajjour and Singh Chandel (2023) suggest that the Genetic Algorithm (GA),
Particle Swarm Optimization (PSO), and RL, are well-suited for addressing challenges in decentralizing
electricity grids. In another review into heuristic algorithms for the matter by Ifaei et al. (2023), also the
GA and PSO come forward as highly popular. These algorithms are particularly noted for their ability
to handle the complexities and variabilities associated with renewable energy systems, making them
suitable choices for e�cient and e�ective microgrid management and optimization.

Hossain et al. (2023) o�er a categorization of optimization approaches for Volt-Var Optimization,
distinguishing between classical optimization, population-based search techniques, and learning-driven
intelligent methods. They note that while numerical optimization methods like mixed-integer linear
programming are common, they can be computationally intensive and less e�cient for real-world
applications due to increased complexity from detailed controller design and large search spaces.
Heuristic methods like GA and PSO are again said to be e�ective for complex scenarios. However,
Hossain et al. (2023) explains they may become less e�cient with an increase in decision variables.

Recent advancements in microgrid optimization emphasize the superiority of RL and DRL over
traditional heuristic algorithms. Tajjour and Singh Chandel (2023) note that RL's key advantage lies in its
robust decision-making and stable convergence capabilities, even when faced with numerous variables.
What sets RL apart is its consistent ability to achieve optimal solutions, an attribute well-supported by a
variety of studies (Klemm & Wiese, 2022; Li et al., 2023; Subramanya et al., 2022).



2.7. Reinforcement Learning 18

These advanced learning methods represent a signi�cant move towards model-free or data-driven
management approaches (Chen et al., 2022). Nakabi and Toivanen (2021) highlight that learning directly
from a microgrid's operational data allows these systems to �ne-tune control strategies without the
need for an explicit system model. This advantage is twofold: it enhances EMS scalability and reduces
maintenance costs, marking a shift towards more autonomous and intelligent energy management
systems.

The adaptability of RL and DRL is especially crucial in the dynamic environment of microgrid
operations (Chen et al., 2022). Israr and Yang (2021) writes the following about it: "In this context, the
adoption of RL and DRL strategies presents a viable path forward. These learning methods can adapt
to the dynamics of the system iteratively, solving the control problem e�ectively without requiring
pre-existing knowledge of the system."

Figure 2.11: Adjusted scheme for AI approaches for solving microgrid EMSs problems (Tajjour & Singh Chandel, 2023)

2.7. Reinforcement Learning
Figure 2.12 illustrates a �owchart of reinforcement learning (RL), which is an iterative process where
an agent continuously learns from its interactions with the environment. The objective is to develop a
policy that maps states to actions to maximize rewards. The application of this framework to microgrids
is discussed below.

Figure 2.12: Flowchart Reinforcement Learning

The RL approach encompasses a range of control strategies where an agent acquires the best policies
for control through direct interaction with its surroundings (Nakabi & Toivanen, 2021). Nakabi and
Toivanen (2021) lists several works that have shown the e�ective implementation of reinforcement
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learning-based Energy Management Systems across various microgrid con�gurations. The agent
evaluates the e�ectiveness of actions based on previous interactions with the environment. Lastly, Van
et al. (2023) present a juxtaposition of deep learning implementations. The implementations can show
near-optimal performance, without knowing the future demands (Wu et al., 2020).

2.7.1. Markov Decision Process
Markov Decision Processes (MDP) provide the mathematical backbone for RL, o�ering sequential
decision-making under uncertainty. MDPs account for the immediate outcomes of current decisions
and potential future actions, articulated through a dynamic state and a value function in the Bellman
equation (Sutton & Barto, 2018), shown in Equation 2.2.

& � ¹B– 0º = E»A¸ � max
00

& � ¹B0– 00º¼ (2.2)

Where:

ˆ & � ¹B– 0º represents the optimal state-action value function, which gives the maximum expected
return starting from state B, taking action 0, and thereafter following the optimal policy.

ˆ E denotes the expected value, indicating that the returns are averaged over all possibilities,
weighted by their probability of occurrence.

ˆ Ais the immediate reward received after taking action 0 in state B.
ˆ � is the discount factor, which represents the di�erence in importance between future rewards

and immediate rewards. It is a factor between 0 and 1.
ˆ max00 denotes the maximum value over all possible actions 00 from the new state B0.
ˆ & � ¹B0– 00º represents the optimal state-action value function for the next state B0 and any action 00.
ˆ B0 is the new state after action 0 is taken in state B.

