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Abstract

The ongoing energy transition has led to a paradigm shift in distribution power sys-
tems infrastructure and operations owing to the ever-increasing volume of intermit-
tent renewable energy generation and electricity consumption across several recently
developed sectors. Integrating previously separated energy sectors and electricity
market liberalization transforms the distribution system environment into a complex
system that includes several participants with conflicting interests. Therefore, inno-
vative approaches to optimal and efficient energy management of available resources
are paramount to achieving sustainability goals through economic, environmental,
social, and technical factors. One way to test the feasibility and robustness of such
new and improved solutions is through power system modeling and simulation.

This dissertation presents an agent-based hierarchical energy management architec-
ture that draws from research and practically applies to the liberalized electricity
market. The architecture is designed to solve a multi-objective optimization routine
for distribution grid operation in a distributed way. An online feedback mechanism
is a vital feature of the optimization algorithm, which is solved in collaboration with
the agents representing the various participants in a distribution grid ecosystem. The
distributed nature of computation ensures data privacy, as sensitive information is
not shared with a central coordinator. A unique combination of Tchebycheff’s de-
composition and the Gradient projection method is used to solve the constrained
and multi-objective optimal power flow problem. Adding penalty functions to the
objective function effectively handles the system constraints. The formulation of in-
dustrial and residential demand profiles incorporates socio-behavioral aspects of the
connected prosumers, reflecting their economic, behavioral, or environmental goals.
The energy management architecture and its optimization function are then applied in
a co-simulation framework to study the impact of industrial and residential flexibility
on the connected distribution grid’s economic, environmental, and technical aspects.
The energy management architecture seamlessly integrates into the co-simulation
framework with the help of a co-simulation platform, mosaik, that facilitates commu-
nication between various multi-disciplinary models. A preexisting agent-based grid
simulation model, SIMONA, represents the distribution grid, calculating grid power
flow and resulting system gradients. The results provide valuable indicators for dis-
tribution grid planning and operation under future renewable generation and flexible
load integration scenarios.
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Kurzfassung

Die Energiewende führt zu einem Paradigmenwechsel in Bezug auf die Infrastruktur
der Verteilnetze und deren Betrieb, da sowohl die Stromerzeugung aus erneuerbaren
Energien als auch der Stromverbrauch der neu entwickelten Sektoren zunehmen. Die
Integration von zuvor getrennten Sektoren und die Liberalisierung des Strommark-
tes wandeln das Umfeld der Verteilnetze in ein komplexes System, das mehrere Teil-
nehmer mit gegensätzlichen Interessen umfasst. Daher sind innovative Ansätze für ein
optimales und effizientes Management der verfügbaren Ressourcen von entscheiden-
der Bedeutung, um die Nachhaltigkeitsziele über wirtschaftliche, ökologische, soziale
und technische Einflussmöglichkeiten zu erreichen. Eine Möglichkeit, die Machbarkeit
und Robustheit neuer und verbesserter Lösungen zu testen, ist die Modellierung und
Simulation von Energiesystemen.

In dieser Dissertation wird eine agentenbasierte hierarchische Energiemanagementar-
chitektur vorgestellt, die aus der Forschung stammt und in der Praxis anwendbar
ist. Die Architektur löst eine multikriterielle Optimierungsroutine auf dezentralisierte
Weise. Ein Online-Feedback-Mechanismus findet die optimale Lösung in Zusammen-
arbeit mit den Agenten, welche die verschiedenen Teilnehmer in einem Verteilnetz-
Ökosystem repräsentieren. Der verteilte Charakter der Berechnungen gewährleistet
den Datenschutz, da sensible Informationen nicht an einen zentralen Koordinator
weitergegeben werden. Eine einzigartige Kombination aus Tchebycheff-Dekomposition
und der Gradientenprojektion wird verwendet, um das eingeschränkte und multi-
kriterielle Problem des optimalen Energieflusses zu lösen. Die Formulierung von
Lastprofilen für Industrie und privathaushalte berücksichtigt sozio-technische As-
pekte der angeschlossenen Prosumer und reflektiert deren wirtschaftliche, soziale
oder ökologische Ziele. Die Energiemanagementarchitektur wird dann in einem Co-
Simulations-Framework angewendet, um die Auswirkungen der Flexibilität von Indus-
trie und Haushalten auf die wirtschaftlichen, ökologischen und technischen Aspekte
des angeschlossenen Verteilnetzes zu untersuchen. Die Energiemanagementarchitek-
tur fügt sich mit Hilfe einer Co-Simulationsplattform, mosaik, die die Kommunikation
zwischen verschiedenen multidisziplinären Modellen erleichtert, nahtlos in das Co-
Simulation-Framework ein. Ein bereits vorhandenes agentenbasiertes Netzsimula-
tionsmodell, SIMONA, stellt das Verteilnetz dar und berechnet den Netzleistungsfluss
und die daraus resultierenden Systemgradienten. Die Ergebnisse liefern wertvolle
Indikatoren für die Planung und den Betrieb von Verteilnetzen unter zukünftigen
Szenarien der erneuerbaren Erzeugung und der flexiblen Lastintegration.
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1 Introduction

1.1 Motivation and Research Question

The energy transition aims to realize a secure and sustainable electricity supply while
restricting the global temperature increase to 1.5◦C from pre-industrial levels [1]. Re-
alizing a sustainable supply involves adapting diverse and global transformation av-
enues in the power system supply chain. Increasing penetration of renewable sources,
such as hydropower, solar, wind, and biothermal, in the supply mix combined with
the electrification of newly identified sectors; heat, gas, and mobility are the key
drivers of the energy transition. Advancements in storage technologies are making it
a dependable answer to the intermittent renewable generation problem [2]. Integrat-
ing these new elements into the power system infrastructure permanently changes the
structure of energy supply, demand, and prices. Increasing energy efficiency is signif-
icant following the expansion of renewable energies and controllable loads. Possible
solutions range from modernization of power systems, energy-saving industrial pro-
cesses, energy-efficient buildings, and household technologies [3]. Distributed Energy
Resources (DER) umbrella term encompasses these contemporary participants in the
holistic power system environment. Owing to the geographic dispersion of DERs,
they promote traditionally passive distribution networks into active participants that
can support bidirectional power flow. Figure 1.1 demonstrates the change in the
distribution system structure to accommodate new efficient and ecological technolo-
gies.

Generation Transmission Distribution Demand

(a)

Coventional
Generation

Transmission Energy Management Active
Consumer

Distributed
Generation

Controllable Load

(b)

Figure 1.1: (a) Traditional Passive Distribution Network; (b) Modern Active
Distribution Network [4]
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1 Introduction

Distribution Grid Energy Management

As seen in Figure 1.1, the modern distribution grid is connected to distributed gen-
eration (DG) units in the form of wind and solar, responsive load, such as charging
stations for electric vehicles and storage technologies, and end users who are associ-
ated with energy-intensive processes, rooftop photovoltaic (PV) installations, electric
heat pumps and so on [5]. DERs can also represent units participating in energy-
efficient or demand-side programs. The integration of DERs poses several challenges
to distribution grid planning and operation. Under scenarios of unplanned operation,
the distribution network might witness congestion, voltage overloads, reverse power
flow, failure of protective equipment, and increased investments in grid expansion
measures. Therefore, intelligent management techniques should be included to moni-
tor, control, and optimize the available resources while respecting system constraints.
On the other hand, consumers adopting sustainable technologies should see a return
on their investment in terms of economic or energy-saving benefits. Therefore, an en-
ergy management solution aims to benefit all involved participants in a distribution
grid ecosystem.

The IEEE Standard Association coined a blanket term Distributed Energy Resources
Management Systems (DERMS) to define the scope and application for such energy
management software solutions for distribution grids [6]. The idea is to modularize
the scope of intelligent management techniques to target specific goals. The essential
functions of a DERMS are categorized into:

• Aggregate: Bundle smaller DERs, i.e., DGs and demand response (DR) par-
ticipants, and present them as manageable profiles to the electricity market or
the distribution system operator (DSO).

• Simplify: Control granular details for the distributed components and provide
easily quantifiable grid-related services.

• Optimize: Compute optimal control signals for connected DG units and pro-
sumers to produce the desired output, namely minimal operational costs and
optimal power quality.

• Translate: Individual participants may speak different languages according to
their time resolution and scale. Thus, a DERMS should enable cohesive and
compatible communication between all components.

Regarding aggregation and optimization, DERMS solutions can be categorized into
DER aggregators or utility DERMS, commonly operated by the DSO [7]. A DER
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1.1 Motivation and Research Question

aggregator bundles smaller DG units or controllable loads such as charging stations,
storage facilities, and heat pumps to optimally manage their operation and partic-
ipate in energy-saving schemes, provision of ancillary services, and market trading.
A utility DERMS uses the DER aggregators, among other resources, to manage the
connected DER units efficiently while respecting the technical constraints of the net-
work related to operational voltage limits and power balance. The utility DERMS
can also optimize distribution grid operation by controlling the available resources to
reduce operational costs, address congestion issues, and improve voltage profiles.

Consequently, DER aggregators and utility DERMS exist hierarchically, where DER
aggregators are unaware of the grid model and utility DERMS are grid-aware. There-
fore, if these two solutions are properly integrated, they can provide efficient customer
and grid-related services in the liberalized electricity market at the distribution grid
level. Several players’ involvement, roles, and responsibilities in the electricity market
and economic, environmental, social, and technical goals make the modern distribu-
tion grid ecosystem a highly complex model to render.

Utility DERMS

DER Aggregators

Distributed
Generation

Demand
Response

Energy
Efficiency
Programs

Thermal/Nuclear
Generation

Transmission System Operator

Distribution System
Operator/Supplier

EMS

EMS

Figure 1.2: Future Energy Management Systems [8]

The term Energy Management System (EMS) encompasses all solutions for efficiently
managing distributed resources following grid-aware, customer-favoring, or market-
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1 Introduction

aware schemes. Therefore, both DER aggregators and utility DERMS provide energy
management solutions. The differences lie in EMS objectives, the surrounding envi-
ronment, and specific monitoring and control tasks. Figure 1.2 shows the envisioned
architecture of an EMS in a future smart grid environment connected to smart homes,
innovative industries, and several DERs, which can be sources of generation or respon-
sive load. Although the full impact of this development is yet to be foreseeable today,
it raises many important questions. For example, how can one design and integrate
a large number of complex technical systems into existing frameworks and regulatory
structures? What essential considerations help define communication channels and
data interaction protocols between participants? How do increasing electrification
and active consumers in industrial and residential sectors impact distribution grid
objectives and parameters? How significant is the impact of human behavior and
government regulations in adopting and operating advanced technologies? To oper-
ate a secure and sustainable distribution system, one must analyze control options
available to the DSO to be minimally invasive yet efficient. Moreover, translating
software solutions in the field requires investments in improving the infrastructure
with metering and measurement devices capable of communication. The Informa-
tion and Communication Technologies (ICT) prerequisites and associated costs to
implement an EMS within the distribution system environment are also essential.

Note: This thesis uses the inclusive term energy management to describe the pro-
posed solution, even though the EMS model executes tasks of a DERMS by combining
the functionalities of a DER aggregator and a utility DERMS. The specific name de-
pends on the regulatory roles of an aggregator and the DSO when applied to a specific
real-world market scenario.

Paragraph 14a EnWG

Highlighting the importance of incorporating these resources, the German government
introduced Paragraph 14a in their Energy Industry Act (EnWG) [9], which came into
force in the year 2024. In this act, the government policy allows the grid operators
to issue emergency control over flexible energy-consuming assets such as heat pumps,
batteries, etc., and reduce their output to avoid overloading while offering relaxations
in grid fees to the targeted consumer. Another benefit of this policy is that it avoids
delays in approving connection requests for controllable assets into the grid due to
insufficient grid capacity [10]. Thus, with government regulations imposing a mandate
on increasing power demand, especially in low-voltage distribution grids, through new
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1.1 Motivation and Research Question

connections, finding solutions to optimally manage the available resources without
breaking the security of supply has become imperative in power systems research.

Research Question

In academic and industrial research, modeling and simulation are powerful methods
for designing and evaluating complex systems and processes [11]. Recent develop-
ments in the distribution grid environment have facilitated the necessity to model
the holistic system with accurate, granular details of all its participants and evaluate
their impact on grid performance’s economic, environmental, and technical param-
eters. It is essential to produce grid-aware solutions to reach climate change goals
effectively. The electricity grid model should encompass the laws of physics that drive
the network such that the solutions respect physical and operational constraints on
the distribution grid. The variation in these parameters under specific integration
scenarios helps in several application cases, such as determining the grid’s hosting
capacity, constraint management, voltage regulation, demand forecasting, and par-
ticipation in customer-related services in the electricity market.

To this purpose, the development of versatile energy management models that can
perform one or more tasks from aggregation, simplification, optimization, and transla-
tion is requisite. The software solution can target individual smart homes, industries,
DG groups, aggregators, or the utility grid. The energy management model should
tackle an influx of renewable generation and flexible load profiles from various cate-
gories of end users, where the modeling of end users is realistic and considers their
socio-behavioral aspects. Consideration of socio-behavioral aspects of end users helps
improve the designing of efficient and non-invasive incentive mechanisms for future
smart grids. The final output of the model should be optimal operating points for
all involved participants that ensure sustained and cost-efficient electricity supply
without harming the environment. Therefore, the main research question this thesis
attempts to solve is:

Research Question

How do we design and model an energy management architecture for
low/medium-voltage distribution grids that can optimally address the grid’s
economic, environmental, and technical aspects under intensive electrification
and flexibility practices by industrial and residential consumers?

5



1 Introduction

1.2 Thesis Outline

This section outlines the upcoming chapters in this thesis, highlighting the contribu-
tions.

Chapter 2 - Research Trends in Energy Management and
Optimization Methods

Chapter 2 presents a comprehensive literature review of energy management and
optimization research trends in distribution grids, focusing on the multifaceted ele-
ments addressed by energy management systems and the fundamental characteristics
expected of an EMS. It is essential to ascertain the implementation technique of
proposed solutions and their advantages and disadvantages. The second half of the
chapter carefully examines the evolving landscape of distributed grid optimization,
offering insights into emerging technologies and methodologies. It briefly reviews ex-
isting methods to solve multi-objective and distributed optimal power flow problems
to justify the selection of the solution algorithm. Furthermore, it highlights the contri-
butions of the thesis within the context of available literature, clarifying the rationale
behind the proposed solution architecture and algorithm selection. Through an in-
depth examination of existing literature and ongoing research, this chapter lays the
groundwork for the subsequent chapters, providing a solid foundation for the study’s
contributions and methodologies.

Chapter 3 - Agent-Based Energy Management Architecture

Chapter 3 introduces this thesis’s proposed agent-based energy management architec-
ture. It begins by explaining the fundamental concepts of the liberalized electricity
market in Germany. The suitability of agent-based modeling and the practical appli-
cability of the proposed model are established after identifying the essential players
and their specific roles and responsibilities in a real-world electricity market example.
It describes the core concepts of multi-agent systems and discusses the advantages
and limitations of employing agent-based simulation techniques. Furthermore, the
chapter provides a comprehensive overview of the SIMONA ecosystem, the grid simu-
lation platform that furnishes agents for the distribution grid operator and distributed
wind and solar generation units. After applying the optimization algorithm’s solu-
tion, SIMONA calculates power flow to assess the grid state. Within a co-simulation
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1.2 Thesis Outline

environment, the energy management agents and SIMONA interact alongside various
multi-agent systems representing industrial and residential prosumers and governance
regulations, among other factors. The development of this co-simulation environment
was supported by the DeutscheForschungsgemeinschaft (DFG) under the MoMeEnT1

project in collaboration with other project members. The chapter further details the
utilization of daily demand profiles from short-term socio-technical models for indus-
trial (alien) and residential (demod) prosumers, developed by Tom Warendorf and
Matteo Barsanti, respectively. It briefly explains the modeling techniques employed
in these systems to derive final load profiles, while the co-simulation software, mosaik,
facilitates communication among the various multi-agent systems. The contributions
of this thesis to the energy management architecture encompass:

• a hierarchical energy management architecture enabling distributed grid oper-
ational optimization that integrates the properties of a DER aggregator and a
utility DERMS,

• a closed-loop feedback interaction between the energy management model and
the distribution grid to solve the optimization problem,

• applying the developed architecture in a co-simulation framework, i.e., connect-
ing SIMONA, the energy management model, and the prosumer agents using
the co-simulation platform mosaik via software application program interfaces
(API)s and

• design and conception of two application case studies with industrial and resi-
dential prosumers considering their socio-technical behavior.

Chapter 4 - Multi-Objective Distributed Optimal Power
Flow

Chapter 4 delves into the intricate mathematical implementation of a multi-objective
distributed optimal power flow (MO-DOPF) algorithm designed to address multiple
grid-oriented objectives about economic, environmental, and technical aspects. This
chapter focuses on developing a novel two-fold approach, combining Tchebycheff’s
decomposition method with a distributed online Gradient projection algorithm. It
explores the theoretical underpinnings of both methods, highlighting their respective
strengths and applicability to the problem. Furthermore, it explains the complexities

1https://gepris.dfg.de/gepris/projekt/409620273
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1 Introduction

of adapting these methods to the distributed nature of power flow optimization,
emphasizing the need for efficient coordination and communication among distributed
agents. The chapter presents mathematical formulations and algorithmic procedures,
providing a detailed roadmap for the implementation process. The contributions of
this thesis are:

• a distributed solution to the multi-objective problem in an agent-based energy
management architecture,

• application to arbitrary grid topologies using two alternative gradient computa-
tion methods,

• consideration of an operational curtailment penalty to the grid operator under
renewable generation curtailment and

• addition of reference node generation limits to operational constraints for the
distribution grid to prevent power flow failures.

Chapter 5 - Performance Evaluation and Application

Chapter 5 evaluates the performance of the proposed gradient projection algorithm
with a state-of-the-art centralized optimal power flow (OPF) algorithm. It verifies the
optimality of the algorithm and explores the differences in computational complexities
and scalability considerations, comparing the two alternative methods of gradient
computation. These results help assess the applicability of the algorithm to real-
world scenarios. After that, the chapter presents two application cases where the
developed EMS model is validated to solve the multi-objective OPF problem for the
distribution grid with connected DG units and flexible consumers from the industrial
and residential sectors:

• two different types of industrial prosumers simulating real-world small-scale in-
dustries: profit-seeking self-optimization using a peak-shaving strategy, opti-
mized production processes with the help of storage.

• residential prosumers clustered into socio-behavioral groups and modeled to gen-
erate daily load profiles accounting for heat pump control, PV generation, and
types of buildings.

Chapter 6 concludes this thesis by summarizing the research objective and the pro-
posed solution, critically reviewing the model, and providing a future outlook.

8



2 Research Trends in Energy
Management and Optimization
Methods

This chapter delves deep into the ongoing practices in academia following the trans-
formation in the power system industry and related policies regarding energy man-
agement and optimization methodologies, which aim to achieve climate change goals.
A comprehensive literature review is essential to understanding the requirements for
the proposed thesis topic. The preliminary advent of the relevant methods and their
application is stated in centralized power systems and mostly exclusive electricity
markets, with the transmission grid operators enjoying complete control and own-
ership over generation and distribution. After this, fundamental characteristics of
EMS and power system optimization are presented and supported by contemporary
research. This portion highlights the crucial properties to consider when modeling
an efficient EMS to address the challenges in modern distribution grids to improve
operation, planning, and analysis. While assessing available literature, this chap-
ter highlights the advantages of using one technique over the other, critical research
gaps, and the justification of the proposed solution in the given context. This chap-
ter builds a theoretical answer to this thesis’s research question before explaining the
methodologies in depth.

The chapter is divided into two sections: Section 2.1 describes energy management
fundamentals in power systems, their conception, application, and transformation to
support applicability to distribution systems. It also justifies using agent-based sys-
tems to develop a simulation equivalent of the real-world framework involving energy
management schemes with many participants in the liberalized electricity market;
Section 2.2 similarly treats the topic of optimization. After discussing the funda-
mental use of optimization algorithms in an electricity network, broad classifications
of methods to solve distributed optimization problems are presented. Proceeding, the
suitability of available mathematical algorithms for the proposed agent-based set-up
is examined, justifying the choice of the proposed solution.
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2 Research Trends in Energy Management and Optimization Methods

2.1 Energy Management in Power Systems

The advent of EMS concepts and tools dates back to the 1990s when they formed a
critical entity being deployed at the centralized control centers for transmission sys-
tems to ensure operational security and reliability [12]. The development of Supervi-
sory Control and Data Acquisition (SCADA) systems made the field implementation
possible. Finally, they evolved into real-time solutions offering load control, dispatch
scheduling, and distribution system management [13].

Distributed
Generation

Smart Homes

Conventional
Generation

Flexible Demand

Distribution Grid

EMS

Energy Market

Weather Data

Smart Industries

EMS Participants

EMS Functions Data Monioring Data Analysis

Data Forecasting

Real-Time Control

Optimization

Figure 2.1: EMS Participants and Functions in Distribution Grids [14]
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2.1 Energy Management in Power Systems

In recent years, energy transition pathways have led to a dramatic transformation
at the distribution grid level, which results in the need for similar tools formulated
for active distribution networks with diverse connected participants. Stressing the
urgency of the topic, academic institutions are creating standardized definitions for
DERs, EMS, and DERMS, industrial companies are supporting the development
of efficient and robust tools and solutions, and regulatory bodies are introducing
policies to aid in the application of energy management (EM) initiated control in the
distribution network. The function of such an EMS is to optimally allocate required
units of available generation to the end-users while promoting the use of renewable
resources without compromising the power system’s reliability, security, and safety
[15]. The primary functions of an EMS are to monitor, supervise, optimize, and
control the operation of all involved participants in the electricity network [16].

With increasing complexities due to the influx of renewable sources of generation,
responsive loads such as storage and electric vehicles, and complicated DR strategies,
improvement in EM modeling can ensure a cost-effective and sustainable supply of
energy that respects the technical constraints of the system while considering weather,
market and behavioral uncertainties [17]. To successfully model and implement an
efficient EMS, one must adequately define the associated characteristics regarding the
EM type, objectives, stakeholders, architecture, and communication infrastructure
[18]. Figure 2.1 shows the possible participants involved within an EMS solution and
lists the typical functions an EMS model performs. The following sections examine
the literature to quantify the various EM solutions and their benefits and limitations
to justify the choice of the proposed architecture.

Objectives of EMS

An EMS’s goal can be single or multi-objective, covering the integrated distribu-
tion system’s economic, technical, social, and environmental aspects. Most available
research deals with economic objectives where the EMS aims to minimize system
operational costs. The word "system" signifies the user of the EMS method, which
can be smart homes, smart industries, a group of DG units, or the physical power
system. System costs can be minimized by avoiding using expensive generation units
during peak load hours or grid reconfiguration principles. In [19], the authors pro-
pose a multi-agent transactive EMS that handles high levels of renewable sources
and electric vehicles in the system. Multifarious strategies are introduced to solve
the EMS problem for microgrids in grid-connected or islanded modes to reduce fuel
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2 Research Trends in Energy Management and Optimization Methods

consumption and thus save on energy prices [20–23]. The importance of optimally
managing grid reconfiguration to minimize operational costs is highlighted in [24, 25].
However, the utilities pay the price for incurred power losses in the transportation
of electricity, which can be minimized by optimally allocating DG units in the dis-
tribution grid [26]. Optimization of costs is studied under the influence of integrated
PV-battery systems in [27]. The EMS framework is expanded to deliver cost-effective
solutions for hybrid AC/DC grids in [28]. EMS systems are also applied to minimize
carbon emissions from fossil-fuel-based generation units [29, 30]. Technical objectives
might include power quality [31], equipment performance [32], transformer degrada-
tion [33], improvement of voltage profiles [34], etc. Recently, there has been a surge in
multi-objective EMS solutions because optimizing costs is not enough to guarantee a
sustainable and secure electricity value chain [35, 36] under the ongoing power system
transformation.

