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Abstract
With the increasing share of renewable and thus volatile distributed generation worldwide, small-scale
energy producers, prosumers and consumers will become more and more involved in the overall en-
ergy system. These small-scale actors were formerly excluded from the energy market, as legislative
restrictions about generation size and legal stipulations prohibited them from actively taking part in
the bidding process. While DERs of intermittent nature (such as PV installations) already constitute a
significant part of the generation mix, the wholesale electricity markets have not been designed tak-
ing their characteristics (production variability, low predictability, zero marginal cost of generation and
strong site-specificity) into account, thus making their market integration harder.

Local electricity markets (LEMs) solve this issue by providing a local market platform to residential
actors within a community. They empower small scale electricity producers, prosumers, and con-
sumers and offer economic incentives for creating local electricity balances. Yet, definitions of LEMs,
their concepts and market mechanisms are mostly case driven instead of comparative. Furthermore,
mechanisms which induce truthful bidding from market participants have received little attention within
the context of residential LEMs. This thesis attempts to address these gaps by comparing several
truthful double auction mechanisms and proposing a market mechanism framework suitable for resi-
dential LEMs. A Monte Carlo simulation is conducted to compare mechanism performance indicators
under various LEM scenarios. Main performance indicators include the quantity of energy traded lo-
cally, gains-from-trade between market participants and total revenue received by the market operator.
Finally, recommendations on capturing the value of implementing truthful mechanisms are made for
potential LEM stakeholders.
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Executive Summary
The thesis is written in the context of a world in which distributed residential renewable energy sources,
guided by economic and political goals, assumes an increasing share of the energy mix within the Eu-
ropean energy sector. Given its potential economic, technological and social benefits, local energy
markets (LEMs) could take on a significant role in the localizing power flow, increasing local renew-
able autocracy, empowering the residential agents to develop from passive price takers towards active
market participants, and supporting the overall decentralization of the future electricity system. A lo-
cal electricity market is a market platform for trading locally generated (renewable) electricity among
residential agents within a geographically and socially close community. Security of supply is ensured
through connections to a superimposed electricity system (e.g. national grid or adjacent local electricity
markets. Thus, the electricity transition from the former fossil fuel-based generation structure towards
a sustainable, renewable-based, multidimensional system becomes feasible.

LEMs are online virtual markets involving competitive behavior between rational and self-interested
agents with a different objective than the platform provider that oversees the operation of the market.
In a competitive environment with money, agents are incentivized to prioritize maximizing their profits
and savings. In some cases when market rules allow, agents will make decisions to manipulate market
outcomes in their favor. Thus the platform provider is tasked with designing and conducting a fair
market platform for all participants. The study primarily focuses on the micro-economic theory of LEM
mechanisms with the objective of inducing truthful behavior among market participants.

The competitive environment, the intrinsic susceptibility to market failure, and lack of attention in
current research on the implementation of market mechanisms in local energy markets constituted as
the main motivations behind the main question of this research:

Which market mechanism is suitable for a residential local energy market which defers
non-truthful behavior of market participants?

These specific characteristics determined game theory and mechanism design theory as suitable
tools to implement market mechanisms which aligns with the goals of this research. By capturing
LEMs in a game theoretic frameowrk, identifying suitable auction mechanisms and reflecting close-
to-real-world electricity profiles of residential consumers and prosumers, this thesis sought to provide
insights on macro perspectives of this market. The macro perspective takes on the standpoint of the
LEM platform provider and examined the benefits and drawbacks in implementing the chosen truthful
double auction mechanisms.

This resulted in a research approach which attempts to use a Monte Carlo method to identify in-
fluential parameters in the bid determination of the market participants such that the intended market
outcomes are achieved. The research objective is therefore formulated as:

To compare and determine suitable truthful market mechanisms by incorporating realistic
residential household electricity profiles as input for a LEM model.

In relation to the research objective, it is necessary to first give a clear description of this problem.
This resulted in the formulation of the first sub-question:

• SQ 1: What are the main characteristics of LEMs and the stakeholders involved and What
type of market design best describes residential local energy markets?

In Chapter 2, a literature review was conducted and the main characteristics and stakeholders of
LEMs are identified. The general market design framework of LEM is proposed as a discrete-time
sealed-bid double auction. Simplifications made to the market framework allows us to align the market
structure (the market rules and market mechanism) with the desired agent behavior to achieve the
intended market outcome. In terms of market structure, the most important stakeholders of the LEM
investigated in this study are: consumers who aim to minimize consumption costs, prosumers who aim
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viii 0. Executive Summary

to either maximize profits or minimize consumption costs, and the auctioneer who aims to maximize
total market value.

In order to motivate the choice for selecting mechanism design theory as the main approach for this
study, the second sub-question is formulated:

• SQ 2:What are the key concepts of game-theory and mechanism design and can these ele-
ments of economic theory be used to induce truthful behavior in the design of a residential
local energy market?

Chapter 3 served as a primer on the field of game theory and introduced the necessary conceptual
building blocks in order to formulate the LEM structure as a game. In terms of the proposed LEM frame-
work, the strategic form was determined to be the more suitable game representation. Furthermore,
the LEM is formulated as a non-cooperative game played between residents within a community look-
ing to either buy or sell up to a certain amount of energy. Every household is self-interested with a goal
of gaining maximum profits for selling or maximum utility for purchasing. Each household holds some
private information and thus have incomplete information about the game environment. Furthermore,
households have imperfect information about the market because their own historical energy usage
is considered private information and unknown to other households. The bids that households submit
to the auctioneer in each round of the double auction is considered as pure strategies, and the best
response strategy of each household should produce a competitive market equilibrium. Formulation of
the LEM structure as a game requires us to choose a solution concept, or equilibrium concept. From a
macro perspective, the dominant strategy equilibrium is chosen due to the powerful property in which
each agent’s best response strategy is to reveal its private information truthfully. Yet a game theoreti-
cal approach is not sufficient for us to ensure that a dominant strategy equilibrium exists, because the
market rules have not been defined. We continue the discussion of inducing truthful behavior in market
participants from a completely different approach in Chapter 4. While game theory is concerned with
agent behavior in equilibrium (and thus the resulting strategy that it should play), mechanism design
theory allows us to construct market rules to induce a game among the agents in a way that in an
equilibrium state of the induced game, the desired system-wide solution is implemented. The mecha-
nism design objectives that align with the goal of the research are identified as incentive compatibility
and individual rationality. Incentive-compatible dominant-strategy mechanisms are chosen as appli-
cable market mechanisms to be implemented in the LEM auction design. At this point, the second
sub-question has thus been answered.

In Chapter 5, the usage of mechanism design theory results in the determination of two incentive-
compatible double auction mechanisms, as well as an untruthful mechanism which serves as a point
of reference. The Walrasian mechanism is not an incentive-compatible and serves as a benchmark for
the comparison of truthful mechanisms. The impossibility theorem proposed by Myserson and Satter-
waithe creates a trade-off in achieving desired mechanism properties. The two incentive-compatible
mechanisms explored in this study are the VCG mechanism and the Huang mechanism. The VCG
mechanism is mathematically elegant in its ability to process offers with perfect efficiency and dom-
inant truth-revealing strategies, yet it requires the market operator to subsidize trades. The Huang
mechanism provides the market operator with a revenue for conducting trades, but its allocation rule
requires a trade reduction which reduces the its efficiency.

Now that the theoretical aspects of the study has been addressed, Chapter 6 begins the formulation
of the research design and methodology required to compare the mechanisms in a way which reflects
the research objective. Thus the last sub-question of this study is formulated:

• SQ 3: What are the main factors that influence market mechanism performance and how
can we create a simulation environment that enables us to compare market mechanisms
in the context of residential LEMs?

The double auction market design proposed in Chapter 2 is further specified in able to conceptual-
ize the model. Modeling the implementation of truthful double auction mechanisms requires careful
determination of what constitutes as the “core” of the study and what is superfluous “noise”. Elimi-
nating elements that have negligible influence on the objective of the study enables the modeler to
enhance the effects of the core interactions. Developing critical assumptions and specifications of the
model environment will simplify the model itself without distorting the results obtained. In line with the
overall objective of the thesis project, the components attributed to the private information of market
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participants are formulated and the auctioneer’s responsibilities within the LEM structure are clarified.
Furthermore, we identified the following LEM model outputs which serve as important metrics on which
the mechanism comparison is based: Market Clearing Price, Buyers’ Utility, Sellers’ Profit, Quantity
Traded, and Budget Balance.

Chapter 7 serves as a description of the simulation methodology of the model, which takes on
a Monte Carlo method in order to capture the various LEM scenarios. A focus is put on the macro-
perspective of bid determination, where input parameters describe themean 𝜇 and standard deviation 𝜎
of the bid price (𝑠፯ and 𝑏፯) and volume (𝑠፪ and 𝑏፪). The simulation methodology first attempts to identify
the most influential parameters in terms of bid determination, then seeks to validate the insights gained
by modeling realistic generation and consumption data of residential households.

In Chapter 8, the results of the model simulation are presented. From the sensitivity analysis, it is
observed that the 𝜇፬፯ and 𝜇፛፯ parameters describing the mean valuation of the bids heavily influences
the market outcome KPIs. This insight serves as a validation for the inference that truthful behavior of
rational agents when valuing the energy supplied or demanded must be properly incentivized for the
platform provider to reliably achieve intended market outcomes, which are the maximization of market
value and localization of energy flows. The comparison of the three mechanisms was conducted under
various residential microgrid LEM scenarios. Separate simulations were conducted under increasing
residential PV penetration rates and under different population sizes. The results of the comparison
indicates the VCG mechanism as a superior market mechanism for the LEM double auction structure.

At the end of Chapter 9, a number of areas for further research are appointed. These include
methods to increase the functionality of the model andmeans to improve the accuracy of the predictions
of the model. In this chapter, additional areas of further research with respect to the domain of public
policy are also advised.
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1
Introduction

In general, if any branch of trade, or any
division of labour, be advantageous to the
public, the freer and more general the
competition, it will always be the more so.

Adam Smith

In the current landscape of electrical power production, transportation, and consumption, the energy
sector is experiencing a paradigm shift. Specifically, within the last decade, this technological transition
has been led by a significant increase in the viability and integration of renewable energy sources
(RES) on the industrial, commercial, and residential scale. Additionally, innovative information and
communication technology allow for efficient and complex coordination between control systems. The
next-generation of power-grids are being designed with renewable energy in mind, which opens up
new challenges and opportunities to integrate distributed generation into the energy supply system.
Former top-down, centralized energy systems need to be adapted to take full advantage of the immense
potential of decentralized energy generation and smart, interconnected end users. As the viability for
the decentralization of electricity markets grows, this has led to ambitions to build solutions in which
owners of solar panels can sell their production to other consumers on the local low-voltage distribution
system. The paradigm shift in the socio-technological landscape of the energy sector is illustrated in
Figure 1.1 below.

Figure 1.1: The electricity market is experiencing a shift to more distributed energy generation and an increasing share of
prosumers supplying their energy [66]

1.1. Contextual Introduction
The increasing penetration of RES at the distribution grid level creates concerns about their successful
integration in the existing electric grid. In November 2016, the European Commission (EC) presented
the ”Clean Energy for all Europeans” policy package [11]. Among the policies, priority is given to the
empowerment of customers through more active involvement in the EU energy system, allowing them

1
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better control over their energy consumption and an improved response to price signals by taking ad-
vantage of the local availability of renewable resources. According to the EC, in 2030, half of the EU’s
electricity will come from renewable energy sources (RES), and by 2050, its electricity should be 100%
carbon-free. Most of this new intermittent capacity will continue to be deployed on the end-consumer
premises, and must swiftly become fully market-integrated, to ensure RES cost-effectiveness. End-
consumers of electricity are gaining the capability of self-generating their energy as well as optimizing
their electricity consumption. The traditional consumer is slowly transforming into consuming produc-
ers, also known as prosumers. But the current electricity market provides little opportunity for the
increasing number of residential prosumers to provide their added value to the overall energy network.
Using conventional concepts to manage the bi-directional power flow is no longer valid, and more roles
are being assigned to the distribution network operators and the energy consumers as well. Innovative
market designs that take on a bottom-up approach have the potential to capture value otherwise lost
by the current centralized electricity markets.

1.1.1. Towards Decentralizing Energy Trade and Future Market Designs
These developments provide a framework for the establishment of local energy markets (LEMs), which
can be broadly defined as marketplaces that enable prosumers and/or other local generating entities
to trade energy volumes of their choosing within local communities. The introduction of LEMs in the
EU’s energy system will take shape through revisions of both the Electricity Directive and the Renew-
ables Directive, which set legal and market participation principles for ”local energy communities” and
”renewable energy communities”. Combined, the two documents advance that these communities

• can engage in energy generation, consumption, distribution, aggregation, storage, supply/sales,
including through power purchase agreements, and/or energy efficiency services;

• are entitled to own, establish, lease, and autonomously manage community networks;

• should operate on the energy markets, directly or via aggregators or suppliers, on a level-playing
field without distorting competition;

• must benefit from non-discriminatory treatment in their activities, rights, and obligations as final
customer, generators, distribution system operators or aggregators;

• are subject to fair proportionate and transparent procedures and cost-reflective charges.

This last point highlights an integral issue in the design of modern liberalized electricity markets,
which is that these markets are competitive, capitalistic and prone to gaming. Liberalized electricity
markets refer to market structures where central management and coordination were replaced by de-
centralized decision-making about investments in and deployment of power plants. From a historical
point of view, the decoupling of state ownership of electricity generation and consumption from trans-
mission and distribution allowed for businesses to enter the energy sector. In [9], Cramton states that
the main objective of the electricity market should fill is to provide reliable electricity at the lowest cost
to consumers. This main objective can be broken down into two key components. Firstly, short-run
efficiency (static efficiency), which means to optimize the use of the existing resources in such a way
that it results in the lowest cost. Secondly, long-run efficiency (dynamic efficiency), which is ensuring
that the market provides the right incentives for efficient long-term investments. In practice, this implies
that there should be enough and efficiently installed capacity for the supply of electricity. Figure 1.2
below illustrates how different electricity markets operating on different timelines are coupled to ensure
short-run and long-run efficiency.

The two components highlight a clash of incentives for market participants. On the one hand,
competition is needed to supply electricity at low cost, but competition also significantly shrinks the
profit margin for participating suppliers and prolongs the return of investment. On the other hand, there
needs to be enough profit to be extracted from the market to fund future projects, where capital costs
of utility scale power plants can amount to hundreds of millions of Euros. While long-term efficiency
and security of supply are addressed through bilateral futures contracts, the short-term spot market
is volatile and is primarily used by market participants to adjust their future contract positions up to
real-time [41]. The nature of electricity as a commodity itself makes volatility of prices and volumes an
intrinsic property for spot markets.
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Figure 1.2: Timeline of the segments used in liberalized electricity markets

On these exchanges, the transmission and distribution of electrical power are prioritized from a
business standpoint rather than with servicing end-customers in mind. With self-interested parties
incentivized to maximize their profits, instances of malicious behavior by market participants to gain
unfair advantage have been reported. Illustratively, the most infamous instance of a market participant
caught gaming the market was the Enron scandal, which in turn caused the California energy crisis in
2000 and 2001 [6]. During that era where Californian electricity markets were gradually being dereg-
ulated, Enron exploited policy loop-holes to artificially create supply shortages, thus driving up spot
market prices to gain huge profits. The historical legacy of electricity market liberalization and current
institutional inertia prevent practical implementation of effective measures to induce truthful behavior
from market participants.