Reinforcement Learning algorithms use MDPs to learn optimal policies that specify the best action
to take in each state to maximize the cumulative reward over time (Kallenberg, 2016). The entire RL
framework includes elements such as decision moments, states, actions, transition probabilities, and
rewards (Kallenberg, 2016). Each action leads to a reward and transitions the agent to a subsequent
state.

A paper by Chen et al. (2023) presents the elements that typically make up an RL model for
microgrids.

ˆ State Representations for Microgrids: Possible states include current energy demand, available
renewable energy, energy storage levels, and grid connectivity.

ˆ Actions in Microgrid Optimization: Actions may involve managing power storage, selling energy
back to the main grid, distributing energy among loads, and adapting to �uctuating energy
conditions.

ˆ Rewards for Microgrid Management: Rewards should align with grid management goals, such
as minimizing peak-to-average ratios, maximizing renewable usage, ensuring supply-demand
equilibrium, and maintaining grid stability.

Currently, there are many variations of RL-implementations, as shown in Figure 2.13. The methods
are mainly divided into value-based methods and policy-based methods (Nakabi & Toivanen, 2021).
For the value-based methods, a neural network is used that learns the Q-function of each state. For the
policy-based methods a probability distribution is used.

2.7.2. Reinforcement Learning Approach for Microgrids
Nakabi and Toivanen (2021) examine the e�cacy of various DRL algorithms in optimizing the energy
management of a microgrid. They conclude that deep Q-learning algorithms generally o�er better
stability compared to policy-based methods. This includes implementations such as SARSA, and Double
DQN, along with new methods like an enhanced A3C++ algorithm.

Q-Learning is a model-free approach for solving MDPs, based on the notion of a Q-function. The
Q-function of a policy � measures the expected return or discounted sum of rewards obtained from
state by taking action �rst and following policy thereafter. The optimal Q-function can be de�ned as
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Figure 2.13: An overview of Reinforcement Learning algorithms and required policies by Chen et al. (2022)

the maximum return that can be obtained starting from observation, taking action and following the
optimal policy thereafter. The optimal Q-function obeys the Bellman optimality equation, presented in
Equation 2.2.

DQN and Neural Networks
When tackling practical problems with large or continuous state and action spaces, and complex system
dynamics, traditional value-based RL methods struggle due to the impracticality of computing or
storing extensive Q-value tables for all possible state-action pairs. To overcome this limitation, function
approximation techniques are employed. These methods utilize parameterized function classes, such as
linear or polynomial functions, to estimate the Q-function (Chen et al., 2022). DQN extends Q-learning
to continuous state spaces using neural networks as function approximators, though it still requires
discrete action spaces.

DQN's ability to deal with discrete action spaces makes it suitable for decision-making scenarios
where actions are prede�ned, such as selecting power �ows or switching between energy sources. Chen
et al. (2022) demonstrate that DQN signi�cantly improves performance. For instance, a DQN-based EV
charging station can reduce charging costs by 77.3% compared to no implementation. However, due to
the maximization operations, a maximization bias can occur (Wu et al., 2020). A variation of Q-learning,
Double DQN, reduces this bias by using two action-value estimates, & 1 and & 2 (Wu et al., 2020).

In summary, DQN enhances the management of energy resources within microgrids, facilitating
implementations that lead to improved self-su�ciency and reduced reliance on external power supplies.

Minimizing Grid Burden and Maximizing Independence
Minimizing the grid burden involves reducing the reliance on the main grid. This can be achieved by
optimizing the energy balance within the microgrid, thereby decreasing the energy drawn from the
external grid. By strategically managing the energy �ows and utilizing local renewable sources, the
dependency on external power supplies can be minimized.

Minimizing Distances for Energy Balancing
Introducing distance considerations into the RL paradigm complicates the optimization process. The
action space, representing all possible actions the RL agent can take, increases exponentially when
considering shortest paths. This complexity arises from the combinatorial nature of calculating the
shortest distances between various nodes in the system, where the action space can potentially grow
factorially with each additional node (Almasan et al., 2022).

All elements in microgrids exchange energy with each other. However, larger microgrids introduce
higher distribution losses. Reducing these distances can enhance overall performance. As discussed in
Subsection 2.5.5, clustering can facilitate optimal load sharing and inform the RL algorithm to factor in
distances between loads and generation sources. By integrating clustering results, microgrids can be
strategically sized to reduce line lengths and minimize technical losses. These dynamic clusters would
thus change topology over time.