Architecture of EMS

There are three distinct architectures to build an EMS for distribution power sys-
tems:

• Centralized: This type of architecture has a central controller equipped with a
high-performing computation unit and a reliable communication infrastructure
to manage energy utilization. The central controller collects all relevant data
from the distribution grid, the DERs, consumers, and other relevant units to
solve an optimization routine for concerned objectives [37]. However, centralized
architecture comes with a high computational burden, extensive data sharing,
and a single point of failure, making it unsuitable for distribution grid ecosystems
with dispersed active participants with conflicting interests. Therefore, data
sharing is limited among the stakeholders involved.

• Distributed: This structure is characterized by intelligent agents with control
authority and peer-to-peer communication capabilities representing the various
participants in the network [38]. They share relevant information and coordinate
with each other to solve the global optimization problem. Distributed architec-
ture offers low computational and communication burden and faster response
time while compromising on the global optimality of the solution as compared
to its centralized counterparts [39]. They are well suited for modern distribution
systems.
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• Hierarchical: Following from decentralized approaches, hierarchical architec-
ture constructs multiple levels of control among the involved participants where
the distributed agents can communicate with an agent from a higher or lower
level but not with an agent from the same level. This structure is comparatively
easier to model than the fully distributed option because of fewer communication
channels [40, 41].

However, the specific market structure affects the choice of the architecture. In the
case of local energy communities organized by multiple aggregators, several agents
operating on the same level will communicate and trade with other local agents in
the energy community. A purely hierarchical architecture restricts peer-to-peer com-
munication, which is a limitation. However, worldwide electricity market structures
must still be ready to handle electricity trading between neighbors. Therefore, a hi-
erarchical architecture with a few distributed modes of communication is the most
practical EMS solution for most liberalized electricity markets in the world.

Selecting a modeling tool for EMS is closely tied to the chosen architecture. In
the case of integrated distribution grids with diverse, active sources of generation
and consumption, a distributed, hierarchical, or combined architecture is often pre-
ferred. Therefore, the inherent architecture of the distribution grid ecosystem makes
an agent-based modeling approach a suitable choice. Agent-based modeling supports
distributed and parallel communication between intelligent agents following prede-
fined communication protocols and data exchange to solve a given objective.

Centralized
Hierarchical

Distributed

Figure 2.2: Types of EMS Architecture
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Types of EMS

EMS can be employed at the transmission, distribution, or end-user levels. Until now,
the role of an EMS at the distribution grid level has been discussed. In contrast, the
EMS at the end-user level is exclusively concerned with reducing energy usage on the
consumer premises to achieve energy price savings. However, active prosumers can
participate in the electricity market to trade their excess generation if available or
provide ancillary services to the connected utility grid to support secure operation.
Therefore, the EMS at end-user levels should also facilitate market participation or
DR activities in coordination with the distribution-level EMS. Different categories of
end-user EMS systems are as follows:

• Home Energy Management Systems (HEMS) [42–45] allow the user to monitor
and control the energy usage of a single household.

• Building Energy Management Systems (BEMS) [46–48] monitors and controls
the energy needs of a building following customer comfort.

• Plant Energy management Systems (PEMS) [49] controls the power output and
consumption of a virtual power plant (VPP) or aggregated DG units.

The abovementioned classification types of EMS are not binding or all-encompassing.
Several kinds of EMS deal with clusters of similar entities and their power manage-
ment, such as energy communities, charging stations, storage systems, microgrids,
and even distribution grids (i.e., utility DERMS) [50].

EMS Participants

Significant participants of EMS are the regulators, small-scale prosumers (consumers
and producers), DSOs, suppliers, transmission grids, and aggregators. The selected
EMS models predefine each participant’s functional boundaries, i.e., roles and respon-
sibilities, according to the regulatory structure of the concerned electricity market.
The majority of information flows between the participants are bidirectional to pro-
vide decision support to DERs, consumers, DG owners, aggregators, and agents,
especially for DR programs, which enables consumers to actively participate and of-
fer services for the flexible and efficient operation of the grid. The more complicated
sector includes DG units and prosumers from the residential and industrial sections.
There is plenty of literature available that looks into the complex mechanisms of
DR in the residential sector and proposes efficient strategies to control their load for
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grid-oriented benefits optimally [51, 52]. Similarly, EM concepts are applied to indus-
trial consumers to optimally manage their consumption and improve the potential for
grid-oriented ancillary services [53, 54]. However, compared to the research found on
the residential sector, literature associated with the industrial sector is still relatively
sparse. Therefore, this thesis concentrated on including industrial prosumers in dis-
tribution grids with various flexible practices that consider the impact of governance
policies on industrial technology adoption.

On the electricity grid side, an existing hierarchy between transmission grids, DSOs,
suppliers, and balancing market operators dictates the information exchange and con-
trol flow. Generally, the transmission grid operates and manages high-voltage trans-
mission networks with cross-border capacities. They are also responsible for balancing
services in coordination with the balancing operators after the market closes. The
DSOs enjoy similar monitoring and control over medium- and low-voltage distribution
networks, which involve managing and coordinating connected DERs while maintain-
ing network constraints related to voltages, line flows, and power balance. Suppliers
are responsible for providing electricity to end-users based on bilateral contracts. In
specific scenarios, the DSO can take over the responsibilities of a supplier. In [55], the
authors expand the scope of EMS to multi-energy systems, including heat and gas
networks, into the fold. In [56], the hosting capacity of hydrogen DGs is determined
for a connected distribution grid under EM strategies. Similar literature is available
to help integrate PV units, storage systems, wind generators, and charging stations.
Figure 2.3 shows a generic representation of the main players in the electricity market
and their interaction.

Generation Transmission
System Operator

Distribution
System Operator

Prosumer

Regulator

Supplier

Figure 2.3: Roles and Responsibilities of EMS Participants
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Communication Infrastructure for EMS implementation

The distribution grid participants are connected with communication links, enabling
them to share necessary information. Critical monitoring, measurement, and con-
trol information is passed upstream and downstream to respective stakeholders of
the EMS through ICT interfaces. Therefore, the growth of ICT tools is fundamental
in supporting and accelerating the implementation of EMS in simulation and real-
world scenarios. ICT infrastructure and communication protocols enable the sharing
and use of critical information between the EMS and its participants to ensure the
seamless functioning of the electric power systems. Communication technologies can
be broadly classified into wired and wireless technologies. SCADA, power line com-
munication (PLC), and optical fibers are established wired communication methods
in centralized EMS architecture, which requires a secure and robust communication
channel. For short-distance information flows, cost-effective wireless technologies such
as Bluetooth, WLAN, ZigBee, etc., are preferred in HEMS, BEMS, etc. Table 2.1
summarizes the data transfer rates and coverage ranges for the most popularly used
ICT protocols in power systems [57].

Protocols Transfer Rate Range
SCADA 51.8 Mbps to 2.48 Gbps 1000 miles or more
PLC 200 Mbps 200 miles or more
Optical Fiber 100 Mbps to 2.5 Gbps 100 km
WLAN 54− 900 Mbps 100 m
Bluetooth 721 Kbps 100 m
Cellular 14.4− 100 Mbps 5− 100 km

Table 2.1: Transfer Rates And Ranges for Popular ICT Protocols

Note: This thesis develops an EMS architecture in a simulation environment, and
therefore, the communication protocols between the different simulators are purely
software algorithms.

Optimization as an EMS function

EM schemes include various subjects, such as optimal operation of renewable-sourced
DG units, control of responsive loads in batteries and electric vehicles (EV)s, effi-
cient DR programs, load control methods, etc. Several optimization algorithms and
programming methods are developed to solve for the ultimate goal of maximizing
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or minimizing the system’s objective function. This objective function may include
multiple objectives regarding system costs, carbon emissions, power quality, voltage
stability, distribution losses, and reliability. Solutions available in literature use many
inexact and exact algorithms to solve the optimization problem. The exact or numer-
ical solutions guarantee optimality, whereas the inexact or heuristic methods deliver
relatively faster computation. A quick survey of the literature will show that research
tends to lean towards centralized inexact algorithms forming the class of heuristic or
metaheuristic algorithms to solve the underlying optimization, especially in the case
of multi-objective EM problems [58, 59]. Other approaches, such as stochastic or
robust methods, are best suited to handle uncertainty [60]. However, in the current
distribution grid set-up, there is a need to introduce suitable and efficient distributed
optimization algorithms that fit the communication protocols of the framework and
can deliver acceptable optimality and computational efficiency with limited informa-
tion at individual agents.

This section highlights the primary characteristics of EMS and their applica-
bility to modern distribution grids, using a literature review of recent research
practices in the area.

2.2 Distributed Optimization Algorithms for
Power Systems

Power system optimization was first conceptualized as a mathematical tool for cal-
culating the instantaneous optimal point of operation for a power system under con-
straints that intend to meet operational feasibility and security [61]. Traditionally,
Independent System Operators (ISO) aim to find a minimum cost-generation dispatch
schedule for transmission systems by executing an optimization routine to solve the
OPF problem [62–65]. A complete knowledge of the system state regarding net-
work, generator, and load parameters is assumed at a central location with the ISO.
Integrating DER technologies, including renewable generation, energy storage, and
responsive loads, shifts the passive distribution systems to active participants in the
electricity market [66]. New opportunities arise for diverse stakeholders such as retail-
ers, policymakers, industrial and residential end-users [67]. Information and power
flows are bidirectional, and supply and demand uncertainties are introduced.

17



2 Research Trends in Energy Management and Optimization Methods

Consequently, optimal management of dispersed resources becomes a prime necessity
to efficiently maintain the security of supply in the distribution grid environment.
Solving the OPF problem at a distribution level to control the connected DERs while
considering network operation provides grid-aware optimal solutions. Therefore, dis-
tributed solutions well suited for active distribution networks with connected DERs,
including DG units and DR participants, are formulated that offer the following po-
tential advantages over centralized approaches:

• in an agent-based system where each agent has access to a specific set of data,
a distributed solution can solve the OPF problem with limited information,
reducing the requirement for elaborate communication infrastructure,

• they can mitigate scenarios related to communication or technical failure in
agents,

• owing to parallel computing abilities, distributed solutions offer improvements in
computational speed for larger problems as compared to centralized alternatives,

• they should respect the data privacy of involved participants and facilitate reg-
ulated information exchange

Before discussing the various methods available in the literature to solve the dis-
tributed OPF problem, a brief mathematical insight into the power flow formulation
in distribution systems is required. Assumptions and relaxations adapted to aid the
distributed algorithms in solving the power flow optimization routine are briefly in-
troduced.

Power Flow Formulation

Consider an n bus distribution power system where N = {1,2,...,n} denotes the set
of buses. Let E denote the set of lines. The network admittance matrix holding the
electrical parameters and topology information is denoted by Y = G + jB. Each
bus has an associated voltage phasor, |V |ejθ = V ∠θ, and active and reactive power
injections, Pi + jQi.The power flow equations are:

Pi + jQi = Vi

n∑
k=1

ȲikV̄k (2.1a)

with squared voltage magnitudes

vi := ViV̄i = |Vi|2 (2.1b)
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Splitting real and imaginary parts of (2.1) and using polar coordinates, the power
flow equations result in non-convex optimization problems that require linear approx-
imations or convex relaxations for solution:

Pi = |Vi|
n∑

k=1
|Vk|(Gikcos(θi − θk) + Biksin(θi − θk)) (2.2a)

Qi = |Vi|
n∑

k=1
|Vk|(Giksin(θi − θk)−Bikcos(θi − θk)) (2.2b)

An alternative DistFlow model represents the power flow equations for radial networks
suited to predominantly radial distribution grids [68]. Use of (2.1) and (2.2) or the
DistFlow model results in non-convex optimization problems, which leads to linear
approximations and convex relaxation approaches to fit the equations to distributed
solutions. The most commonly used linear approximation approach in the industry
is the DC power flow model [67], which is unsuitable for distribution networks due to
the following assumptions [69]:

• Reactive Power flows can be neglected,

• Shunt elements are neglected, and the lines are assumed lossless, i.e., G ≈ 0,

• All nodal voltages are equal, i.e., |Vi| = 1 for i ∈ N , where N is the number of
grid nodes

• angle differences between connected nodes are minor, i.e., sin(θi− θk) ≈ δi− δk

for i,k ∈ E, where E is the number of connecting lines in the grid.

Therefore, alternate methods of linearization are proposed, such as linearization
around the "no-load" voltage profile, assuming negligible shunt impedances and near-
nominal voltage magnitudes [70, 71]. Neglecting losses in the DistFlow model can also
linearize the problem. Linearization approximates the power flow equations. On the
other hand, convex relaxations enclose the non-convex feasible spaces associated with
the power flow equations in a larger space. It bounds the optimal objective value and
provides sufficient conditions to certify problem infeasibility. Convex relaxation ap-
proaches can be further categorized into semidefinite programming (SDP) approaches
[72, 73] and second-order cone programming (SOCP) relaxations [74, 75].

Note: All electrical parameters used in this thesis related to voltages, power flows,
power injections, system matrices, etc., are expressed in per unit (p.u.) values for all
calculations.
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Distributed Optimization Techniques

A multitude of literature has been published on distributed optimization algorithms in
the last decade. The available techniques can be roughly classified into the following
groups:

• methods based on augmented Lagrangian decomposition including Dual Decom-
position, the Alternating Direction Method of Multipliers (ADMM), Analytical
Target Cascading, and the Auxilliary Problem Principle [76]

• methods based on the decentralized solution of the Karush-Kuhn-Tucker (KKT)
necessary conditions for local optimality including Optimality Condition Decom-
position and Consensus + Innovation [77]

• methods based on other approaches such as Gradient Dynamics and Dynamic
Programming

These algorithms can be applied to solve linear, convex, non-linear, and non-convex
OPF formulations with the help of modifications and extensions. The modeling of
the distributed optimization techniques can be divided into offline or online meth-
ods. Offline algorithms, though distributed, need to iterate over all variables in the
solution space until convergence is achieved before the solution can be applied to
the physical grid. Therefore, the intermediate iterates do not satisfy the power flow
equations, i.e., Kirchoff’s laws or maintain operational constraints. Although favored
for traditional power systems, volatile renewable generation and fluctuating loads
deem offline methods inadequate to handle modern distribution systems with many
connected DERs. Real-time or online algorithms only iterate on variables associated
with controllable devices in a feedback interaction with the grid. Algebraic power
flow equations represent the grid for slow timescale (steady-state) operations, and
differential equations describe the grid for fast timescale (dynamic) operations in
such algorithms. Figure 2.4 shows the general structure of an online algorithm.

minimize f(x,u)
subject to power flow equations

operational constraints

Power Network Model

Real-time Feedback
Optimization

Control
u(t)

State
x(t)

Optimization Problem

Optimization Algorithm

Figure 2.4: General Structure of Online Algorithms
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The primary advantages of closed-loop feedback optimization are twofold: 1) It nat-
urally tracks changing network conditions as they reflect in the state x(t), which is
used to calculate the control u(t), promising robustness against uncertainties and dis-
turbances; 2) Most algorithms implemented with the online approach are inherently
decentralized due to the feedback mechanism involving at least two participants and
model-free because the agent representing the model shares the updated state of the
system masking model-specific information such as topology and operational limits.
Online algorithms are prominently applied to solve real-time OPF, optimal frequency
and voltage regulation, and optimal wide-area control. The class of online algorithms
can also be termed gradient methods because the algorithms use the first or second-
order gradients of the system to search for the optima as seen in Figure 2.5. The
controller updates the control signal u(t) for each time instant, t, and applies it to
the physical grid that implicitly solves the power flow to obtain the updated state
x(t), which is measured to compute u(t + 1).

Grid: Power System Dynamics
x(t) : F(x(t), u(t)) = 0

Real-time OPF: Gradient Update
u(t+1) = G(x(t), u(t))

Control
u(t)

Measurement
x(t)

Figure 2.5: Online Algorithms with Gradient Update

In [78], the authors use the DistFlow equations and the first-order system gradients
to compute the control signal at each iteration. Sufficient conditions for convergence
to a local or global optimum of the non-convex OPF problem are established. A
gradient-based extremum method is used to solve the OPF problem without knowing
the network model by using a sinusoidal probing signal into the network to estimate
the system gradients in [79]. The optimality conditions presented for this method also
guarantee the global optimality attainment from [78]. A first-order subgradient algo-
rithm for solving the SDP relaxation of the OPF problem is used for a general network
model in [80]. These methods can be extended to multiphase unbalanced networks.
In [81], the authors extend the methods to time-varying OPF models. Therefore, it is
clear that the gradient-based techniques are highly versatile in their application and
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can guarantee convergence to local or global optima with or without the knowledge
of the physical network model. However, most proposed schemes in the literature
provide a centralized scheme, with a few exceptions [82, 83].

2.3 Research Gap and Thesis Contribution

After a close survey of the ongoing transformations in the distribution grid ecosystem
and the recent academic research trends, this thesis identifies the following areas as
research gaps:

• Holistic models of energy management for the complete, integrated distribution
system scenario to generate meaningful data for distribution grid planning and
operation,

• a distributed implementation solution to the multi-objective optimization prob-
lem ensuring data privacy of involved participants

• accurate representations of involved participants and their behavior under elec-
trification scenarios,

To this end, this thesis attempts to answer the research question by proposing an
agent-based hierarchical EM architecture for an integrated distribution grid scenario
containing several DG units and consumers adopting flexible technologies. Multi-
agent representations of EM models are prevalent in research because they are char-
acterized by autonomous decision-making ability and communication within a dis-
tributed network. The literature shows that the distribution grid environment and
the associated market structure suggest an inherent hierarchical architecture. There-
fore, this thesis exploits the same to design the proposed hierarchical architecture with
possibilities of distributed communication. The agent representing the EMS imitates
the roles of a theoretical DERMS for a real-world aggregator to execute a distributed
OPF routine to assist in distribution grid planning and operation. However, using an
online feedback mechanism to solve the optimization problem allows for coordination
between the EMS agent and the DSO, which helps mask the actual network model
from the aggregator. Therefore, the proposed architecture combines the functional-
ities of a DER aggregator and a utility DERMS and controls the connected DERs
following grid-aware signals.

The multi-objective optimization problem is solved using a novel combination of
Tchebycheff’s decomposition method and the Gradient projection algorithm. On one
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hand, the method preserves the benefits of meta-heuristic approaches of achieving
high-resolution optimal solution points for the multi-objective problem. On the other
hand, the numerical gradient-based method vouches for the accuracy of obtained so-
lutions. The objectives of the OPF problem consider economic, environmental, and
technical aspects of the connected distribution grid. Moreover, the system has phys-
ical and operational constraints regarding generation capacities and voltage limits.
The unique qualities of online algorithms justify the selection of the method for an
architecture where the agents representing the EMS and the distribution grid (DSO)
will interact in the closed-loop feedback mechanism to ensure the satisfaction of power
flow constraints.

Finally, the proposed architecture is implemented in a co-simulation framework to
interact with other agent-based models representing industrial and residential con-
sumers with flexible technologies. Various simulation scenarios are defined by varying
the distribution grid environment, i.e., number of DGs, different topologies, etc., as
well as by varying customer behavior, to study the impact of consumer flexibility prac-
tices on the connected distribution grid operational characteristics. The proposed
architecture and the optimization routine are then validated in the co-simulation
framework by simulating the predefined scenarios. Contemporary research articles
suggesting similar solutions published during this thesis’s development further stress
the topic’s importance [84, 85].

Chapter 2 Summary and Chapter 3 Preview

Key takeaways from this chapter :

2.1) Ongoing research trends on energy management practices in the distribu-
tion grid ecosystem,

2.2) Evaluation of theoretical concepts and implementation methods,

2.3) Motivation behind the proposed solution

Highlights for the next chapter :

a) Agent-based modeling fundamentals

b) Conceptual description of the proposed EM architecture

c) Implementation specifications in a co-simulation framework
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Architecture

This chapter introduces the proposed hierarchical EM architecture for modern distri-
bution grids in a liberalized electricity market, mostly imitating the German market
with a few assumptions. It is vital to understand the basic functioning of the whole-
sale and retail electricity market in a real-world scenario to properly envision the roles
and responsibilities of involved participants, i.e., their level of autonomy, area of con-
trol, and access to information and communication with other participants. A generic
understanding of possible participants in an EMS environment has been established
in the previous chapters. This chapter uses the German electricity market to model
the respective agents, considering the practical applicability of the design. For model
validation, this thesis employs the EM architecture in a co-simulation framework with
other agent-based models representing the various participants, where data sharing
and communication follow the regulatory structure of the electricity market. The
SIMONA ecosystem, an agent-based grid simulation platform written in SCALA and
developed within a message-driven toolkit, AKKA [86], calculates the power flow rou-
tine and updates the grid state. The Grid Agent (GA) within SIMONA represents
the network model and can communicate with the other agents in the grid network,
which are aggregators or individual DER components. The primary Energy Manage-
ment Agent (EMA) executes the multi-objective optimization routine in a feedback
mechanism with the GA. The primary EMA can be classified as a DER aggregator
or utility DERMS depending on the use of the software solution by aggregators, sup-
pliers, or DSOs. The fundamental idea is to mask sensitive information such as grid
topology and parameters, generation, or operational limits from concerned parties.

The chapter begins by describing the principles of the German electricity market and
identifying the roles and responsibilities of primary players in Section 3.1. This sec-
tion also talks about the ongoing changes in the market to accommodate the new
players in the form of smaller DGs or DR participants. Section 3.2 provides funda-
mental concepts regarding agent-based simulation and its advantages and limitations.
The following section, Section 3.3, lists essential concepts underlying the development
of the SIMONA grid simulation platform with a particular focus on agent communi-
cation to solve the OPF routine in a distributed fashion and the backward-forward
sweep power flow computation. Section 3.4 presents the conceptual design for the hi-
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erarchical EM architecture. Finally, Section 3.5 supplies co-simulation fundamentals
and describes the co-simulation framework used by this thesis to implement the EM
architecture. This section briefly defines the model formulation for the industrial and
residential prosumers used in the application case.

3.1 Liberalized Electricity Market - Germany

With over 180GW of installed capacity, Germany has the largest electricity market
in Europe. In recent decades, the electricity market has undergone elemental changes
owing to the continuous expansion of renewable energy generation and the abrupt
decision to phase out nuclear power after 2011 [87]. The domestic electricity market
was liberalized in 1998. Although there are currently over 900 DSOs operating the
distribution grids and, in some instances, supplying electricity to end users in Ger-
many, the four big Transmission System Operators (TSO), namely Amprion, Tenet,
TransnetBW, and 50Hertz, control electricity transmission to the distribution grids
and heavy industries. On top of that, the TSO is also responsible for managing
balancing reserves for the entire ecosystem, i.e., the TSO decides the dispatch of
balancing reserves after the market closes, considering forecasted demand. Energy
trading can happen in two ways [88]:

• on organized energy exchanges where the market participants trade energy on
public exchanges at transparent prices (double-blind auction)

• over the counter (OTC) approach where buyers and sellers interact using con-
fidential bilateral contracts

Different components like energy, transmission capacity, and reserves/flexibility can
be traded to match supply and demand. There are two different market mechanisms
for electricity trading operated by a market operator (MO) in Germany [89]:

• Day Ahead markets operate on auctions with results calculated in 40 minutes
for the next day. The required generation is scheduled according to forecasted
demand, and the balancing reserves are set.

• Intraday markets are further distinguished into auction and continuous trad-
ing. The auction enables a 15-min optimization schedule for the market par-
ticipants. Continuous trading is based on a "pay-as-bid" auction format for
5-minute time windows. Here, power supply and demand are matched in real
time to handle deviations from the forecast.
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The market operator is a passive participant that supplies the historical spot mar-
ket prices for simulation. Ideally, the provision of aggregated, ancillary, or flexible
services by prosumers at the distribution grid level should be organized by energy
communities, peer-to-peer trading, and customized supplier contracts. Local market
mechanisms are an emerging business model at the nascent stage of development.
Therefore, there is a need for more suitable real or synthetic market data that reflects
the current change in supply and demand in a fully integrated environment. Con-
sequently, this thesis uses historical spot market prices from German retail markets
in simulation case studies due to the lack of suitable market profiles tailored to meet
distribution system requirements. In future extensions, adding a market simulator
to organize local energy communities and peer-to-peer trading in the proposed EM
architecture can significantly enhance the model. A real-world electricity supplier
can take over this role and be included as a separate agent in the distribution grid
ecosystem.