The flaws in current liberalized electricity markets serve as potential aspects of improvement in
designing electricity markets of the future. On a local scale, the characteristics of distribution grid level
stakeholders and RES create opportunities for innovative market designs, which prioritizes a social
welfare-oriented market framework rather than a profit-maximizing one.

1.1.2. Customer-Oriented Energy Markets
Market design is concerned with rules that guide the market and the institutions that enable transac-
tions. Traditionally, the economic theory took market institutions as static elements and only described
the operational aspects. Two developments in economics changed this [51]. Firstly, game theory is
the study of the ”rules of the game” and the strategic interactions that are evoked. A game-theoretic
approach involves taking the point of view of the market participant and analyzing how their interactions
shape the outcomes of the market design. Secondly, mechanism design deals with the science behind
creating ”rules of the game” in such a way that certain goals are achieved. Mechanism design flips
the design process by stating the desired outcomes and implementing the market rules, which induce
participants’ interactions to align with the objective of the market. These developments led to the in-
troduction of the market design field, where an iterative approach is adopted to improve the function of
markets by iterating between theory and practice. In [9], Cramton identified important aspects of elec-
tricity market design, such as simplicity, incentives, and fairness. Besides, he also argues that good
market design begins with a good understanding of the market participants, their incentives, and the
economic problem that the market is trying to solve. Within the context of LEMs, the main motivation
for end-users to enter these markets is the ability to optimize their consumption and/or generation ca-
pacities to benefit from cost savings and profits. From the system operator’s standpoint, the economic
benefits consist of improvements to the overall efficiency of grid operations, minimization of system
operation cost, and reduction of Green House Gas emissions [5].

While it is still uncertain how the mix of technologies and regulations will shape the future landscape
of the energy sector, the study of market design for applications in local energy trading has gained
increasing attention over the last decade. Several studies have been conducted utilizing a game-
theoretical approach to model local energy markets for various residential scenarios [29][50][47][64].
These studies show performance improvements and additional value captured in smart-grid settings
otherwise impossible in traditional macro-grid settings. In [38], Mengelkamp et al. conducted an ex-
tensive literature review on the state-of-the-art research on LEMs and acknowledged that the current
work is shifting their focus from conceptual design and implementation towards increasingly realis-
tic and practical applications of electricity trading. Furthermore, the studies display a trend towards
service-oriented designs rather than profit-maximizing ones. The introduction of innovative technolo-
gies such as blockchain allows for residential local energy projects such as LO3’s Brooklyn Microgrid
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to be integrated on top of the existing low-voltage distribution grid [37]. The privacy and security of-
fered by blockchain technology enable users to safely conduct financial transactions in tandem with
the physical flow of power in the distribution network. As demonstrated in [28], LEMs can also serve
as residential peer-to-peer trading platforms, allowing for non-conventional business models such as
user-subscription fees to exist. While results from studies show multifaceted benefits, there lacks a fo-
cus on the comparison and analysis of market rules (from now on referred to as market mechanisms) as
well as the prevention of potential market manipulation from bad actors within residential LEM designs.

1.2. Research Objective and Research Questions
In the previous sections, we expressed the motivation for this thesis project. As local energy markets
increasingly prove to be viable solutions in addressing the decentralization of energy generation and
consumption within residential communities, the implementation of market mechanisms should also be
carefully considered to avoid the shortcomings of current liberalized electricity markets. The objective
of this research is to analyze and establish a suitable market mechanism for a residential local energy
market. The main research question is stated as follows:

Which market mechanism is suitable for a residential local energy market which defers
non-truthful behavior of market participants?

The goal of this research is three-fold. The first part contextualizes the underlying characteristics of
a residential local energy market and its participants. This conceptualization is necessary to clarify
stakeholder incentives and the economic problem that LEMs are trying to solve. The second part
deals with economic theory, utilizing game theory and mechanism design to determine suitable market
mechanisms that induce truthful behavior from market participants. The Enron scandal has shown
that poorly regulated markets can result in manipulation, gaming, and other inefficient conducts. The
last part of the research question aims to make a comparison between market mechanisms through a
modeling approach in order to recommend the market mechanism most suitable in the residential LEM
context.

In dividing the main research question into manageable parts, the following sub-questions (SQ) are
further postulated:

• SQ 1: What are the main characteristics of LEMs and the stakeholders involved, and What
type of market design best describes residential local energy markets?

• SQ 2:What are the key concepts of game theory andmechanism design, and can these ele-
ments of economic theory be used to induce truthful behavior in the design of a residential
local energy market?

• SQ 3: What are the main factors that influence market mechanism performance, and how
can we create a simulation environment that enables us to compare market mechanisms
in the context of residential LEMs?

1.3. Scope of the Research
The primary focus of this research is the adaptation of existing auction mechanisms within the frame-
work of a residential LEM. Auction mechanisms and their properties have been extensively analyzed in
applications such as art auctions, commodity exchanges, online ad auctions, and spectrum auctions.
While the thesis project involves extensive discussions on the topics of market design and mechanism
design, it should be made clear that the goal of the research is not to introduce a novel design but
rather to utilize mechanism design theory to justify the efficacy of existing auction mechanisms within
a novel environment - the residential local energy market. Where previous analysis of the local energy
market involves the comparison of entirely different market designs, the contribution of this research
entails the specific comparison of truthful auction mechanisms, which have not been conducted in the
current field of study.

Therefore, the scope of this research is mainly based on microeconomic theory, game theory and
mechanism design. The physical layer of the electricity system is not considered due to two reasons.
Firstly, the aim of this research resides in the early phases of a developing technology (i.e., smart-
grids), and a certain level of abstraction is required to provide a general solution that could then be
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later adapted for specific use cases. Discussed in further detail in the following chapter, LEMs are
applicable in various formats: as a virtual layer on top of the existing distribution grid; as an intermediary
market for aggregators to provide flexibility services and demand response to the system operator; or
as the central coordination entity in facilitating energy flow within microgrids. Secondly, to combine the
LEM with the physical layer means that the grid typology and the physical constraints attributed to that
typology needs to be accounted for. This limits the available scope to the typology under examination
and offers little room for exploration in the dynamics of the market mechanism itself. While the technical
exclusivity from few connections to the superimposed grid offered by a low voltage feeder or microgrid
allows a clear physical boundary of the LEM, this work takes the virtual market boundaries of the
participants as the decision criteria. Lastly, the goal of this study is to conduct a comparison of market
mechanisms rather than the optimization of a single case. Thus simplifications to the overall model are
made to accentuate mechanism insights otherwise buried within the dynamics of highly detailed and
complex models. The research objective is, therefore formulated as:

To compare and determine suitable truthful market mechanisms by incorporating realistic
residential household electricity profiles as input for a LEM model.

1.4. Thesis Structure
As Illustrated in Figure 1.3, this thesis project is divided into three main parts.

Figure 1.3: Overview of Thesis Structure

In Chapter 1, a background on the context and motivation of the thesis project is given, and the
main research objective presented. Chapter 2 seeks to contextualize the research objective through
a description of the LEM environment and stakeholders’ characteristics, thus enabling us to set the
groundwork for economic analysis. This first part serves to introduce and engage the audience into the
importance of the proposed research.

The second part of the thesis aims to introduce fundamentals of micro-economic theory, shedding
light on the strategic aspects of stakeholder incentives that govern their behavior in the market. In
Chapters 3, an overview of game theory is provided, and the resulting strategic behavior is investi-
gated from the perspective of the market participants. From the perspective of the market operator,
understanding the strategic implications of agent behavior allows us to identify market mechanisms
that steer the participants towards making rational decisions that achieve predefined market objec-
tives. Thus Chapter 4 introduces a sub-field of game theory called mechanism design, which allows us
to do just that. With an understanding of market mechanisms and their desired properties, Chapter 5
introduces compatible mechanisms that are aligned with the goals of this study, and we formulate the
economic problem to be solved within the context of LEMs.
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The last part of the thesis aims to bridge the gap between theoretical analysis with experimental
analysis as well as present the results that allow us to answer the main research question. Chapters 6
adapts the economic analysis into a model framework that could then be used to conduct simulations.
This chapter explicitly defines the boundaries and constraints of the simulation by adhering to the scope
of the research. Furthermore, key performance indicators (KPIs) are identified, such that a compari-
son between mechanism performance could be made. Chapter 7 then seeks to detail the experimental
setup (i.e., input variables and parameters) and LEM configurations (i.e., microgrid scenarios). Chapter
8 contains the results of the model simulation, which will be analyzed. The implications for the main re-
search question will be drawn in terms of a recommendation for the suitable truth-inducing mechanism.
Finally, Chapter 9 takes a critical reflection of the results obtained as well as provides recommendations
for future work.



2
Residential Local Energy Markets

The Dutch energy transition aims to advance the political goal of a sustainable electricity system based
on incorporating a greater representation of electricity generated by renewable means in the overall
national electricity consumption [41]. For this reason, the Dutch government has been encouraging
the transition to renewable energy with various instruments, among these are taxes on the use of fossil
energy, a system of guarantees of origin for renewable power generation, and network operator com-
mitments to prioritize the supply of renewable power (regardless of network congestion). The current
regulation for incentivizing residential consumers to invest in more renewable generation capacity is a
net-metering scheme, which allows homeowners feeding surplus solar generation into the distribution
grid to offset their energy generation with regard to their power consumption on an annual basis. Yet
this decoupling of decentralized generation from the overall electricity market will lead to new chal-
lenges for the electricity system. For example, peak solar irradiation hours will create massive feed-in
from the surplus of household PV systems. This development will lead to either grid congestion or, in
the worst case, direct curtailment of RES. Thus as the fraction of the residential population owning PV
systems increase, the potential impact on the electricity system will become noticeable on a national
scale. Yet these residential households are currently still passive price-takers [8]. These households
are excluded from actively taking part in the electricity market due to their size, institutional, and regula-
tory restrictions. LEMs offer the opportunity to address these challenges. LEMs include the residential
prosumers and consumers directly into the electricity market, provide the chance for small-scale, very
efficient local markets, and increase the social acceptance by direct participation and involvement.
This chapter first provides an in-depth overview of local energy markets, their characteristics, and the
stakeholders involved. The focus is then directed to defining a LEM design and simplifying the market
framework to accentuate the market mechanisms that facilitate economic interactions among market
participants.

2.1. LEM Fundamentals
As LEMs are a relatively new concept, multiple definitions exist in academic literature. In [39], Men-
gelkamp consolidated existing definitions observed from literature reviews to a single holistic definition
of LEMs:

A local electricity market is a market platform for trading locally generated (renewable) electricity
among residential agents within a geographically and socially close community. Security of supply is
ensured through connections to a superimposed electricity system (e. g. national grid or adjacent

local electricity markets).

It is important to make the distinction between LEMs and the entities that LEMs are commonly inte-
grated in. These separate entities reside within the future local distribution ecosystem; they consist of
smart-grids, microgrids, peer-to-peer trading, energy sharing, and energy communities. LEMs should
be considered as a virtual marketplace, independent from the actual physical implementation of power
flows. While grid constraints ideally would be included in LEMs, a solely virtual LEM should also be
possible. While LEMs induce local electrical balances, the autocracy of LEM implementation within

7
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a closed system should never be the aim because it would require a tremendous amount of excess
capacity at high costs to ensure security of supply. Rather, the security of supply within the LEM is
ensured by the superimposition of the external macro-grid, which allows for unlimited purchase and
feed-in of guaranteed electricity at retail rates.

2.1.1. LEM Structure and Stakeholders
In its most basic form, a LEM consists of sellers, buyers, a utility (or a DSO) and a platform provider.
Sellers are typically small-scale producers who own generators or prosumers who are households with
PV installations, while buyers are pure electricity consumers with no means of generating their elec-
tricity. The utility or DSO in charge of the superimposed grid is responsible for balancing power flow
and managing congestion. In essence, the objective of LEMs is to clear the market based on prede-
termined rules, and this responsibility lies with the platform provider. Yet, this role could be taken over
by other stakeholders (i.e., utility) depending on the regulatory framework in which the LEM resides.
From a technical standpoint, a LEM could be built upon a microgrid, a low voltage feeder, or part of the
distribution grid.

Additional stakeholders may include Energy Service Companies (ESCOs), aggregators, and bal-
ance responsible parties (BRPs) to provide a wider range of electricity products and services residential
households are accustomed to [39]. An overview of stakeholder definitions and their objectives is pro-
vided in Table 2.1 below.

Stakeholder(s) Description Objectives References(s)
Consumers Electricity end consumers, often

residential households
Reduction of electricity costs, in-
crease of share of local/green
RES

[30]

Producers (Small-scale) electricity produc-
ers, e.g., a Combined Heat-and-
Power (CHP) plant

Increase of profits, supply local
community

[32]

Prosumer (Small-scale) residential con-
sumer, who also produces
electricity

Reduction of costs, increase of
profits, increase of autonomy, in-
crease of share of local/green
RES

[46]

Platform Provider Provision of a virtual platform for
trading on a LEM

Provide efficient market (e.g.
high liquidity), maximization of
profits

[7]

Utilities Supply electricity customers,
control feed-in of prosumers and
producers, can access the LEM
and the wholesale market

Maximization of profits, opti-
mization of portfolio, identifica-
tion of new business models, in-
crease of customer satisfaction

[30]

DSO Operates, maintains and con-
trols the distribution network

Reduction of overall cost and
congestion, maintenance of sup-
ply security, increase of network
efficiency

[45][32]

ESCOs Offer various services to local
actors, e.g. electricity source
portfolio optimization

Maximization of profits, increase
of customer satisfaction

[30]

Aggregator Represents several local actors,
may provide additional services
(e.g. portfolio optimization)

Maximization of aggregated
value of representatives, op-
timization of own portfolio,
maximization of profits

[30][32]

BRP Responsible for balancing the
forecasted and actual schedule
of a balance group (e.g. a LEM)

Provide electricity balance at
minimal cost, optimize balance
group portfolio

[30][61]

Table 2.1: LEM stakeholders and their objectives
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2.1.2. Potential Value Offered by LEMs
We highlight the most prominent benefits that LEMs contribute to the future electricity system. These
can be divided between benefits to the end-consumer and potential value-added for the network oper-
ator.

Customer Level:
LEMs enable prosumers to make optimal use of local distributed energy resources such as energy stor-
age and particularly RES. This provides them with a higher level of energy independence and control
when compared to the traditional electricity ”price-taker consumers”, which are essential motivators
for their engagement in LEMs[59]. More importantly, LEMs enable prosumers to trade their energy
generation surplus within the boundaries of their local communities, thus strengthening the customer’s
position in the energy market/system from a passive to an active role. Expanding the broader energy
market to the local level is a significant sectoral change that will drive disruption and innovation, but
consequently also competition. Competition motivates companies to develop further their services and
products in the interest of customers, in terms of both variety and price. Furthermore, the continued
development of LEMs will increase pressure over traditional power industry players to adapt their op-
erations towards more customer-oriented approaches. LEMs will connect communities and drive their
participant customers into achieving common goals, such as reducing costs of energy, emitting less
greenhouse gas emissions, or becoming more energy self-sufficient [30]. This involvement and group-
like behavior, alongside a sense of mission, contribute to a growing perception of transparency and
trust in the energy system as a whole, which results in more engagement and commitment.

