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Kurzfassung


In Anbetracht des fortschreitenden menschenverursachten Klimawandels und der Rolle von Energie bei der Sicherung eines hohen Lebensstandards für die Weltbevölkerung, wurde und wird die Energiesystemoptimierung genutzt um Erkenntnisse zu unterschiedlichen, möglichen Strukturen des Energiesystems zu gewinnen. Ein Hauptaspekt der aktuellen Forschung ist es kosteneffiziente Energiesysteme zu identifizieren, die eine Senkung der Treibhausgasemissionen erlauben. In diesem Kontext wird im Rahmen dieser Arbeit untersucht wie sich die Unsicherheit in Bezug auf zukünftige Technologiekosten auf die Ergebnisse von Energiesystemoptimierungen auswirkt. Erreicht wird dies mittels stochastischen Optimierungen mit dem Ziel der Kostenminimierung unter Berücksichtigung von Wahrscheinlichkeitsverteilungen. Diese repräsentieren erwartete, zukünftige Technologiekosten und deren zugrundeliegende Unsicherheit. Basierend auf theoretischen Überlegungen und einem vereinfachten Beispielenergiesystem wird gezeigt, dass die jensensche Ungleichung dazu führt, dass Szenariooptimierungen, die nur den Mittelwert der zukünftigen, erwarteten Kostenverteilung berücksichtigen, die notwendigen optimalen Systemkosten systematisch überschätzen.


Ein Energiesystemoptimierungsmodell für Deutschland, welches Wärme-, Elektrizitäts- und Verkehrssektor berücksichtigt, wird formuliert und stochastische Optimierung darauf angewendet. Die Ergebnisse werden mit den Szenarioergebnissen verglichen. Es wird untersucht in wie weit ein Metamodell basierend auf Faktoreffekten oder die Verwendung von weniger Optimierungen für die stochastische Optimierung eine Verringerung des Rechenaufwands ermöglichen. Die Ergebnisse bestätigen ein Überschätzen der notwendigen Systemkosten, wenn der Szenarioansatz basierend auf dem Mittelwert der erwarteten Kosten genutzt wird. Im Fall einer vorgegebenen minimalen Reduktion der CO2-Emissionen um 80 % gegenüber 1990 werden die notwendigen Kosten um ca. 3.5 % und im Falle eines vollständig erneuerbaren Systems um 0.4 % überschätzt. Die stochastische Optimierung liefert den Interquartilsabstand, der genutzt werden kann um die Unsicherheit des Ergebnisses zu charakterisieren. Dieser liegt für das komplett erneuerbare System zum Beispiel bei 13.2 € MWh-1 bzw. bei 27.3 % des Mittelwerts.


Von den untersuchten Möglichkeiten den Rechenaufwand zu verringern zeigt die Nutzung von 30 bis 60 Optimierungen anstatt der 500 Optimierungen, die als Benchmark genutzt werden, vergleichbare Ergebnisse. Die Nutzung der betrachteten Metamodelle hat, abgesehen von der Möglichkeit extreme Ergebnisse vorherzugsagen, im Vergleich dazu keine Vorteile.


Für einige Ergebnisgrößen, insbesondere in den untersuchten nicht erneuerbaren Fällen, weicht der Erwartungswert, der aus der stochastischen Optimierung resultiert, stark von dem Ergebnis der Szenariooptimierung ab. Ein Beispiel dafür sind die CO2-Emissionen, von denen in einem kostenoptimalen System nach der Szenariooptimierung nur ca. 18 % des Erwartungswerts der stochastischen Optimierung emittiert würden. Ähnliche Abweichungen können für andere Ergebnisgrößen identifiziert werden auch wenn die meisten Erwartungswerte durch den Szenarioansatz relativ genau approximiert werden.