In this thesis, the market structure for distribution grids with the capacity to partici-
pate in energy exchange with connected consumers holds the following assumptions:

Assumption 3.1:

a. The TSO is responsible for balancing reserves settlement in the balancing
market. Therefore, the boundary condition states that the conventional
generator connected to the distribution grid has sufficient capacity to match
current demand,

b. The distribution grid allows reverse power flow,

c. The renewable generation sourced DG units actively participate in the day-
ahead spot markets to sell forecasted power,

d. Industrial or residential consumers can freely choose their electricity supplier
in a liberalized market with bilateral contracts and

e. In cases of availability of consumer flexibility, they bid their services to the
DSO or the supplier following historical spot market prices with the help of
an aggregator

As is evident from the assumptions, the transmission level is treated as a predefined
boundary condition and the market provides historical data.
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Aggregators

The concept of aggregators is relatively new in the energy market. However, due
to the increasing significance of procuring local short-term flexibility from dispersed
units and consumers, aggregating smaller units capable of providing flexibility or
grid-oriented services in the distribution grid control area is gaining traction [90].
An aggregator groups multiple agents in a power system (e.g., consumers, producers,
prosumers, or a mix of all) to form a sizable capacity [91], such that they can provide
aggregated and ancillary services to the distribution grid or the electricity supplier
and trade flexibility in the market. An aggregator can be a third-party company
that operates a Virtual Power Plant (VPP) where centralized software optimizes the
operation of the participants of the VPP with the knowledge of weather forecasts
and market profiles. The aggregator can help integrate renewable sources efficiently
by optimizing demand and supply by optimally controlling the generation assets, DR
resources, or storage units [92].

Distributed
Generation

Smart Homes

Smart
Industries

Aggregators

Distribution System
Operator

Supplier

Flexible Demand

Spot Market Balancing
Market

Transmission System
Operator

Energy Trading
Balancing Services
Flexibility Trading/
Ancillary Services

via Supplier

Figure 3.1: Aggregators in Power Systems [93]
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Moreover, aggregators can provide several transmission-level services, such as fre-
quency regulation and balancing services, to the balancing market. The data pooled
at an aggregator can be extremely useful to study the impact of increasing consumer
adoption of participating controllable assets on the connected utility grid. The ben-
efits lie in reducing marginal costs for the utility grid and reduced investments in
grid expansion methods owing to the optimal operation of available resources [94].
Several technical and regulatory requirements must be satisfied to integrate an aggre-
gator in a real-world scenario. These requirements suggest changes to the hardware
and software infrastructure accompanied by their communication protocols, whole-
sale and retail markets, and roles and responsibilities of a distribution grid operator.
Therefore, an aggregator bridges the gap between relevant stakeholders in modern
energy systems to deliver a smooth functioning ecosystem. Countries like Germany
constantly strive to meet such requirements, adding weight to the research topic.
Energy and Meteo Systems (Emsys) in Germany supports aggregators in controlling
generation assets, scheduling, energy trading, etc. [95]. Figure 3.1 shows the general
representation of aggregators, connected participants, and the various offered services
in an electricity market.

After learning the basics of the German electricity market and exploring the ongoing
transformation to accommodate local, flexible mechanisms in a DSO control area,
three players can be envisioned to assume the role of energy management in the
proposed architecture. The TSO, balancing, and spot markets are not considered
active participants. In practical implementation, the choice will depend on the most
cost-efficient and sustainable integration of an EM routine:

• The third-party Aggregator is instrumental in executing optimization routines
for connected DERs and provides EM solutions in the form of energy and cost
savings. It aggregates DERs and optimizes their performance based on grid-
aware or market-aware schemes. As the aggregator already invests in developing
optimal EM solutions for the DER units, extending the optimization routine to
be grid-aware is relatively less invasive. However, the aggregator cannot access
the accurate network model for the distribution grid. The feedback optimization
mechanism helps solve grid-aware goals in collaboration with the DSO, which
has network knowledge. In this case, the type of EM solution will be a grid-aware
DER aggregator DERMS.

• The Electricity Supplier supplies electricity to end-users and handles bilateral
contracts and market trading. It can take up the role of an EMA and execute
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the multi-objective optimization routine by communicating with the DSO and
the aggregators. However, in Germany, the roles of a supplier are merged into
the roles of a DSO for distribution grids with less than 100,000 consumers.

• The DSO can function as an EMA and use the information derived from DER
aggregators as input to the algorithm optimizing distribution grid operations.
With accurate knowledge of the network model and authority to issue emergency
control over connected, flexible units, the DSO becomes a suitable candidate to
produce optimal set points and issue control action. In this case, the proposed
EM solution will act as a utility DERMS.

This thesis proceeds with the first option of an aggregator to act as the EMA and opti-
mally manage all available resources in the area by operating in a closed-loop feedback
mechanism with the grid to achieve grid-aware economic, environmental, and techni-
cal benefits. Executing the optimization routine follows a distributed fashion where
the DSO and DERs do not share sensitive information regarding grid topology, gen-
erator capacities, and operational limits with the EMA. Additionally, an aggregator
has communication channels with DERs, DSO, the market, and electricity suppliers
for daily operation.

The DSO, represented by the GA, can also be developed in the proposed architec-
ture to act as an EMA with the help of minor modifications. SIMONA will use the
optimization routine as an external library to solve the associated OPF problem.
However, if the DSO acts as the EMA, the solution will essentially depend on a cen-
tral coordinator, who will pool data from all participants. In the case of multi-voltage
grid simulation, i.e., the presence of multiple agents representing the DSO, central
coordination is helpful. In other scenarios, the aggregator or supplier (if existing as a
separate role), acting as the EMA, can reduce data sharing and communication efforts
with a suitable protocol design while maintaining a hierarchical architecture.

Note: In this work, the application cases could not provide the simulation data
required for distribution grids connected to more than 100,000 customers. Therefore,
the roles of a DSO and supplier are assumed to be merged into a single participant.

This section presents a simplified overview of the German electricity market
and suggests an appropriate integration of the proposed EMA in the regulatory
scenario. It clearly defines the market-related assumptions employed in this
thesis.
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3.2 Fundamentals of Agent-Based Simulation

3.2.1 Multi-Agent Systems

Multi-Agent Systems (MAS) allow for detailed representation of highly complex sys-
tems such as the distribution grid ecosystem using the decomposition principle [96].
They can be applied in terms of Agent-Based Models (ABM) and Agent-Based Sim-
ulations (ABS) to allow temporal dependencies and generate meaningful time series
for further analysis. MAS is a subfield of distributed artificial intelligence defined
as a network of individual computing entities, called agents, sharing knowledge and
communicating with each other to solve a distributed problem beyond a single agent’s
scope [97]. Distributed problem solving enables the decomposition of a problem into
smaller subproblems and their solution through efficient decentralized and parallel
coordination [98]. In the case of power distribution systems and the related elec-
tricity market, distributed and parallel computation is essential to handle a large
number of dispersed units and preserve their data privacy. ABMs have proven viable
in academia and practice for studying complex, heterogeneous systems [99]. Their
flexibility facilitates interdisciplinary use in the form of MAS in the field and ABS in
simulation studies. The ability to capture granular details of a complex system by
decomposing it into smaller subproblems is attractive in distribution grid modeling
and simulation, where the granularity of the demand side is becoming increasingly
important to consider. Figure 3.2 provides a schematic overview of general ABM
components, including the environment, global properties and actions, and resource
models.

Simulation Infrastructure

T

RM GM actenv ex

A A

A A

ABM

ENV M
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Figure 3.2: Overview of General ABM Components
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Mathematically, an ABM is an invariant structure:

ABM = ⟨T,ENV M,AM⟩ (3.1)

where T represents time, ENV M is the environment model and AM represents the
actual model of the MAS. ENV M is further decomposed into a model of all resources
RM , global properties GM , a global action function actenv, and an execution function
ex [100].

Agent-based approaches require careful consideration when formulating models re-
garding precise communication and behavior protocols for agents’ interactions. They
also need a valid balance between the granularity of model details and suitable ab-
stractions. In improper modeling, the output is either inaccurate or requires extensive
computational effort.

Despite the popularity of MAS in research and implementation, concrete definitions
of individual components of MAS, such as agents, environment, and agent perceptions
and interactions vary throughout literature [101]. That is to say that no universally
accepted definition of an agent, MAS, or ABS exists, which is especially true when
defining an agent’s properties. However, a consensus exists on a broader understand-
ing of the general components of an MAS. The three essential components of a MAS
are briefly explained in this section. Please refer to [102, 103] for detailed insights
into MAS theory and [104] for a history of ABS development throughout the past
decades.

Agents

Agents are the constituent entity and primary ingredient of the MAS. By definition,
a MAS consists of at least two, usually more agents. One of the most popular and
general definitions of an agent is:

An agent is a computer system situated in some environment capable of autonomous
action in this environment to meet its design objectives [102].

However, this definition does not account for specific requirements, such as what con-
stitutes a computer system—hardware, software, or autonomous. Another definition
classifies the agents based on their capabilities in terms of individuality, behavior,
interactions, and adaptability [101]. Combining the two approaches, [100] defines an
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agent as a hardware, software, or a combined entity equipped with sensors and actu-
ators to perceive and influence its surrounding environment. Therefore, the essential
properties of an agent are [105]:

• Environment: The agent exists within an environment and can observe with
or without limitations. Moreover, the agent can interact with this environment
with a degree of locality. Locality restricts the agent from interacting with all
other agents in the system.

• Autonomy: The agent can determine its action to achieve desired targets ac-
cording to the stimuli received from the environment.

• Pro-Activity and Reactivity: An agent might react flexibly to a signal re-
ceived from another agent in the environment and handle the situation.

• Rationality: An agent, in pursuit of its objectives, tries to optimize its action
to increase the probability of reaching the goal.

• Sociality: Communication between different agents in the MAS system is pos-
sible.

The multiple definitions of agents support their applicability to various problems.
However, the features and limitations of an agent-based approach should be clearly
defined in the context of its agents.

Environment

The environment is the space an agent can interact with, i.e., receive stimuli from
other agents, which are part of the environment or influence the action of different
agents. A high-level description or classification of environments is provided according
to their characteristics in [103], defining the following properties:

• it can be wholly or partially observable to the agents in the system

• it may be deterministic or non-deterministic depending on the uncertainty of
the impact of an agent’s reaction

• it may be episodic, i.e., current time step does not affect any other, or sequential,
i.e., present action can affect future decisions

• the environment can change while the agent updates itself, i.e., dynamic, or
cannot change, i.e., static

• it may be discrete or continuous according to its number of states being finite
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or otherwise

• the agents might know the "laws" of the environment (known) or not (unknown)

• it may be a single-agent environment with only two agent entities or a multi-
agent environment with at least three agent entities

Interaction

The interaction between agents defines their communication and coordination pro-
tocols. Thus, it is vital to carefully construct their interaction protocols and design
and record the information flow between respective agents. These protocols implic-
itly create a hierarchy that supports the structured and organized form of a MAS.
It is also necessary to define the type of messages or information that an agent can
perceive and their subsequent action. Several foundational protocols are provided in
[106]. Figure 3.3 shows the general structure of a MAS.

Environmentinfluence

percieve

Agent Agent

Figure 3.3: General Structure of a MAS

3.2.2 Agent-Based Simulation Model

A conceptual MAS can either be implemented to describe an existing complex system
or to develop an artificial complex system to solve a specific task. Both approaches re-
quire system models, which they can use to simulate and observe the system or apply
the model to a real-world field test. Depending on the specification of whether a model
interacts with a real-world environment or a simulated environment classifies MAS
systems into 1) hardware or real-world MAS, 2) purely software MAS. As hardware
MAS, the system acts like autonomous components in a real-world scenario, which
makes them applicable to power system problems [107]. In a pure software implemen-
tation, the simulation model withholds the basic structure of a MAS in a software
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environment. The primary participants identify as agents and follow agent-related
concepts and technologies in their behavior and interactions within the environment.
Therefore, an ABS contains an agent system model, where each agent is autonomous
and communicates with other agents using designed communication protocols. The
environment model encloses the agents within a simulated space. Finally, the simu-
lation infrastructure contains and provides all required components to facilitate the
execution of the agent and environment models.

Agent-based simulation models can be implemented either using agent-oriented pro-
gramming languages (APLs) [108] or generic programming languages, such as Python,
Java, etc. However, APLs are not widely used, which makes generic languages more
favorable. The first approach is to use object-oriented programming (OOP) [109] due
to the apparent similarities between the definitions of an object and an agent. Ob-
jects are the main components of OOP, which encapsulates some state data and is
active through its methods. However, an object does not enjoy authority over exe-
cuting its method, i.e., to perform the designated action by an autonomous decision,
unlike agents, which function on a request basis and can choose not to respond to a
particular message.

Moreover, objects are not concurrent by nature, whereas MAS is inherently multi-
threaded. The second approach uses the concept of actors [110] as a theoretical model
of concurrent computation. The actor is the primary computational entity that can
send or receive messages to and from other actors in the system. It can modify its
state data and decide to respond to a message. An actor shares identity, autonomy,
communication, and coordination with an agent. However, an actor is strictly guided
by deterministic pre-programmed behavior, i.e., actors react to external stimuli, and
agents optimize their actions to achieve desired targets. Actors are essentially the
software counterparts of agents whose goals are strictly dependent on software per-
formance issues. In contrast, agents determine their output on indicators related to
solving a specific task with its own set of rules. However, from an implementation
perspective, actor-based paradigms outperform APLs in terms of simulation perfor-
mance.

3.2.3 Implementation Specifications

This thesis implements the proposed EM architecture in a co-simulation framework
where multiple pure software MAS interact with each other following agent commu-
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nication protocols using a co-simulation platform mosaik. Each MAS is treated like
an agent model in the overall co-simulation environment. The MAS implements their
respective models with OOP concepts and the actor paradigm. SIMONA, the grid
simulation platform, uses the actor paradigm to model the distribution grid agents.
Therefore, it can perform deterministic tasks such as power flow execution with high
computational efficiency when triggered by a control signal from the EMA. However,
it cannot execute an optimization routine due to its autonomy limitations. The agents
act following the properties defined earlier. The simulation environment possesses the
following properties:

• partially observable by the agents

• deterministic i.e., the result of an agent’s action to the environment is not un-
certain

• episodic meaning an agent’s current decisions do not influence future actions

• static i.e., there are no changes in the system while an agent is updating itself

• discrete, i.e., there are finite states that the environment can reach

• the agents know the "laws" of the environment, meaning it is a known environ-
ment

• it is a multi-agent environment with more than three MAS interacting

The agents, playing a crucial role in the simulation environment, follow predefined
communication protocols and interact via software APIs and message passing.

This section provides the theoretical background for developing ABS frame-
works. It defines the characteristics of the proposed solution in context, which
helps realize the design and modeling of the EMA architecture implemented in
a co-simulation framework.

3.3 SIMONA - a Distribution Grid Simulation
Platform

This section introduces SIMONA2, a recently developed agent-based discrete-event,
flexible, and holistic grid simulation model that generates grid and system participant
time series to support active distribution system planning, operation, and analysis.

2https://simona.ie3.e-technik.tu-dortmund.de/
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The most critical agent entities in SIMONA are the GA and the System Participant
Agents (SPA) that represent the numerous DERs in the distribution grid environ-
ment. These agents follow the concept of actors and interact with each other to solve
the power flow for multi-voltage level grids. The design of SIMONA follows a bottom-
up architecture, and the operation is behavior-oriented, where the agent behavior
is of utmost importance. Additionally, SIMONA provides a flexible and efficient in-
terface that allows connection with other software models, MAS, or co-simulation
frameworks. Figure 3.4 gives a schematic overview of the simulation architecture in
SIMONA.
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Figure 3.4: High-level Overview of the SIMONA Environment

SIMONA was first introduced in [111] and [112] as an agent-based simulator for pure
distribution grid planning approaches. However, the current version stems from [100]
and [113], where the authors introduce several agent concepts, such as scheduling
services and time management schemes, to broaden the scope of the simulator. The
DSOs and researchers in multi-energy systems at the distribution grid level are the
primary target users for SIMONA. Potential future applications of SIMONA can study
the impact of new technologies and entities or control and optimization algorithms
on the distribution grid. Moreover, the application case can be extended to multiple
coupled sectors in a multi-energy environment.

This thesis extends the application of SIMONA in a co-simulation environment to in-
teract with several DERs with generation or demand capacities, offering grid-oriented
flexibility services. The central components of SIMONA that are important to the
development of the present work are the GA, the power flow computation, and the
interface that allows communication with external agents or simulators. Therefore,
the upcoming sections will briefly state the fundamentals of SIMONA modeling and
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the interaction between the agents to concurrently solve the power flow equations.
The EMA is not part of the SIMONA environment in this implementation because the
third-party aggregator acts as the EMA, not the DSO. It interacts with SIMONA via
the co-simulation platform as an external model or agent. However, the DSO could
also function as the EMA under proper technical and regulatory requirements.

Conceptual Overview

SIMONA is a closed, self-contained system with core components of an agent system
model, an environment model, and a simulation architecture following the general
structure of an ABS. Figure 3.5 gives the conceptual overview of the primary com-
ponents in SIMONA.

I/O Modules Controller
Interface Event Listener

Scheduler

Primary Data
Services

Secondary Data
Services

GA

SPA SPA SPA

2

3

1

SIMONA

Figure 3.5: High-Level Aggregated Concept of the SIMONA Environment

Agent System Model 1

This model constitutes the vital autonomous agent entities interacting with each
other. There are two different agent entities and their instances, the GA and the
SPAs. Each GA is responsible for a galvanically isolated subgrid, including the sys-
tem participants connected to it. Therefore, the GA represents the underlying phys-
ical properties of the electricity grid and coordinates the interactions between the
connected SPAs and itself. The SPAs are generally connected DG units with solar
or wind generation. In this work, the concept of SPAs has been extended to include
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flexible consumers who can inject power back into the distribution grid. SIMONA
can simulate multiple voltage levels and calculate the total power flow from the high-
voltage grid to low-voltage grids; hence, numerous instances exist of the GA and
the SPAs. However, in the application case of this thesis, the environment consists
of a single low/medium voltage distribution grid and consists of only one GA with
several connected SPAs. To perform its primary function of solving the power flow
equations to calculate or update the grid state, the GA should know or request the
power generation or consumption from the SPAs, i.e., the generation or demand at
the DER units. The underlying distribution grid is represented as a graph structure
(N,E), where N is the number of nodes that could be power-regulated (pq), voltage-
regulated (pv), or reference nodes. E is the number of lines connecting the grid nodes.
Kirchoff’s laws describe the power flow through such a grid as:

i⃗ = [Y ] · v⃗ (3.2)

where, i⃗ are the nodal currents, [Y ] is the nodal admittance matrix, and v⃗ is the
nodal voltages.

Environment Model 2

This model provides the artificial representation of a real-world environment. It is
also responsible for providing global state information, i.e., current simulation time
step or synchronization protocols to the agent system model. It is composed of three
main services:

• The Scheduler manages the chronological execution order of events, i.e., time
synchronization between participating agents.

• Primary Data Services is responsible for providing model data for externally
connected agents that is valuable during the power flow calculation, such as the
active power generation values for the connected DG units represented as SPAs.

• Secondary Data Services help the SPA agents in SIMONA to calculate their
model data, i.e., weather data helps compute the PV generation output of a
single entity. This thesis does not use secondary data services as the model data
for connected DERs are derived from externally connected MAS or agents who
provide primary data to the SPA instances of SIMONA.
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Simulation Architecture 3

This component provides the platform to form physical connections to external agents
such as the EMA or the DER units. It also provides the protocol to control the
SIMONA simulation, i.e., request a power flow computation.

Power Flow Computation

A proper understanding of the GA’s internal structure and operational characteris-
tics will help comprehend the power flow computation algorithm employed within
SIMONA.

Grid Agent

The internal structure of the GA consists of two parts - a physical model and a be-
havioral model. The physical model contains the grid topology (N,E) and associated
parameters such as the nominal apparent power Snom and the nominal voltages V n

nom

of all nodes n ∈ N , and references to the assets connected to its grid, which are also
represented as agents by the SPAs. The GA uses the Newton-Rhapson (NR) method
to solve its local power flow calculations, using additional configuration parameters
such as convergence threshold ϵsweep for the outer loop, convergence criterion ϵNR for
the local power flow calculation, and a maximum sweep counter isweep,max. The be-
havioral model follows the Finite State Machine (FSM) paradigm having respective
agent states. The mathematical representation is given by:

GA = ⟨X,A,S,M,Y,δint,δext,λ,ta⟩ (3.3)

where, X is the set of all input events, Y is the set of all output events, and A =
{(s,m)|s ∈ S,m ∈M} is the set of agent states. SIMONA defines the agent state as
consisting of a basic state S, the state the agent can be in, and a physical model state
M, the state an agent can achieve. Data or control signal events can interrupt the
current agents’ states to allow a transition to another state. The time advancement
function ta : A → R+

0,∞ of the agent entity defines the maximum time an agent
stays in a specific state if no interruption, e.g., due to an external event, occurs. The
internal and external transition functions describes state changes δint : A → A and
δext : A×X→ A. Lastly, λ : A→ Y determines possible output events. Figure 3.6
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visualizes the FSM structure of the GA.

Figure 3.6: The FSM Model of the GA

The interaction protocol between the scheduler, GA, and the SPAs follows the steps
of Algorithm 3.1 iteratively until convergence:

Algorithm 3.1: Agent Interaction Protocol to Solve the Power Flow

1 The scheduler triggers the GA to execute a power flow routine

2 the GA starts from the root of the graph and travels to the leaves,
requesting the power feed-in or consumption from every SPA connected
to the grid

3 After receiving the requested information, the GA performs the local
power flow calculation using the NR method

4 If converged, the algorithm terminates; otherwise, the GA restarts the
operation from the root

Unlike general SIMONA simulations, in this proposed framework, the GA reports
the updated grid state back to the primary EMA after it has completed the power
flow calculations to support the optimization routine. Mathematical details for the
distributed power flow routine in a multi-voltage level grid simulation are given in
[self.1].

This section furnishes a detailed overview of SIMONA by describing its envi-
ronment, primary agent entities, and communication protocols that facilitate
power flow computation.
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3.4 Agent-Based Hierarchical Energy
Management Architecture

This thesis proposes a hierarchical agent-based EM architecture to execute an opti-
mization routine involving several participants in the electricity market and the con-
nected distribution grid. The central component of the architecture is the primary
EMA which is capable of offering DERMS services related to aggregation, simplifi-
cation, optimization, and translation as described in Chapter 1. The primary EMA
represents a DER aggregator in a real-world scenario. The GA in SIMONA repre-
sents the DSO, which is also the supplier. Numerous parameters must be defined
to construct the EM architecture successfully to mimic a real-world scenario and its
regulatory conditions. What are the different participants included in the environ-
ment? What type of data does the agent have access to from all involved participants?
What kind of interactions does the EMA need to establish with other agents in the
system? What extent of system control and observability is allowed to the EMA?
What should the objectives and solution algorithm be for the optimization? What
type of constraints restrict the problem? Figure 3.7 represents a conceptual view of
the primary EMA positioned in the electricity market, identifying the other agent-
based models and their interaction according to Assumption 3.1.

Market Data
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Distributed
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Industries
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Aggregator
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Figure 3.7: Conceptual Overview for Energy Management in the Distribution Grid
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3.4.1 Model Specifications

This thesis is dedicated to the crucial area of distribution grid control, assuming
the existence of a local flexibility market at this level. Therefore, the TSO and the
balancing market are outside the scope of this work. However, future extensions
could lead to a comprehensive energy management architecture from transmission to
distribution networks. The model specifications are as follows:

Involved Participants

The proposed architecture engages with diverse participants, including DG units and
residential and industrial consumers. These participants, such as the distribution
grid operator, DG units with PV and wind generation capacities, and DR or flexible
load consumers in residential and industrial sectors, can be individual MAS or agent
models, all part of the co-simulation environment. It is important to note that these
are distinct from the existing SPAs in SIMONA. During the power flow computation,
the data received from the dispersed participants are fed in as the primary data of
the respective SPA in SIMONA. Hence, these are externally connected MAS or agents
represented by SPAs in SIMONA. The DSO is also the electricity supplier, as per the
assumptions.