Network Operators Level:
Customer-owned DER generation present in the distribution level will impact the everyday operations
of distribution and transmission networks in various ways. It can reduce the network operators’ need to
make new investments and reinforcements in the distribution grid, not only because of DER capacity
additions but also due to increased flexibility and more efficient overall network operations. These
capacity additions at the grid edge also decrease stress in the distribution, due to a decrease in power
demand. Network losses reduce as well since there is less load at both the transmission and distribution
levels. In general, the development of LEMs opens up newmarket opportunities driven by new business
models geared towards value creation from the network operators’ point of view. Different forms of
value-added and real-time services can be provided, for example, real-time energy monitoring and
billing, local balancing of supply and demand, and microgrid real-time energy management.

2.1.3. State of the Art
Due to the nature of electricity being a highly customizable product exposed to various technical and
commitment constraints, there are numerous factors and possibilities to design, run, and implement
LEMs. The developments in the information and communication technologies and the introduction of
the blockchain increased the number of research discussing the applications of energy markets at the
microgrid and distribution level [54][56][21][10][27]. Using the blockchain technology, Mengelkamp et
al. [37] discussed the required components for designing an energy market for the microgrids. Kang et
al. [26] presented an electricity trading market for electric vehicles (EVs) using consortium blockchain.
Noor et al. [44] applied game-theoretic approaches and blockchain to enable transactions between in-
dividuals in the microgrid. Guerrero et al. [15] compared the centralized against the distributed trading
approaches in the low voltage network under different optimization goals to demonstrate the importance
of local energy markets. Ampatzis et al. [2] derived design choices for a residential LEM consisted of
residential customers with PV generation, energy storage, and inelastic demand and derived design
choices to realize market-based control for the coordination of residential RES. Bahrami and Amini
[4] developed a decentralized energy trading algorithm, where uncertainties of generation were con-
sidered. Khorasany et al. [28] presented an hour-ahead energy market, where a market subscription
charge was used as a price signal. In Zhou et al. [68], multiple energy sharing mechanisms based on
a multi-agent framework were evaluated. The authors discussed the economic and technical benefits
of the presented models for residential prosumers. Hwang et al. [23] proposed a transaction model as
a service for the prosumers. The authors focused on increasing the energy efficiency of the system
while maintaining and secure and transparent transactions.
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The literature mentioned only highlights a small portion of the on-going research on LEM applica-
tions and implications it has for the future electricity system. For a comprehensive overview of current
developments in LEM research, the interested reader is referred to Mengelkamp’s work in [38].

2.1.4. LEM Market Design Considerations
In the previous subsection, the scenarios presented in the literature were limited, given the various
possible configurations of market design, microgrid typology, and prosumer makeup. Yet the behavioral
economics that governs howmarket participants make decisions is not confined by physical constraints
of the LEM, but is rather based on the market structure. Agent behavior represents the objectives and
preferences of individual market participants in a LEM. The scope of the research presumes agents
can actively take part in the LEM by placing bids, which include their desired price and quantity, and
the objective of this research is to induce agents to behave in such a way that they reveal their true
preferences. The market structure determines the actual matching of bids and financial transactions
[39] and consists of market rules. The combination of agent behavior and their interactions within the
market structure determines the market outcome of a LEM. Some examples of objectives for market
outcomes may be the increase of supply security or efficient integration of RES. To align the market
objective with the main research question, the LEM outcome should be focused on efficient allocation
of local energy generation and consumption as well as maximization of profits for market participants.

In defining agent behavior and market outcome objectives, the design of the LEM structure should
be carefully considered such that the aforementioned objectives are met. The market structure con-
sists of the market rules and market mechanisms that enable economic interactions among market
participants.

2.2. Contextualizing LEM Design for Research Objective
In this section, we specify the attributes necessary for a complete market design based on the tax-
onomy of market models from [62] and market framework suggested by [48]. It is important to begin
by clarifying the fact that LEMs are, in essence, double auction markets [38], which is in line with the
auction market format of wholesale electricity markets. This is attributed to the characteristics of agent
behavior - their ability to conduct trade of a commodity freely both as a seller or as a buyer on an online
platform. In terms of stakeholders involved, the scope of this thesis investigates the interactions be-
tween residential consumers and prosumers who own PV systems, while the platform provider - from
now on referred to as the auctioneer - aims to achieve the predefined market outcome and induce
agent behavior in line with the objectives mentioned in the previous section.

DERs which provide flexibility and loads that offer demand response is considered to be beyond the
scope of this study. While electrical energy storage serves as the most effective flexibility solution for
redistributing the intermittency of solar generation, this adds an unnecessary layer to the optimization
problem. From the auctioneer’s point of view, it still categorizes market participants as either buyers
or sellers. The optimization of energy storage capacity during the bid formation process remains as
the agent’s responsibility and is not required in the determination of market mechanisms. On the other
hand, the demand of consumers is inelastic. While research on smart grids usually assumes elastic
demand to realize demand response schemes, currently flexible appliances have a negligible presence
in households. With these stakeholder attributes clarified, their individual preferences are stated in
terms of optimization objectives:

• Consumer: Minimize its cost of consumed energy with the upper-bound constraint of satisfying
its expected demand.

• Prosumer: Minimize its cost of consumed energy if PV generation is not enough for self-consumption.
If there is a surplus in generation even after self consumption, maximize its profit of the energy
traded at the LEM.

• LEM Operator/Auctioneer: Maximize total market value at each round of the auction instance.

2.2.1. LEM Double Auction Attributes
The contextualization of LEM attributes is the first step towards local efficient electricity market design.
In [62], a taxonomy of electricity markets is presented according to such attributes. The degree of
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competition, trading horizon, and dispatch intervals should be taken into account in the market design
since they greatly affect the optimization problem for the LEM stakeholders. The next step is to de-
scribe the double auction market structure by determining the bidding restrictions, bid acceptance, and
price determination. The bidding restrictions describe the double auction format, which includes the
trading horizon, trading time intervals, and composition of the submitted bid regarding energy quantity
and price. In combination, bid acceptance and price determination describe the market mechanism
implemented for the LEM. The determination of suitable market mechanisms within the context of the
residential LEM is the focal point of this study and will be elaborated in detail in Chapters 4 and 5.

Degree of Competition and Market Participant Behavior
Economics dictate that market efficiency can be reached through competition when the market reaches
a competitive equilibrium [57]. The exercise of market power by participants in the market results in
the market outcome moving away from the competitive equilibrium, thus creating inefficiencies within
the LEM. Buyers and sellers exercise market power in a double-auction market by misreporting their
marginal costs, their true willingness to pay, or their true volumes. Non-truthful behavior occurs when
market signals provide enough incentive for market agents to increase their profit by manipulation of
the competitive market equilibrium. In the context of LEMs, the auctioneer has no control of what
participants report or if they report truthfully. In a competitive market environment, it is in every par-
ticipant’s self-interest to maximize profits and thus providing them a strong incentive to lie. Market
mechanisms which do not induce truthful behavior will be susceptible to gaming by rational agents with
market power. When this happens, the LEM ceases to operate due to over/underbidding, or in worse
cases, the market collapses due to mistrust of exploitation between participants. While, at first glance,
no individual residential consumer or prosumer has significantly more capacity to enable it to exercise
market power. The potential introduction of a stakeholder with higher capacity than the others, i.e.
school or supermarket, is a threat to the degree of competition in the local community. Thus, inducing
truthful behavior is an essential attribute of the LEM double auction.

Bidding Restrictions and the Double Auction Format
A discrete sealed-bid double-sided auction is chosen to provide a fair trading environment and main-
tain the prosumer’s privacy. The market is chosen to be discrete-timely to synchronize all traders’
communication with the market trading platform and provide a fair environment to all traders where
communication speed does not play a role. In a discrete-timely auction, the market is cleared at pre-
defined time intervals. However, in a continuous-timely auction, the market is cleared as soon as a
matching bid is available. Thus, faster traders can have an advantage in a continuous-timely auction,
which can lead to an inherently flawed auction. The trader’s speed is not only a function of the decision
making speed or even the available computational power but also the communication infrastructure.
Given the real-life situation in microgrids, it is practically hard to guarantee a synchronized reaction a
using continuous-timely auction. Hence, discrete-timely trading is favored in this situation to maintain
a fair environment for all market participants. Additionally, continuous auction formats have the disad-
vantage of being potentially less efficient than discrete auctions. The reason for this loss in efficiency is
easy to spot. The continuous clearing rule results in myopic matching; when the clearing operation is
performed the auctioneer has only a partial view of the aggregate supply and demand in the LEM. This
results in the auctioneer impatiently clearing the market before every participant has the opportunity to
place their bid.

One may notice that so far, there has been no mention in the LEM context regarding the settlement
rules, which refers to the way deviations from the contracts real-time are handled. While volatility and
unpredictability of household demand and PV generation serve as the primary motivation for imple-
menting the LEM with a small trading horizon, the scope of this thesis considers market participants’
bids as deterministic due to the absence of physical constraints. This means that their bid volumes
describing their expected generation or consumption is identical to their actual generation or consump-
tion, without any uncertainty. The same argument is valid for the duration of the dispatch intervals
regarding PV generation.

Even under the pretense of imbalances caused by the volatility of generation and consumption,
the sealed-bid format still makes sense because the households have the ability to constantly update
their bids as the uncertainty towards energy generation and consumption becomes smaller the closer
it gets to dispatch. Thus if the accuracy of the bids reflects the true generation and consumption in
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the future, then the question of truthfully reporting one’s price and quantities should be independent of
participants’ gains-from-trade.

2.2.2. Proposed LEM Design
To summarize, the market design proposed for this study is based on a sealed-bid double-sided auction
with private information and discrete auction instances. The format of the bids only includes a quantity
and price for one dispatch interval, and individual market participants are allowed only one bid per
auction instance. The market participants have the ability to improve their private positions of their
reported bids up until the end of the auction interval. Once the auction closes, the auctioneer collects
all reported bids and execute trades wherever sellers bid prices are lower than buyers bid prices,
with the aim to maximize total market value. The quantities of the unmatched bids are served via the
superimposed macro-grid.

2.3. Summary
In this chapter, a holistic definition of LEM was first provided, followed by an overview of the poten-
tial stakeholders that could extract value from LEM implementation. The current research in LEMs
is briefly described to highlight the diversity of applications LEMs can potentially reside in. Finally,
a double-auction market design is proposed to serve as a framework for the determination of suit-
able market mechanisms that induce truthful behavior of market participants. The implementation of a
truthful market mechanism begins with taking a game-theoretic approach to the economic interactions
between the market participants and aligning it with the auctioneer’s optimization objective. This will
be further discussed in the following chapter.



3
Game Theory

Game theory is a branch in mathematics that deals with the analysis of games, where the outcome
of one player does not depend on his or her own strategy but also on the strategies of other partic-
ipants. The first half of the chapter will introduce the topic of game theory, providing definitions and
terminologies. The remaining sections will classify residential local energy markets as a game.

The applications of game theory wide and far-reaching. Whether you are considering your next
move when playing chess, driving through traffic to reach work on time, or negotiating on a deal to
earn a profit, the interactions and decisions made by other participants operating in the same envi-
ronment will have an effect on your outcome. Thus, finding the optimal action, or strategy, to take in
these situations becomes less straightforward, because the optimality of your action depends on the
optimality of others’ actions. As this holds for all players involved, a circularity threatens. What game
theory is trying to accomplish is to introduce solution concepts that describe the optimal strategy each
player should take. Its development shows that mathematical reasoning could be applied to studying
complex human interactions. In our modernized world, digitization and the internet of things create a
growing need for optimizing, not just human-to-human interactions, but also human-to-machine and
machine-to-machine interactions. Thus, the emergence of interfacing game theory with engineering
sciences such as network and computer science catapulted game theory to the center-stage of prob-
lem solving in modern times. In regards to the scope of this thesis project, the notable advancements in
developing game theory as a science are the following: equilibrium analysis of games, auction theory,
and mechanism design theory. But before expanding on the different branches of game theory, it is
essential to introduce the main concepts and terminologies that will be discussed within this thesis.

3.1. Concepts and Terminologies
The term game in game theory corresponds to an interaction involving decision-makers or players
who are rational and intelligent. The rationality of players implies that the players choose strategies
to maximize a well defined individualistic payoff. Intelligent simply means that players are capable of
calculating their best strategies. In this sense, game theory is a tool for logical analysis that models
conflict as well as cooperation between the players and provides a principled way of predicting the
result of the interactions. All games consist of the following elements:

• Players
Collection of strategic decision-makers within the context of the game.

• Actions
The moves available to each agent throughout the entirety of the game

• Information
The information available to each agent at a given point in the game

• Payoff
The payoff which a player receives from arriving at a particular outcome by choosing a certain
set of actions. Often the payoff is measured by a utility function.

13
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The rules of the game determine how the elements of the game will be defined.

3.1.1. Representational forms of games
There are two main representations of games, namely normal form games (also called strategic form
games) and extensive form games. The main difference between these two representations is how the
strategies play out in time.

Extensive form games describe games in the form of a game tree, which is a diagram that shows
which strategies players choose at different points in time. Illustrated in Figure 3.1a, the extensive form
is mostly used to represent sequential games where a series of decisions are made, such as chess.

This thesis will mainly focus on normal form games, which are often used to describe simultaneous
move games. Here the players make simultaneous decisions in a static setting where the outcome
is not dependent on the timing of an action. All possible outcomes from all combinations of players’
strategies can be described in matrices. One example of a normal form game is rock-paper-scissors,
as illustrated in Figure 3.1.

(a) Game tree of an extensive form game (b) Game matrix of a normal form game

Figure 3.1: Representations of games [43]

Here it is important to differentiate between the terms action and strategy. An action is a move
available to the player when called upon to make a decision at any point within the game. A strategy
consists of the complete set of actions the player makes in every stage of the game in response to
other players’ actions. In looser terms, a strategy could be viewed as a complete contingent plan. The
difference becomes clear when attempting to describe a sequential game in normal form. The normal
form is used to represent strategies (not action) in a game. To appreciate the difference between
strategies and action, it’s probably best to first consider a game in extensive form.

In Figure 3.1a, suppose two players move sequentially, and that Player 2 observes Player 1’s
choice before making his decision. Here we can call {A,B} Player 2’s actions (actually the correct
jargon here is behavior strategies, but this level of nuance is unnecessary at this point). However, they
are not his strategies, for strategies in this case is a ”full contingent plan” that specifies an action at
each information set the player moves. Since Player 2 moves at two information sets (one after L and
the other after R), so one of his strategies would be ”choose A if Player 1 chooses L and choose A if
Player 1 chooses R” , or simply denoted as AA.

To represent this game using the normal/strategic form, we would arrive at the matrix presented in
Figure 3.1b. It’s not a 2-by-2 game, but 2-by-4, precisely because strategies and actions are not the
same.

Normal form is a complete representation of every possible combination of actions available to the
player, which is described by a strategy set. Each combination in a player’s set of possible strategies
corresponds to an outcome of the game. The set of all possible outcomes for a player is referred to as
the player’s payoff function or utility function. From [43], the definition of a normal form game follows:

Definition 3.1.1. (Normal Form Game) A normal form game Γ is a tuple ⟨𝑁, (𝑆።)።∈ፍ , (𝑢።)።∈ፍ⟩, where
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• 𝑁 = {1, 2, … , 𝑛} is a set of players;
• 𝑆ኻ, 𝑆ኼ, … , 𝑆፧ are sets called the strategy sets of the players 1,… , 𝑛, respectively; and
• 𝑢። ∶ 𝑆ኻ × 𝑆ኼ × … × 𝑆፧ → ℝ for 𝑖 = 1, 2, … , 𝑛 are mappings called the utility functions or payoff
functions.

3.1.2. Classification of Games
A classification of well-known games and their counterparts are introduced to define additional con-
cepts. Depending on the game’s environment and rules, multiple classifications mentioned below can
be applied to the same game.