A challenge arises when combining this concept with a DQN-trained RL agent, as they are not
designed to handle changing topologies. Almasan et al. (2022) highlight that current advancements in
DRL for networking are limited to network con�gurations encountered during training and struggle
with unfamiliar structures. This limitation stems from the reliance on conventional neural network
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architectures, such as densely connected layers, which do not e�ectively capture the complexities of
graph-based data.

Almasan et al. (2022) propose combining DRL with Graph Neural Networks (GNNs) for routing
optimization in internet networks. This combination allows for route allocation and training an agent
for unknown topologies (Almasan et al., 2022). The architecture they provide can learn and generalize
over unknown topologies due to optimization over an additional dimension. However, this approach
requires signi�cant computational power, and the input network of nodes and action space is limited.
In their research, the agent is trained in scenarios with a single topology of 14 nodes (Nsfnet) and then
analyzed in larger topologies up to 100 nodes. Performance dropped by 15% in these larger topologies.
See Figure 2.14 for the algorithm for the DRL-GNN agent and the action space representation.

(a) Algorithm Agent (Almasan et al., 2022)

(b) Action Space representation (Almasan et al., 2022)

Figure 2.14: Detailed views of (a) a DRL-GNN Algorithm Agent and (b) an Action Space representation.

Hierarchical Clustering
Hierarchical clustering algorithms utilize a heuristic approach based on a distance matrix. The
algorithm's inherent simplicity and computational e�ciency are signi�cant bene�ts, especially when
dealing with extensive datasets (Cheong et al., 2017). The versatility of hierarchical clustering is a
key advantage, particularly in scenarios involving sparse and heterogeneous data typical of remote or
isolated locations. Its ability to adapt to various datasets allows for the formation of dense, isolated
clusters, which are optimal for microgrid con�gurations in these areas (Cheong et al., 2017).

Furthermore, hierarchical clustering employs similarity measures or distance matrices that facilitate
the visualization of data relationships through dendrograms. These visual representations help in
understanding the connectivity and structure within the data, presenting a clear hierarchical linkage
between elements (Ediriweera & Widanagama Arachchige, 2022).

This clustering can be used to organize the microgrids strategically to optimize energy distribution.
The resulting clusters can act as isolated units that manage their net load independently, which is
particularly crucial for balancing the energy within the main microgrid system. Each cluster produces a
speci�c net load that corresponds to the unbalanced demand within that cluster, connecting back to the
main grid in various con�gurations. These con�gurations can range from fully interconnected systems
where every cluster is connected to every other, to arrangements such as a circular or linear chain,
depending on the speci�c energy and infrastructure needs (Ediriweera & Widanagama Arachchige,
2022).

This clustering approach not only optimizes the physical distances between energy production and
consumption points but also minimizes transmission losses, thereby enhancing the overall e�ciency of
the microgrid system.
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Objectives and Rewards
The reward for the reinforcement learning model is very important. If the reward is not set up correctly,
the model might not learn the correct behavior and therefore the model will not perform like desired.
An example of the creation of a reward function is provided in (Nakabi & Toivanen, 2021). Here the
reward function aims to maximize the economic pro�t from operations: "The reward is calculated as
the gross margin from operations i.e. the revenues made by selling electricity to the microgrid and to
the external grid, minus the costs related to power generation, purchases, and transmission from the
external grid." (Nakabi & Toivanen, 2021).

Uncertainty
The earlier mentioned uncertainties inherent in the energy supply and demand sides are critical factors
in the development of robust and e�cient reinforcement learning models. To address these challenges,
probabilistic models and forecasts are essential tools. Additionally, as suggested by Kim et al. (2022),
adjusting the discount rate�employing a higher or progressively increasing discount factor for variables
that introduce more uncertainty�can enhance model performance. Their implementation of Proximal
Policy Optimization demonstrates that, depending on the environment, "a slightly lower discount factor
could yield a higher performance than a higher discount factor."

In power systems, particularly when considering renewable energy resources and load demands,
the unpredictability of weather-dependent elements like wind turbines and photovoltaic systems
necessitates sophisticated modeling techniques. Rostami et al. (2020) emphasize the importance of
incorporating probabilistic analysis to manage these uncertainties e�ectively. Gaussian models, among
other probability distribution functions, are frequently employed due to their capability to handle
continuous data and provide a good approximation of natural variability. With these probabilistic
models, it is possible to better predict and control the �uctuating outputs from WTs and PVs, thereby
enhancing the reliability and e�ciency of power systems operations.