Die Anwendung von Algorithmen zur Klassifizierung der Ergebnisse zeigt sich nützlich um die Vielzahl der unterschiedlichen aus der stochastischen Optimierung resultierenden Systeme auszuwerten und z. B. zugrundeliegende Systemstrukturen zu identifizieren. Die inhärente Robustheit der stochastischen Optimierung gegenüber kleinen Änderungen der Eingangsgrößen erhöht das Vertrauen in die Ergebnisse. Dies ist besonders relevant, da der Einfluss von geänderten Einflussgrößen bei Szenariooptimierungen, die die meisten veröffentlichten Studien darstellen, aufgrund der Komplexität der Optimierung nicht a-priori bestimmbar ist.










Abstract


In the light of anthropogenic climate change and the importance of energy to ensure high standards of living, energy system optimization has been and is used in order to gather knowledge regarding different possible energy system layouts. One main driver in recent years has been determining possibilities to cost efficiently mitigate greenhouse gas emissions. In this context this work investigates the influence future uncertainties regarding technology costs have on optimization results. This is achieved by performing energy system optimization with the optimization objective of reducing system cost using stochastic optimization with underlying probability distributions to capture expected future cost and its uncertainty. Based on theoretical considerations and a minimal example energy system, it is shown that Jensen’s inequality leads to an overestimation of necessary, optimal system cost when a scenario optimization taking into account only the expected technology cost means is used.


Stochastic optimization is used on a herein constructed model of the German energy system that comprises electricity, heating and transport sector. Stochastic optimization results are compared to the corresponding scenario results based on the cost distributions means. The derivation of a factor effect based meta model as well as the use of fewer optimizations in stochastic analysis is investigated as means to reduce the computational effort of the proposed methodology. The results confirm the overestimation of necessary cost achieved by scenario optimization, in the complex example by about 3.5 % at the boundary condition of at least 80 % emission reduction compared to 1990 and 0.4 % if the system is completely renewable. Stochastic optimization also yields the inter quartile range which can be used to characterize uncertainty. In the case of a completely renewable energy system the inter quartile range is 13.2 € MWh-1 respectively 27.3 % of the mean.


From the investigated possibilities to reduce computational demand the use of 30 to 60 optimizations in the stochastic case yields similar results compared to the use of 500 optimizations, which serve as benchmark. The use of the proposed meta models does not yield significant advantages apart from the possibility to predict extreme results, which do not show up in the reduced case with 30 to 60 underlying optimizations.


For some result parameters, especially in the not completely renewable cases, the expected value from stochastic optimization differs greatly from that achieved by scenario optimizations. One example are expected carbon emissions at an emission limit of 20 % of 1990 emissions. In this case the scenario optimization yields only about 18 % of the CO2 emissions that result as the the mean of stochastic optimization. For other parameters similar differences are revealed while most parameters are represented well by the scenario results.


Clustering is shown to be useful to manage the plethora of different results from stochastic optimization as it allows to identify underlying system layouts. Stochastic optimization with probability distributions are inherently robust as small changes to the distributions effect the outcome only little. This allows strengthening trust in results as usually readers of energy system studies do not agree with the authors on cost assumptions and the implications of input parameter changes are not predictable due to the complexity of the topic.
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Chapter 1


Introduction and Motivation


Energy is important. This is expressed in the use of energy related vocabulary and expressions in everyday life relating to our emotional and physical well being. The development and increase of energy use has historically been closely linked with the improvements in standard of living and economic development [1]. According to MacKay the use of 1 kWh d-1 is comparable to the availability of a human servant [2]. With a final energy consumption of about 2.5 PWh and a population of 82.9 million in 2018 [3] this equals about 85 servants for each person that lives in Germany, not including the energy expense of imported goods. Even though in the last decades a decoupling of energy consumption and the development of economic indicators as e.g. the gross domestic product has been observed [4], there is no doubt that availability of energy is crucial for achieving a high standard of living for the world’s population.


Research in energy systems in the past has been motivated mainly by the need to ensure security of supply. While this is still a relevant topic, in recent years the public consensus based on scientific evidence that anthropogenic climate change is taking place, has caused the mitigation of greenhouse gas emissions to become one of the most important motivations to investigate energy systems as well as to propose and plan possible futures of energy supply.