Non-cooperative Games and Cooperative Games:
Non-cooperative games are also called competitive games. In these games, the agent is the basic
modeling unit while in cooperative games, the group of agents is the basic modeling unit. Commit-
ments made among agents are enforceable in cooperative games, while in non-cooperative games it
is not the case.

Pure Strategy Games and Mixed Strategy Games:
A pure strategy game provides a complete description of what actions each player will take during a
game. In specific, it defines the action a player will take for any situation he could face. A mixed strat-
egy game includes the assignment of a probability to each pure strategy. This allows for a player to
randomly select a pure strategy. As probabilities are continuous, infinitely many mixed strategies are
available to players. Mixed strategies are often used to model stochastic behavior while pure strategies
describe a set of predetermined behavior.

Games with Perfect Information and Games with Imperfect Information:
A perfect information game is where all agents are fully informed about the entire past history of the
game before taking an action. Thus in a perfect information game, the information set known to each
agent is the complete set of moves all agents made in all previous rounds played in the game. Any
game that does not have this property is treated as an imperfect information game. These types of
games typically apply to sequential move games and are described in extensive form. Simultaneous
move games are all treated as games with imperfect information.

Games with Complete Information and Games with Incomplete Information:
In complete information games, every aspect of the game is common knowledge. This includes all
agents’ utility functions, strategy sets, payoff functions ...etc. Incomplete information games are ones
which at the start of the game, some agents hold private information about the game that other players
do not know.

3.1.3. Equilibria in Game Theory
With the concepts of strategy sets and utility functions in place, it is clear that a player’s utility of an
outcome depends not only on his or her own strategy, but also on the strategies of the other players.
Some strategies yield an outcome with higher utility than others and thus each player has a preference
for certain strategies over others. The private information held by an individual relating to preferences
of that individual is commonly referred to as type. The key assumption in game theory is that players are
rational in that they will consistently pursue decisions that maximize the expected value of their utility.
Thus, a player’s preferred outcome could coincide with other players’ preferred outcomes and when
rational decision making interacts, the decision problems have to be analyzed together like a system of
simultaneous equations. Game theory provides a useful framework in applying solution concepts, or
equilibria, within these systems of equations. Equilibria is a central notion in game theory because this
is effectively the goal for every game theorist: to reliably predict a stable outcome based on rational
thinking.

Equilibria in game theory is closely associated with Pareto optimality. Pareto optimality for a group
of individuals describes a situation where one cannot make an individual’s outcome better off without
making another worse off. When talking about equilibria in game theory, it is referring to the equilibrium
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strategy of each player rather than the outcome. A best response strategy is the preferred strategy a
player chooses to most effectively counter strategies adopted by others. Given a normal form game,
the best response strategy of a player is defined as follows [43]:

Definition 3.1.2. (Best Response Strategy) Given a normal form game Γ = ⟨𝑁, (𝑆።), (𝑢።)⟩ and a
strategy profile 𝑠ዅ። ∈ 𝑆ዅኻ, we say 𝑠። ∈ 𝑆። is a best response strategy of player 𝑖 with respect to 𝑠ዅኻ if
𝑢።(𝑠። , 𝑠ዅኻ) ≥ 𝑢።(𝑠

ᖤ
። , 𝑠ዅኻ)∀𝑠

ᖤ
። ∈ 𝑆።.

Based on the assumption of rationality, players will always prefer and not unilaterally deviate from
their best response strategy. Interestingly, there could exist multiple best response strategies within
a player’s strategy set if the strategies yield identical payoffs. In a game where all players result in
choosing their best response strategy, an equilibrium solution for the game has been reached. Let us
illustrate this with the well-known Prisoners’ dilemma game.

Prisoners’ Dilemma:
Two prisoners go on trial for a crime and each one is given the choice of confessing to the crime or to
remain silent. Their payoffs are rewarded by taking into account both their choices. If both prisoners
remain silent, then they will both serve a short term of 2 years. If only one of them confesses, his
term is reduced to 1 year and he will be used as a witness against the other prisoner, who in turn gets
a sentence of 5 years. Finally if they both confess, both will each get sentenced to 4 years due to
cooperating with the authorities. We can summarize the outcomes of the game in a cost matrix as
illustrated in Figure 3.2.

Figure 3.2: Prisoner’s Dilemma Game Matrix [1]

Each prisoner has two strategies, to confess or not to confess. The strategies of Prisoner 1 corre-
spond to the rows, and the strategies of Prisoner 2 correspond to the columns of the matrix. The entries
of the matrix are outcomes for the prisoners if they followed the outcome’s corresponding strategies. In
analyzing what Prisoner 2’s best response strategy is, we first look at Prisoner 1’s available strategies
and compare Prisoner 2’s options when Prisoner 1 picks a certain strategy. If Prisoner 1 decides to
confess, Prisoner 2’s best response strategy should be to confess, because that will only result in him
getting sentenced 4 years instead of 5. In the case where Prisoner 1 chooses not to confess, Prisoner
2’s best response strategy is also to confess. Intuitively in this game, confessing is also the best re-
sponse strategy for Prisoner 1 no matter what Prisoner 2 does. Thus the game has only one stable
solution, which is where both prisoners confess. In all other three cases, at least one prisoner can
switch from “No Confess” to “Confess” to improve his own payoff.

The stable solution highlighted in the Prisoners’ Dilemma is referred to as the infamous Nash equilib-
rium, named after mathematician and economic Nobel Laureate John Nash. The location of the Nash
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equilibrium is at a strategy coordinate (a strategy, or set of strategies for each player) in which any uni-
lateral change in strategy of each of the participants, will not result in an incremental improvement to
either of the players. This solution concept only insists that each agent’s strategy offers a best response
against the Nash equilibrium strategies of the other players. It is important to note that the notion of
stability is dependent on the fact that each prisoner is knowledgeable of his counterpart’s available
strategies and payoffs. If the prisoners did not have complete information of either his counterpart’s
available strategies or respective payoffs, then they could not determine a best response strategy, or
any contingency plan for that matter. Thus, theNash equilibrium is simple yet strict in defining a solution
concept, demanding that all information is common knowledge.

While complete information games provide a convenient and useful abstraction for strategic situa-
tions, it is often inapplicable in real-world situations because agents are more likely to possess private
information unknown to their competitors. In a residential local energy market (LEM), enforcing com-
plete information is intuitively impossible to achieve. Among the aspects of the energy market that
might not be public information are:

• Cost and utility functions of individual agents

• Possible actions of participating agents

• Identities of other agents

Fortunately in game theory, various types of solution concepts exist that do not necessarily require
an agent to have complete information to determine its best response strategy. Carefully selecting the
type of equilibrium model is therefore essential as these differ greatly in their underlying assumptions
of market behavior and therefore on the eventual equilibrium solution. We first characterize residential
local energy markets as a game in order to determine a suitable equilibrium concept.

3.2. Characterization of Local Energy Markets as a Game
A residential LEM can be seen as a non-cooperative game played between residents within a commu-
nity looking to either buy or sell up to a certain amount of energy. Every household is self-interested
with a goal of gaining maximum profits for selling or maximum utility for purchasing. As mentioned in the
previous section, each household holds some private information (such as its identity and renewable
generation costs) and thus have incomplete information about the game environment. Furthermore,
households have imperfect information about the market because their own historical energy usage is
considered private information and unknown to other households. During each trading period, each
household’s action is to submit a single sealed-bid 𝑋(𝑃, 𝑄) to the market operator. The bid consists of
a reported valuation (𝑃) and quantity (𝑄). Thus households’ strategies cover every possible bid com-
bination consisting of a price and quantity pair. The strategy set is constrained by bid combinations
which ensure that the outcome will result in non negative profits (if its a seller) or utilities (if its a buyer).
The bids themselves are considered pure strategies due to the fact that they are deterministic upon
being chosen. To summarize, a game-theoretical description of residential LEMs is presented below.

3.2.1. LEM Game Theoretical Formulation
The residential LEMgame consists of a set of𝑁 sellers 𝑖 = 1, 2, … , 𝑛 and a set of𝑀 buyers 𝑘 = 1, 2, … ,𝑚.

For sellers, the 𝑖’th seller has a set of actions 𝑋።(𝑃, 𝑄) = [𝑃፣። , 𝑄
፣
። ], s.t. 𝑃

፣
። ≥ 0, 0 ≤ 𝑄

፣
። ≤ 𝐸፠፞፧, where

𝐸፠፞፧ is the expected energy generation of seller 𝑖. Here 𝐽። = 1, 2, … , 𝑗 describes the individual actions
available to seller 𝑖. 𝑇። is a set of seller types, where ∀𝑡። ∈ 𝑇። is the private information of the 𝑖’th seller.
A utility function 𝑢። ∶ 𝑇። ×𝑋ኻ×𝑋ኼ×,… ,×𝑋፧ → ℝ where 𝑢።(𝑡። , 𝑥ኻ, … , 𝑥፧) is the utility achieved by seller 𝑖 if
his private value type is 𝑡። while actions taken by all sellers is 𝑥ኻ, … , 𝑥፧. The strategy profile of the 𝑖’th
seller can thus be described as 𝑠። ∶ 𝑇። → 𝑋። and seller 𝑖’s goal is to max 𝑠። ∶ 𝑇። → 𝑋።(𝑃፣። , 𝑄

፣
። ).

Similarly, the 𝑘’th buyer has a set of actions 𝑌፤(𝑃, 𝑄) = [𝑃፥፤ , 𝑄፥፤], s.t. 𝑃፥፤ ≥ 0, 0 ≤ 𝑄፥፤ ≤ 𝐸፜፨፧, where
𝐸፜፨፧ is the expected energy consumption of buyer 𝑘. 𝐿፤ = 1, 2, … , 𝑙 describes the individual actions
available to buyer 𝑘. 𝑇፤ is the set of buyer types with individual buyer types denoted as ∀𝑡፤ ∈ 𝑇፤. The
utility function 𝑢፤ ∶ 𝑇፤ ×𝑌ኻ×𝑌ኼ×,… ,×𝑌፦ → ℝ where 𝑢፤(𝑡፤ , 𝑦ኻ, … , 𝑦፦) is the utility achieved by buyer 𝑘 if
his private value type is 𝑡፤ while actions taken by all buyers is 𝑦ኻ, … , 𝑦፦. We define the utility function as
the savings buyers experience in relation to their own willingness to buy and thus maximizing savings
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is the desirable strategy. The strategy profile of the 𝑘’th seller can thus be described as 𝑠፤ ∶ 𝑇፤ → 𝑌፣
and buyer 𝑘’s goal is to max 𝑠፤ ∶ 𝑇፤ → 𝑌፤(𝑃፥፤ , 𝑄፥፤).

Seller 𝑖 must choose an action 𝑥። when knowing its private information 𝑡።. The term 𝑡ዅ። indicates the
private information of all agents other than 𝑖. Note that 𝑡ዅ። does not affect the seller’s utility directly but
rather how the other agents behave, which can be denoted as 𝑥ዅ።. This in turn ultimately affects seller
𝑖’s utility 𝑢።(𝑡። , 𝑥። , 𝑥ዅ።). The total behavior of seller 𝑖 in such a setting is captured by the seller’s strategy
𝑠።(𝑡።) = 𝑥። , which specifies which action 𝑥። is taken for every possible type 𝑡።. It is these strategies
𝑠ኻ, … , 𝑠፧ that we want to be in equilibrium.

The Nash equilibrium solution to the LEM game requires that each agent’s strategy 𝑠።(𝑡። is the
best response to 𝑠።(𝑡ዅ። for every possible value of 𝑡ዅ።. Specifically, we have for all 𝑖, all 𝑡ኻ, … , 𝑡፧ and
all alternative actions 𝑠።(𝑡ዅ።) (or denoted as 𝑥’።) available to 𝑖, we have that 𝑢።(𝑡። , 𝑠።(𝑡።), 𝑠ዅ።(𝑡ዅ።)) ≤
𝑢።(𝑡። , 𝑥’። , 𝑠ዅ።(𝑡ዅ።)). The notion of complete information is reflected by the term 𝑠ዅ።(𝑡ዅ።), which means
that agent 𝑖 is knowledgeable of the other agents’ strategies 𝑠ዅ። as functions. This requirement does
not hold for residential local energy markets: notice how in the utility function (𝑢።(𝑡። , 𝑥። , 𝑥ዅኻ) agent 𝑖
considers all possible actions 𝑥ዅ። of others’ but does not know anything about 𝑠ዅ። or 𝑡ዅ።. How can we
model strategic behavior of the agents and reach an equilibrium when the agents may not have enough
information to determine their best response strategies?

3.2.2. Dominant Strategy Equilibria
Sometimes, an agent’s best response strategy remains the same regardless of the strategies or actions
chosen by the other agents. This is known as the dominant strategy for that agent and is defined as
the following [43]:

Definition 3.2.1. (Dominant Strategy) A strategy 𝑠∗። ∈ 𝑆። is said to be a dominant strategy for player
𝑖 if it dominates every other strategy 𝑠። ∈ 𝑆።. That is, ∀𝑠። ≠ 𝑠∗። ,

𝑢።(𝑠∗። , 𝑠ዅ።) > 𝑢።(𝑠። , 𝑠ዅኻ)𝑠። ∈ 𝑆።
Definition 3.2.2. (Dominant Strategy Equilibrium) A strategy profile (𝑠∗ኻ, … , 𝑠∗፧) is called a dominant
strategy equilibrium of the game Γ = ⟨𝑁, (𝑆።), (𝑢።)⟩𝑖𝑓, ∀𝑖 = 1, 2, … , 𝑛, the strategy 𝑠∗። is a strongly domi-
nant strategy for player 𝑖.

The independence of agent 𝑖’s best response strategy from strategies of others’ makes the notion of
dominant strategies applicable in incomplete information environments as well. The notion of dominant
strategy in incomplete information games requires that s*i be true for all possible actions x-i for each
agent, without it knowing anything about 𝑡ዅ። or 𝑠ዅ።. From a game theoretical stand-point, this solution
concept may seem too good to be true: how likely is it that an agent has a single best response to
all 𝑠ዅ።? Indeed in usual cases one does not expect games with incomplete information to dominant
strategy equilibria. However, in the context of mechanism design, where we get to design the rules
of the game, we can sometimes ensure that they do exist. The notion of dominant strategy equilibria
is central to the scope of this thesis project and is a highly desirable property sought in mechanism
design. These concepts will be discussed in detail in the following chapter.

3.3. Summary
This chapter served as a primer on the field of game theory. Agent decisions are governed by their
rational behavior in striving to maximize their own utilities. On this basis, game theory is the study
of player interactions and the subsequent payoffs within the framework of a game. In a commodity
exchange market such the LEM, the decisions and actions that market participants make naturally have
a profound effect on their own as well as other participants’ utilities. Thus creating a contingency plan
for all possible combinations of actions taken within the game space allows the participant to determine
the decision it should make to receive the highest payoff. In game theory, the contingency plan of a
market participant is referred to as its strategy set, and the decision that provides the participant with
the most utility when compared to every other strategy within its strategy set is called the best response
strategy. When each agent ends up playing their own best response strategy, an equilibrium solution
of the game emerges. But most real-world problems are not so transparent in the information available
to all participants, and each individual will hold some private information which makes determination
of one’s best response strategy very difficult. In Section 3.2, we have characterized LEMs incomplete
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and imperfect information games. Even after we have identified that the dominant strategy equilibrium
solution concept induces participants to always reveal their private information no matter their strategy
set, a game theoretical approach is not sufficient enough to ensure that an equilibrium solution will be
formed. In Chapter 8, the LEM will be taken on from the perspective of mechanism design, which is
the micro-economic theory behind engineering the rules of an auction game.