Data Flows between the Agents and the Primary EMA

The different kinds of data provided by the involved participants are as follows:

• Smaller DG units share their power generation values with the primary EMA
to bid an aggregated value in the market. Standalone DG units with sufficient
capacity can bid their energy directly into the market.

• The flexible residential and industrial prosumers provide their demand profiles,
i.e., power consumption values after the individual home EMA or industrial
EMA calculates the optimal demand following goals of self-optimization, profit-
seeking behavior, etc.

• The DSO shares vital key performance indicators (KPIs) that signal changes in
the grid state under the impact of the current supply and demand.

• The market provides the historical spot market profiles. Therefore, this interac-
tion cannot be regarded as agent communication but as environment variables.
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Control Flow

The primary EMA can request permitted data from the participants required for the
optimization process and trigger a computation in the individual EMAs or the GA
when the calculation needs to be updated to reach optimal goals.

Objectives

With so many influencing factors at the distribution grid level, more than a simple
economic objective is needed as it might conflict with the environmental objective.
Moreover, supporting renewable growth might lead to technical degradations in the
system, increasing the electricity bills for end users. Therefore, the EM problem
in a power system is multi-objective and should consider the system’s economic,
environmental, and technical aspects.

System Constraints

Several constraints govern the system intricately, including the generation capacities
of the DG units, reserve capacity in the distribution grid, and operational constraints
dictated by the physical laws of the electricity grid. These constraints present signifi-
cant challenges to the system and add to the complexity of the optimization process.

Functionalities of the EMA

Following the communication protocols and with the help of the available data, the
primary EMA performs the DERMS functionalities in the following way:

• aggregates the volume for smaller DG units and DR participants to form a sizable
capacity for market trading or provision of grid-oriented services,

• simplifies the grid-oriented output, i.e., grid-serving load considering granular
details of the involved participants through coordination with the individual
EMAs,

• optimizes for system goals in economic, environmental, and technical terms while
respecting the network constraints. Additionally, the individual home EMA or
an industrial EMA runs a desired algorithm to achieve optimal and flexible load
profiles and
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• translates and maintains a cohesive data flow between the participants, i.e., the
demand or generation profiles from the participating agents should be intelligible
by the distribution grid, or market signals should be easily understandable to
the participant agents. Aggregating data over time may arise as different MASs
have different operation time resolutions.

Figure 3.8 shows the agent-based hierarchical EMA architecture [self.2], the design of
which imitates the real-world distribution grid ecosystem. The pink arrows represent
the data flow between the participants, and the green arrows show the control flow
and direction stemming from the primary EMA to the respective agents. The individ-
ual EMAs at the DER units and the primary EMA form a hierarchical architecture.
The optimization is solved in a distributed feedback mechanism with the GA. There-
fore, the proposed architecture uses a combination of hierarchical and distributed
structures. Additionally, the feedback loop facilitates an integrated DER aggregator
and utility DERMS deployment.
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Figure 3.8: Agent-Based Hierarchical Energy Management Architecture
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3.4.2 Agent Interaction between GA, SPAs, and the
Primary EMA

The primary EMA uses an online, distributed optimization routine to solve for its
multiple objectives. This section outlines the agent interaction protocols between the
primary EMA, GA, and the SPAs present in the simulation environment. Figure 3.9
illustrates the communication protocol between the several agents and the EMAs,
where green boxes represent all agents that are either built within SIMONA or receive
their primary data from external agents, yellow boxes are the EM agents that can
be developed within SIMONA or connected as external agents, and the brown boxes
represent the industrial and residential prosumers which are external MAS. Solid
arrows denote communication lines with the involvement of SIMONA, and dashed ar-
rows represent communication with externally connected MAS. The message-driven
toolkit, AKKA, facilitates communication between agents in SIMONA and uses soft-
ware messages. Software APIs facilitate the interaction between external agents and
SIMONA.

GA
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EMA

EMA

1 RPO 2 PPO
5 IPC

3 CPF

4 PGS

Figure 3.9: Interaction Protocol between the Primary EMA, GA, and SPAs

Algorithm 3.2 provides the step-by-step interaction protocol. However, the granular
details of the optimization routine and related agent communication protocols are
presented in Chapter 4.
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Algorithm 3.2: Agent Interaction Protocol with the Primary EMA

1 The primary EMA requests current power generation or consumption
from all available parties using the RequestPowerOptions (RPO) mes-
sage,

2 The individual EMA instances relay the request to their underlying de-
vices,

3 The connected devices provide their available power and objective func-
tion values to their individual EMAs,

4 Individual EMAs send self-optimized demand, and the DG units send
their available power to the primary EMA via the ProvidePowerOptions
(PPO) message,

5 The primary EMA shares the power generation and demand with the
GA and triggers a power flow computation via the Compute Power Flow
(CPF) message,

6 The GA computes the power flow and reports the updated grid state
back to the primary EMA with predesigned KPIs indicating constraint
violations via the ProvideGridState (PGS) message,

7 The primary EMA checks for convergence in terms of the objectives and
constraint violations in the system,

8 In case of convergence without constraint violations, the primary EMA
sends IssuePowerControl (IPF) message to everyone and sets the optimal
solution for the current time step; otherwise, it restarts the process by
requesting updated powers 1

This section details the agent-based hierarchical EM architecture, including
model specifications and interaction protocols with other system participants.
It also provides the communication protocol between the GA from SIMONA and
the newly developed primary EMA.
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3.5 Implementation in a Co-Simulation Framework

As already discussed, the new-age energy systems are a complex socio-technical sys-
tem whose transition to a sustainable entity demands changes in various domains and
dimensions spanning the demand side (consumer practices), supply-side (advanced
technologies and infrastructure), intermediate layers (transmission, distribution, and
market), and institutional dimensions (policies and regulations). Evaluating future
transition pathways of such complex systems in terms of predefined sustainability
targets (e.g., economic, environmental, technical, and social) is helpful to policy mak-
ing that boosts an ecological expansion of the electricity infrastructure while being
cost-efficient [114]. Co-simulation approaches aim to couple diverse models in an
integrated simulation scenario, where the particular elements of each model are in-
corporated into the model without inaccurate simplifications [115]. The mitigating
technique of co-simulation is the appropriate orchestration of all involved simula-
tors regarding time, control, and data flows [116]. Using co-simulation for modeling
socio-technical transitions brings the following benefits:

• inherently supports holistic simulation that integrates multiple domains with
sub-system interaction,

• allows reusing established, well-suited, and well-developed tools from specific
domains,

• simplifies the data and control flows between simulators via suitable scenario
definitions,

• permits simulators to remain black boxes, i.e., modelers from different disciplines
do not need to know the specifics of the other simulators

However, co-simulation does have its share of challenges listed in [117]:

• Coupling interdependent and diverse models is a complex and challenging task,
i.e., involved simulators should be able to understand each other in a co-simulation
environment.

• The complexity of multiple coupled models complicates validating scenarios,
might decrease the simulation robustness, and reduce the performance.

• Usually, transition processes are long-term scenarios where the models have
diverging time scales that need specific handling.

In the context of this thesis’s current problem, there are many interdependencies be-
tween the different participants in the distribution grid simulation scenario [self.3].
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For example, consumer demand and power generation from DG units considerably
impact the grid state and the players’ economic objectives. Similarly, grid stabil-
ity should influence the controllable loads and generation for a seamless electricity
supply. Therefore, the data flows between the interacting models and the expected
simulation output should be well defined. An information model approach [118] that
provides an ontological structure to define data flows between models was adopted to
assist in the process. This meticulous planning handles the first challenge associated
with co-simulation approaches. The second challenge is responsible for the need for
micro-level validation of individual simulators and macro-level validations of the cou-
pled co-simulation framework. Macro-level validations are considerably challenging
[119], and therefore, intermediate ‘meso-level’ validations were selected by modular-
izing the framework and connecting two or more simulators simultaneously to solve a
sub-problem. The co-simulation platform mosaik handles the third challenge related
to time synchronization. Figure 3.10 represents the co-simulation framework denot-
ing the different models or simulators that act as the software equivalent of their
respective real-world counterparts.

Primary EMA

PCC

Distribution System Operator
(DSO)

Grid Agent
(GA)

Industrial Prosumer
(MAS)

Distributed Generation
(DG)

alien

Residential Prosumer
(MAS)
PCC

demod

PCC

Market Profiles

MATLAB

System Participant Agent
(SPA)

Figure 3.10: Co-Simulation Framework with Individual ABS for Involved
Participants

The following sections give a brief insight into the operating fundamentals of the
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3 Agent-Based Energy Management Architecture

different simulators — mosaik, demod, and alien to better understand the connection
between different simulators and the formulation of residential and industrial demand
profiles used in the application case.

3.5.1 mosaik - a Co-Simulation Platform

For co-simulation, many frameworks exist, as compared in [120]. The framework
mosaik3 was selected here because of its focus on usability and flexibility, as described
in [121], and its availability as open-source software. The core of mosaik is Python-
based and provides a Component-API to connect models from diverse programming
languages and integrate them into scenarios with a Scenario-API.

The coupling of diverse models in a co-simulation increases complexity, hampers
the validation and robustness of simulation, and raises performance issues. For a
robust simulation, the observer/controller architecture described in [122] is proposed,
which observes parts of the simulation for critical states and reacts under specific
conditions or takes control. Performance, albeit not the primary focus of mosaik, can
be addressed by distributing computation to multiple computers and optimizing the
temporal aspects of a scenario, e.g., by calculating a set of representative days instead
of doing a full-year simulation.

Co-simulation frameworks generally address time synchronization issues, as orches-
trating the different simulators by organizing their data flows and execution times is
one of their primary tasks. A new mosaik-aggregator component has been developed
for substantial differences in time scale. It can be placed between two simulators,
aggregate the outputs of one simulator over time, and provide the aggregated results
as input to the other simulator. Thus, simulators do not need to adapt to different
time scales and reduce their universality.

SIMONA uses a top-level agent to connect to the mosaik APIs. This top-level agent
translates control signals from mosaik to messages comprehensible by the underly-
ing agents such as GA and the SPAs. Within this framework, the primary EMA
triggers the computation of every simulator, i.e., the primary EMA orchestrates the
control with the help of mosaik. In a real-world scenario, the aggregator should com-
bine the operations of the primary EMA and mosaik to facilitate integrated energy
management schemes.

3https://mosaik.offis.de
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3.5.2 demod - a Residential Demand Simulator

Household load profiles are generated using demod4, a Python library that allows
energy demand models to be assembled in a modular and customizable manner [123].
Demod adopts a Time Use Data (TUD) -based approach, i.e., explicitly models the
activity sequences of household members and then associates each activity with the
use of one or more devices through a time-dependent probability factor. Thus, load
profiles can be obtained with high spatio-temporal resolution, i.e., 1 minute at the
level of individual appliances. To better characterize the diversity of space heating
across households, self-reported data about the thermostat settings of heat pump
users was collected and analyzed. Data collection was conducted in November and
December 2022 and included 831 families from Germany and German-speaking can-
tons of Switzerland that owned or rented homes heated by electric heat pumps. Daily
set-point temperature profiles with a time resolution of 30 minutes were derived using
self-reported data on space heating practices. The selected PV and EV penetration
levels are arbitrary. The following demod modules are employed to simulate daily
residential demand:

1. Transit occupancy simulator: This simulator employs a Markov-chain Monte
Carlo simulation approach to generate household occupancy profiles. It consid-
ers the number of active or asleep residents and their location, i.e., the number
of people at home or outside, to generate state profiles independently for each
household.

2. Appliance and lighting simulators The appliance simulator aggregates
activity profiles at the household level depending on the use of electrical appli-
ances in the home. The approach is either deterministic or stochastic depending
on the type of appliance, i.e., whether the device is level of usage or activity-
dependent and has a constant or stochastic duration. Depending on the appli-
ance switch-on/off profiles and technical characteristics, such as power rating,
the simulation generates the daily electrical load profiles at the appliance level
with a time resolution of 1 minute. It applies a similar approach to model do-
mestic hot water demand independent of space heating. The lighting simulator
generates profiles with the help of switch-on and -off events, where irradiance
and occupancy are inputs.

3. Space heating simulators The energy demand for space heating derives from a

4https://pypi.org/project/demod/
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complex interaction between user behavior, weather parameters, such as outdoor
temperature, irradiance, etc., and technical systems, such as heating supply
and control systems, building thermal properties, etc. This simulator consists
of three demod-modules: (i) building thermal dynamics, (ii) heating control
system, and (iii) heat pump system.

The building thermal dynamics simulation employs a lumped-capacitance
model (4R3C). It solves the heat balance between the different elements of the
house by utilizing a discrete time interval approach. The distinct components
are namely indoor, emitters, outdoor, and walls. The simulation takes the ther-
mal gains and losses into account. The building type considered for the model
parameters is that of a large single-family renovated house (Improved detached).

The heating controller uses a simple control strategy to match heat supply
and demand. Taking the set-point temperature required by the occupants as
input, it calculates the difference with the current indoor temperature. After
that, the control signal delivers the heat demand from the buffer tank and the
heat supply to the emitter system. The controller ensures that temperature
limits are restricted for space heating demand. Concerning the heating supply
side, the controller calculates the required heat by the heat pump to maintain
the hot water buffer tank at its target temperature.

Finally, the heat pump simulator is developed using hplib [124]. This python
library uses the public Heatpump Keymark datasets [125] to parameterize a
dynamic model of heat pump operation where the coefficient of performance
(COP) of heat pumps and electrical and thermal output are interdependent and
dependent on the temperature of the heat source and heat sink. Figure 3.11
represents the different types of generated heating control patterns.

Figure 3.11: Different Types of Heating Control Patterns in the Residential Sector
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3.5.3 alien - an Industrial Demand Simulator

Alien aims to represent industrial companies, their energy usage, and their energy
management agents (EMA). They actively cost-optimize their energy consumption
and production by managing their self-load, solar power production, and flexibility
from storage. One of the most popular uses of battery energy storage systems (BESS)
in industrial networks is in peak shaving applications to help reduce electricity bills
without affecting production [126, 127]. Due to machinery start-ups, industries pro-
duce frequent high power peaks in their demand during operation, impairing power
quality and grid stability of electrical power systems. Moreover, grid infrastructure
design must take these power peaks into account, which amount to the highest load of
the system, making the power systems underutilized for most periods. The network
operator imposes a power price on industrial consumers on their maximum power
demand as compensation. Thus, industrial consumers pay an additional fixed peak
power price with the regular energy consumption price [128]. Using a BESS to dis-
charge stored power during high-demand periods can avoid power peaks. However,
appropriate dimensioning of the BESS that considers self-aging, charge/discharge
efficiency, investment, electricity costs, etc., is essential to achieve optimal benefits
[129, 130]. Alien extends the use of BESS following [131] and [132] to calculate the
optimal battery size depending on various cost factors and technical specifications.
Moreover, it uses a stochastic optimization routine to generate optimal day-ahead bat-
tery scheduling that considers PV generation uncertainty [133]. Figure 3.12 gives the
architecture of an industrial grid with flexible components such as PV and BESS.

Industry loadEnergy Storage
System

PV-System

PCC

=
~

=
~

Main grid

1 2
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L12

L14 L23

PPV-PCC

Energy flow

PPV-load
PPV-bat
Pbat-load
PPCC-load
PPCC-bat

Figure 3.12: Structure of an Industrial Prosumer
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Besides using alien, this thesis incorporates another industrial demand simulator
that optimizes production processes and models the industrial demand considering
voltage sensitivity. The static ZIP load model is a well-known model in the power
industry that represents the relationship between electrical consumption (active and
reactive power) as a function of the applied voltage. As is widely known, the acronym
ZIP refers to the three characteristics that an electric device possesses, i.e., constant
impedance, “Z”, constant current, “I”, and constant power, “P” [134]. In this paper,
we use the ZIP model to represent the industrial load, which is optimized using an
AC-OPF algorithm to determine the resulting load at PCC with the distribution
power system. The optimization goal is to achieve atypical grid usage, i.e., maximize
self-consumption via an installed PV unit and reduce energy exchange with the grid.
As industrial electrical consumption changes with time, the ZIP parameters must
change, too. For example, a set of electric devices active at time t might not remain
active at time t + n [135]. Besides, industrial processes generally consider predefined
operating conditions (i.e., loads can be switched on/off depending on production
status) according to the type of process [136]. Therefore, a time-variant ZIP load
model [137] is as follows:

Pt = P0,t(α1,tṼ
2

t + α2,tṼt + α3,t) (3.4)

Ṽt = Vt/V0 (3.5)

α1,t + α2,t + α3,t = 1 (3.6)

where Pt denotes the active power consumption at time step t, P0,t represents the
nominal active power at nominal voltage V0, the latter is generally assumed to be 1.0
p.u., α1,t, α2,t, and α3,t are the time-dependent parameters representing the constant
impedance, constant current and constant power features, respectively.

The parameter identification procedure for ZIP coefficients is based on a least-squares
optimization problem. Let P̂t be the estimated active power at time step t, P⃗d denotes
the vector of measurements for each time step k (d ϵ D), and D stands for the set
of measurements. Therefore, the resulting minimization problem is formulated as
follows:

min P0,t,αi,t

∑
(d ϵ D)

(−→Pd − P̂t)2 (3.7)

subject to the non-convex constraints (3.4) and (3.6). Detailed mathematical descrip-
tions of the models are available in [self.4].
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In this distinctive co-simulation framework, various simulators, each developed in
different software paradigms and operating on different time resolutions, interact with
each other and the primary EMA. This interaction, facilitated by the co-simulation
platform mosaik, is instrumental in solving a distributed optimization routine with
multiple objectives.

Chapter 3 Summary and Chapter 4 Preview

Key takeaways from this chapter :

3.1) Assumption related to the regulatory market structure

3.2) Agent-based simulation concepts with a special focus on SIMONA

3.3) Proposed hierarchical and agent-based energy management architecture
for the distribution grid ecosystem

3.4) Integration of the proposed architecture within a co-simulation framework

Highlights for the next chapter :

a) Description of the multi-objective distributed optimal power flow algo-
rithm, which is the primary function of the EMA

b) Interaction protocols between various agents that assist in the distributed
solution of the multi-objective optimization routine
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Power Flow

This chapter describes the proposed multi-objective distributed OPF (MO-DOPF)
algorithm in detail, which is the leading service offered by the primary EMA intro-
duced in the previous chapter. The optimization routine solves for operation costs,
CO2 emissions, power losses, and voltage deviation subject to physical and opera-
tional network constraints. The simplicity, ease, and intuitiveness of gradient-descent
methods guide the selection of an online or real-time Gradient projection algorithm
to solve a singular optimization problem [78]. This work extends the existing algo-
rithm to apply to multi-objective problems by combining Tchebycheff’s decomposi-
tion method [138], which converts the multi-objective optimization into a set of scalar
subproblems. An alternative gradient computation method broadens the algorithm’s
scope to meshed networks. An online algorithm iterates only on variables related to
controllable devices (e.g., distributed generation, intelligent loads) in a closed-loop
feedback interaction with the grid, which allows even intermediate iterates to satisfy
power balance equations by design [139]. In the EM architecture presented in this
work, the primary EMA and the GA participate in this closed-loop feedback mech-
anism to solve the optimization problem. Moreover, unlike available literature, the
Gradient projection algorithm is formulated hierarchically, where the primary EMA
executes the optimization without access to sensitive information from the partici-
pating distribution grid or prosumers.

The chapter begins with the model description, which includes the formulation of
objectives and network constraints in Section 4.1. This section details the underlying
physical laws driving the network and discusses the constraint-handling techniques.
Section 4.2 delves deep into the methods of gradient computation used in this thesis
for radial and meshed networks. Section 4.3 discusses the Gradient projection algo-
rithm step-by-step to solve the OPF problem for a single objective. Finally, Tcheby-
cheff’s decomposition method to convert the multi-objective problem into a set of
singular subproblems is discussed in Section 4.4. This section also gives insight into
multi-objective optimization fundamentals such as Pareto optimality and its associ-
ated processing. Finally, a flowchart describing the solution algorithm working within
the EMA architecture describes the task flow between the participant agents.

57



4 Multi-Objective Distributed Optimal Power Flow

4.1 Model Formulation

This section assumes the distribution grid’s default topology to be radial, following the
general convention. However, it provides the differences in notations and assumptions
for meshed networks for the alternative gradient computation method.

4.1.1 Distribution Grid Topology and Parameters

A connected and directed tree graph (N+,E), models the distribution grid network,
where N+ := 0 ∪N , N := {1,2,...,n}, and E ⊆ N+ ×N+. For meshed networks, the
graph is undirected, keeping everything else similar. Each i in i ∈ N+ represents a
"node", and each (i, j) ∈ E represents a "line" connecting the nodes. The slack bus
or the Point of Contact (POC) with the upper voltage network is denoted by 0 and
acts as the root of the tree (in the case of radial networks).

For each bus i ∈ N+, let Vi be the complex voltage at node i and vi = |V i|2 the
square of its magnitude, e.g., if the voltage is Vi = 1.05∠120◦, then vi = 1.052. For
each line, (i, j) ∈ E, let zij := rij + ixij where rij > 0 and xij > 0 are the line
resistance and reactance respectively. Iij is the complex current and lij = |Iij|2 its
squared magnitude, e.g., if the current is Iij = 0.5∠10◦, then lij = 0.52.

Assumption 4.1: Customarily, the nodal voltage at the slack or reference bus
0 is such that V0 = 1∠0◦. However, with the advent and increasing use of tap
changing transformers, the voltage at bus 0 can also be set at 110% or 90% of the
nominal value, i.e., V0 = 1.1∠0◦ p. u. or V0 = 0.9∠0◦ p.u.

Let si = pi + iqi be the net complex power injection at bus i with pi and qi as the
real and reactive power injections, respectively.

i

si

i

Sij , Iij

0 j

Figure 4.1: Grid Parameters
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Let Sij = Pij + iQij be the sending end complex power from buses i to j with Pij

and Qij as the real and reactive power respectively. This thesis mainly uses branch
flow models in the real domain, so notations such as si can either denote the complex
number pi + iqi or the real pair (pi, qi) depending on the context; similarly, for other
variables zij, Vi, Sij, Iij. Let Pi denote the unique path from bus 0 to bus i. The path
Pi is well-defined for radial networks with a tree topology. Figure 4.1 summarizes
some notations.

Let m := |E| = n be the number of lines in E. The bus injections, x := (pi,qi,i ∈
N) ∈ R2n, and other dependent variables, y := (p0,q0,vi,i ∈ N ; Pij,Qij,lij,(i,j) ∈ E) ∈
R3m+n+2, together with v0, satisfy the physical laws that govern the power flow:

∑
k:j→k

Pjk = Pij − rijlij + pj, for j ∈ N+ (4.1a)

∑
k:j→k

Qjk = Qij − xijlij + qj, for j ∈ N+ (4.1b)

vi − vj = 2(rijPij + xijQij)− |zij|2lij, for i→ j (4.1c)

vilij = P 2
ij + Q2

ij, for i→ j (4.1d)

where i in (4.1a) and (4.1b) is the unique bus between bus 0 and bus j. Using
algebraic power balance equations to model the grid is sufficient for studying slow
timescale behavior or steady state operation, which is the scope of this work. The
group of equations in (4.1) are called the DistFlow equations and were introduced
in [68, 140]. M. Farivar et al. generalized these equations for meshed networks in
[141]. The use of DistFlow equations over conventional AC power flow equations is in
its unique structure, which allows the development of computationally efficient and
numerically robust solution algorithms.

4.1.2 Control and Dependent Variables

The optimization variables are classified into two categories based on Assumption 4.2
justified in [142], commonly acknowledged by the industry.

Assumption 4.2: There exists a unique power flow solution
([vi]i∈N+,[lij]i→j,[Sij]i→j,s0) given the substation voltage v0 and the branch
bus power injections si for i ∈ N+.
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The assumption suggests that the voltages vi are close to their nominal values.