2.7.3. Performance of Reinforcement Learning Models
Assessing the performance of RL algorithms and models, can be di�cult as the answer is not de�ned
and the situations described and created are partially simulated. One measure on how to do this is by the
cumulative reward, which quanti�es the total reward accumulated by the model over time, indicating
its pro�ciency in executing the task it was trained for (Sutton & Barto, 2018). However, understanding a
model's convergence rate�the speed at which it reaches a near-optimal policy�is equally important, as
it re�ects the model's learning e�ciency (Sutton & Barto, 2018). Beyond these, assessing how well a
model generalizes to new data is essential for practical applications. This involves testing the model on
tasks or scenarios that were not part of its training environment to gauge its adaptability and robustness
(Sutton & Barto, 2018). Together, these metrics provide a comprehensive framework for assessing the
performance of RL models.

DRL models are highly sensitive to their hyperparameters, and tuning these parameters can
signi�cantly a�ect their performance. While manual tuning is possible, it is often very time-consuming
and impractical for complex models. Automated tools like Optuna provide a systematic way to optimize
hyperparameters e�ciently. Optuna is an open-source hyperparameter optimization framework that
automates the search process using advanced algorithms (Akiba et al., 2019). By leveraging such tools,
a wide range of hyperparameter values can be systematically explored to identify the optimal settings,
thereby improving the model's performance without the extensive manual e�ort typically required.

As for the training process, there are di�erent approaches that might a�ect the performance of the
model. To capture seasonal variations and other temporal dynamics e�ectively, it may be bene�cial to
adopt a cyclic training and evaluation approach. This strategy allows the model to adapt to changes in
the environment's dynamics and maintain its relevance across di�erent conditions. It also facilitates
the identi�cation of any deviations in performance that could indicate a need for model recalibration
or additional training data. Such a structured and iterative evaluation process not only enhances the
model's adaptability but also provides continuous feedback loops that are vital for incremental learning
and improvement (Sutton & Barto, 2018).



3
Theoretical Framework

In this chapter the theoretical framework resulting from the literature research is presented. The objective
of this chapter is to lay down the foundation for the further research by de�ning which components are
part of the bigger system and can be taken in for the optimization of the energy management system of
the speci�c microgrid environment.

3.1. De�ning the Energy System Model
The theoretical framework of an energy system model is important to understand its role in energy
planning and utilization. The de�nition and extend of the total management system and the model
is determined by its components and the interplay between them. These di�erent types of energy
models can guide decision-making by illustrating potential scenarios or clarifying the optimal use
of endogenous variables (Farzaneh, 2019). The di�erent types of models that are utilized are mainly
distinguished based on two contrasting approaches: the top-down versus the bottom-up, also known
as aggregated versus disaggregated, respectively. The latter, as explained by Farzaneh (2019), adopts
a process-oriented perspective, taking into account technical details that make it possible for such a
model to function supportive in techno-economical rationing (Herbst et al., 2012).

The research questions in this study necessitate a bottom-up methodology, which is inherently
data-intensive. This methodology is typi�ed as an "optimization model" that employs a dynamic
programming approach mathematically. As discussed in the Subsection 2.1.3, addressing the challenges
associated with microgrid management requires sophisticated optimization techniques.

The characteristics de�ning the energy system model are cataloged according to the parameters
used by Farzaneh (2019), as presented in Table 3.1. This approach, however, does not take into
account transaction costs that are otherwise encompassed within a top-down approach. Consequently,
employing a bottom-up strategy, as executed in this instance, is not ideally suited for exceedingly
long-term forecasts, particularly for components with a lifespan shorter than about 20 years (Herbst
et al., 2012). The rapid evolution of technological advancements underscores the relevance of this
consideration. As this is the case for various elements within the framework, such as fuel cells and
electrolyzers, a time frame extending from medium to long-term is considered most appropriate,
indicating 20-30 years which leads to the year 2045-2050. This estimation aligns well with the national
plans that often focus on implementations by 2050, such as the LAN and the European green deal, see
Chapter 1.

The objective of the modeled microgrid in this thesis is to generate insights for microgrids in
a gas-less context, thereby contributing to the literature by demonstrating the management of a
microgrid driven solely by renewable energy sources and minimizing the burden on the main grid. This
approach aligns with a future perspective constructed by Netbeheer Nederland (2023), within which
various scenarios are envisioned. The scenarios, recommended by the report to focus on �exibility
alongside two other themes�demand and supply development, and the reduction of greenhouse gases
(Netbeheer Nederland, 2023; Netbeheer Nederland et al., 2022)�show a wide variety in options, all
within expectations. The energy system model re�ects a comprehensive approach to understanding
and addressing future energy challenges by connecting it to these scenarios. The alignment not only
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enhances the energy system model's relevance and applicability to potential future states but also
facilitates a nuanced exploration of strategies for managing energy demand and expanding renewable
energy integration.