4
Mechanism Design

Mechanism design is a sub-field of game theory that can be loosely viewed as the reverse engineering
of games. A mechanism is a game, in which each agent is required to choose on action among a set
of possible actions. A social designer then determines an outcome based on the chosen actions. The
main goal of mechanism design is to create a set of protocols that satisfy socially desired objectives. It
is best to view the goals of the designed mechanisms in terms of social choice. A social choice is simply
an aggregation of the agents’ preferences (list of agent strategies). While game theory is concerned
with the individual strategies of the agents, mechanism design attempts to implement desired social
choices in a strategic setting - assuming that the agents each act rationally and intelligently in a game
theoretic sense. In other words, a mechanism defines the strategies available to agents and the final
outcome based on the agents’ chosen strategies.

The essential technique that mechanism design uses is to induce a game among the agents in a
way that in an equilibrium state of the induced game, the desired system-wide solution is implemented.
However, an important aspect of mechanism design is that the mechanism designer only knows the
agents’ announced preferences (chosen strategy) but not their actual preferences. In auction markets,
an agent’s actual preferences is referred to as its private valuation (or truthful valuation), and announced
preference as its reported valuation. When an agent’s private valuation is identical to its reported
valuation, the agent is described as being truthful. In the design of energy markets, this alignment
of the agent’s self-interest and the system operator’s objective for creating the market has profound
effects on market performance. From the market designer’s perspective, only by knowing the agents’
actual preferences can it solve for an optimal social choice. Because markets are essentially zero-sum
games, anything other than the truth will reduce market efficiency - not every agent is trading at his/her
ideal state and thus certain agents will inevitably bear this externality. On the other hand, rational agents
will always deviate from their actual preference if being untruthful yields a higher utility for themselves.

Take a simple example where an energy generator has 2 kWh available for sale but anticipates a
higher profit by submitting a bid of 1 kWh. According to game theory, the generator will always choose
to bid 1 kWh even though this result withholds 1 kWh from potential consumers that may otherwise
benefit from it. To the market operator whose social objective is to maximize welfare for all agents, this
loss of trade negatively impacts the efficiency of the market as a whole. Thus implementing rules that
induce truthfulness becomes a highly desirable property in mechanism design. In Chapter 3, we have
characterized LEM’s as multi-unit double auction markets and introduced the concept of dominant
strategy equilibria. The remainder of this chapter will be dedicated to the introduction of important
concepts and implementation of dominant strategies in mechanism design.

4.1. Key Concepts in Mechanism Design
As you may have noticed, functions defined so far have been intentionally abstract. We have already
introduced the notion of dominant strategy equilibrium as the desired solution concept of auction mech-
anisms. Yet it is still unclear how the mechanism implements a protocol, and what outcome function
and price functions are required to induce truthful behavior in agents. To bridge this gap, an exam-
ple illustrating the implementability of a single-sided auction mechanism is shown in Appendix A. This
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section aims to provide the audience with a brief introduction on the important concepts in mechanism
design theory.

4.1.1. Direct Mechanisms
There are two approaches to elicit the private valuation from the agents in a truthful way, which are called
direct-revelation mechanisms and indirect-revelation mechanisms. We first cover direct mechanisms.

We say that a mechanism is a direct-revelation mechanism if the only action available to the agent
is to submit their reported valuations. From a game theoretical point of view, it does not involve player
types or strategy sets. The social choice function 𝑓 ∶ 𝑉 → 𝐴 and payment function 𝑝። ∶ 𝑉 → ℝ directly
maps agent valuations to an outcome. The mechanism protocol directly seeks the private valuation
from the agents by asking them to reveal their true types. This does not mean the agents are obligated
to reveal their private valuations (𝑣።). Instead agents submit their reported valuations (�̂�።). It is the
auctioneer’s objective to ensure that the allocation and payment protocol incentivizes agents to directly
report their private valuation �̂�። = 𝑣።. When this is the case, the direct mechanism is referred to as an
incentive compatible mechanism.

4.1.2. Indirect Mechanisms
An indirect-revelation mechanism is a generalized notion of a mechanism where the auctioneer pro-
vides a choice of actions to each agent and specifies an outcome for each action profile. The main idea
is that each agent now has some private information ∀𝑡። ∈ 𝑇። which determines the agent’s valuation
function over a set of outcomes 𝐴, denoted as 𝑣። ∶ 𝑇። × 𝐴 → ℝ. An incomplete information game is in-
duced by themechanism, where the agent 𝑖 has a set of available actions 𝑋።, while being informed of the
outcome function 𝑎 ∶ 𝑋ኻ×𝑋ኼ×…×𝑋።×…×𝑋፧ → 𝐴 and payment function 𝑝 ∶ 𝑋ኻ×𝑋ኼ×…×𝑋።×…×𝑋፧ → ℝ.
The agent’s goal is to maximize its utility given by 𝑢።(𝑡። , 𝑥1, … , 𝑥፧) = 𝑣።(𝑡። , 𝑎(𝑥ኻ, … , 𝑥፧)) − 𝑝።(𝑥ኻ, … , 𝑥፧).
Instead of submitting their reported valuation, agents play certain strategies that indirectly capture the
private information, or x1 , ... , xn = s1(t1), … , sn(tn). In this case, the auctioneer’s objective is to
implement a social choice function 𝐹 ∶ 𝑇 → 𝐴 such that 𝑓(𝑡ኻ, … , 𝑡፧) = 𝑎(𝑥ኻ, … , 𝑥፧). This last expres-
sion equates the auctioneer’s intended social outcome when knowing private valuations to the social
outcome resulting from agent strategies induced by the incomplete information game.

In the context of energy auction markets, the best way to emphasize the difference between direct
and indirect mechanisms is to look at what exactly are the agents submitting to the auctioneer. In a
direct mechanism, each agent is asked to submit its valuation for its energy demand directly to the
auctioneer. Whereas in an indirect mechanism, the agents are asked to submit a bid. The intent is that
the bid submitted will be dependent on the agent’s private information, and based on this the agent has
a strategy for bidding.

Indirect mechanisms are appealing and useful because they provide us with practical ways of im-
plementing social choice functions. They generally describe dynamic mechanisms such as continuous
auctions or combinatorial auctions. Unfortunately, indirect mechanisms are generally extremely hard
to implement due to the complexity of its rules and available action space of agents. Finding a profile of
equilibrium strategies may sometimes be impossible under such circumstances. On the other hand, di-
rect mechanisms generally describe static games and are sometimes too expensive for agents because
they place high demands on information revelation. Additionally, they are useful in the development of
theory but rarely practical in the real world.

4.1.3. Revelation Principle
Fortunately, mechanism design theorists developed a fundamental relationship between an indirect
mechanismℳ and direct mechanism 𝒟 with respect to a given social choice function 𝑓. The revelation
principle states that under weak conditions any mechanism can be transformed into an equivalent
direct-revelation mechanism that implements the same social choice function. This proves to be a
powerful tool, as it enables us to restrict our inquiry about truthful implementation of a social choice
function to the class of direct revelation mechanisms only.

4.1.4. Mechanism Design Objectives
The following design objectives are most commonly considered in mechanism design for auction mar-
kets:
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Incentive Compatibility (IC): A mechanism is incentive compatible if all of the agents maximize their
utilities when truthfully revealing any private information asked for by the mechanism. This property is
also known as truthfulness or strategy-proofness.

Efficiency: Also known as social welfare maximization, this objective reiterates the importance of the
social choice function implemented. In the case of auction settings, the objective is to match a buyer
who values the commodity the most to a seller asking for the lowest price to achieve maximal gains-
from-trade (GFT).

Individual Rationality (IR): A mechanism is individually rational if it gives its traders non-negative utility
𝑢።. This implies that for any possible (𝑣። , 𝑣ዅ።) , 𝑣።(𝑓(𝑣። , 𝑣ዅ።))−𝑝።(𝑣። , 𝑣ዅ።) ≥ 0 for all 𝑖 [1]. In other words,
the mechanism’s allocations do not make any trader worse off than had the trader not participated.

Budget-Balance (BB): A mechanism is exactly budget balanced if the total payment that buyers and
sellers make equals zero, so no money is injected into or removed from the mechanism. A weakly
budget-balance describes the scenario where the total payment is non-negative, which infers that the
mechanism does not run at a loss and generates some form of revenue for the auctioneer.

4.2. Double Auction Mechanism Design Environment
This study investigates two-sided markets, where several sellers who hold items for sale and several
buyers who consider buying these items. A double auction is a mechanism for organizing a two-sided
market. In a double auction setting, there are 𝑛 agents who are rational and intelligent, interacting
strategically among themselves towards making a collective decision. 𝐴 denotes the set of auction out-
comes or alternatives for a social choice function 𝑓 the auctioneer chooses. Note that the 𝐴 describes
all possible resulting allocations agents can receive. The preference of an agent 𝑖 is now captured by
a valuation function 𝑣። ∶ 𝐴 → ℝ that describes the monetary value that the agent will obtain from each
chosen allocation. In this case, 𝑣።(𝑎) denotes the monetary value that 𝑖 assigns to it receiving allocation
𝑎. Note that 𝑣።(𝑎) is the private valuation of an agent and does not depend on the other agents’ values.

The double auction mechanism ℳ includes an outcome function 𝑓 ∶ 𝑉 → 𝐴 and price functions
𝑝𝑖 ∶ 𝑉 → ℝ for each agent 𝑖. In energy trading (or in any commodity exchange), the social choice
function 𝑓 implemented is naturally welfare-maximizing. In addition to implementing 𝑓, the mechanism
designer charges the agent an additional amount of money 𝑝። for the chosen outcome 𝑎. Thus agent 𝑖’s
utility is defined as 𝑢። = 𝑣።(𝑎) − 𝑝።. Utilities of this form are quasi-linear due to its separable and linear
dependence on money. Compared to the game-theoretical description of LEM’s in Section 3.2.1, this
quasi-linear utility is the translation of buyers’ utility 𝑢።(𝑡። , 𝑥ኻ, … , 𝑥፧) and sellers’ utility 𝑢፤(𝑡፤ , 𝑦ኻ, … , 𝑦፦)
for a direct mechanism. Due to the revelation principle, it is possible to disregard the agent’s types 𝑇
and actions (𝑋, 𝑌), restricting attention to the truth-revealing direct revelation mechanism. The implicit
assumption is that an agent aims to maximize its resulting utility 𝑢። = 𝑣።(𝑓(𝑣። , 𝑣ዅ።)) − 𝑝።(𝑣። , 𝑣ዅ።).

The feasibility of the mechanism is determined by using game theory to analyze the equilibrium
strategies of all agents. The mechanismℳ(𝑓, 𝑝ኻ, … , 𝑝፧) successfully implements social choice function
𝑓(𝑣ኻ, … , 𝑣፧) if and only if the outcome computed with equilibrium strategies 𝑣ኻ, … , 𝑣፧ is a solution to the
social choice function for all possible agent preferences.

4.2.1. Implementation of Dominant Strategies
Recall from game theory the concept of dominant strategy equilibrium where strategy 𝑠∗(𝑡)maximizes
the agent’s utility regardless of other agents’ strategies. For mechanism design, we can translate an
agent’s strategy 𝑠(𝑡) to its valuation 𝑣.

Definition 4.2.1. A direct mechanism is truthful (or incentive compatible, or strategy-proof) if the dom-
inant strategy of each agent is to reveal its true type (or private valuation). That is for every 𝑣ዅ። ∈ 𝑉ዅ።
and 𝑣። , 𝑣’። ∈ 𝑉።, 𝑣።(𝑓(𝑣። , 𝑣ዅ።)) − 𝑝።(𝑣። , 𝑣ዅ።) ≥ 𝑣።(𝑓(𝑣’። , 𝑣ዅ።)) − 𝑝።(𝑣’። , 𝑣ዅ።) [1].

Incentive compatibility and dominant strategy equilibrium are inexorably linked; these two concepts
constitute important pillars in mechanism design. As mentioned before, strategy-proofness is a highly
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useful property. Dominant strategy implementation is very robust to assumptions about agents, such
as the information and rationality of agents, and has been proved to be the strongest solution con-
cept in game theory. There are other equilibrium concepts that could be implemented by an incentive
compatible mechanism, such as the Bayesian-Nash equilibrium, but we restrict the scope of this the-
sis to focusing only on dominant strategy equilibrium because it makes the least assumptions about
agents. In the context of residential local energy markets, the agents conducting trades are most likely
the households’ building management systems. These interactions are conducted online, and often
automated. Computationally, dominant strategy implementation allows an agent to compute its opti-
mal strategy without modeling the preferences and strategies of other agents. Thus implementation of
dominant strategy incentive compatible mechanisms.

Notice that the social choice and payment functions are embedded in the agent’s utility. The mech-
anism designer has full control over the construction of functions 𝑓 and 𝑝. We are now ready to state
the required properties from an incentive compatible direct mechanism for the framework of the resi-
dential local energy market. A mechanism is incentive compatible if and only if it satisfies the following
conditions for every agent 𝑖 and every 𝑣ዅ።:

• The payment 𝑝። is not dependent on 𝑣። , but on the alternative outcome chosen 𝑎 = 𝑓(𝑣። , 𝑣ዅ።).
In reference to direction mechanisms, the agent’s only available action could not be manipulated
to increase its payoff.

• The mechanism optimizes for each player, meaning for every 𝑣።, 𝑓(𝑣። , 𝑣ዅ።) ∈

argmaxፚ(𝑣።(𝑎) − 𝑝ፚ)

. This is of mutual understanding when the auctioneer announces the specifications of the mech-
anism to agents.

4.3. Summary
In this chapter, an overview of mechanism design theory has been given. In Chapter 4, the formulation
of the LEM as a game and its solution concept allows us to identify and align desired properties in mech-
anism design to be able to achieve the research objective. Thus, a framework on implementations of
double auction mechanisms which produces dominant strategy equilibria is given. In the next chapter, a
non-truthful mechanism will first be introduced, followed by two dominant strategy incentive-compatible
mechanisms to be explored in this thesis.
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Truthful Double Auction Mechanisms for

Local Energy Markets
In the previous chapter, an overview of mechanism design is given. In this chapter, the double auction
mechanisms to be investigated in this study will be presented. We first introduce an important theorem
that limits the desired objectives one can achieve in mechanism design, followed by the introduction of
the truthful mechanisms which will be explored in this study.

5.1. The Impossibility Theorem
In an important and influencing result, Myerson and Satterthwaite have shown an impossibility in double
auction mechanisms[42]:

Theorem 5.1.1. Myerson and Satterthwaite Theorem: There does not exist a double auction that is
truthful, efficient, individually rational and (weakly) budget-balanced.

Myserson and Satterthwaite demonstrate this impossibility in a two-agent one-good example, for
the case that trade is possible but not certain. The consequence of this result is that we achieve at most
three of the four objectives/properties stated in Section 4.1.5. Thus there will inevitably be a trade-off
when choosing which social choice function and equilibrium concept to implement.

The most commonly used double-auction mechanism is the Walrasian mechanism[3]. While this
mechanism attains maximum gains-from-trade (GFT), this mechanism is unfortunately not incentive-
compatible – agents have an incentive to misreport their valuations in order to manipulate the price.
In this study, this popular mechanism will be implemented as a benchmark to gauge the cost of imple-
menting incentive-compatible mechanisms.