Control Variables

These include the real and reactive power injections on controllable nodes:

x = (pi, qi) for i ∈ N+ (4.2)

Dependent Variables

These include the variables calculated by the power flow equations (4.1):

u =
(
p0, q0, {vi for i ∈ N+},{Pij, Qij, lij for i→ j}

)
(4.3)

where p0 and q0 are slack node power injections, vi are node voltages, and Pij, Qij,
lij are line power and current flows.

For simulation studies, this thesis considers time-varying loads and generations for
the network. The set of time instants is assumed to be discrete and denoted by τ .
Let t ∈ τ be an arbitrary time instant. Therefore, the parameters defined in (4.2)
and (4.3) can also be denoted as a function of t, i.e., x(t) = (pi(t), qi(t)) for i ∈ N+

and u(t) = (p0(t), q0(t),{vi(t) for i ∈ N+},{Pij(t), Qij(t), lij(t) for i → j}). With
the help of Implicit Function Theorem (IFT), one can map the control variables to
the dependent variables as u(t) = F (x(t)) [143]. The theorem requires F (x(t)) to
be continuous and differentiable. The online algorithm computes a control signal
x(t) in each iteration and applies it to the grid, which then implicitly computes the
network state u(t) by exploiting the laws of physics as a power flow solver. The OPF
algorithm calculates x(t) by using objectives written as a function of x. Therefore,
the OPF problem is given by:

min L = F (x(t)) over x(t) (4.4)

where every dependent variable present in the formulation of L will be written as a
function of x:

p0 = p0(x), q0 = q0(x), vi = vi(x) for i ∈ N+ (4.5a)

Pij = Pij(x), Qij = Pij(x), lij = lij(x) for i→ j (4.5b)
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In the proposed EM architecture, the EMA computes the control variables x(t) and
triggers the GA to execute a power flow routine to update the dependent variables
u(t) accordingly.

4.1.3 Objective Function

The objective function is separable, quadratic, and purely a function of pi. From
(4.2), there are two vectors of control variables in real and reactive power injections,
pi and qi. Thus, one can formulate the objective function as a function of qi to extend
the proposed algorithm for reactive power control. In the presence of controllable tap-
changing transformers, the reference node voltage, v0, can also be a control variable
[144]. Four categories of objectives were selected for the optimization problem to
address a distribution grid’s economic, environmental, and technical aspects.

System Costs

• Costs of Power Generation: At each generator node (i ∈ Ng), a cost is
incurred proportional to the generated power (pi). These costs may be fuel and
operation costs for fuel-operated generators, the market price for buying energy
from the connected renewable DG units, or the flexibility provided by active
prosumers. The objective cost function takes the following quadratic form:

LCosts(x) = a0p0(x)2 + b0p0(x) + c0 +
∑

i∈NDG

bmpi (4.6)

Where a0, b0, and c0 are respective variable and fixed cost coefficients for the
fossil fuel generation unit, and bm is the unit of market price for each unit of
power bought from a renewable DG unit. Notably, when the grid buys energy
from a connected DG, the corresponding cost function is linear because the price
increases linearly with each power generation unit. However, this linearization
does not affect the quadratic cost term related to the fuel generator placed on
the reference node. We consider the fuel costs required to produce per unit of
energy to be the operational cost for the fuel generator.

• Curtailment Costs: For each connected renewable DG unit, a curtailment
penalty is imposed on the distribution grid operator in case of renewable energy
curtailment to futher boost the use of renewables. The cost term is quadratic,
following the general norm.
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LCurtailment(x) =
∑

i∈NDG

bm(p̄i − pi)2 + bm(p̄i − pi) (4.7a)

LCurtailment(x) =
∑

i∈NDG

ac(p̄i − pi)2+

bc(p̄i − pi)
(4.7b)

One option is to make the curtailment cost per power unit equal to the market
price bm, i.e., the distribution grid operator pays the market price equivalent for
each unit of curtailed power. Another method is to choose suitable coefficients
for ac and bc to impose a cost term for curtailment, as seen in (4.7b). This work
uses historical spot market profiles to deal with the interaction of the grid with
renewable DG units and uses (4.7a).

Carbon Emissions

At each fossil fuel powered generation unit (i ∈ Nffg), harmful Greenhouse Gas
(GHG) emissions in the form of CO2, NOx, etc. are considered and formulated in a
quadratic form to the unit of power generation [145] as:

LGHG(x) = α0p0(x)2 + β0p0(x) + γ0 + ω0e
µ0p0(x) (4.8)

Where α0, β0, γ0, ω0, and µ0 are respective emission coefficients regarding the different
GHG gases for the generator. In the present simulation, emissions are encountered
only in the case of a conventional generator and, therefore, only computed for p0.

Technical Parameters

• Active Power Losses: Power losses over transmission lines in distribution net-
works are important in deciding the ultimate system operational costs that affect
end users’ electricity bills. The total active power losses over the distribution
grid are given by:

Lploss
(x) =

∑
i∈E

gij

[
vi(x)2 + vj(x)2 − 2vi(x)vj(x) cos θij(x)

]
(4.9)

Where gij is the branch conductance, vi,vj are the nodal voltages at each end of
the respective branch, and cos(θij) is the voltage angle difference between the
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two ends of the branch.

• Voltage Deviation: Voltage deviation indicates the voltage quality of the net-
work and is an important factor in determining system security. The objective
function is the cumulative sum of voltage deviations at all load nodes in the
network from their nominal values (generally 1.0 p.u.):

LVdev
(x) =

N∑
i=1
|vi(x)− vnom(x)| (4.10)

where Vnom is the nominal nodal voltage, generally equal to 1.0 p.u.

The combined objective function for the multi-objective optimization problem is a
vector:

L(x) = {LCosts(x) + LCurtailment(x), LGHG(x), Lploss
(x), LVdev

(x)} (4.11)

The fuel and energy costs combined with the curtailment cost form a singular eco-
nomic objective with equal priority in the multi-objective scenario.

4.1.4 Constraint Handling

There are two types of network constraints for the distribution grid and its connected
participants.

Network Constraints

• Equality Constraints: The equality constraints are the physical laws gov-
erning the network’s power balance given in (4.1). It is essential to maintain
a supply-demand balance in the distribution grid network. The intermediate
iterates of online algorithms always satisfy the power balance constraints by
design owing to the closed-loop feedback mechanism. The algorithm computes
the control variables (4.2) and applies it to the grid, which then implicitly solves
the power flow and updates the dependent variables (4.3).

• Inequality Constraints: These operational constraints directly impact the
power system’s functioning, influencing its efficiency and reliability. There are
inequality constraints on both control and dependent variables such as nodal
voltages (vi for i ∈ N+), including the slack node voltage, real and reactive

63



4 Multi-Objective Distributed Optimal Power Flow

power generation limits on generator nodes (pi, qi for i ∈ N+).

vi ≤ vi ≤ v̄i for i ∈ N+ (4.12a)

p
i
≤ pi ≤ p̄i for i ∈ N+ (4.12b)

q
i
≤ qi ≤ q̄i for i ∈ N+ (4.12c)

Penalty Functions

As previously discussed, the algorithm handles the equality or power balance con-
straints by design. For a distributed algorithm, i.e., each control node updates its
own (pi, qi for i ∈ N), the inequality constraints are easier to handle when decoupled.
The operational constraints on the control node generation (pi, qi) are easy to deal
with locally. However, to avoid the coupled constraints on all nodal voltages (vi) and
the slack node real and reactive power generation (p0, q0), one can add a log-barrier
function to the objective function as:

Plog(x) = −µ
n∑

i=1
ln(vi(x)− vi)− µ̄

n∑
i=1

ln(v̄i − vi(x))

−µ
n∑

i=1
ln(p0(x)− p0)− µ̄

n∑
i=1

ln(p̄0 − p0(x))

−µ
n∑

i=1
ln(q0(x)− q0)− µ̄

n∑
i=1

ln(q̄0 − q0(x))

(4.13)

Adding the slack node generation limits to decoupled constraints is owed to a power
flow failure assumption when the reference node operational limits are not consid-
ered.

Log-barrier functions are a class of penalty functions that convert a constrained prob-
lem into an unconstrained one by introducing an artificial penalty for violating the
constraint [146]. Since this is a minimization problem, one must add some value in
case of a constraint violation. The variables (v0, p0, q0) are to be maintained within
their limits as shown in (4.12), which is enforced by the log-barrier method since:

lim
vi(x)→vi

−µln(vi(x)− vi) =∞, lim
vi(x)→v̄i

−µ̄ln(v̄i − vi(x)) =∞ for i ∈ N+ (4.14)

The same idea applies to the slack generation limits.
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4.1 Model Formulation

lim
p0(x)→p0

−µln(p0(x)− p0) =∞, lim
p0(x)→p̄0

−µ̄ln(p̄0 − p0(x)) =∞

lim
q0(x)→q0

−µln(q0(x)− q0) =∞, lim
q0(x)→q̄0

−µ̄ln(q̄0 − q0(x)) =∞
(4.15)

Whenever the computed values are close to their limits, the log-barrier method adds a
penalty term to the objective function, which discards the solution as a minima [147].
Another available and suitable penalty function is the max function used to add the
maximum value between 0 and the difference between the variable’s actual value
and its nearest limit, i.e., max(0,(vi − vi(x))). However, adding penalty functions
can create several slope changes in the graph, which is problematic for typical min-
imization problems. Therefore, multiplying the penalty factor with a small enough
µ = (µ,µ̄) > 0 alleviates this problem.

The remaining unhandled constraints limit the real and reactive power generation of
controllable generator nodes seen in (4.12b) and (4.12c). The agents at the control
nodes deal with these limits locally, i.e., the EMA sends the computed control signal
to each control node. They verify whether the optimal value is within their prescribed
limits; if not, the values are rounded off to match their nearest limits as:

if pi > p̄i then pi = p̄i else if pi < pi then pi = pi

if qi > q̄i then qi = q̄i else if qi < qi then qi = qi

(4.16)

To summarize the distributed OPF problem this thesis seeks to solve is:

min L(x,µ) = L(x)− Plog(x) (4.17a)

over pi,...,pn, qi,...,qn (4.17b)

s.t. p
i
≤ pi ≤ p̄i,qi

≤ qi ≤ q̄i i = 1,2,...,n (4.17c)

over a decreasing sequence of µ.

This section formulated the proposed architecture’s multi-objective constrained
and distributed OPF problem. Essential elements for modeling are the DistFlow
power balance equations and the use of Penalty functions to handle inequality
constraints.
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4 Multi-Objective Distributed Optimal Power Flow

4.2 Estimation of System Gradients

In each iteration of the algorithm, first-order derivatives of the modified objective
function, L(x,µ) with respect to (w.r.t.) the control variables are estimated and then
used as the negative direction of updating the control variables, (pi,qi). Therefore,
each objective function will have two sets of gradients, one w.r.t. pi and the other
w.r.t. qi. This section first computes the required gradients concerning the OPF
problem and then provides two methods to estimate the system gradients for radial
and meshed networks.

4.2.1 Required System Gradients

Derivatives of Objective Function L(x)

• System Costs: For convenience, equations (4.6) and (4.7a) are taken together.

– w.r.t. real power injections, pi

∂LCosts(x)
∂pi

= (2a0p0 + b0)
∂p0
∂pi

+ bm
∂pi

∂pi

+ bm

(
2pmax

i

∂pmax
i

∂pi
+ 2pi

∂pi

∂pi
− 2pmax

i

∂pi

∂pi
− 2pi

∂pmax
i

∂pi
+ ∂pmax

i

∂pi
− ∂pi

∂pi

)
(4.18a)

– w.r.t. reactive power injections, qi

∂LCosts(x)
∂qi

= (2a0p0 + b0)
∂p0
∂qi

+ bm
∂pi

∂qi

+ bm

(
2pmax

i

∂pmax
i

∂qi
+ 2pi

∂pi

∂qi
− 2pmax

i

∂pi

∂qi
− 2pi

∂pmax
i

∂qi
+ ∂pmax

i

∂qi
− ∂pi

∂qi

)
(4.18b)

Assumption 4.3: The self derivatives of the control variables, i.e.,
∂pi

∂pi
, ∂qi

∂qi
equals 1. pmax

i is the capacity of the generator that does
not depend on the power injections; therefore, ∂pmax

i

∂pi
, ∂pmax

i

∂qi
equals 0.

Similarly, ∂pi

∂qi
= 0.

Following this assumption, the equations in (4.18) can be written as:
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4.2 Estimation of System Gradients

– w.r.t. real power injections, pi

∂LCosts(x)
∂pi

= (2a0p0 + b0)
∂p0
∂pi

+ 2bm(pi − pmax
i ) (4.19a)

– w.r.t. reactive power injections, qi

∂LCosts(x)
∂qi

= (2a0p0 + b0)
∂p0
∂qi

(4.19b)

• Carbon Emissions: The gradients for (4.8) are:

– w.r.t. real power injections, pi

∂LGHG(x)
∂pi

= (2α0p0 + β0 + ω0e
µ0p0) ∂p0

∂pi
(4.20a)

– w.r.t. reactive power injections, qi

∂LGHG(x)
∂qi

= (2α0p0 + β0 + ω0e
µ0p0) ∂p0

∂qi
(4.20b)

• Active Power Losses: In (4.9), cos θij = cos(θi− θj). Therefore, to calculate
the derivative, let’s expand the expression into (cos θi cos θj − sin θi sin θj). For
the sake of brevity, ω = (cos θi cos θj − sin θi sin θj) will be used in the following
equation. The gradients for (4.9) are:

– w.r.t. real power injections, pi

∂Lploss
(x)

∂pi
= gij

(
2vi

∂vi

∂pi
+ 2vj

∂vj

∂pi
− 2vjω

∂vi

∂pi
− 2viω

∂vj

∂pi
− 2vivj

∂ω

∂pi

)
(4.21a)

– w.r.t. reactive power injections, qi

∂Lploss
(x)

∂qi
= gij

(
2vi

∂vi

∂qi
+ 2vj

∂vj

∂qi
− 2vjω

∂vi

∂qi
− 2viω

∂vj

∂qi
− 2vivj

∂ω

∂qi

)
(4.21b)

where,

∂ω

∂xi
= sin θij

(
∂θj

∂xi
− ∂θi

∂xi

)
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4 Multi-Objective Distributed Optimal Power Flow

• Voltage Deviation: In this case ∂Vnom

∂pi
equals 0. The required gradients for

(4.10) are:

– w.r.t. real power injections, pi

∂LVdev
(x)

∂pi
= ∂vi

∂pi
(4.22a)

– w.r.t. reactive power injections, qi

∂LVdev
(x)

∂qi
= ∂vi

∂qi
(4.22b)

Derivatives of Penalty Function P (x)

The derivatives for the penalty functions are as follows:

• w.r.t. real power injections, pi

∂P (x)
∂pi

=
(

µ

vi − vi
+ µ̄

v̄i − vi

)
∂vi

∂pi

+
 µ

p0 − p0
+ µ̄

p̄0 − p0

 ∂p0
∂pi

+
 µ

q0 − q0
+ µ̄

q̄0 − q0

 ∂q0
∂pi

(4.23a)

• w.r.t. reactive power injections, qi

∂P (x)
∂qi

=
(

µ

vi − vi
+ µ̄

v̄i − vi

)
∂vi

∂qi

+
 µ

p0 − p0
+ µ̄

p̄0 − p0

 ∂p0
∂qi

+
 µ

q0 − q0
+ µ̄

q̄0 − q0

 ∂q0
∂qi

(4.23b)

Note: For detailed gradient calculation, see Appendix.

The required system gradients are: ∂p0
∂pi

, ∂p0
∂qi

, ∂q0
∂pi

, ∂q0
∂qi

, ∂vi

∂pi
, ∂vi

∂qi
, ∂θi

∂pi
, and ∂θi

∂qi
.
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4.2 Estimation of System Gradients

4.2.2 Gradient Computation Methods

This section presents two alternative methods of gradient computation for radial
and meshed networks. The first method estimates the gradients using a Backward
Forward Sweep (BFS) algorithm in a distributed fashion. The second method utilizes
the Jacobian and Sensitivity matrices of the system to compute the required gradients.
Both methods offer specific advantages. For example, the distributed implementation
of the BFS algorithm removes the iterative procedure and thus significantly reduces
computational effort. However, the distributed BFS method relies on assumptions to
compute the gradients. On the other hand, using the exact derivatives of the system
from the Jacobian and Sensitivity matrices has a higher accuracy, which results in
superior optimality properties. Moreover, the BFS method is restricted to radial
networks as the assumptions exploit the features of radial topology, whereas the
Jacobian method is universal and applies to arbitrary grid topologies.

Backward-Forward Sweep Method

The IFT is applied to the power flow equations (4.1) to compute the exact derivatives,
with the mild assumption that the gradients ∂x(P,Q,v,l) exist, where x = (pi,qi):

∂xPij = rij∂xlij − ∂xpj +
∑

k:j→k

∂xPjk, (4.24a)

∂xQij = xij∂xlij − ∂xqj +
∑

k:j→k

∂xQjk, (4.24b)

∂xvj = ∂xvi − 2 (rij∂xPij + xij∂xQij) + |zij|2∂xlij, (4.24c)

∂xlij = 2Pij

vi
∂xPij + 2Qij

vi
∂xQij −

lij
vi

∂xvi (4.24d)

for i→ j. Let I denote a 2× 2 identity matrix and remove ∂xlij to obtain:

I − 2
vi

rij

xij

(Pij Qij

)∂xPij

∂xQij

 =
∑

k:k→j

∂xPjk

∂xQjk

−
∂xpj

∂xqj

−
rij

xij

 lij
vi

∂xvi,

∂xvj =
(

1− |zij|2
lij
vi

)
∂xvi − 2

(
rij − |zij|2

Pij

vi

)
∂xPij − 2

(
xij − |zij|2

Qij

vi

)
∂xQij

for i→ j (4.25)
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4 Multi-Objective Distributed Optimal Power Flow

Hence, the gradients ∂x(P, Q, v, p0, q0) can be computed by Algorithm 4.1:

Algorithm 4.1: Compute Gradients using BFS Iterative Method
Input: network graph (N,E), power flow solution (p,q,P,Q,v,l), tolerance
criteria ϵ

Output: gradient ∂x(P,Q,v,p0,q0) where x = (p1,...,pn,q1,...,qn)

1 Initialization ∂xvi ← 0 for i = 0,1,...,n

2 Backward Sweep From the leafs j → k to the roots i→ j, compute

∂xPij

∂xQij

←
I − 2

vi

rij

xij

(Pij Qij

)−1

·
 ∑

k:k→j

∂xPjk

∂xQjk

−
∂xpj

∂xqj

−
rij

xij

 lij
vi

∂xvi



3 Forward Sweep From the roots i to the leafs j, compute

∂xvj ←
(

1− |zij|2
lij
vi

)
∂xvi − 2

(
rij − |zij|2

Pij

vi

)
∂xPij

− 2
(

xij − |zij|2
Qij

vi

)
∂xQij

4 if update in ∂x(P,Q,v) > ϵ go to 2

5 Return

∂xp0

∂xq0

← ∑
k:0→k

I − 2
v0

r0k

x0k

(P0k Q0k

)−1

·
 ∑

l:k→l

∂xPkl

∂xQkl

−
∂xpk

∂xqk

−
r0k

x0k

 l0k

v0
∂xv0



The gradient calculation ∂x(P,Q,v,p0,q0) depends on the power flow solution (P, Q, v, p0, q0)
at which the gradients are evaluated. Since, the practical power flow solution (P, Q, v, p0, q0)
is assumed to be unique, given (p, q), the gradients ∂x(P, Q, v, p0, q0) are also unique.
The gradient approximation method helps avoid the iterative procedure in Algorithm
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4.2 Estimation of System Gradients

4.1 and improves computational efficiency. The current terms in (4.1a) - (4.1c) are
much smaller than the other terms in practice, estimating (P, Q, v) by (P̂ , Q̂, v̂) de-
fined as:

∑
i:i→j

P̂ij + pj =
∑

k:j→k

P̂jk, for j ∈ N ; (4.26a)

∑
i:i→j

Q̂ij + qj =
∑

k:j→k

Q̂jk, for j ∈ N ; (4.26b)

v̂i − v̂j = 2
(
rijP̂ij + xijQ̂ij

)
, for i→ j (4.26c)

The equations are linear and the network is radial. Therefore, it is straightforward
to obtain:

∂xP̂ij =
∑

k:j→k

∂xP̂jk − ∂xpj, for i→ j (4.27a)

∂xQ̂ij =
∑

k:j→k

∂xQ̂jk − ∂xqj, for i→ j (4.27b)

∂xv̂j = ∂xv̂i − 2rij∂xP̂ij − 2xijQ̂ij, for i→ j (4.27c)

Let i ∧ j denote the joint of node i and j for i, j, ∈ N and let Ri denote the total
resistance from the slack node 0 to node i for i ∈ N as seen in Figure 4.2. Then the
estimated gradients ∂x(P̂ , Q̂, v̂) has the following closed-form expression:

i

0

j

i ^ j

Figure 4.2: Nodes and Lines

∂pk
P̂ij = −1j∈Pk

, ∂qk
P̂ij = 0, k = 1,2,...,n, for i→ j (4.28a)

∂pk
Q̂ij = 0, ∂qk

Q̂ij = −1j∈Pk
, k = 1,2,...,n, for i→ j (4.28b)

∂pk
v̂i = 2Ri∧k, ∂qk

v̂i = 2Xi∧k, k = 1,2,...,n, for i ∈ N+ (4.28c)
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4 Multi-Objective Distributed Optimal Power Flow

A few essential points are noted from (4.28). The derivatives of the nodal voltages
∂xvi are symmetric in (i, k), i.e., the impact of an injection on voltage is symmetric
in their respective locations. Furthermore, the effect on voltages of injections close to
the substation is minor; similarly, the voltages close to the substation are less sensitive
to injections, which agrees with intuition. Therefore, one can say ∂x(P, Q, v) ≈
∂x(P̂ , Q̂, v̂). Most importantly, ∂x(P̂ , Q̂, v̂) is a constant and does not depend on
∂x(P, Q, v). Therefore, it has to be computed only once ahead of time. Sum up
(4.1b) for j ∈ N to obtain:

n∑
i=0

pi =
∑
i→j

rijlij =
∑
i→j

rij

P 2
ij + Q2

ij

vi
(4.29)

Finally, the approximate values for ∂x(p0, q0) are:

∂pip0 ≈ −1 +
∑
k→l

rkl

(2Pkl

vk
∂piP̂kl + 2Qkl

vk
∂piQ̂kl −

lkl

vk
∂pivk

)
(4.30a)

∂qip0 ≈
∑
k→l

rkl

(2Pkl

vk
∂qiP̂kl + 2Qkl

vk
∂qiQ̂kl −

lkl

vk
∂qivk

)
(4.30b)

for i = 1,2,...,n. The derivatives for ∂xq0 are symmetric with xij replacing rij.

Putting (4.28), the gradients can be further approximated to:

∂pip0 ≈ −
1 +

∑
k→l

rkl

(2Pkl

vk
1l∈Pi + lkl

vk
Ri∧k

) (4.31a)

∂qip0 ≈
∑
k→l

rkl

(2Qkl

vk
1l∈Pi −

lkl

vk
Xi∧k

)
(4.31b)

∂piq0 ≈ −
1 +

∑
k→l

xkl

(2Qkl

vk
1l∈Pi + lkl

vk
Xi∧k

) (4.31c)

∂qiq0 ≈
∑
k→l

xkl

(2Qkl

vk
1l∈Pi −

lkl

vk
Xi∧k

)
(4.31d)

Therefore, all required gradients have been approximated, and they can be calculated
using a distributed BFS method, as described ahead.