1.1 Energy System Optimization


Energy system optimization, i.e. a matching of energy supply and demand in an mathematical optimization model, is a useful tool for energy system planning and widely used in government and industry. Many different aspects spanning local to global energy supply, sometimes also including non energy sectors which interact with the energy sector, have been investigated using energy system optimization models.



1.1.1 Uncertainty in Energy System Optimization


Despite or because of the high value energy delivers, the goal of energy system optimization is usually to propose an energy system that supplies energy at the lowest cost, as a measure for efficiency. One of the great advantages of energy system optimization is the possibility to internalize currently externalized costs such as environmental damages from air pollution or the global damages caused by climate change. For these costs the German environmental agency recommends the the use of climate damage costs of 180 to 730 € tCO2 -1 depending on the time of emission and how much of the cost inflicted on future generations is taken into account [5].


As the goal of energy system optimization is frequently to give design guidelines for a cost efficient future energy system, there is the necessity to assume values of future properties of the energy system. These are especially technology costs and conversion efficiencies. Any assumed value in this context is, without doubt, heavily uncertain, especially concerning costs. There are many methodologies to systematically derive future costs, and yet there is scientific evidence, that any estimate is always only a guess and for more than a couple of years in the future the prediction quality is basically that of chance [6].



1.1.2 Opportunities and Challenges of Stochastic Optimization of Energy Systems


The term stochastic optimization is not always used with the same meaning. Herein solving an optimization problem many times in order to achieve distributions of the output parameters is intended. This procedure allows for a discretization of the uncertainty regarding input parameters in the form of probability distributions. Therefore stochastic optimization enables both, to evaluate the effect of uncertainty on probable optimal future energy systems and to gain more information from an optimization model compared to a scenario analysis with a set of different scenarios.


Regarding the use of stochastic optimization there are some challenges which might be the cause for the not yet wide spread use of this methodology. These challenges include the communication and interpretation of results and assumptions. In the case of stochastic optimization all these are not single figures but distributions which makes their elaboration much more complex. Another drawback to stochastic optimization is the higher computational effort compared to a scenario analysis due to the necessity to run the optimization many times with different input parameter combinations. Generally models are becoming more complex and detailed, which leads, in the perception of the author, to little or no improvement regarding the computational time required to run an optimization as advances in computing are compensated.


In order to highlight the advantages and contribute to the possibility for wide spread use of stochastic optimization in energy systems some investigations are carried out. These include an investigation of systematic errors when not considering uncertainty as well as the effect and magnitude of the amount of uncertainty. This is expressed by the number of uncertain parameters and the probability distribution widths. Additional to these investigations on a simplified energy system model, a more complex and, in terms of comparability to state of the art energy models, more relevant model is constructed. It models the German energy system and is used for stochastic and scenario optimization. The results are compared and evaluated regarding the information gain. In order to address the before mentioned challenges of interpretability and communication regarding stochastic optimization, factor effect methodology and clustering algorithms are applied. These are used to investigate possible insights regarding the dependencies of optimal configurations from the uncertain parameters and to reduce complexity by introducing clusters with similar properties regarding the energy system structure. This allows for easier communication of energy system optimization results and additional insights, as the structure of the energy system itself, which for many decision makers is one of the important information from energy system optimization, is the criteria for clustering. To enable the use of stochastic optimization also for complex models which do now allow for many model runs, meta model derivation based on factor effect methodology is investigated alongside the use of distributions consisting of fewer optimizations. The comparison reveals comparable information gain for both approaches, with higher accuracy when stochastic optimization with smaller distributions is used compared to meta models based on the same number of optimizations. It is demonstrated that the use of less optimizations enables the computational effort to be reduced significantly while retaining many of the advantages of stochastic optimization.