The impossibility result initiated a search for double-auction mechanisms that are IC, IR, and BB
and attain an approximately maximal GFT. McAfee [34] proposed a truthful, individually rational and
budget-balanced double auction that is not efficient. McAfee’s key idea is trade reduction, i.e. reduc-
ing the match that gives the least social welfare increase if necessary. McAfee also showed that the
proposed auction approaches efficiency if the number of traders approaches infinity, this is referred to
as asymptotic efficiency. This trade reduction idea has inspired some further work dealing with similar
problems in different static exchange environments. For example, Gonen et al. [14] proposed a general
trade reduction framework for different exchange environments including multi-unit and combinatorial
cases.

Instead of efficiency, other properties have also been extensively considered for sacrifice. The
well-known VCG mechanism chooses to forego BB. Wurman et. al [67] proposed single-unit double
auctions that are efficient, IR, BB but only partially truthful, i.e. truthful only for either buyers or sellers,
and they also showed that there is no multi-unit double auction that has the same properties given that
a trader’s valuation for each unit is independent of how many units he trades if partial satisfaction is
possible or traders do not allow partial satisfaction (take-it-or-leave-it). Under a similar setting to the
one studied by [67], Huang et al. [22] proposed multi-unit double auctions that are IR, weakly BB, and
IC, but not efficient. The most recent advancement is aptly named MUDA, a multi-unit double auction
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proposed by Segal-Halevi et al. [55]. Their mechanism is IR, DSIC, strongly BB, but also not efficient.
Furthermore, the MUDA procedure introduces complexity by splitting the market into two sub-markets,
left and right, by sending each trader to each side with a probability 1/2, independently of the others.

Ultimately, the VCG and Huang mechanisms are chosen to be investigated for this study. The
VCG mechanism represents an intriguing case in mechanism design as it is the only mechanism
that achieves both maximum efficiency and dominant-strategy incentive compatibility. On the other
hand, the Huang mechanism is less efficient but owns the interesting property of being weakly budget-
balanced, meaning that the auctioneer enjoys revenue from operating the LEM. Figure 5.1 provides
an overview of the mechanisms investigated and their properties. The chosen mechanisms are first
presented and their properties analyzed.

Figure 5.1: Overview of chosen mechanisms and their properties

5.2. Walrasian Mechanism
Regularly used in financial markets, the Walrasian market model acts as the fundamental framework
for a free market economy and became a standard part of our conception of capitalistic markets. Léon
Walras originally developed this model to capture the underlying order in the production and exchange
of goods in a competitive system [25]. Drawing from the concept of utility maximization as the driving
force behind all economic behavior, sellers and buyers supply and demand commodities as a function of
their preferences, actual holdings of commodities, and all prices. In their most basic forms, the truthful
double auction mechanisms explored in this thesis project are extensions of the Walrasian mechanism,
and thus theWalrasianmechanism is used as the benchmark when analyzingmechanism performance.

The Walrasian auction mechanism describes an exchange process called tâtonnement. Charac-
teristics of a tâtonnement exchange process include the following: 1) there is only one price at one
time, 2) there is an information system notifying all agents of the price, 3) there is a mechanism for
determining the quantities and prices and 4) transactions at non-equilibrium prices are not allowed.
Most importantly, the pricing rule dictates that the adjustments made by the auctioneer to the trading
price 𝑑𝑝/𝑑𝑡 must follow the same sign as excess demand 𝐸 = 𝐷 − 𝑆. When the Walrasian auction is
done in practice, buyers and sellers calculate their own demand for the commodity at every possible
price and submit these preferences to the auctioneer. Thus, each agent reveals its full utility function
to the auctioneer. By taking into account all agents’ preferences, the auctioneer determines the mar-
ket equilibrium by adjusting the uniform trading price of the commodity until aggregate supply meets
aggregate demand. This process is iterative. If excess demand E is positive, this is a signal from the
market that there is potential to satisfy unfulfilled demand and thus the auctioneer raises the system
price. In contrast, the auctioneer lowers the system price if the excess demand E is negative. From
a mathematical optimization point of view, the tâtonnement process boils down to essentially being a
Linear Programming (LP) problem, where incremental adjustments made to the trading price converge
to a final market clearing price based on constraints in quantity. In other words, the auctioneer’s goal
is to find the optimal allocated quantities such that social welfare is maximized. The tâtonnement tech-
nique used for price adjustments closely mimics the Simplex algorithm used to solve LP problems and
will be explained further in detail later on.
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5.2.1. Walrasian Mechanism Problem Formulation
The Walrasian double auction is a type of simultaneous auction, or sealed-bid auction. In game theory,
simultaneous auctions are treated as static games. Agents have incomplete information about the
game; other agents’ identities and payoff functions are unknown to individual agents. Therefore, any
interaction between agents leading up to the market outcome should not affect their strategy set.

Assume that a market is made up of𝑚 buyers and 𝑛 sellers, where each buyer 𝑖 wants to purchase
𝑥። amount of a good and each seller 𝑗 has 𝑦፣ amount to sell. For our residential LEM, each agent
is allowed only a single bid composed of a discrete quantity and price. Let 𝑏። = ( ̂𝑏፯። , 𝑏፪።) be the
bid placed by buyer 𝑖, where ̂𝑏፯። is the reported per unit valuation of the ordered quantity 𝑏፪። = 𝑥።.
Similarly, let 𝑠፣ = ( ̂𝑠፯፣ , 𝑠፪፣) be the bid placed by seller 𝑗, where ̂𝑠፯፣ is the reported per unit valuation
of the ordered quantity 𝑠፪፣ = 𝑦፣. The true valuation for each buyer i and seller j are denoted as 𝑏፯።
and 𝑠፯፣, this information is private and only known to the agents themselves. The reported and true
valuations for each agent are assumed to be static throughout the market period and this is the case
for all mechanisms explored.

First, we take a look at individual gains-from-trade of the market outcome from the agents’ point
of view. Let the quantity buyer i receives from the market outcome be denoted as 𝑥∗። . We use the ∗
symbol to denote the outcome of agent allocations obtained by solving Eq. 5.3. The market clears with
a uniform trading price, denoted as 𝑝፭, at which all allocated buyers and sellers commit their trades.
Buyer 𝑖’s utility is the additional value it receives when purchasing a good at 𝑝፭ and can be described
as:

𝑢፛። = (𝑏፯። − 𝑝፭)𝑥∗። (5.1)

Seller j’s profit is the amount of revenue it makes from each trade subtracted by its costs. Profit can be
described as:

𝑢፬፣ = (𝑝፭ − 𝑠፯፣)𝑦∗፣ (5.2)

The Walrasian mechanism seeks to maximize total market value described by the sum of utilities
and profits. As the auctioneer received utility functions from all agents, finding the market equilibrium
consists of solving a linear programming optimization problem described as follows:

max
፱,፲

፦

∑
።዆ኻ
(𝑏፯። − 𝑝፭)𝑥። +

፧

∑
፣዆ኻ
(𝑝፭ − 𝑠፯፣)𝑦፣

s.t.
፦

∑
።዆ኻ
𝑥። −

፧

∑
፣዆ኻ
𝑦፣ = 0 ∀𝑖 ∈ 𝑚, ∀𝑗 ∈ 𝑛

𝑥። ≤ 𝑏፪። ∀𝑖 ∈ 𝑚
𝑦፣ ≤ 𝑠፪፣ ∀𝑗 ∈ 𝑛
𝑥። ≥ 0, 𝑦፣ ≥ 0 ∀𝑖 ∈ 𝑚, ∀𝑗 ∈ 𝑛

(5.3)

The inequality constraints describe the range of quantities at which each agent is willing to trade.
The equality constraint, which is also the market clearing constraint, ensures that the aggregate gen-
eration and consumption is balanced at all times.

The allocation rule is determined by the LP solution vectors ̄𝑥∗ and ̄𝑦∗. Each buyer 𝑖 receives a
quantity equal to 𝑥∗። . Each seller 𝑗 supplies a quantity equal to 𝑦∗፣ . As mentioned before, tâtonnement
is the pricing rule used to reach system equilibrium by finding the market clearing price (MCP). From
the LP problem described in Eq. 5.3, the MCP is not an explicit solution for the objective function.
Nevertheless, solving a linear program usually provides more information about an optimal solution
than merely the values of the decision variables. For every linear optimization problem, known as the
primal, there is an associated problem known as its dual. Shadow prices (also referred to as dual
variables or marginal values) are the Lagrange multipliers to the primal problem and, simultaneously,
the solutions to the dual problem.

The shadow price on a particular constraint represents the change in the value of the objective
function per unit increase in the right hand-side value of that constraint. In the context of our double
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auction LP problem, the right hand-side values of the inequality constraints (𝑥። ≤ 𝑏፪። and 𝑦፣ ≤ 𝑠፪፣)
constitute as the maximum amounts of energy the agents are willing to trade for. Since the agents’
reservation prices (𝑏፯።𝑎𝑛𝑑𝑠፯፣) are static, each agent values energy at its reservation price regardless
of the amount it was allocated. Thus the shadow price of each constraint is equivalent to the reservation
price each agent reports to the auctioneer respectively.

When looking at the market-clearing constraint (∑፦።዆ኻ 𝑥። −∑
፧
፣዆ኻ 𝑦፣ = 0), this equality constraint puts

a limit on the total market value. Thus the shadow price of the equality constraint represents the MCP,
which can be viewed as the marginal per unit valuation of total quantity traded. The MCP could thus
be found by solving the dual problem and computing the dual variable associated with the equality
constraint from the primal problem.

5.2.2. Walrasian Mechanism: An Example
The Walrasian mechanism is intuitively simple when illustrated by a graphical example. Suppose there
are 6 buyers and 6 sellers each looking to trade 1 kWh of energy for the current trading window. Each
buyer has a private reservation price and reports 𝑏፯። price ̂𝑏፯።, and each seller has a private reservation
price 𝑠፯፣ and reports price ̂𝑠፯፣. For now let us assume the reported prices of all agents are equal to
their private reservation prices. Without loss of generality, we assume the following:

𝑏፯ኻ > 𝑏፯ኼ > … > 𝑏፯፦ (5.4)

𝑠፯ኻ > 𝑠፯ኼ > … > 𝑠፯፧ (5.5)

The auctioneer arranges the demand volumes according to the price order shown in Eq. 5.4 and
supply volumes according to the price order shown in Eq. 5.5.

Prices reported by buyers are set and ordered as follows:

Buyer 𝑏ኻ 𝑏ኼ 𝑏ኽ 𝑏ኾ 𝑏኿ 𝑏ዀ
Reservation Price [𝑐/𝑘𝑊ℎ] 60 50 40 30 20 10

Table 5.1: Buyers’ reservation prices for single unit bids

Similarly, for the sellers:

Seller 𝑠ኻ 𝑠ኼ 𝑠ኽ 𝑠ኾ 𝑠኿ 𝑠ዀ
Reservation Price [𝑐/𝑘𝑊ℎ] 10 20 30 40 50 60

Table 5.2: Sellers’ reservation prices for single unit-bids

By placing the buyers and sellers in separate merit-orders, the aggregate supply and demand func-
tions can be plotted in discrete steps as shown in Figure 5.2.

The maximum social welfare of this market period is 90 cents, which is found by subtracting the area
underneath the demand function with the area underneath the supply function up to the equilibrium
quantity 𝑞፞. The Walrasian MCP can also be intuitively determined by finding the average valuation
between the last pair of buyer and seller, which is 35 cents/kWh. These results are validated by solving
the LP problem with the example’s bid parameters. Using equations 5.1 and 5.2, the utility for buyers
and sellers are tabulated below.

All double auction mechanisms with market value maximizing social choice functions follow this
approach in determining the agents’ merit-order. The commodity is always allocated to the buyer with
the highest marginal utility from the seller with the lowest marginal cost. However in competitive mar-
kets, agents are not required to submit bids that reflect their true marginal utility and costs. The VCG
and Huang mechanisms define allocation and pricing rules that induce agents in revealing their true
reservation prices.
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Figure 5.2: Aggregate supply and demand functions of a double auction market

Buyer 𝑏ኻ 𝑏ኼ 𝑏ኽ 𝑏ኾ 𝑏኿ 𝑏ዀ
Reservation Price [𝑐/𝑘𝑊ℎ] 60 50 40 30 20 10

MCP [𝑐/𝑘𝑊ℎ] 35 35 35 35 35 35
Allocation [𝑘𝑊ℎ] 1 1 1 0 0 0

Utility [𝑐] 25 15 5 0 0 0
Total Utility [𝑐] 45

Table 5.3: Buyer outcomes from Walrasian double-auction mechanism

Seller 𝑠ኻ 𝑠ኼ 𝑠ኽ 𝑠ኾ 𝑠኿ 𝑠ዀ
Reservation Price [𝑐/𝑘𝑊ℎ] 10 20 30 40 50 60

MCP [𝑐/𝑘𝑊ℎ] 35 35 35 35 35 35
Allocation [𝑘𝑊ℎ] 1 1 1 0 0 0

Profit [𝑐] 25 15 5 0 0 0
Total Profit [𝑐] 45

Table 5.4: Seller outcomes from Walrasian double-auction mechanism

5.2.3. Walrasian Mechanism Discussion
The Walrasian mechanism has some desirable properties, but ultimately does not induce truthful be-
havior from the agents. It is individually rational because the agents in the merit order will commencing
trading at a uniform market clearing price that does not produce negative utility for either sellers or
buyers; it is efficient because all the items are held by the agents who value them the most; it is budget
balanced because all monetary transfers are kept between buyers and sellers. The mechanism’s pric-
ing rule causes it to be prone to manipulation in terms of price. We use the example shown in Figure 5.2
to illustrate how this is the case.

We first assume that all the agents in the example from the previous section are all reporting their
truthful valuations ( ̂𝑠፯። = 𝑠፯። ∀𝑖; ̂𝑏፯፣ = 𝑏፯፣ ∀𝑗). Consider seller 𝑠ኽ, who is part of the pair of agents that
determines the market clearing price. By reporting its true valuation 𝑠፯ኽ = 30 (cents/kWh), seller 𝑠ኽ
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receives a payoff of 35 − 30 = 5𝑐𝑒𝑛𝑡𝑠 (see Table 5.4). Yet for him, this is not the maximum possible
payoff he can receive. For example if 𝑠ኽ reports a price ̂𝑠፯ኽ = 35 (cents/kWh), the market clearing price
of the auction will in fact be increased to 37.5 (cents/kWh). This manipulation of price is illustrated in
Figure 5.3. By reporting a higher bid price, seller 𝑠ኽ is able to increase his own profits to 37.5 − 30 =
7.5𝑐𝑒𝑛𝑡𝑠, as well as increasing the profit of all in-merit sellers in the process. Assuming that the other
sellers stay truthful, seller can actually gain a maximum profit of 9.9̄ cents if it happens to bid just below
𝑠ኾ’s reported valuation at ̂𝑠፯ኽ = 39.9̄ (cents/kWh).

Figure 5.3: Price manipulation of a Walrasian double auction

5.3. VCG Mechanism
The VCG mechanism is named after its inventors William Vickrey, Edward Clarke, and Theodore
Groves. It defines a broad class of dominant strategy incentive compatible mechanisms that efficiently
allocates a public good based on a social choice function. The VCG mechanism is proved to be the
unique direct mechanism that enjoys strategy-proofness, perfect efficiency, and individually rationality,
but this comes at a cost. Unfortunately, the mechanism is not budget balanced.