Let down(i) := {j ∈ N |i ∈ Pג} denote the downstream nodes of node i ∈ N . Then,
the approximate gradients can be represented as:
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ci =
n∑

k=1
2Ri∧k

(
µ

vk − vk
+ µ̄

vk − v̄k

)
(4.32a)

di =
n∑

k=1
2Xi∧k

(
µ

vk − vk
+ µ̄

vk − v̄k

)
(4.32b)

ei =
∑
k→1

rkl

(2Pkl

vk
1l∈Pℶ + lkl

vk
Ri∧k

)
(4.32c)

fi =
∑
k→1

rkl

(2Qkl

vk
1l∈Pℶ + lkl

vk
Xi∧k

)
(4.32d)

eq
i =

∑
k→1

xkl

(2Pkl

vk
1l∈Pℶ + lkl

vk
Ri∧k

)
(4.32e)

f q
i =

∑
k→1

xkl

(2Qkl

vk
1l∈Pℶ + lkl

vk
Xi∧k

)
(4.32f)

The coefficient ci will have equivalent terms corresponding to the log-barrier functions
for the slack node generation limits. These can be calculated with the help of ei, fi,
eq

i , and f q
i . These coefficients are computed recursively, exploiting the network’s

radial topology. Note that for each i→ j, one has Ri∧k −Rj∧k = −rij1k∈down(J), and
therefore:

ci − cj = −2rij

∑
k∈down(j)

(
µ

vk − vk
+ µ̄

vk − v̄k

)
(4.33a)

di − dj = −2xij

∑
k∈down(j)

(
µ

vk − vk
+ µ̄

vk − v̄k

)
(4.33b)

ei − ej = −2rijPij

vi
− rij

∑
k∈down(j)

rklPkl

vk
(4.33c)

fi − fj = −2rijQij

vi
− xij

∑
k∈down(j)

rklPkl

vk
(4.33d)

Therefore, with

gi =
∑

k∈down(j)

(
µ

vk − vk
+ µ̄

vk − v̄k

)
(4.34a)

hi =
∑

k∈down(j)

rklPkl

vk
(4.34b)
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one can recursively compute:

cj = ci + 2rijgj (4.35a)

dj = di + 2xijgj (4.35b)

ej = ei + 2rijPij

vi
+ rijhj (4.35c)

fj = fi + 2rijQij

vi
+ xijhj (4.35d)

Jacobian and Sensitivity Matrices

This method of gradient computation applies IFT to the AC power flow equations
to obtain the system gradients. However, this leads to the inversion of the Jacobian
matrix, which is a computationally heavy operation with an increasing number of
grid nodes. Y. Tang et al. in [144] suggests that in practical situations, there will be
a small number of nodes or lines with a voltage or current constraint violation in a
single instant. Therefore, one needs to compute only the derivatives of voltages and
line loadings corresponding to the nodes and lines with violations, which will be only
a fraction of the Jacobian matrix, speeding up the computation process. Notably,
this method helps to extend the algorithm to meshed networks. For this method, the
bus injection model represents the AC power flow model and uses the exponential
form Vi = |Vi|ejθi to represent the complex voltages. The power flow equations for
the meshed network are:

p0 = F p
0 (V0, |V1:n|, θ1:n), q0 = F q

0 (V0, |V1:n|, θ1:n) (4.36a)

pi = F p
i (V0, |V1:n|, θ1:n), qi = F q

i (V0, |V1:n|, θ1:n) (4.36b)

Referring back to IFT and viewing (vi, p0, q0) as functions of (pi, qi), the derivatives
of (4.36) are computed as:


∂F p

i

∂vi

∂F p
i

∂θi

∂F q
i

∂vi

∂F q
i

∂θi




∂Vi

∂pi

∂Vi

∂qi

∂θi

∂pi

∂θi

∂qi

 = I2n (4.37)

and
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
∂p0
∂pi

∂p0
∂qi

∂q0
∂pi

∂q0
∂qi

 =


∂F p

0
∂vi

∂F p
0

∂θi

∂F q
0

∂vi

∂F q
0

∂θi




∂Vi

∂pi

∂Vi

∂qi

∂θi

∂pi

∂θi

∂qi

 (4.38)

and I2n is a 2n × 2n identity matrix.

From (4.37), it is noted:


∂Vi

∂pi

∂Vi

∂qi

∂θi

∂pi

∂θi

∂qi




∂F p
i

∂vi

∂F p
i

∂θi

∂F q
i

∂vi

∂F q
i

∂θi

 = I2n (4.39)

Now let:

J =
{
i ∈ N : |Iij|2 ≥ l̄ij for some j ∈ N+

}
∪ i ∈ N : is a neighbour of the slack bus

(4.40a)

I = J ∪
{
i ∈ N : |Vi|2 ≥ v̄i or |Vi|2 ≤ vi

}
(4.40b)

Then:


∂VI

∂pi

∂VI

∂qi

∂θJ
∂pi

∂θג
∂qi




∂F p
i

∂vi

∂F p
i

∂θi

∂F q
i

∂vi

∂F q
i

∂θi

 =

II 0

0 IJ

 (4.41)

where II and IJ are the submatrices formed by the rows of In corresponding to I and
J. This can be solved efficiently when |I| + |J| ≪ n, i.e., the number of nodes or
lines with constraint violations is significantly lesser than the number of nodes in the
grid. The matrices on the left-hand side of (4.37) are the Jacobian and the Sensitivity
matrices, respectively. The Sensitivity matrix already provides us with the class of
gradients ∂vi

∂xi
and ∂θi

∂xi
. The remaining gradients of the slack node generation w.r.t.

the control variables are derived by:


∂p0
∂pi

∂p0
∂qi

∂q0
∂pi

∂q0
∂qi

 =


∂F p

0
∂|VI|

∂F p
0

∂θJ
∂F q

0
∂|VI|

∂F q
0

∂θJ




∂|VI|
∂pi

∂|VI|
∂qi

∂θJ
∂pi

∂θJ
∂qi

 (4.42)
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Note: ∂F p
0

∂|Vi| = ∂F p
0

∂θi
= ∂F q

0
∂|Vi| = ∂F q

0
∂θi

= 0 if i is not a neighbour of the reference node 0.

This method of gradient computation improves the accuracy of the solution as com-
pared to the BFS method described in the previous section. Moreover, it also allows
the algorithm to apply to meshed networks. Distribution grids, especially in urban
areas, have radial topology. However, under specific scenarios, especially in rural ar-
eas, integration of a DG unit might lead to a switch closing and forming loops in the
system, making the grid a weakly meshed network.

4.2.3 Distributed Gradient Computation in an Agent-Based
System

For the distributed BFS algorithm method of gradient computation, we consider an
individual EMA at each DG unit or controllable node i. These agents are aware of the
parameters (µ, µ̄) and impedance values (rij, xij) and can measure the voltage and
line flows connected to i. With the help of the substation GA, these agents compute
the required gradient coefficients given in (4.35) traversing through the leaves to the
root of the network (backward sweep) for (gi, hi) and again from the root to the leaves
(forward sweep) for (ci, di, ei, fi). With the computed gradients and power injection
values pi and qi, the agents can update their injections, compute their share of the
objective function L(x,µ), and share this information with the primary EMA. After
that, the primary EMA will execute a line search algorithm to find the optimal point
in the negative direction of the gradients.

When using the Jacobian and Sensitivity matrix, the GA is assumed to have infor-
mation regarding grid topology parameters such as µ, nodal voltages, and line flows.
Such information can calculate the admittance and Jacobian matrices and invert them
to obtain the Sensitivity matrix (4.37). With all required gradients computed, the
GA can form the objective function to send through to the primary EMA for the
reference node. The other control nodes receive their gradients from the GA, update
their injections, and share the new objective function with the primary EMA. With
the help of this information, the primary EMA can formulate the multi-objective
OPF problem.

There is a slight difference between the two methods: in the BFS method, the GA or
the grid operator does not need all measurements collected at the coordinator node
for gradient computation, like in the Jacobian method. Therefore, the BFS method
can primarily assist in situations where the network measurements are unknown.
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4.3 Gradient Projection Algorithm

4.3 Gradient Projection Algorithm

The Gradient projection algorithm has two essential steps for every time instant t:
1) compute (or approximate) gradients, and 2) choose a step size to update the opti-
mization variables. The step size is determined with the help of a line search method
along the direction of −∂xL(x,µ), i.e., back-off the step size until the approximation of
the modified objective function by its linearization around the current solution point
is pretty accurate. Three parameters help in the line search algorithm, namely:

• α determines the back-off speed,

• β decides whether the linearization of the objective is accurate enough,

• ϵ stops the iterations when progress is too slow, i.e., no significant update in
(p, q).

For a single time instant, t, the algorithm iterates over a decreasing sequence of µ

until it reaches a suitable suboptimal solution. The algorithm starts with initial
values for the objective L(x; µ) and the control variables (pi,qi). It updates them
using the system gradients that steer the search utilizing a descent path through the
solution space. The algorithm uses the value from the previous time instant x(t−1), a
predefined step size η, and the system gradients ∂xL(x; µ) in the following manner:

x(t) =
[
x(t− 1)− η

∂L(x)(t− 1)
∂x(t− 1) ; µ

]
(4.43)

Note: The line search algorithm (Algorithm 4.2) is executed by the primary EMA
with only the updates to the control variables being done by their respective agents.

To state the algorithm, let:

∏
C

x := argminy∈C ||y − x||2 (4.44)

denote the (unique) projection of a point x onto a non-empty compact convex set
C.

Theorem 4.1: (well defined). Given specified input, Algorithm 4.2 always
produces (pnew,qnew,stopF lag). For proof, please see [148].
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Algorithm 4.2: Line Search
Input: back-off parameter α ∈ (0,1), linearization parameter β ∈ (0,1),
progress parameter ϵ ≪ 1, current solution (p,q), constraints (p,p̄,q,q̄,v,v̄),
system gradient ∂xL(x; µ)
Output: update value (pnew,qnew), stopping Flag stopF lag

1 η = 1, stopF lag = 0

2 (pnew,qnew)← (p,q)− η∂xL(x; µ)

3 pnew ← ∏
[p,p̄] pnew, qnew ← ∏

[q,q̄] qnew

4 execute the BFS algorithm to obtain the power flow solution
(vnew,pnew

0 ,qnew
0 ) w.r.t. (v0,p,q)

5 if vnew /∈ [v,v̄]
then η ← αη

go to 2
end

6 ∆p← pnew − p, ∆q ← qnew − q

7 if ||∆p||+ ||∆q|| ≤ ϵ

then stopF lag = 1
else if L(x)new > L(x) + β(∂pL ·∆p + ∂qL ·∆q)
then η ← αη

go to 2
end

8 if L(x)new > L(x)
then pnew ← p, qnew ← q

end

The introduction of ϵ in the "if" branch in Step 7. is to stop the iteration when
progress gets too slow, i.e., ||∆p|| + ||∆q|| ≤ ϵ. When this happens, stopF lag is set
to 1, which stops the iterative procedure. Otherwise, a large number of iterations
will run without a significant update to (p, q). With the "if" branch in Step 7., it
is possible that L(x)new > L(x). In this case, the older values (p, q) are considered
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4.3 Gradient Projection Algorithm

the solution for this time instant to ensure that the new point does not have a larger
objective. However, the assumption holds true if ϵ > 0, and the algorithm produces
an updated solution.

A point (p, q) is a local optimum for minimizing L(x) if:

⟨∂piL,p̃i − pi⟩ ≥ 0 ∀p̃i ∈ (pi,p̄i), ∀i ∈ N+ (4.45a)

⟨∂qiL,q̃i − qi⟩ ≥ 0 ∀q̃i ∈ (qi,q̄i), ∀i ∈ N+ (4.45b)

In the line search algorithm, if ϵ = 0, then

(p, q) = (pnew, qnew)↔ (p, q) is a local optimum. (4.46)

which implies that the values from the previous iteration are considered as a solution
if and only if (p, q) is a local optimum of minimizing L(x).

To summarize the gradient descent algorithm, Algorithm 4.3 solves the OPF problem
for a decreasing sequence of µ that approaches 0:

Algorithm 4.3: A Gradient Descent Algorithm
Input: A feasible point (p, q)
Output: A numerical solution (p∗, q∗) of (4.17)

1 p∗ = p, q∗ = q

2 for µ = µ1, µ2, ..., µK

do

3 execute the BFS algorithm to obtain the power flow solution (v∗, p∗
0, q∗

0)
w.r.t. (v0, p∗, q∗)

4 compute gradient ∂xL(x; µ)

5 run a line search method (Algorithm 4.2) to get an updated
(p∗, q∗, stopF lag)

6 while stopF lag ̸= 1
end
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4 Multi-Objective Distributed Optimal Power Flow

There are two key components in the distributed implementation of Algorithm 4.3:
1) compute the gradients in a distributed way, and 2) run line search (Algorithm 4.2)
in a distributed way. Section 4.2.2 explains the distributed implementation of the
gradient computation method. Three main requirements suit the agent-based EMA
architecture:

• There is an agent i at each node whose power injections are controllable (pi, qi).

• Agent i knows the impedances and can measure the nodal voltage vi and line
flows (Pij, Qij, lij). It can also control the injections (pi, qi) and communicate
with the substation agent at the reference node 0. This substation agent will be
the GA.

• The coordinator agent can compute the similar substation parameters required
in calculations.

The distributed implementation of the line search method in Algorithm 4.2 gives
rise to a distributed implementation of the inner loop of Algorithm 4.3, presented in
Algorithm 4.4.

In Algorithm 4.4, each agent at a control node stores its last approved power injec-
tions (pold

i , qold
i ) and proposes tentative power injections (pnew

i , qnew
i ) while computing

some other quantities (∆si, ∆Li, xnew
i ). These help the coordinator decide whether

to accept or reject the solution, i.e., the network and operational constraints are han-
dled, and the power flow is solved to update the dependent variables. The tentative
injections are computed with the help of the system gradients where η is controlled
by the coordinator agent, in this case, the primary EMA. The EMA initializes η = 1
and reduces η by a fraction 1 − α until the inequality constraints are satisfied and
the modified objective function L(x,µ) is well approximated by its linearization, i.e.,
Lnew < Lthres. The primary EMA decides whether to accept or reject the tentative
injections and terminate the algorithm. The decision is based on (∆si, ∆Li) com-
puted by the agents i. The quantity ∆si gives the update size of (pi, qi), and ∆Li is
the product of the gradient and the power injection. The convergence criteria for the
algorithm is given by:

• if ∆si ≤ ϵ then stop the inner loop in Algorithm 4.3

• else if Lnew ≤ Lold + β
∑

i∈N+ ∆Li then approve the tentative injections

• else reduce the step size η by a fraction of (1− α)
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Algorithm 4.4: Distributed Gradient Projection Algorithm
Input: Each agent i at a controllable node knows its original power injection
(pi, qi), voltage vi, impedance (rij, xij) for neighboring lines and power flow
for downstream lines. The primary EMA knows algorithm parameters α, β,
µ, and ϵ
Output: Updated (p∗, q∗) for each agent i

1 The EMA broadcasts µ to all agents i

2 Each agent i sets (pold
i , qold

i ← (pi, qi)) and computes valueold(x) and
reports to the EMA. The GA solves an initial power flow to obtain
(p0, q0) and reports L0(x) to the EMA

3 The EMA computes the objective function of the system Lold(x)

4 The agents i (BFS method) or the GA (Jacobian method) computes the
system gradients and therefore ∂xL(x,µ)

5 The primary EMA initializes η ← 1 and broadcasts the same to all
agents

6 Each agent computes (pnew
i , qnew

i , ∆si, ∆Li, valuenew(x)) and reports
back to the EMA

7 The GA applies the tentative injections to the grid and executes a power
flow to obtain a steady state (P, Q, v, p0, q0)

8 In case of constraint violations for inequality constraints, the GA and
the agent i send out a signal to the coordinator to reduce η

9 The primary EMA computes ∑i∈N+ ∆si, Lnew(x),
and Lthres(x)← Lold(x) + β

∑
i∈N+ ∆Li

if ∑i∈N+ ∆si ≤ ϵ; go to Step 11
else if Lnew(x) > Lthres(x); reduce η ← αη and go to Step 5
else Update (pold

i ,qold
i ); i.e., go to Step 10

10 Each agent i sets (pold
i , qold

i ← (pnew
i , qnew

i )) and returns to Step 2

11 The primary EMA sets resetF lag ← 1 if Lnew(x) > Lold(x) or
resetF lag ← 0 otherwise

12 Each agent i sets (p∗
i , q∗

i ← (pold
i , qold

i )) if resetF lag = 1 or
(p∗

i , q∗
i ← (pnew

i , qnew
i )) otherwise
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4 Multi-Objective Distributed Optimal Power Flow

4.4 Tchebycheff’s Decomposition

The Gradient projection algorithm solves a single-objective constrained optimization
problem and delivers a single optimal point for each time instant t. This thesis’s opti-
mization problem is multi-objective, with conflicting objectives often paired together.
The multi-objective optimization problem (MOP) has a vector form:

min F (x) = {f1(x), f2(x), ..., fM(x)} (4.47)

Where M is the number of objectives. Please note that (4.47) is the general repre-
sentation of (4.11).

The solution of a MOP is popularly discerned by Pareto Optimality. Let us consider
a decision space, which is the graph of the constrained feasible region for solutions
to the problem [149]. Let RM be the objective space for M objectives. The decision
vector space is Ω where for every x ∈ Ω, there exists a F (x) ∈ RM (criterion space
bound by the number of objectives). To understand Pareto Optimality, let us consider
two M-objective vectors, v,w ∈ RM . v dominates w if and only if [145]:

vi ≤ wi for every i ∈ {1,2,...,M} (4.48a)

vj < wj for at least one index j ∈ {1,2,...,M} (4.48b)

The space enclosed by the lowest points (minima) of the objective functions in the
criterion space is called the Pareto Front (PF) [150]. For the example of a 2-objective
problem, a line joining vmin and wmin will represent the PF. Any point on the PF
is pareto optimal. Along this line, one objective improves at the cost of another.
However, neither objective can improve simultaneously.

On the contrary, any point in the feasible space but not on the PF is a "bad" solution,
as either objective can improve without harming the other. There is no mathematical
"best" solution on the PF. Selecting a suitable optimal point from the available PF
requires negotiations between system participants.

Pareto Optimality

A point x∗ is Pareto optimal if there is no point x such that F (x) dominates
F (x∗). Therefore, x∗ is termed a non-dominated solution and forms the Pareto
Set (PS). The pareto optimal objective vector is F (x∗).
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4.4 Tchebycheff’s Decomposition

Decomposition of an optimization problem into smaller subproblems was first in-
troduced in [151], where the subproblems are solved separately. The decomposition
could be at different levels: decision variables, functions, and objectives. In this work,
the multi-objective objective function L(x; µ) is decomposed into singular subprob-
lems for the Gradient projection algorithm to solve separately. Decomposition is a
widely used scalarization technique to deal with an MOP. The weighted sum (WS)
approach [152] is preferred popularly in traditional methods due to its ease of use
and search efficiency. In this approach, a multiplicative predefined weight factor lin-
early aggregates the multiple objectives into a single objective problem. However, for
non-convex problems, such as the OPF problem, the WS approach cannot guarantee
a well-spread PF [152]. Moreover, as the value is predefined, the solutions obtained
are not flexible enough to showcase different scenarios with varying benefits to each
involved participant with a conflict of interest.

Tchebycheff’s decomposition approach [138] resolves previously stated issues of the
WS method by generating an equally spaced weight vector, λ, for an arbitrarily chosen
population size, which successfully provides a well-spread PF, even for non-convex
problems. Afterward, selecting the best solution depends on negotiation between all
participants. To start the decomposition process, let us consider a population size N

calculated as:

N = CH+M−1
M−1 (4.49)

where H is the resolution of weight vector λ and M is the number of objectives. Let’s
define N evenly spaced weight vectors λ1,λ2,...,λN . Each weight vector will be of
M dimensions i.e., λm = (λm

1 ,λm
2 ,...,λm

M)T for m = 1,2,...,N . The summation of all
elements in the weight vector equals 1, i.e.,

λm
1 + λm

2 + ... + λm
M = 1 (4.50)

Each element in a weight vector can take values such as:

λm
i ∈

{
0,

1
H

,
2
H

,...,
H

H

}
for i = 1,2,...,M (4.51)

Let z∗ = {z∗
1 ,z∗

2 ,...,z∗
M} be the vector of minimum objective values for each objective

and act as a reference point in the optimization algorithm. The elements of this
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4 Multi-Objective Distributed Optimal Power Flow

vector are computed by z∗
i = min{fi(x)x ∈ Ω}, which means the weight vector for a

single objective is at the highest priority to solve for the point where the objective
reaches its lowest point. z∗ is usually not known beforehand, and during the iterative
process, the algorithm finds the lowest values of fi(x) and substitutes them for z∗

i in
the objective. The scalarized objective function after decomposition looks like this:

gte(x|λ,z∗) = min {λm
i |fi(x)− z∗

i } (4.52)

Traditionally, when solving MOP with evolutionary algorithms, there is a requirement
to normalize the objectives as the absolute values can be highly disparate. For exam-
ple, the total system operational costs for a single time instant t maybe 60e/MWh,
and the voltage deviation is 2.37 p.u. Normalization brings all objective values within
the [0,1] range. However, there is no such requirement for the numerical Gradient pro-
jection algorithm because each objective is associated with its corresponding gradient
that steers the search through the decision space.

The steps of Tchebycheff’s decomposition approach can be summarized in Algorithm
4.5.

Algorithm 4.5: Tchebycheff’s Decomposition
Input: The primary EMA knows the resolution for weight vectors H and the
number of objectives M
Output: Decomposed vector of objective function L(x; µ)

1 The EMA calculates N and constructs an evenly spaced weight vector
λ

2 The EMA triggers the agents to optimize for the initial minima z∗
i

3 The GA and the agents i incorporate z∗
i into their corresponding L(x,µ)

and report back to the EMA

4 The EMA multiplies each objective with its corresponding weight vector
and returns N single-objective subproblems for the Gradient projection
algorithm to solve

Note: The solution from the Gradient projection algorithm is not the desired non-
dominated PF. Using the criteria stated in (4.48), the obtained vector is sorted to
find the non-dominated Pareto Optimal solution.
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Select resolution (H) and populate the weight vector (λ).
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Figure 4.3: Multi-Objective Distributed Optimal Power Flow
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Figure 4.3 describes the two-fold approach of solving the multi-objective distributed
OPF problem using a combination of Tchebycheff’s decomposition method and the
Gradient projection algorithm. The purple boxes in the figure represent the tasks
performed by the primary EMA, the yellow boxes are the DG units or the prosumer
agents, and the green boxes are for the GA in SIMONA.

Chapter 4 Summary and Chapter 5 Preview

Key takeaways from this chapter :

4.1) Formulation of grid topology and parameters

4.2) Definition of network constraints and their handling using Penalty func-
tions

4.3) Two alternative methods to compute system gradients for radial and
meshed topologies

4.4) The proposed two-fold approach to solving the multi-objective distributed
OPF problem

Highlights for the next chapter :

a) Performance evaluation of the solution algorithm w.r.t. a state-of-the-art
centralized approach

b) Application to the system architecture with industrial and residential pro-
sumers
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Application

The previous chapters developed the agent-based EM architecture and the multi-
objective OPF problem. Detailed algorithms describe the distributed computation
of system gradients and the interaction protocols between several agents to solve the
OPF problem in a distributed fashion. Additionally, a brief insight was provided into
the operations of external MAS, which furnishes the industrial and residential demand
for simulations. This chapter verifies the performance of the optimization algorithm
and validates the proposed hierarchical architecture. To verify the online distributed
algorithm, this thesis compares the optimality gap between the distributed solution
and a state-of-the-art centralized solution in Section 5.1. This section also highlights
the differences in performance between the BFS method and the Jacobian method of
gradient computation. Section 5.2 and Section 5.3 validate the proposed architecture
by implementing it in a co-simulation framework and present two application cases
regarding:

• Industrial Prosumer
In this thesis, two types of industrial prosumers are considered for simulation
studies:

– Prosumer Type A: alien, the industrial demand simulator, models an indus-
trial grid with a PV and BESS unit. The industry follows a self-optimization
strategy with the goal of peak shaving to optimally coordinate the available
flexible units. Peak shaving reduces the penalty the connected utility grid
assigns to demand peaks. It also provides flexible services, such as power
injected back into the grid or storage charging and discharging based on
grid-oriented objectives.

– Prosumer Type B: This industrial prosumer uses the ZIP modeling tech-
nique to optimize its production processes following voltage sensitivity prin-
ciples. It also owns a BESS unit that assists in providing flexibility.