Chapter 2


State of Knowledge


This chapter is intended to give insights into the development and current state of research regarding energy system optimization and the consideration of uncertainty. When using the term energy system optimization herein the focus is not on the technology scale as e.g. engines or gas turbines including thermodynamic modeling etc., but instead the energy system itself, providing energy in a spatial and temporal context to consumers when it is needed. In the first section of this chapter a definition of energy system planning is given. Furthermore the historic development of energy system optimization and the different aims with which research has been and is performed as well as the different model types and methods that are used are summarized. The research focused on uncertainties in energy systems, its origins, quantification and how it is accounted for in energy system optimization is part of the second section of this chapter.



2.1 Energy System Optimization (ESO)


Historically the development of ESO was catalyzed by two trends. On the one hand this was the growing complexity of energy systems including a mix of generation technologies such as hydro, pumped hydro and thermal power plants as well as more complex transmission grids [7]. The other important trend was the development of the necessary mathematical tools [7] which has ultimately led to ESO as we understand it today. Pumped hydro power plants e.g. introduce storage into the power system, the optimal operation of which is not trivial. An important milestone in the development of ESO was the definition of "System Planning" by a subcommittee of the Edison Electric Institute in 1953 that was disseminated by the Edison Electric Institute and the American Institute of Electrical Engineers [8].


“System planning is the preparation of a rational program for the development of an electric power system, so that it can evolve in an orderly and economic manner. It includes forecasting and analyzing loads, rationalizing standards of service, anticipating trends in equipment design and coordinating the various elements of the system into a well-designed whole; it is particularly concerned with plans for changes and additions to generation, transmission, substations and distribution facilities. It is not concerned with the problems of day to day operation or design except to the extent that these problems effect future system development. Briefly, electric system planning is the process of determining when, what facilities should be provided where in order to assure adequate electric service at minimum average annual cost to the community.” [8]


Contrary to the definition from the Edison Electric Institute, in the early stages the upcoming techniques have been used especially for power plant scheduling and plant operation. Kirchmayer [7] gives an overview over the scientific developments from 1942 to 1950. These include economic loading, reduction of transmission losses, the representation of incremental fuel costs and the necessary mathematical methods for optimized scheduling, automatic operation of networks and dispatching. All these advances have been made with the goal to lower the cost of providing electricity [7]. Kirchmayer himself contributed widely to the field of operation planning, the publications [9–11], co-authored by him, all regarding hydroelectric plants, their operation or interaction with other power plants, have each been cited over 20 times with the most recent citations in 2018 and 2019, showing the continued relevance of the approaches. The mathematical basis for ESO as we know them today, originating from the years 1949 to 1963, have been presented in 1963 by Dantzig [12]. This includes the introduction of the term linear programming for linear inequation theory with the goal of minimization. He states that what linear equation theory had been for the natural sciences, linear inequation theory, i.e. linear programming, has become for decision problems [12].


In 1974 Finon describes a mathematical, linear programming model of the French energy sector [13]. The optimization model spans the years 1976 to 2020, divided in various sub periods. It includes energy conversion processes, distribution and storage, as well as different types of consumption including transport, residential and industry sector. The demand side is simplified via a representation of three demand configurations derived from time series analysis. The three load cases are peak load, i.e. the 120 hours with the highest load, base load and the “critical period”, which Finon identified as most influencing for the plant choice and which corresponds to a 800 to 1200 hour per year period with high load, inferior to that of peak load. With this representation in order to allow for an optimization of the installed capacity of energy infrastructure and conversion technology, Finon performs system planning according to the definition by the Edison Electric Institute [8]. The basis of the model is that energy supply and demand must be balanced during each period. Many current ESO models work similar to Finon’s model, their underlying structure is depicted in fig. 2.1. This structure is adapted to the different aims with which models have been developed. This combination of system planning with optimization is called ESO. As Finon’s model contains the simplification of only three load conditions, it is not suited to optimize volatile electricity production e.g. by photovoltaic or wind power plants. As these have become more important during the last decades, many models with a higher resolution in time have been developed.
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