William Vickrey’s inquiry into auctions marked the first serious attempt by an economist to use game
theory to explain the dynamics of auctions and to design new rules to achieve superior performance.
In his seminal paper[63] which originated auction theory, he demonstrated that a particular pricing rule
makes it a dominant strategy for bidders to report their values truthfully, even when they know that their
reported values will be used to allocate goods efficiently. Due to the influence of Vickrey’s original work
on truth inducing pricing rules, a brief summary is provided on how the VCG mechanism is extended
from a single-sided auction implementation to the multi-unit double auction setting.

The first analysis of Vickrey’s mechanism was carried out on single item auctions, and is often re-
ferred to as the second-price sealed-bid auction, or simply the Vickrey auction. The Vickrey auction
awards a single item to the highest bidder, but the winner pays the amount of the second-highest bid.
For example, if the winning bidder bids 11 and the highest losing bid is 10, the winner of the bid pays
10. With these rules, a winning bidder can never affect the price it pays, so there is no incentive for any
bidder to misrepresent its value. This very simple and elegant idea achieves something that is quite re-
markable: it reliably computes a maximization function of private valuations that are each held secretly
by a different self-interested player. From another point of view, this may be seen as the mechanics
for the implementation of Adam Smith’s invisible hand, because despite private information and pure
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selfish behavior, social welfare is achieved. All the field of mechanism design is just a generalization
of this possibility.

When dealing with auctions with multiple units of the same item, Vickrey’s mechanism awards units
to the highest bidders in the aggregate demand curve up to the market equilibrium. But instead of
paying the prices it bid or the clearing price for its units, a winning bidder pays the opportunity cost for
the units won. For example in the case of discrete units, each bidder submits a number of separate
bids each representing an offer to buy one unit. The auctioneer combines all bids into an aggregate
demand curve and accepts the 𝑆 highest bids. If a bidder wins 2 units and the highest rejected bids
(𝑆 + 1, and 𝑆 + 2) by its competitors are 11 and 10, then the bidder pays a total of 21 for its two
units. Another way to describe Vickrey’s pricing rule for multi-unit auctions is the price a bidder pays
for its 𝑛th unit is the clearing price that would have resulted if it had restricted its demand up to n
units (𝑛th unit not included). Here again it is clear that a winning bidder can never affect the price it
pays. Vickery’s work was subsequently generalized by Clarke (1971) and Groves (1973) to auctions
dealing with heterogeneous goods as well as homogeneous goods. The Groves family of social choice
mechanisms, by requiring specific payments to each agent, reaches efficient outcomes while retaining
strategy proof-ness[43]. While it was developed earlier, the Clarke mechanism is a special case of the
Groves mechanism. This relationship will be discussed in later sections.

In a double auction framework, the pricing rule is applied to both sides of the market. It has been
shown that the VCG mechanism is the only mechanism that possesses efficiency and incentive com-
patibility. The following section provides a detailed description of the VCG mechanism applied to our
local energy market framework.

5.3.1. VCG Problem Formulation
The generalization of VCG mechanisms is defined as follows[1]:

Definition 5.3.1. A mechanismℳ(𝑓, 𝑝ኻ, … ., 𝑝፧) is called a Vickrey-Clarke-Groves (VCG) mechanism
if:

• 𝑓(𝑣ኻ, … , 𝑣፧) = 𝑎𝑟𝑔𝑚𝑎𝑥ፚ ∑
፧
።዆ኻ 𝑣።(𝑎); that is, 𝑓 maximizes social welfare

• For some functions ℎኻ, … , ℎ፧, where ℎ። ∶ 𝑉ዅ። → ℝ (i.e. ℎ። does not depend on 𝑣።), we have that for
all 𝑣ኻ ∈ 𝑉ኻ, … , 𝑣፧ ∈ 𝑉𝑛 the payment rule is defined as:

𝑝።(𝑣ኻ, … , 𝑣፧) = ℎ።(𝑣ዅ።) − ∑፣!዆። 𝑣፣(𝑓(𝑣ኻ, … , 𝑣፧)).

The adaptability of the VCGmechanism to meet the requirements of various auction formats can be
inferred from first point of Definition 5.3.1. Any social choice function 𝑓(𝑣ኻ, … , 𝑣፧) that seeks tomaximize
social welfare is implementable by the VCG mechanism; this is an extremely desirable aspect as it
allows themarket designer tomake less assumptions about properties relating to themarket framework.
The summation term 𝑣።(𝑎) allows agents to declare their entire utility functions to the auctioneer (this
private information is still kept from other agents). Under the same residential LEM framework, it is clear
that the VCG mechanism optimizes for the same social choice function as the Walrasian mechanism
described in Eq. 5.3. From the first point of Definition 5.3.1 and objective function in Eq. 5.3, the VCG
mechanism allocation rule is determined by the LP solution vectors ̄𝑥∗ and ̄𝑦∗. Each buyer 𝑖 receives
a quantity equal to 𝑥∗። . Each seller 𝑗 supplies a quantity equal to 𝑦∗፣ . The pair of seller and buyer bids
that define the market equilibrium are allowed to be partially accepted in respect to quantity.

From the second point of Definition 5.3.1, the first term ℎ።(𝑣ዅ።) is an arbitrary function on the the
reported valuations of every agent except for 𝑖. The specific form of the function ℎ።(𝑣ዅ።) used in this
study is the Pivotal, or Clarke, mechanism: ℎ።(𝑣ዅ።) = ∑፣!዆። 𝑣፣(𝑏), where 𝑏 = 𝑎𝑟𝑔𝑚𝑎𝑥ፚ ∑፣!዆። 𝑣፣(𝑎). This
term has no strategic implications for agent 𝑖 since it does not depend, in any way, on the action it
chooses to take.

The main idea lies in the second term −∑፣!዆። 𝑣፣(𝑓(𝑣ኻ, … , 𝑣፧)), which describes the social welfare
of all other agents with agent 𝑖’s participation. Thus when this term is added to the agent’s own value
𝑣።(𝑓(𝑣ኻ, … , 𝑣፧)), the sum becomes exactly the total social welfare of 𝑓(𝑣ኻ, … , 𝑣፧). Together, these two
terms form the pricing rule of the VCG mechanism. Intuitively, agent 𝑖 pays an amount equal to the
total damage that it causes the other players, which is the difference between the social welfare of the
others with and without 𝑖’s participation. The nature of the pricing rule allows for price discrimination
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rather than using a single price to clear the market, each household is thus charged a personalized
payment for the quantity of energy traded.
The VCG payment rule for buyers can be formulated as follows:

𝑝። = (𝑎𝑟𝑔𝑚𝑎𝑥
፦

∑
፤!዆።

፧

∑
፣዆ኻ
(𝑏፯፤𝑥፤ − 𝑠፯፣𝑦፣)) −

፦

∑
፤!዆።

፧

∑
፣዆ኻ
(𝑏፯፤𝑥∗፤ − 𝑠፯፣𝑦∗፣ ) (5.6)

Similarly for sellers:

𝑝፣ = (𝑎𝑟𝑔𝑚𝑎𝑥
፧

∑
፤!዆፣

፦

∑
።዆ኻ
(𝑏፯።𝑥። − 𝑠፯፤𝑦፤)) −

፧

∑
፤!዆፣

፦

∑
።዆ኻ
(𝑏፯።𝑥∗። − 𝑠፯፤𝑦∗፤) (5.7)

5.3.2. VCG Mechanism: An Example

To highlight the mechanics of a VCG double auction, a simple market consisting of agents looking to
trade unit quantities is illustrated in Figure 5.4. Following Eq. 5.4 and Eq. 5.5, the 6 sellers and 6 buyers
are placed in their respective merit orders. Similar to the Walrasian double auction example, social
welfare of agents for this auction instance can be hand calculated by subtracting the area underneath
the demand curve by the area underneath the supply curve up to the market equilibrium quantity. The
total social welfare is found to be (90 + 80 + 70 + 60) − (10 + 20 + 30 + 40) = 200 cents.

Prices reported by buyers and sellers are tabulated in Tables 5.5 and 5.6.

Buyer 𝑏ኻ 𝑏ኼ 𝑏ኽ 𝑏ኾ 𝑏኿ 𝑏ዀ
Reservation Price [𝑐/𝑘𝑊ℎ] 90 80 70 60 30 20

Table 5.5: Buyers’ reservation prices for single unit bids

Seller 𝑠ኻ 𝑠ኼ 𝑠ኽ 𝑠ኾ 𝑠኿ 𝑠ዀ
Reservation Price [𝑐/𝑘𝑊ℎ] 10 20 30 40 50 60

Table 5.6: Sellers’ reservation prices for single unit-bids
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Figure 5.4: A multi-unit double auction market implementing the VCG mechanism

Consider seller 𝑠ኻ who will receive a final allocation of 1 unit of energy from solving the LP problem
(or from observing aggregate supply and demand functions of the auction instance). To find the per-unit
price at which seller 𝑠ኻ receives, we apply Eq. 5.7. The first term solves for the social choice function as
if seller 𝑠ኻ had not entered the market, which shifts all sellers’ indices up one spot in the merit order. In
this case, seller 𝑠኿’s bid is considered the externality incurred by seller 𝑠ኻ. The total social welfare from
the first term 𝑎𝑟𝑔𝑚𝑎𝑥 ∑፧፤!዆፣ ∑

፦
።዆ኻ(𝑏፯።𝑥። − 𝑠፯፤𝑦፤) can be hand calculated as (90+ 80+ 70+ 60)− (20+

30 + 40 + 50) = 160 cents. The second term equals the total social welfare of the original merit order
excluding seller 𝑠ኻ’s welfare, which can be calculated as (90 + 80 + 70 + 60) − (20 + 30 + 40) = 210
cents. Thus seller 𝑠ኻ pays a price of 𝑝ኻ = 160 − 210 = −50 cents, where the negative sign translates
to the payment 𝑠ኻ receives for generating one unit of energy. Note that this is the entire payment made
to seller 𝑠ኻ, and the per-unit price 𝑠ኻ trades as is equal to the total payment divided by the total units
allocated (in this case the rate is -50 cents/unit). By performing similar procedures to all agents within
the merit-order, the resulting trading prices and utilities of the auction instance can be found in Tables
5.7 and 5.8.

Buyer 𝑏ኻ 𝑏ኼ 𝑏ኽ 𝑏ኾ 𝑏኿ 𝑏ዀ
Reservation Price [𝑐/𝑘𝑊ℎ] 90 80 70 60 30 20

MCP [𝑐/𝑘𝑊ℎ] 40 40 40 40 0 0
Allocation [𝑘𝑊ℎ] 1 1 1 1 0 0

Utility [𝑐] 50 40 30 20 0 0
Total Utility [𝑐] 140

Table 5.7: Buyer outcomes from VCG double-auction mechanism
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Seller 𝑠ኻ 𝑠ኼ 𝑠ኽ 𝑠ኾ 𝑠኿ 𝑠ዀ
Reservation Price [𝑐/𝑘𝑊ℎ] 10 20 30 40 50 60

MCP [𝑐/𝑘𝑊ℎ] 50 50 50 50 0 0
Allocation [𝑘𝑊ℎ] 1 1 1 1 0 0

Profit [𝑐] 40 30 20 10 0 0
Total Profit [𝑐] 100

Table 5.8: Seller outcomes from VCG double-auction mechanism

5.3.3. VCG mechanism discussion
In this sub-section, we examine some aspects that make VCG mechanisms the only class of mech-
anisms that are allocatively-efficient and strategy-proof among direct-revelation mechanisms. While
the revelation principle extends this uniqueness to general mechanisms (indirect mechanisms), the
sealed-bid format implemented for the residential LEM double auction suggests a focus on incentive-
compatible direct mechanisms. While dominance of a strategy does not guarantee that an agent will
choose it, it ensures that deviating from it is not profitable. So dominance of each valuation 𝑣። can be
viewed as a statement that in the considered auction lying does not pay off. Analysis of the VCGmech-
anism could be deconstructed into three parts respective of its creators: the Vickrey auction, Grove’s
mechanism and Clarke’s mechanism.

As mentioned previously, truth-revelation is a dominant strategy in the Vickrey second-price sealed-
bid auction because an agent’s bid determines the range of prices that it will accept, but not the actual
price it pays. Thus the price an agent pays is completely independent of its bid price. This fundamental
virtue can be inferred from the premise of Definition 5.3.1, which describes the Vickrey-Clarke-Groves
family of mechanisms.

The VCG mechanism is often simply called the Groves mechanism for problems in which agents
have quasi-linear preferences. Specifically, the Groves mechanism selects the allocation 𝑎 that max-
imizes the total reported value 𝑣(𝑎 over all agents, and enforces a payment rule where the agent’s
reported valuation is excluded from the payment calculation. Consider the buyer’s utility function as
defined in Equation 5.1 in combination with the payment rule from Definition 5.3.1. The utility to buyer 𝑖
from reporting bid strategy ( ̂𝑏፯። , 𝑏፪።) while its private valuation is 𝑏፯። can be formulated as the following:

𝑢፛።( ̂𝑏፯።) = 𝑏፯።𝑥∗። − ℎ።( ̂𝑣ዅ።) +
፦

∑
፤!዆።

፧

∑
፣዆ኻ
( ̂𝑏፯፤𝑥∗፤ − ̂𝑠፯፣𝑦∗፣ ) (5.8)

The only effect of the buyer 𝑖’s reported valuation ̂𝑏፯። is on its final quantity allocated 𝑥∗። , and it can maxi-
mize its utility in Equation 5.8 by announcing ̂𝑏፯። = 𝑏፯።. This is possible due to direct revelation, because
the Groves mechanism explicitly maximizes the terms 𝑥∗። and 𝑦∗፣ describing the resulting selection that
maximizes social welfare, which is formed by the utility functions of the buyers and sellers. Intuitively,
the utility function that the agent attempts to maximize is aligned with the objective function of the LP
problem the auctioneer tries to maximize. We can ignore the term ℎ።( ̂𝑣ዅ።) because it is independent
of an agent’s reported bid. Buyer 𝑖 is not incentivized to misrepresent its reported quantity since there
is no way to reliably manipulate its reported volume to increase its utility. Since the mechanism is effi-
cient, buyer 𝑖 will be allocated the entirety of its reported quantity if it resides within the merit order and
if its bid is not partially accepted at the market equilibrium. Under-reporting the desired consumption
quantity will only diminish buyer 𝑖’s desired allocation and over-reporting will not bring it any additional
benefit. Thus, truth-revelation is the dominant strategy of buyer 𝑖, whatever the reported bids of other
agents.

Strictly speaking, the Clarke mechanism is a special form of the Groves mechanism in which the
payment rule, ℎ።( ̂𝑣ዅ።), is carefully set to achieve individual-rationality while also maximizing the pay-
ments made by the agents to the mechanism. The first terms in Equations 5.6 and 5.7 describes
the Clarke pivot rule, which leaves the strategy-proofness and efficiency of the Groves mechanism
unchanged since the market allocation is still maximized independent of the report from buyer 𝑖.

From the results in Tables 5.7 and 5.8, one can observe a budget deficit incurred on the market
operator for executing the trades. The four buyers who receive allocations make a total payment of
160 cents to the auctioneer, while the four sellers who won the trades are expecting to receive a total
payment of 200 cents from the auctioneer. This deficit must be subsidized by the auctioneer, because
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to transfer these costs back to the participants would result in the mechanism failing to uphold its
individual-rationality property.