The application case helps study the impact of industrial flexibility actions
on the distribution grid’s economic, technical, and environmental factors. The
choice of an industrial prosumer is owed to the following reasons: 1) determinis-
tic modeling efforts following purely economic interests of an industrial prosumer

87



5 Performance Evaluation and Application

with available investment capacity to adopt flexible technologies, 2) the theo-
retical potential in the collaborative operation of the utility grid with one of the
highest energy consumers in the market, and 3) novelty of scope in industrial
consumer modeling due to the lack of research in the same direction.

• Residential Prosumer
The residential demand profiles are generated by the residential demand sim-
ulator demod with a time resolution of 15 minutes. The profiles account for
daily household activities and capture the changes according to different build-
ing types, heating control patterns, and penetration percentages of rooftop PV.
The electricity consumption considers the end-user’s socio-behavioral aspects,
such as their willingness to adopt advanced technologies and partake in the flex-
ibility market. In this application case, the impact of residential adoption of
advanced technologies is thoroughly studied on different aspects of the distri-
bution grid, including the excess active power injected back into the connected
medium-voltage (MV) grid. The choice of residential prosumers in the second
application case stems from the need to investigate the potential impact of many
dispersed units capable of energy generation and demand by manipulating gran-
ular details of human electricity consumption patterns following socio-behavioral
aspects.

It is worth mentioning that the demand modeling from alien and demod reflect the
impact of governance policies and regulations on technology adoption by the end-users
in the energy transition scenario. However, as the thesis author did not develop the
governance simulator [153], which neither connects to SIMONA nor the primary EMA,
there is no need to describe the concept and functionality behind the interaction of
the prosumer MAS and the governance model.

5.1 Performance Evaluation

This section provides a brief insight into the optimality properties of the distributed
OPF algorithm. The results are compared with that of a state-of-the-art centralized
OPF solver [154] to gauge the optimality properties of the algorithm. Both methods
of gradient computation are tested on radial and weakly meshed grid configurations
and compared in terms of time efficiency. The objective of the optimization problem
is cost minimization w.r.t. physical and operational constraints, represented by a
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condensed version of the MOP (4.17).

L(x; µ) = a0p
2
0(x) + b0p0(x) + bipi(x)−µ

n∑
i=1

ln(vi(x)− vi)− µ̄
n∑

i=1
ln(v̄i− vi(x)) (5.1)

where p0 is the active power generation of the reference node, pi is the active power
output from the connected DG units, vi are the nodal voltages, and a0, b0, bi are
respective cost coefficients. A weekly simulation time horizon is considered, i.e., τ

equals 7 days, and the time resolution, i.e., t, is 1-minute. The optimization param-
eters related to the Gradient projection algorithm are as follows:

• back-off and linearization parameters, (α, β) = 0.5

• convergence criteria, ϵ = 0.01

• decreasing sequence of µ = [10−1, ..., 10−8]

Distribution Grid Topology and Parameters

Figure 5.1: Modified Configuration of IEEE 69-node Distribution Grid with DG
Units

Figure 5.1 represents the modified configuration for the IEEE benchmark test grid
with 69 nodes [155]. The default grid topology is radial with 68 lines, but when the
dashed lines in the figures are connected, i.e., the respective switches are closed, the
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grid can be transformed into a weakly meshed topology with 5 loops and 73 lines.
The grid is operated with active tie lines for simulation tests, i.e., the network is
weakly meshed. However, for the BFS gradient computation, the meshed network
is transformed into a radial network with the help of virtual nodes. The allocation
of DG units follows a network reconfiguration strategy for loss reduction and load
balancing [156]. Two additional PV units are placed at nodes 11 and 49 , and two
other Wind Energy Converter (WEC) units are connected to nodes 61 and 65 .
The slack node 1 acts as the POC to the superordinate grid. A weekly aggregated
load normalized to fit the test grid is applied to all grid nodes. Weekly generation
and demand profiles are collected from [157].
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Figure 5.2: Optimal Costs from Centralized and Distributed OPF Algorithms

The optimization results are compared between a centralized OPF solver with exact
non-linear computation abilities and the distributed OPF problem with two alter-
native methods of gradient computation: BFS and Jacobian. The optimal value of
the objective function, i.e., generation costs in the system for three algorithms, are
presented in Figure 5.2. As the plot shows, the Jacobian computing of the sensitiv-
ities or system gradients delivers superior optimality compared to the BFS method
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of approximate gradient estimation. The optimality gap with the centralized OPF
results is 1.72% and 0.2% for the BFS and the Jacobian method, respectively. The
distributed OPF algorithm with both gradient computation methods shows an ac-
ceptable optimality gap compared to the results of a centralized OPF. Although the
Jacobian method performs better when discussing optimality, the outcomes reverse
in terms of time efficiency.
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Figure 5.3: Time Taken per Iteration by the Distributed OPF Algorithm

Figure 5.3 represents a histogram showing the time per iteration for the distributed
OPF algorithm using the two alternative gradient computation methods. The av-
erage time the BFS method takes for a single time step is 4.3ms, and the Jacobian
method takes an average time of 15.2ms to converge. Therefore, the BFS method
is computationally faster owing to the avoidance of matrix inversion. However, if
the test grid has a sparse Jacobian matrix, which is valid for radial distribution net-
works, the Jacobian method shows considerable speed up. The gradient computation
methods provide a trade-off between optimality and time efficiency. Nevertheless,
both methods offer significantly higher computational efficiency than the centralized
non-linear programming method, which requires 3.32s to converge for a single-time
step. These computational efficiency and optimality performances make the selected
online algorithm suited to real-time implementation, where there is a necessity to
solve the optimization problem in a distributed fashion, preserving the data privacy
of involved participants.
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5.2 Application Case with Industrial Prosumers

In this application case, the two industrial consumers, types A and B, are connected
to a weakly-meshed MV distribution grid to study the impact of their self-optimized
demand on several grid parameters. The change in their electricity consumption
following peak shaving and voltage sensitivity principles provides energy savings to
the industrial consumer. The effect of using a BESS unit in the industrial grid with
optimal scheduling is primarily studied.

5.2.1 Distribution Grid Topology and Parameters

Figure 5.4 represents the modified configuration for the IEEE benchmark test grid
with 33 nodes [155]. The default grid topology is radial with 32 lines, but when the
dashed lines in the figures are connected, i.e., the respective switches are closed, the
grid can be transformed into a weakly meshed topology with 5 loops and 37 lines. The
allocation of DG units follows a network reconfiguration strategy for loss reduction
and load balancing [158]. Two additional PV units are placed at nodes 13 and 24 ,
and an extra WEC unit is connected to node 30 . The slack node 1 acts as the
POC to the superordinate grid. The industrial prosumer load is connected to node
26 . The prosumers are connected one at a time to form two simulation scenarios.

Figure 5.4: Modified Configuration of IEEE 33-node Distribution Grid with DG
Units
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5.2 Application Case with Industrial Prosumers

Cost Coefficients Values
a0 0.005
b0 2.3
c0 36

Emission Coefficients Values
α0 0.04091
β0 −0.05554
γ0 0.0649
ω0 0.000002
µ0 0.06667

Table 5.1: Costs and Carbon Emission Coefficients for the Slack Generator

The test grid has a nominal voltage of 12.66 kV and a 10 MVA rating. The genera-
tion capacities of the PV and WEC-powered DG units are weather-dependent. The
data for generation profiles are obtained from the ENTSO-E Transparency Platform
that provides daily generation profiles for several technologies in Germany [157]. The
balancing reserve or conventional generation source at the slack node is restricted to
a maximum of 5 MW. Following the general convention, the slack node voltage is set
to 1.0 p.u. The renewable generation cost per unit follows the historical spot market
prices in the German wholesale market chosen for the same day as the selected PV
and WEC generation profiles, taken from [157]. The fuel cost coefficients for the
conventional generator at the reference node follow the Levelized Cost of Electricity
(LCOE) values [159]. The conventional generator’s cost and carbon emission coeffi-
cients are summarized in Table 5.1. Carbon emissions for renewable generation are
assumed to be negligible; thus, there is no corresponding equation accounting for the
carbon emissions for the dispersed DG units.

Optimization parameters

The multi-objective OPF is executed with 2 objectives simultaneously, i.e., M = 2.
The chosen value for weight resolution, i.e., H, is 199 for 2-objective problems fol-
lowing [145]. Consequently, the calculated population size N using (4.49) equals 200.
The population size signifies that the distributed algorithm solves 200 singular sub-
problems for every time instant, t. The time horizon τ is 24 hours for each simulation
with a resolution of 15 minutes. The Jacobian method of gradient computation is
used. The relevant optimization parameters for the algorithm are as follows:

• back-off and linearization parameters, (α, β) = 0.5

• convergence criteria, ϵ = 0.1

• decreasing sequence of µ = [10−3, ..., 10−10]
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5.2.2 Industrial Prosumer Type A

This prosumer uses an optimal BESS unit, whose size is determined with the help
of a power flow optimization to achieve peak shaving. For this case study, the solar
generation unit is assumed to be installed on the industry roof on 1st March 2015,
which has a revenue cap for solar panels on non-residential buildings with a maxi-
mum capacity of 10 MWp [160]. Therefore, a company feed-in remuneration of 9.05
cts/kWh is assumed for the following 20 years. The investment costs for the solar
generation unit are not considered because the benefits of an additional storage unit
are accounted for. The first step is to compute the BESS size and the peak shav-
ing limit. The industrial load and PV generation profiles are taken from 2018. Ten
days are randomly selected, and solar energy production is set to zero to account for
PV failures and maintenance. Table 5.2 gives the optimization parameters and the
relevant results obtained from the optimization, such as the optimum BESS capac-
ity, Enom

bat and the peak shaving limit, Ppeak_shave. The simulation takes 147.7s for a
year.

Variable Value Unit Description
Tsim,total 365 [day] Total simulation time
d 96 [-] Time steps per day
∆tres 1 [h] Time resolution
S 1 [-] Number of samples

Variable Value
P nom

inv 0.126 MW
Enom

bat 0.173 MWh
Ppeak 1.732 MW
Ppeak−shave 1.520 MW

Table 5.2: Optimization Parameters and Results for the Industrial Prosumer

The industrial MAS executes a stochastic optimization to obtain a day-ahead BESS
dispatch schedule. The computation time per time step is 3.8s. PV generation un-
certainty is represented in three ways: using stochastic Probability Density Function
(PDF) (50 samples), point percent function (PPF) 30%, and 1%. It is observed that
the scheduling results look comparable at first glance, averaging at the same value
with negligible differences during active PV hours. However, with a closer look, it
is seen that the result obtained by using a PPF of 1% potentially estimates the
smoothest load at Point of Common Contact (PCC), i.e., lesser peaks. However,
it is advised that all three scheduling results be considered during actual operation
to get the best optimum load at the PCC. Finally, the industrial EMA executes an
OPF routine for the industrial grid in real-time with actual PV generation to obtain
the optimal load at the PCC, which follows BESS scheduling and the peak shaving
limits. The primary EMA can also execute this optimization routine in a distributed
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5.2 Application Case with Industrial Prosumers

fashion without the explicit knowledge of peak shaving and BESS constraints using
the Gradient projection algorithm. The flexible load profiles for weekdays and week-
ends are generated to focus on the load differences owing to whether the industry
operations are active. As seen in Figure 5.5a, using an optimal BESS unit for peak
shaving saves the industrial prosumer on their electricity bill and the peak power price
during operational days. In Figure 5.5b, the combined effort of the PV unit and the
BESS keeps the PCC load at a minimum during non-operational days (weekends),
thus promoting self-consumption in the industry. The subscripts 1, 2, and 3 stand
for the results obtained from stochastic PDF, PPF-30%, and PPF-1%, respectively.
Depending on the amount of PV generation, the surplus energy could also be sold
directly to the market during weekends after meeting self-demand, generating greater
profits for the industrial prosumer [self.5].
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Figure 5.5: Demand Profiles for Industrial Prosumer Type A (alien)

Industrial benefits are quantified in Table 5.3. The industrial prosumer type A
achieves a daily average savings of 4.85% in energy costs.

Scheduling Operation
Variable PDF PPF

30%
PPF
1%

PDF PPF
30%

PPF
1%

Cbuy [€] 3611 3264 3617 3428 3407 3430
Csell [€] 248 — — — — —
Cnopeakshave

buy [€] 3823 3823
Cnopeakshave

sell [€] 455 360 137 262

Table 5.3: Summary of Expenses for Day-Ahead Scheduling and Operation
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5 Performance Evaluation and Application

Distribution Grid Results

In this scenario, the distribution grid has available generation sources from PV and
WEC-powered DG units. There are two types of demand: 1) the industrial prosumer
load and 2) the aggregated load on all grid nodes. The generation and demand
profiles are selected and modeled for summer days in July. Moreover, all profiles
are normalized for the simulation to ensure accurate weightage and representation
of available models. A daily simulation is executed for the grid on weekdays and
weekends. The objectives are different combinations of operational costs, carbon
emissions, and active power losses. The primary EMA executes the proposed two-
fold approach to solve the MO-DOPF problem.
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Figure 5.6: Pareto Front with Costs and Carbon Emissions in the Distribution Grid

Figure 5.6a and Figure 5.6b showcase the obtained PF for a weekday and weekend
operation. The time step of the selected PF is 9 : 00 a.m. for the weekday when
industrial processes and PV and wind generation are active. For the weekend, the
time step for 10 : 00 a.m. is chosen for an active PV and wind generation hour. As
can be seen, when the industry adopts peak shaving strategies, there is a reduction
in overall costs and emissions on the distribution grid side because the optimal de-
mand at PCC is reduced for both days. The number of non-dominated pareto optimal
points are 150 for weekday operations and 140 for weekend operations. Therefore,
the algorithm successfully calculates a well-spread PF under industrial prosumer ac-
tivity. The reductions in costs and emissions on the distribution grid side w.r.t. the
use of peak shaving strategy by the industrial prosumer is summarized in Table 5.4.
taverage and τaverage are the average savings for the selected time step and time hori-
zon, respectively, whereas tmax and τmax are the maximum savings, i.e., the optimal
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5.2 Application Case with Industrial Prosumers

values obtained when the priority or weight for the corresponding objective is highest.
Although the reduction in operational costs is minimal compared to the decrease in
emissions, the distribution grid benefits from connecting to the industrial prosumer
in terms of costs and emissions throughout the obtained PF.

Weekday Costs ↓ Emissions ↓
taverage 1.1% 5.2%
τaverage 0.36% 3.28%
tmax 0.76% 12.1%
τmax 0.3% 4.15%

Weekend Costs ↓ Emissions ↓
taverage 0.68% 7.9%
τaverage 0.37% 3.35%
tmax 0.75% 11.42%
τmax 0.32% 3.8%

Table 5.4: MO-DOPF Results for the Distribution Grid in terms of Costs and
Emissions

When treated as an objective, active power losses in the distribution grid see a daily
average 1.75% reduction on weekdays and an increase of 0.15% on weekends, i.e.,
during industrial inactivity. Hence, the industrial optimal demand at PCC is minimal,
whereas the PV and wind generation are high. The average power losses increase
because the supply exceeds the demand, leading to increased power losses. In such
a case, the primary EMA can negotiate with the industrial EMA and incentivize the
charge of the BESS unit with power from the grid to increase demand and reduce
power losses in the system. However, a more exciting result is between the pareto
optimal points. Figure 5.7a and Figure 5.7b demonstrate the changes in the active
power losses in the distribution grid under different priorities, i.e., setting λ = 1
for the cost or the emissions objective. Power losses steeply decline, up to 35%,
on weekdays and weekends while using the renewable-sourced DG units against the
balancing reserve, i.e., the reference node generator.
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Figure 5.7: Average Daily Active Power Losses in the Distribution Grid
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The optimal operation of the industrial grid can reduce power losses in the distribution
grid by shaving their demand peaks. However, to achieve optimal power losses, the
distribution grid has to incur additional operational costs when buying renewable
power from the market. Similarly, an overall reduction of 0.4% is observed under
optimal industrial demand for voltage deviations, whereas on weekends, peak shaving
strategies lead to an increase of 0.26%. Figure 5.8a and Figure 5.8b show the average
voltage deviation per node for weekdays and weekends. The value of the voltage
deviation suggests the difference between the nodal voltage value and nominal voltage,
i.e., Vnom. For example, if the voltage deviation is 0.07 p.u., this means that the
actual nodal voltage is at 0.93 p.u. which is well within the boundaries of (v, v̄) =
[1.0, 0.9]p.u.
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Figure 5.8: Average Daily Voltage Deviation in the Distribution Grid Nodes

In conclusion, technological adoption on the industrial prosumer side leads to self-
optimization strategies such as peak shaving, which considerably impacts the dis-
tribution grid’s economic, environmental, and technical parameters. However, there
remains a conflict of choice between the cheapest, environment-conscious, and most
robust solutions. The proposed MO-DOPF algorithm converges in an average of
2.72s for weekdays and 2.45s for weekends for a single iteration, i.e., the time it takes
to solve 200 singular OPF problems. The maximum computation time for the al-
gorithm to solve for a 24-hour simulation with a 15-minute time resolution is 3.5
minutes. Therefore, the proposed algorithm can be employed on comparable grid
sizes in real-world scenarios to solve for day-ahead and intraday markets.
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5.2.3 Industrial Prosumer Type B

This type of prosumer uses the same industrial network and its components. How-
ever, industrial self-load modeling uses the ZIP approach, which considers the effect of
applied voltage. Active power measurements from an industrial process help identify
the ZIP parameters described in Section 3.5.3 [161]. An AC-OPF algorithm opti-
mizes the industrial production processes and returns an optimal load considering
PV generation, BESS unit, and the ZIP load. The BESS unit is charged/discharged
depending on the market price [162] to maximize profits for the industrial prosumer.
The PV generation profile for industrial prosumers and the DERs is taken from [163].
Three different scenarios are selected for simulation:

– Without ZIP model and BESS unit

The industrial self-load is not modeled according to the ZIP approach, i.e., the
effect of applied voltage at PCC on the industrial load is not considered. Fur-
thermore, no BESS unit has been installed. Therefore, the values for the energy
consumed and corresponding expenses incurred by the industrial consumer are
the base values without any flexibility practices.

– With ZIP model and without a BESS unit

This scenario uses the ZIP approach to model the industrial load. Here, the least
energy is purchased from the distribution grid because the ZIP load enables the
optimizer to keep voltages at the lower limit and reduce the load. Moreover, the
absence of a BESS unit further reduces the load.

– With ZIP model and a BESS unit

In this case, the energy purchased from the grid is higher compared to the second
case. However, the total expenses are lower owing to the gained profit by taking
advantage of the storage energy arbitrage, i.e., offering BESS charge/discharge
on market incentives.

The computational complexity of the optimization algorithms used for the industrial
network is mixed: polynomial for continuous variables and exponential for binary
variables. Binary variables are used only in the ZIP load modeling approach. How-
ever, as the computations are executed on independent agents, the increasing size of
the system will not affect the EMA processes. Moreover, as this grid represents a
small-scale industrial network, it is doubtful that it can scale up to the size of a power
distribution network. The average computational time taken per time step is 0.2s.
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Figure 5.9a and Figure 5.9b present the optimal load profiles generated using the ZIP
approach and the BESS operation, including the State of Charge (SOC).
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Figure 5.9: Demand Profiles and BESS Operations for Industrial Prosumer Type B

Table 5.5 summarizes the results and gives the achieved percentage reduction in
energy exchange with the grid and expenses for the concerned industrial prosumer.

Scenario LoadP CC % ↓ Total Expenses % ↓
No ZIP + No BESS 17.09 - 1209.12 -
ZIP + No BESS 13.90 18.66 979.49 18.99
ZIP + BESS 14.09 17.55 971.22 19.68

Table 5.5: Summary of Energy Exchange and Expenses

Distribution Grid Results

In this scenario, the distribution grid infrastructure remains the same except for
the industrial prosumer load, which is now modeled using the ZIP approach. The
generation and demand profiles are selected and modeled for summer days in July.
Moreover, all profiles are normalized for the simulation to ensure accurate weigh-
tage and representation of available models. A daily simulation is executed for the
grid with three different industrial load profiles: 1) without ZIP modeling or BESS
(NZNB), 2) with ZIP modeling but not BESS (YZNB), and 3) with ZIP modeling and
BESS (YZYB). The objectives are different combinations of operational costs, carbon
emissions, and voltage deviation. The primary EMA executes the proposed two-fold
approach to solve the MO-DOPF problem. Figure 5.10a illustrates the obtained PF
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at 9 : 00 a.m. for industrial prosumer type B. The number of non-dominated pareto
optimal points is 149. ZIP modeling approach delivers a 0.32% and 2.35% decrease in
the grid’s operation costs and carbon emissions by curtailing its load. When used for
storage arbitrage in the market, the additional BESS unit reduces the grid costs and
emissions by 0.48% and 3.7%, respectively. Figure 5.10b highlights the reduction in
balancing reserve requirements under flexibility practices by the industrial prosumer.
The ZIP modeling approach draws 1.6% less power from the reference node. However,
adding a BESS unit does not contribute to further reduced slack usage on average.
Moreover, reductions of 1.6% and 0.5% are observed in the distribution grid’s total
active power losses and total voltage deviation under the ZIP modeling approach.
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Figure 5.10: Pareto Front and Slack Active Power Usage in the Distribution Grid

The proposed MO-DOPF algorithm takes an average of 2.5s to converge at every
iteration, solving 200 singular OPF problems. The total computation time for a
24-hour simulation with 15-minute time resolution is 2.73 minutes.

The results show that industrial consumers’ adoption of advanced technologies
and optimal management schemes significantly impacts sustainable and secure
distribution grid operation, both positively and negatively. The proposed MO-
DOPF algorithm, with its ability to produce well-spread PFs for every scenario
and determine a depreciation of the concerned objectives without violating sys-
tem constraints, such as generation capacities and nodal voltages, is not only
computationally efficient but also suitable for real-time 5-min or 15-min intra-
day market simulations, particularly for smaller distribution networks.
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5.3 Application Case with Residential Prosumers

The residential consumers are studied differently in this thesis. Unlike the profit-
seeking industrial prosumer that optimally manages available components of PV and
BESS to reduce energy prices, the residential prosumer electricity usage follows socio-
behavioral aspects. Diverse social classifications group residential consumers into
clusters of similar age, gender, political ideologies (green leaning), economic status,
etc., to model their respective electricity demand. The model also includes technology
adoption data for these residential groups, providing the penetration levels of rooftop
PV, electric heat pumps, etc. The percentage of adoptions gives a population size
with dispersed flexible units under control, turning them into active DR participants.
Using this population size, demod generates residential load profiles for several pre-
defined scenarios, imitating the behavioral activities of the social groups. This section
presents simulation results for the following scenarios, which can be used to inform
energy policies and strategies:

• Heating Control Patterns — There are 7 scenarios for changing heating
control patterns in homes equipped with electric heat pumps according to the
heating temperature being:

(1) constant (const)
Includes those households that keep a constant temperature during the day
(average set-point 21◦C and standard deviation 2.2◦C, data according to
conducted survey)

(2-6) variable (var0, var1, var2, var3, var4)
Households associated with the var0 pattern generally set the thermostat
to have a single, short temperature rise during the day, usually in the morn-
ing or evening; in contrast, households in pattern var1 set the temperature
higher during all daylight hours, while at night the temperature is con-
siderably lower; the temperature set-point profile of the pattern var2 is
characterized by two temperature rises, one in the morning and the other
in the late afternoon/evening; the pattern var3 follows a similar behavior
as var1, but with a lower difference between the daytime and nighttime
temperature set-points; finally, households with pattern var4 usually set
the thermostat to have two periods of higher temperature in the morning
and afternoon/evening. Still, the temperature rise is lower than pattern
var2.
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(7) or a mix of control patterns (mix).

• Types of Dwelling — Four different kinds of accommodation or building types
are examined:

– improved detached which are renovated single apartments

– detached single apartments,

– terraced family homes,

– improved terraced renovated family homes

• PV Penetration Levels — Arbitrary levels of rooftop PV penetration are
selected to study the impact of increasing PV generation in a low-voltage (LV)
distribution network, i.e., the effect of decreasing residential load during peak
PV generation hours. The maximum installation capacity of a rooftop PV is 5
KW.