The scenarios make up di�erent topologies to test the setup and analyze the performance of the
trained agent. Key elements such as diverse renewable energy sources and EVs are included to model a
microgrid con�guration for the year 2050, in line with the future scenarios that aim to be fully climate
neutral by that time but di�er in their approach. Within the boundaries of these scenarios, electrical
power, geothermal power, and hydrogen power are identi�ed as potential sources of energy.

Table 3.1: Classi�cation energy system model, based on classi�cation structure (Farzaneh, 2019)

Consideration Classi�cation
Purpose Integrated
Modeling paradigm Bottom-up
Methodological approach Optimization
Mathematical approach Dynamic programming
Spatial perspective Local
Time horizon Medium to long

The de�nition of the elements in the to be implemented system are given below. The system consists
of the environment, the possible states, the actions, and a reward function.

The system to be implemented comprises the following key elements: The environment, which
includes the RL environment encompassing the grid with all DERs, loads, generators, and connections
to the main grid. The states represent the current status of the grid, detailing outputs of each DER and
generator, load demands, the extent of power exchange with the main grid, battery storage levels, and
relevant environmental factors like weather conditions a�ecting renewable outputs. Actions available
to the agent include adjusting outputs of controllable DERs, managing ESSs, and deciding on power
exchanges with the main grid. The reward function, which encodes the system's objectives includes
penalties for using grid power and incentives for using renewable energy, designed to encourage
self-su�ciency and minimize operational costs. Furthermore, the reward function must prefer local
load balancing in order to minimize travel loss.

3.2. Components Microgrid
In this section, the research framework for further study is outlined, presenting a conceptualization
that includes all potential system components and the relationships between them. This framework
delineates all the variables critical for the model architecture and optimization. The comprehensive
overview details all possible elements, although not every element will feature in the scenarios. The
scenarios are constructed using a subset of these elements, speci�cally chosen to align with governmental
plans and expectations.

To illustrate the relationships and dependencies within the energy grid system, a detailed conceptual
�ow chart is developed. This chart serves as a foundational guide, specifying all relevant variables,
performance indicators, and entities as de�ned in the supporting literature, see Chapter 2. Each compo-
nent included in the chart is elaborated on in the subsequent sections, ensuring a clear understanding of
their roles and interactions within the model.

3.2.1. Energy Loads
Energy loads make up the energy demand. Di�erent residential objects can have very di�erent load
pro�les. For a building with multiple residential objects, the load shall be the sum over time. The
energy loads are the total energy demand, including the part that would potentially currently be su�ced
with gas-powered energy. Loads can be balanced between buildings that vary in user pro�le, thereby
minimizing the need to access the 'main roads' of the energy grid.

3.2.2. The Utility grid
The utility grid functions as a fall back option, for when the microgrid is not able to meet the energy
demand. It is either connected or disconnected to the utility grid in a binary manner. Due to the variable
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and unpredictable characteristics of DERs, it's not always feasible to achieve a balance between supply
and demand within the microgrid solely through these resources. In instances of energy shortfall, the
main power grid can immediately provide electricity to the microgrid, or alternatively, it can absorb any
excess energy when there is a surplus.

The import and export costs of energy from and to the main grid are measured by their real costs,
which align with the peak hours of energy consumption. Therefore, fallback to the main grid is strongly
penalized.

3.2.3. Distributed Energy Resources
Given the focus of this research on urban environments, the DERs considered in constructing the
scenario approach are limited to those powered by solar, geothermal, or bio energy.

Photo Voltaic power
The solar panels in the microgrid absorb Photo Voltaic (PV) power. The generated output is modeled by
means of existing weather data for the Netherlands for solar panels in Amstelveen (BRON). With the
new input of the Dutch Energy Bank and the associated API, a connection with the solar radiation and
therefore the expected solar generation can be made.

Geothermal power
Geothermal power can contribute directly to the supply of thermal energy, which constitutes a signi�cant
portion of the overall energy demand. This power can be conveyed using water through repurposed old
gas pipelines, see the further explanation below in the explanation about Hydrogen use. The geothermic
potential must be analyzed in order to know whether the case study area has access to geothermal
power.

Hydrogen and the Utility Grid
Hydrogen is a key energy carrier in various scenarios, despite its current high costs and the uncertainties
surrounding its widespread adoption. It holds signi�cant potential for reducing emissions when used
as a fuel or raw material in industries. To support this, Hynetwork Services, a subsidiary of Gasunie, is
tasked with developing a national hydrogen network. Scheduled for completion by 2030, this network
will supply major industrial regions and connect with German and European systems. Utilizing
repurposed natural gas pipelines, it aims to seamlessly integrate into the existing infrastructure and
facilitate Europe's transition to sustainable energy. In scenarios where hydrogen has been successfully
adopted, this network will support extensive distribution and accessibility.

(Hydrogen-Based) Combined Heat and Power
Integrated energy systems can provide a more e�cient supply than individual systems by utilizing
resources such as cogeneration (Ko & Kim, 2019). A CHP system can operate using both hydrogen and
electrical energy, as well as harnessing the heat generated from electrolysis. The CHP has di�erent
parameters for di�erent scenarios.

(Hydrogen-based) Heat pump
Heat pumps are increasingly being adopted as a reliable technology. While their e�ciency can still be
in�uenced by weather conditions, geothermal heat pumps provide consistent performance regardless
of the climate. In the framework both weather dependent, and geothermal pumps are taken in.

Electrolyzer
An electrolyzer can convert a surplus of renewable energy into hydrogen. This process, known as
electrolysis, involves splitting water into hydrogen and oxygen using electricity. When renewable
energy sources like solar or wind produce more electricity than the system demands, an electrolyzer
can utilize this excess to generate hydrogen. Incorporating an electrolyzer enhances the �exibility and
resilience of the energy system. It allows for energy storage in chemical form, which can be particularly
valuable during periods of low renewable generation or high demand. In the framework, the electrolyzer
is implemented as a direct conversion device with a predetermined e�ciency to accurately re�ect
real-world costs.
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Fuel Cell
A fuel cell can convert the chemical energy from a fuel such as hydrogen into electricity, heat and
byproducts through a chemical reaction with oxygen or another oxidizing agent (Herbst et al., 2012).
Herbst et al. (2012) have shown that fuel cells provide cost-competitive, highly reliable, e�cient, clean,
quiet, contained, modular, scalable and community-friendly energies. They can be divided into four
primary market applications: primary power sources, backup power systems, CHP systems, and fuel
cell-powered vehicles (Herbst et al., 2012). In the framework the fuel cell is taken in for the fuel cell
vehicles, and for CHP systems.

Electric Vehicles
EVs can, apart from functioning as vehicle, function as batteries in the microgrid. By smart management
of the EV, they can be used as ESS or a power plant when not used (Bartels et al., 2022). This is called
V2G and G2V (AbuElrub et al., 2020). In the modeled system it is assumed that EVs follow a trip pattern
where they leave and return to the home base at speci�c times. During the evening and night, and in
the weekend they function therefore as such a ESS. It is assumed that they return to the microgrid with
a random SOC.

Fuel Cell Electric Vehicle
Fuel cell electric vehicles (FCEVs) transform the chemical energy from hydrogen into electricity to
drive their motors. They carry an onboard fuel source, such as hydrogen or natural gas, and may rely
solely on the fuel cell or be part of a hybrid system incorporating a battery, similar to hybrid EVs or
plug-in hybrid EVs. As part of the hydrogen driven scenarios, FCVs could play a signi�cant role in
transportation. If the hydrogen they use is produced via water electrolysis using renewable energy or
derived from biomass, then FCVs are powered by renewable energy sources (Richardson, 2013).

Electric Vehicle battery
EV batteries charge at a �xed pace, which is predetermined based on the battery's parameters: the
capacity and the power output of the charging infrastructure. This pace can be optimized to match the
grid's demand patterns or to take advantage of lower electricity rates during o�-peak hours.

Batteries
Traditional batteries, such as lead-acid and lithium-ion, are integral components in energy storage
for grid applications. In the framework the parameters of the batteries that are taken in can di�er
and determine the e�ciency and capacity. The di�erent batteries that can potentially be utilized and
characteristics are presented in Table 2.2.

3.3. Conceptualization
Below the conceptualization of the framework is presented, see Figure 3.1. All the components, are
encapsulated with the interplay between them. The green lines represent electrical energy �ow, the
orange lines represent thermal energy �ow, and the blue lines represent hydrogen �ow. The EMS also
entails the model con�guration setting that might di�er, like the forecast horizon and accuracy.
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