5.3.1 Distribution Grid Topology and Parameters

Figure 5.11 represents the modified configuration for the IEEE benchmark test grid
with 85 nodes [164]. The default grid topology is radial with 84 lines. The alloca-
tion and sizing of DG units follow a two-stage approach to minimize grid operation
costs in distribution networks [165]. Two additional PV units are placed at nodes
67 and 71 , and an extra WEC unit is connected to node 37 . The slack node 1

acts as the POC to the superordinate grid. 84 residential consumers are connected
to corresponding nodes in the distribution grid. The residential demand profiles for
these 84 households are modeled and classified according to the abovementioned sce-
narios. Additionally, the scenarios dealing with heating control patterns and building
types are modeled using demand and generation data for winter days, and the PV
penetration scenarios are tested for both winter and summer.

The test grid has a nominal voltage of 11 kV and a 1 MVA rating. The generation
capacities of the PV and WEC-powered DG units are weather-dependent. The data
for generation profiles are obtained from the ENTSO-E Transparency Platform that
provides daily generation profiles for several technologies in Germany [157]. The
balancing reserve or conventional generation source at the slack node is restricted to
a maximum of 10 MW. However, unlike the industrial scenario, the lower limits for the
reference node are negative, i.e., −10 MW, to signify the potential of reverse power
flow to the MV network during high penetration of rooftop PV. The base demand for
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5 Performance Evaluation and Application

the case is 2.5143 MW. The residential load profiles are normalized and multiplied by
the base demand at each node. The slack node voltage is set to 1.0 p.u. The renewable
generation cost per unit follows the historical spot market prices in the German
wholesale market chosen for the same day as the selected PV and WEC generation
profiles, taken from [157]. The fuel cost and carbon emissions coefficients for the
reference node balancing reserve are equal to the values used in the industrial study,
summarized in Table 5.1. Carbon emissions for renewable generation are assumed
to be negligible; thus, there is no corresponding equation accounting for the carbon
emissions for the dispersed DG units.

Note: There are two distinct PV unit types used in the simulation: 1) a PV-sourced
DG connected directly to the grid; 2) rooftop PV installation on a selected portion of
the residential population size. The increase in PV penetration signifies the increase
in rooftop PV numbers, not the directly connected DG units.

Figure 5.11: Modified Configuration of IEEE 85-node Distribution Grid with DG
Units
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5.3 Application Case with Residential Prosumers

Optimization parameters

The multi-objective OPF is executed simultaneously with 2 or 3 objectives, i.e., M = 2
or M = 3. The chosen value for weight resolution, i.e., H, is 23 for 3-objective prob-
lems, following [145]. Consequently, the calculated population size N using (4.49)
equals 300. Therefore, in a 3-objective problem, the OPF algorithm solves 300 sin-
gular sub-problems for every instant, t. The specifics of a 2-objective problem are
mentioned in the previous section. The time horizon τ is 24 hours for each simulation
with a resolution of 15 minutes. The relevant optimization parameters are equiva-
lent to those used for the industrial prosumer application case. The BFS method of
gradient computation is used for this application case.

5.3.2 Heating Control Patterns

As mentioned earlier, there are 7 different heating control patterns depending on
the heating temperature variation (const, var0, var1, var2, var3, var4, mix). The
daily demand profiles of 84 residential households are modeled according to the type
of heating control the consumers exercise. The 84 load profiles modeled for each
different household, acting as an agent in the demod environment, are applied to 84
corresponding grid nodes. Figure 5.12a and Figure 5.12b demonstrate the average
daily demand for 84 households under different heating control patterns for weekdays
and weekends, respectively. Daily consumption due to other household appliances
is also accounted for. The benchmark scenario uses constant temperature (const),
renovated apartments (improved detached), and a 0% penetration of rooftop PV.
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Figure 5.12: Average Daily Residential Demand Profiles acc. to Heating Control
Patterns
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Distribution Grid Results

The MOP for the connected radial distribution grid considers operational costs and
power losses. The MO-DOPF algorithm delivers well-spread PFs for the time inter-
val of intensive renewable generation averaging at least 120 Pareto optimal points.
However, two instances exist where the MOP problem ceases to conflict, i.e., a single
optimal point is satisfactory. Firstly, if there is no available renewable generation, the
only option to supply the demand is to use the conventional generator at the slack
node. Secondly, during negative spot market prices, the generators whose power is
bought from the market are cheaper than any other alternatives. However, during
some steps, the power losses and the costs of operation conflict even when market
prices are negative. The MO-DOPF algorithm successfully produces well-spread PFs
for such instances, albeit only in a few cases. The results indicate the importance of
analyzing the effect of market prices on the technical parameters of the distribution
grid. Figure 5.13 represents the minimum operational costs achieved by the MO-
DOPF algorithm for the distribution grid under changing residential heating control
patterns.
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Figure 5.13: Minimum Operation Costs for the Distribution Grid

Figure 5.14 represents the minimum active power losses achieved by the MO-DOPF
algorithm for the distribution grid under changing residential heating control patterns.
As the figures show, the algorithm maintains the system’s operational costs close to
the benchmark operation of a constant heating temperature with minor increases of
up to 0.4%. However, the change in the total active power losses is distinct. Table 5.6
summarizes the results for both objectives. var2 provides the worst combination of
increasing costs and power losses, whereas mix offers the best trade-off between costs
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5.3 Application Case with Residential Prosumers

and power losses of the system. However, minimizing the power losses comes at the
expense of incurring high carbon emissions of up to 20% as the network draws from
the reference node instead of connected DG units. Therefore, a random operation
of heating control patterns in the population promises the potential to support an
optimized grid operation regarding its system costs and power losses.
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Figure 5.14: Minimum Total Active Power Losses for the Distribution Grid

Control
Pattern

Weekday Weekend
Costs (%) Power Losses

(%)
Costs (%) Power Losses

(%)
const — — — —
var0 0.19 15.6 0.18 7.46
var1 0.37 17 0.35 11.36
var2 0.44 39.42 0.42 34.09
var3 0.11 8.82 0.14 2
var4 0.15 17.84 0.12 10.77
mix 0.04 1.9 0.06 2.56 ↓

Table 5.6: Summary of Changes in the System Costs and Power Losses in the
Distribution Grid

The proposed MO-DOPF algorithm’s average time to solve the 2-objective MOP for
a 24-hour simulation is 1.36 minutes for all cases. The average time per iteration to
solve 200 singular subproblems is 1.52 seconds. In conclusion, heating control patterns
considerably impact the grid’s economic, environmental, and technical parameters.
Extensive simulation studies can help identify suitable incentives and mechanisms to
control electric heat pumps in a grid-oriented manner.
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5 Performance Evaluation and Application

5.3.3 Types of Dwelling

This section examines four different types of apartments. It compares the impact of
renovated homes with better insulation to previous technology. Figure 5.15 represents
the different load profiles depending on the accommodation type for weekdays and
weekends, respectively. The data shows only a considerable difference between ren-
ovated family homes and all other types of buildings, especially during the daytime.
According to the results, renovation of single apartments does not contribute towards
energy savings. Figure 5.16 shows the respective PFs for weekdays and weekends at
midday. Improvement of costs and carbon emissions by 3% and 40%, respectively, can
be seen for improved terraced designs. Time efficiency parameters follow the results
from the previous section.
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Figure 5.15: Average Daily Residential Demand Profiles acc. to Types of Dwelling
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Figure 5.16: Mid-day Pareto Front of Costs and Emissions for the Distribution Grid
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5.3 Application Case with Residential Prosumers

5.3.4 PV Penetration Levels

In this section, six arbitrary levels of rooftop PV penetration are selected and applied
to the population to simulate self-consumption availability on the prosumer side. The
benchmark scenario assumes a 0% penetration level, i.e., no households are equipped
with a rooftop PV. Subsequently, we increase the presence of rooftop PV as:

• 5%, i.e., 4 households with rooftop PVs,

• 15%, i.e., 12 households with rooftop PVs,

• 35%, i.e., 29 households with rooftop PVs,

• 50%, i.e., 42 households with rooftop PVs, and

• 75%, i.e., 63 households with rooftop PVs

The daily simulations are carried out during the summer and winter days in June
and January. Demand for heating control pattern with constant temperature (const)
is included for the winter simulations. Figure 5.17 demonstrates the average residual
demand profiles for 84 households under different levels of rooftop PV penetration. As
is evident, the decrease in residential load reaches a maximum of 6.47% in winter and
101.47% in summer. Therefore, during winters, the residential load is still positive.
However, in summer, the residential demand for a time step with high PV generation
might be negative and treated as a potential generation source. Table 5.7 summarizes
the percentage decrease in average daily residential demand under different levels of
rooftop PV penetration.
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Figure 5.17: Average Daily Residential Demand Profiles acc. to PV Penetration
Levels
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PV Penetration Level [%] Summer Demand [% ↓] Winter Demand [% ↓]
0 — —
5 6.44 0.41
15 19.33 1.23
35 46.71 2.98
50 67.65 4.32
74 101.47 6.47

Table 5.7: Summary of Decreasing Residential Demand

Distribution Grid Results

The MOP considers three objectives simultaneously: system costs, power losses, and
voltage deviation. The MO-DOPF algorithm successfully produces a well-spread PF
for the winter simulation, averaging 190 Pareto optimal points. However, for the
summer simulations, the residential load is negligible or even negative during high
levels of PV penetration. In such cases, the PF is a straight line corresponding to
the weight vector. The impact of the influx of rooftop PV is studied on the technical
parameters of the distribution grid, such as the active power losses, see Figure 5.18
and total voltage deviation, see Figure 5.19. As seen from the plots, as the residential
load decreases during active PV periods for winter days, the power losses and the
voltage deviation decrease. At first glance, the result follows a similar pattern for
summer days. However, the issue arises in different areas during high levels of PV
penetration in the summer. Besides, the distribution grid saves up to 5% in winter
and 1.06% in summer regarding system costs with increasing PV penetration.
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Figure 5.18: Average Active Power Losses in the Distribution Grid
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Figure 5.19: Average Voltage Deviation in the Distribution Grid

Finally, Figure 5.20 shows the active power injection at the substation node during
summers. The negative sign signifies that active power is generated or injected into
the MV grid. The quantity of reverse power flow under the influx of rooftop PV on
the consumer side is a key performance indicator when determining the PV hosting
capacity of a distribution grid. Therefore, these results help in distribution grid
planning.
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Figure 5.20: Active Power Injection at the Substation Node

The results show that residential consumers’ adoption of advanced technologies
and varied usage schemes that depend on their socio-behavioral aspects consid-
erably impacts distribution grid operation. The proposed MO-DOPF algorithm
can produce well-spread PFs for every scenario and handle negative spot market
prices and negative load at the nodes.
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Summarizing the application cases, this thesis studies two types of industrial pro-
sumers with profit-seeking goals of self-optimization using a peak shaving strategy or
the energy arbitrage of a BESS unit. In the second application case, the impact of
residential consumers’ daily demand on diverse aspects of distribution grid operation
is studied. The demand profiles are modeled using socio-behavioral phenomena of the
involved human beings in the residential sector. The proposed EM architecture in a
co-simulation framework can communicate with different MAS systems or agents and
solve a grid-oriented multi-objective OPF problem with economic, environmental, and
technical objectives. The MO-DOPF algorithm successfully produces well-spread PFs
for all scenarios, maintains operational constraints, and minimizes concerned objec-
tives. Importantly, the calculation of the optimization problem follows a distributed
routine, ensuring the data privacy of all involved participants.

Chapter 5 Summary

Key takeaways from this chapter :

5.1) Optimality and computational efficiency of the distributed OPF algorithm

5.2) Performace of the proposed EMA architecture in a co-simulation frame-
work

5.3) An application case studying industrial prosumers and the impact of their
self-optimization practices

5.4) An application case studying the impact of residential consumers’ demand
depending on heat pump usage, building type, and PV penetration levels
considering socio-behavioral aspects
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6 Conclusion and Outlook

This thesis develops an agent-based hierarchical energy management architecture that
solves a constrained multi-objective optimal power flow problem by considering the
distribution grid’s economic, environmental, and technical parameters in a distributed
fashion to maintain the data privacy of the involved participants. The developed
model is applied in a co-simulation framework to interact with other agent-based
models, generating the necessary time series for simulation studies. This chapter
summarizes the research objective and the proposed solution. It critically discusses
the results obtained and clarifies the benefits and limitations of the proposed EM
solution. Finally, a future outlook for potential extensions and application cases
concludes the chapter.

Summary

To summarize the ongoing energy transition, the large influx of renewable genera-
tion in supply and demand sectors and controllable loads such as storage units, EVs,
and electric heat pumps is permanently changing the structure of power system op-
erations and electricity markets. With the inclusion of recently developed sectors
with electrification, such as power-to-gas and power-to-heat technologies, the scope
of distribution systems extends to multi-energy integrated systems. This increase
in the number of autonomous participants forming localized energy communities at
the distribution grid level beckons the importance of energy management models to
optimally operate all involved participants in a distribution grid ecosystem to deliver
a sustainable and secure electricity supply. Before such efficient and optimal EMS
can be deployed in the real world, simulation studies regarding EM models in their
associated environment help identify the essential properties in a satisfactory solu-
tion. Moreover, the results from EM models can assist in distribution grid planning
and operation by providing KPIs that signify the impact of technology adoption and
flexibility practices on the prosumer side in the electricity market. To this end, this
thesis posed the following research question:

How do we design and model an energy management architecture for
low/medium-voltage distribution grids that can optimally address the grid’s

economic, environmental, and technical aspects under intensive electrification and
flexibility practices by industrial and residential consumers?
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6 Conclusion and Outlook

Reviewing recent literature on EMS for modern distribution systems helps identify the
primary properties in terms of objectives, architecture, types, involved participants,
and communication and control protocols to consider while modeling an efficient and
optimal EMS. Plenty of work is being conducted on distributed EM systems offer-
ing diverse functions for different players in the electricity value chain. However,
this thesis identifies a few critical research gaps: a holistic EMS model applicable to
the integrated distribution systems that can tackle flexible prosumers with increas-
ing electrification and controllable loads, dispersed volume of renewable generation,
evolving business models, and providing grid-aware optimal solutions. EMS mod-
els have been applied to optimally manage available resources in microgrids, smart
homes, and industries. However, suitable solutions need to be found that can facil-
itate a closed-loop interaction between the involved participants and the connected
distribution grid to ensure system constraints are respected. The optimal set-points
should be achieved with limited information to preserve the data privacy of market
participants. Regarding the inclusion of consumer demand, expository modeling of
active prosumers in industrial and residential sectors following socio-technical princi-
ples and their integration within the EMS without over-simplification is a necessary
next step.

Therefore, this thesis answers the research question by proposing an agent-based hi-
erarchical EMS architecture. Agent-based modeling inherently supports parallel and
distributed computation through pre-defined communication protocols. The hier-
archical architecture shields relevant information from being shared with a central
coordinator agent to preserve data privacy. The information flow between the EM
models and the participants follows the regulatory structure of the German electric-
ity market. The proposed EMA offers an online optimization function that solves a
multi-objective problem in a distributed fashion, utilizing agent communication in-
frastructure while adhering to system constraints. An online algorithm facilitates
the closed-loop feedback mechanism between the participants and the distribution
grid, ensuring that the physical laws of the grid are always satisfied. Finally, for the
application cases, this thesis implements the proposed architecture in a co-simulation
framework, a practical setting that mirrors real-world conditions, to form a holistic
model of the distribution grid ecosystem. The co-simulation environment consists
of industrial and residential prosumers. Diverse simulation scenarios are designed
and executed to study the impact of consumer flexibility on the distribution grid
characteristics. The results provide essential KPIs that can help in distribution grid
planning and operation.
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Critical Review

As is evident from Chapter 5, the agent-based EMA architecture connects to other
MAS or agent-based simulators in a co-simulation framework solving a constrained
multi-objective problem. It handles industrial and residential prosumers under diverse
scenarios and generates manifold pareto optimal points that provide essential KPIs
for distribution grid planning and operation. For example, the BESS capacity of
an industrial prosumer can provide ancillary services to the distribution grid, as the
results show the potential of offering BESS scheduling into the electricity market
under specific scenarios. Similarly, for residential prosumers, the reverse power flow
under high levels of rooftop PV penetration can indicate the hosting capacity of the
distribution grid. Furthermore, the algorithm respects system constraints and finds
the optimal solution in a distributed manner. The optimality and computational
efficiency of the proposed distributed OPF algorithm using two alternative methods of
gradient computation support the method’s applicability to real-time implementation
in real-world scenarios. Although the current version of the algorithm applies to
arbitrary grid topologies, the examples consider single-phase networks. Appropriate
modifications can extend the algorithm to multi-phase unbalanced networks.

Furthermore, it is crucial to acknowledge that the architecture has its limitations
due to model errors, incorrect assumptions, and failed hypotheses. For instance, the
assumption of an aggregator acting as an EMA will depend on several regulatory
and infrastructure guidelines in the future, which might prompt modification in data
and control flows in the proposed architecture. The arbitrary levels of rooftop PV
penetration and their capacity sizes can exhibit different behaviors when real-world
data is used on both the consumer and grid side without data normalization or ag-
gregation inaccuracies. The consideration of socio-behavioral aspects of residential
prosumers and the unavailability of local market data hindered closing the negoti-
ation loop with the distribution grid to establish tangible DR strategies. Similarly,
the hypothesis that adding a curtailment penalty will help raise the use of renewable
generation in the system does not hold to the current MOP problem. The curtail-
ment penalty is a proxy to minimize emissions within other objectives, introducing
unnecessary redundancy. Although this thesis experimented with a vast number of
simulation scenarios stemming from several combinations regarding the optimization
parameters, day, season, prosumer activity, market price, adoption level, etc., there
is still room for developing further scenarios involving aspects beyond the scope of
this thesis.
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Future Outlook

Several possibilities exist for extending the application of the proposed EMA architec-
ture. Appropriate modifications to the agent-based architecture and the MO-DOPF
algorithm can significantly strengthen the solution’s functionalities.

Simulation Architecture

The first step could be to extend the application case with residential prosumers to
communicate in a feedback loop with the distribution grid via the primary EMA to
facilitate direct load control of flexible units such as electric heat pumps, BESS units,
or EVs. Variations in heating and EV charging for residential consumers heavily de-
pend on their comfort and willingness to adopt flexibility. Therefore, innovative data
analysis tools developed to study the output from the EMA architecture can suggest
suitable incentives to motivate consumer willingness. The simulation environment
can include more participant models representing gas and heat networks, hydrogen
production units, and localized markets. Integrating the EMS with a localized market
simulator will help envision the future scenario of neighbor-to-neighbor trading at the
distribution grid level. SIMONA can be modified to host the primary EMA and treat
the optimization routine as a library, which opens up a variety of further application
cases for SIMONA, which are being examined in Redispatch 3.0 5, Transense 6, and
ReCoDe 7.

MO-DOPF Algorithm

As stated before, there is a large number of distributed algorithms available to solve
power flow optimization. The online Gradient projection algorithm was selected for
its suitability to the agent communication protocol presented. Extensive scalability
analysis to differentiate the computational efficiency and accuracy of the alternative
gradient computation methods in real-world distribution grid scenarios is required to
verify the robustness and applicability of the algorithm substantially. Examination of
other distributed methods and their integration as alternate agent behavior states or

5https://ie3.etit.tu-dortmund.de/research/third-party-projects/distribution-grid-planning-
operation/redispatch-30/

6https://ie3.etit.tu-dortmund.de/research/third-party-projects/distribution-grid-planning-
operation/transense/

7https://ie3.etit.tu-dortmund.de/research/third-party-projects/distribution-grid-planning-
operation/recode/
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software libraries can extend the scope of the simulation framework. SIMONA can cal-
culate the power flow for multiple voltage levels. Therefore, introducing transformer
handling in the MO-DOPF algorithm to include multiple voltage levels in a single
simulation, i.e., multiple GA agents interacting with the primary EMA, could be an-
other potential improvement. In this way, reverse power flows between grids can be
optimally regulated. The objectives of the EMA can offer further parameters such as
line loadings and frequency regulation to support congestion management and power
system stability. Stricter constraint handling techniques for the generation limit on
DG units will numerically improve the algorithm’s performance.

Closing Remarks

The energy management solution developed in this thesis represents a significant
response to the formulated research question. Modeling emerging technologies and
business models is inherently an iterative process, with each iteration refining the
model to reflect real-world scenarios more accurately. Despite the progress made,
numerous open research questions and critical implementation challenges remain in
the transformation of power systems. Consequently, this thesis contributes signifi-
cant advancements toward realizing a sustainable and secure operation for modern
distribution systems in liberalized electricity markets. While much work still needs
to be done, these contributions mark crucial steps forward in the ongoing evolution
due to energy transition.
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Appendix

Step-by-Step Gradient Computation

For Carbon Emissions

The objective function for carbon emissions is given by:

LGHG(x) = α0p0(x)2 + β0p0(x) + γ0 + ω0e
µ0p0(x)

The following steps compute the derivative of the objective function w.r.t. the control
variables:

• w.r.t. real power injections, pi

∂LGHG(x)
∂pi

= 2α0p0
∂p0
∂pi

+ β0
∂p0
∂pi

+ γ0 + ω0e
µ0p0

∂p0
∂pi

= (2α0p0 + β0 + ω0e
µ0p0) ∂p0

∂pi

• w.r.t. reactive power injections, qi

∂LGHG(x)
∂qi

= 2α0p0
∂p0
∂qi

+ β0
∂p0
∂qi

+ γ0 + ω0e
µ0p0

∂p0
∂qi

= (2α0p0 + β0 + ω0e
µ0p0) ∂p0

∂qi

where the derivative of γ0 = 0 because it is a constant.

For Active Power Losses

The objective function for active power losses is given by:

Lploss
(x) =

∑
i∈E

gij

[
vi(x)2 + vj(x)2 − 2vi(x)vj(x) cos θij(x)

]
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Appendix

The derivative of the trigonometric term is of special importance. Let,

ω = cos θij(x) = cos θi(x) cos θj(x)− sin θi(x) sin θi(x)

Therefore:

∂ω

∂xi
= cos θj(x)

[
− sin θi(x) ∂θi

∂xi

]
+ cos θi(x)

[
− sin θj(x)∂θj

∂xi

]
−

sin θj(x)
[
− cos θi(x) ∂θi

∂xi

]
− sin θi(x)

[
− cos θj(x)∂θj

∂xi

]

Expanding the equation:

= [cos θj(x) sin θi(x)− sin θj(x) cos θi(x)] ∂θi

∂xi
−

[cos θi(x) sin θj(x)− sin θi(x) cos θj(x)] ∂θj

∂xi

= sin θij(x)∂θj

∂xi
− sin θij(x) ∂θi

∂xi

= sin θij

(
∂θj

∂xi
− ∂θi

∂xi

)

Finally, the derivative of the objective function results in:

• w.r.t. real power injections, pi

∂Lploss
(x)

∂pi
= gij

(
2vi

∂vi

∂pi
+ 2vj

∂vj

∂pi
− 2vjω

∂vi

∂pi
− 2viω

∂vj

∂pi
− 2vivj

∂ω

∂pi

)

• w.r.t. reactive power injections, qi

∂Lploss
(x)

∂qi
= gij

(
2vi

∂vi

∂qi
+ 2vj

∂vj

∂qi
− 2vjω

∂vi

∂qi
− 2viω

∂vj

∂qi
− 2vivj

∂ω

∂qi

)
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For Total Voltage Deviation

The objective function for the total voltage deviation is given by:

LVdev
(x) =

N∑
i=1
|vi(x)− vnom(x)|

The derivative is:

• w.r.t. real power injections, pi

∂LVdev
(x)

∂pi
= ∂vi

∂pi
− ∂vnom

∂pi

∂LVdev
(x)

∂pi
= ∂vi

∂pi

• w.r.t. reactive power injections, qi

∂LVdev
(x)

∂qi
= ∂vi

∂qi
− ∂vnom

∂qi

∂LVdev
(x)

∂qi
= ∂vi

∂qi

where the derivative of vnom = 0 because the nominal voltage is a constant.
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