Figure 5.5: A multi-unit double auction market implementing the VCG mechanism

The effect of discriminatory pricing can be illustrated by altering the example from the previous sub-
section. Consider the original auction instance shown in Figure 5.4 with identical assumptions, which
will now be rearranged by setting the bid quantity of seller 𝑠ኻ from 1 unit to 1.5 units. The aggregate
supply and demand functions for this alternate auction instance is shown in Figure 5.5. Our analysis
considers both the original auction instance (Figure 5.4) and the alternate version (Figure 5.5). FromEq.
5.7, the first term of the payment rule becomes (90+80+70+60)−(20+30+40+50) = 160 cents. This
term is expected to be identical to the original example illustrated in Figure 5.4 as the bids from all other
agents remain unchanged. The second term fromEq. 5.7 gives (90+80+70+60)−(20+30+20) = 230
cents. The auctioneer pays seller 𝑠ኻ a sum of 𝑎𝑏𝑠|160 − 230| = 70 cents for 1.5 units, resulting in a
per-unit price of 46.67 cents/unit of energy. The remaining market clearing prices for each seller are
calculated in Table 5.9 below.

Seller 𝑠ኻ 𝑠ኼ 𝑠ኽ 𝑠ኾ 𝑠኿ 𝑠ዀ
Reservation Price [𝑐/𝑘𝑊ℎ] 10 20 30 40 50 60

MCP [𝑐/𝑘𝑊ℎ] 46.67 45 45 50 0 0
Allocation [𝑘𝑊ℎ] 1.5 1 1 0.5 0 0

Profit [𝑐] 55 25 15 5 0 0
Total Profit [𝑐] 100

Table 5.9: Seller outcomes from VCG double-auction mechanism

The alternate auction instance also highlights the mechanism’s resistance to cheating amongst par-
ticipants. On one hand, this simple illustration serves as an indication that sellers who act rationally
are not incentivized to over-report their bid volumes due to the potential decrease in marginal revenue
(MCP). From a practical standpoint assuming that seller 𝑠ኻ had been untruthful about its volume and
wins the bid, there is also the question regarding how it can physically supply the remaining 0.5 units
of energy not in its possession. On the other hand, the increased externality caused by 𝑠ኻ over-bidding
on volume can be observed in the resulting payments made to the other sellers. The comparison be-
tween auction results in Tables 5.7 and 5.9 show sellers 𝑠ኼ and 𝑠ኽ receiving less profit even though their



36 5. Truthful Double Auction Mechanisms for Local Energy Markets

bids and final allocations remain identical. Loosely speaking, this potential loss in profit is stems from
the increase in ”welfare externality” caused by seller 𝑠ኾ’s bid being partially pushed out by seller 𝑠ኻ’s
irrational decision to increase its reported volume. To put this in context of residential LEMs, artificially
increasing the bid quantities does not serve any purpose for individual sellers if the seller could not
physically deliver on its reported volume. Doing so would be considered individually irrational while
simultaneously decreasing the overall welfare of the other sellers. In special cases, the VCG mech-
anism is susceptible to this form of cheating when a buyer and seller within the merit-order conspire
by artificially increasing their reported volumes by the same exact amount - supply in one case and
demand in the other to increase their respective Vickrey payments. Hoobs et al. [20] examined the
potential use of the VCG process in electricity markets and pointed out this possibility, but posited that
this form of cheating is easily detectable by monitoring the net flow at the point of connection for each
participating agent. We round up the discussion by highlighting the virtues of the VCG mechanisms
which have been discussed in this section.
Virtues:

• The dominant strategy property adds reliability to the efficiency prediction, because it means that
the conclusion is not sensitive to assumptions about what bidders may know about what each
others’ values and strategies.

• VCG does not impose any restrictions on the bidders’ possible rankings of different outcomes,
meaning that the basic rules of the VCG auction can be further adapted if the auctioneer wishes
to impose some extra constraints.

• The final and most important virtue of the VCG mechanism is that its average revenues are not
less than that from any other efficient mechanism.

5.4. Huang Mechanism
The Huang mechanism was first proposed by Huang et al.[22] for the design of a multi-unit double
auction e-market. It has since been extended and implemented in several research projects within the
field of smart-grid energy trading [ref][ref][ref]. The Huang mechanism is strategy-proof with respect
to reservation price, weakly budget-balanced and individually rational. Unfortunately, the mechanism
implements a social choice function which produces inefficient outcomes.

5.4.1. Huang Mechanism Problem Formulation
The problem formulation follows a similar framework Eq. 5.3, but makes adjustments to its final allo-
cation. We focus on the allocation rule that governs the Huang mechanism. The Huang mechanism
arranges the agents’ merit orders by following the same approach in Eq. 5.4 and Eq. 5.5. At the equi-
librium where aggregate supply and aggregate demand meet, lets us denote the last pair of buyer and
seller that still adds value to social welfare as buyer 𝐾 and seller 𝐿. Figure 5.6 below illustrates this
intersection point.

At the market equilibrium, the supply and demand functions can intersect at points satisfying either
one of two possible cases:
Case 1 (as shown in Figure 5.6):

𝑏፯ፊ ≥ 𝑠፯ፋ ≥ 𝑏፯ፊዄኻ &
ፋዅኻ

∑
፣዆ኻ

𝑠፪፣ ≤
ፊ

∑
።዆ኻ
𝑏፪። ≤

ፋ

∑
፣዆ኻ
𝑠፪፣ (5.9)

Or Case 2:

𝑠፯ፋዄኻ ≥ 𝑏፯ፊ ≥ 𝑠፯ፋ &
ፊዅኻ

∑
።዆ኻ

𝑏፪። ≤
ፋ

∑
፣዆ኻ
𝑠፪፣ ≤

ፊ

∑
።዆ኻ
𝑏፪። (5.10)

These cases describe the two possible scenarios that arise in multi-unit auctions where, due to the
equality constraint, an agent’s bid is only partially accepted within the merit order. In the Walrasian
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Figure 5.6: A multi-unit double auction market implementing the Huang mechanism

example shown in the previous section, all agents are bidding single unit volumes and thus aggregate
trading volumes on the supply and demand sides match perfectly. This is often not the case in real
world markets with a divisible commodity such as energy. We refer back to Figure 5.6 to continue our
discussion.

The mechanism checks whether inequality: ∑ፊዅኻ።዆ኻ 𝑏፪። ≥ ∑
ፋዅኻ
፣዆ኻ 𝑠፪፣ or ∑

ፊዅኻ
።዆ኻ 𝑏፪። ≤ ∑

ፋዅኻ
፣዆ኻ 𝑠፪፣ holds. The

mechanism is determining if there is an over-demand or an over-supply in the resulting market when
the last matching pair of trades are removed. The first inequality describes an over-demand while the
second inequality infers that the market is in over-supply. Note that the mechanism omits seller K and
buyer L in commencing trade; this is in fact a necessity. To induce truthful bidding, Huang et al.[22]
applied a Vickery-like auction on each side of the market, removing the pair of matching offers that
determines the MCP. In mechanism design, this technique is called a trade reduction, as illustrated by
the absence of quantity traded 𝐵. In doing so, the Huang implementation of the social choice function in
Eq. 5.3 fails to reach its theoretical maximum, and thus provides an explanation as to why the efficiency
property does not hold for the Huang mechanism.

When implementing the allocation rule, the auctioneer ensures maximum social welfare while bring-
ing quantity supplied and quantity demanded to a balanced state. In Figure 5.6, the remaining K-1
buyers are demanding a total of 8 units while the L-1 sellers are offering up to 5 units, creating the
aforementioned ’over-demand’ state. To balance supply and demand, the mechanism’s allocation rule
performs a ’balancing’ reduction on the side of the market where there is a surplus. From the auc-
tioneer’s point of view, this surplus is a “burden” that must be fairly resolved. The rules of this second
reduction can be stated as follows:
Rule 1:
If inequality ∑ፊዅኻ።዆ኻ 𝑏፪። ≥ ∑

ፋዅኻ
፣዆ኻ 𝑠፪፣ holds, the market is in over-demand. All sellers with indices 𝑗 < 𝐿 sell

their entire volumes and each buyer with indices 𝑖 < 𝐾 buy a volume equal to:

𝑥∗። = 𝑏፪። − (
ፊዅኻ

∑
።዆ኻ

𝑏፪። −
ፋዅኻ

∑
፣዆ኻ

𝑠፪፣)/(𝐾 − 1) (5.11)

Rule 2:
If inequality ∑ፊዅኻ።዆ኻ 𝑏፪። ≤ ∑

ፋዅኻ
፣዆ኻ 𝑠፪፣ holds, the market is in over-supply. All buyers with indices 𝑖 < 𝐾 buy
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their entire volumes and each seller with indices 𝑗 < 𝐿 buy a volume equal to:

𝑦∗፣ = 𝑠፪፣ − (
ፋዅኻ

∑
፣዆ኻ

𝑠፪፣ −
ፊዅኻ

∑
።዆ኻ

𝑏፪።)/(𝐿 − 1) (5.12)

The second term in equations 5.11 and 5.12 introduce a fair way of redistributing the “burden”
among agents within the merit order. However, there will be cases (such as the situation presented
in Figure 5.6, where there is at least one agent on the surplus side whose bid volume is less than the
“burden” itself. As an example, consider the ’over-demand’ case and Rule 1 is applied to all buyers.
Buyer 𝑎is within the merit order 𝑎 < 𝐾 whose bid quantity 𝑏፪ፚ < (∑

ፊዅኻ
።዆ኻ 𝑏፪። − ∑

ፋዅኻ
፣዆ኻ 𝑠፪፣)/(𝐾 − 1). In the

event where this happens, buyer 𝑎 will not purchase any energy and the resulting mismatch ∑ፊዅኻ።዆ኻ 𝑏፪።−
∑ፋዅኻ፣዆ኻ 𝑠፪፣)/(𝐾 − 1) − 𝑏፪ፚ is then treated as a ”reimbursement” and averaged over the remaining 𝐾 − 2
buyers. This procedure is continued until each buyer trades a positive volume. In the case of over-
supply, a similar procedure is applied on the seller’s side of the market. Hence, this final part of the
allocation rule is an iterative process. Further discussion on the resulting allocations for each agent
within the market presented in Figure 5.6 is provided in the next section.

In contrast to Huang’s allocation rule, the pricing rule is rather straightforward. Instead of a single
uniform market clearing price for both sides of the market, sellers with indices 𝑗 < 𝐿 trade at a uniform
price 𝑠፯ፋ and buyers with indices 𝑖 < 𝐾 trade at a uniform price 𝑏፯ፊ. Thus the Huang mechanism
produces two market clearing prices, a buyer’s MCP and a seller’s MCP for each trading period:

• Buyers’ MCP: 𝑝፛ = 𝑏፯ፊ
• Sellers’ MCP: 𝑝፬ = 𝑠፯ፋ

The Huang mechanism is weakly budget balanced due to this pricing rule. By being the last pair
of agents within the merit order, the 𝐾፭፡ buyer and 𝐿፭፡ seller induce a price margin between marginal
utility and marginal cost (𝑝፛−𝑝፬) for the auctioneer across all allocated units. As visualized by the area
A in Figure 5.6, this margin is the amount of revenue per unit quantity traded the auctioneer can expect
to receive in Huang’s double auction.

5.4.2. Huang Mechanism: An Example
We continue the discussion of the Huang mechanism with the market example illustrated in Figure 5.6.
Unlike the example used to illustrate the Walrasian mechanism, it is immediately clear that there are
several agents bidding at greater volumes. Similar to the VCG example, the aim of providing an exam-
ple is to showcase the mechanism in operation while revealing its weaker properties. In this particular
example, the market is comprised of five buyers and 4 sellers, where the 𝐾፭፡ buyer 𝑏ኾ and the 𝐿፭፡ seller
𝑠ኽ form the market equilibrium. Tables 5.10 and 5.11 provides an overview of the private valuation and
desired quantity of each agent entering the double auction market.

Buyer 𝑏ኻ 𝑏ኼ 𝑏ኽ 𝑏ኾ 𝑏኿
Reservation Price [𝑐/𝑘𝑊ℎ] 70 60 50 40 20
Quantity Demanded [kWh] 1 1 6 1 2

Table 5.10: Reservation prices and quantities of buyers

Seller 𝑠ኻ 𝑠ኼ 𝑠ኽ 𝑠ኾ
Reservation Price [𝑐/𝑘𝑊ℎ] 10 20 30 40
Quantity Demanded [kWh] 4 1 6 1

Table 5.11: Reservation prices and quantities of buyers

After removing 𝑏ኾ and 𝑠ኽ from trade, the aggregate quantity demanded for the remaining 3 buyers
is found to be at 8 kWh, while the aggregate quantity supplied by the 2 sellers is observed at 5 kWh.
By satisfying Equation 5.9, Equation 5.11 is applied to the buyers side of the market. Each buyer is
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required to share an equal portion of the 3 kWh ’burden’ caused by over-demand, which in this example
amounts to 1 kWh per agent. In this example, the allocation rule effectively pushes buyers 𝑏ኻ and 𝑏ኼ
out of the market even though both buyers are technically still considered to be within the merit order
(they are considered to be trading 0 kWh each rather than being removed from trade). This particular
example exposes the inefficiency of the Huangmechanism at implementing a welfare maximizing social
choice function, as compared to the Walrasian and VCGmechanism which efficiently allocates quantity
to agents who value it the most. In this particular scenario, buyer 𝑏ኽ benefits the most from being a
large consumer. The resulting market outcomes of the Huang mechanism is tabulated in Table 5.12
for buyers and in Table 5.13 for sellers.

Buyer 𝑏ኻ 𝑏ኼ 𝑏ኽ 𝑏ኾ 𝑏኿
Reservation Price [𝑐/𝑘𝑊ℎ] 70 60 50 40 20

MCP [𝑐/𝑘𝑊ℎ] 40 40 40 40 40
Allocation [𝑘𝑊ℎ] 0 0 5 0 0

Utility [𝑐] 0 0 50 0 0
Total Utility [𝑐] 50

Table 5.12: Buyer outcomes from Huang double-auction mechanism

Seller 𝑠ኻ 𝑠ኼ 𝑠ኽ 𝑠ኾ
Reservation Price [𝑐/𝑘𝑊ℎ] 10 20 30 40

MCP [𝑐/𝑘𝑊ℎ] 30 30 30 30
Allocation [𝑘𝑊ℎ] 4 1 0 0

Profit [𝑐] 80 10 0 0
Total Profit [𝑐] 90

Table 5.13: Seller outcomes from Huang double-auction mechanism

The total utility on the buyer’s side of the market is 50 cents, enjoyed solely by buyer 𝑏ኽ, while on the
sellers side a total profit of 90 cents is shared between sellers 𝑠ኻ and 𝑠ኼ. The auctioneer’s revenue is
induced by a price margin of 10 cents per unit traded, and by allocating 5 units the auctioneer receives
50 cents in total.

5.4.3. Huang mechanism discussion
There are a number of aspects regarding the Huang’s mechanism properties which will be discussed in
further detail in this subsection. Under certain assumptions, the mechanism is mathematically proven
in [22] to be incentive-compatible, weakly budget-balanced, and individually rational. The aim of this
discussion is to clarify the market assumptions made by the creators of the Huang’s mechanism in
achieving these theoretical properties and examine the rules required for the residential LEM imple-
mentation for these properties to be retained.

-talk about the special case presesnted in the figure that incentivizes the sellers to over-report their
volumes to receive allocation

The primary reason for Huang’s mechanism being strategy-proof is that everyone who trades al-
ways pays the price proposed by someone else. As seen in the previous section covering the VCG
mechanism, this is a general principle to follow when designing a strategy-proof mechanism. Addi-
tionally, strategy-proofness of a mechanism usually requires some specific utility function form; in the
VCG mechanism, this is achieved when each agent’s utility function is quasi-linear. For the Huang
mechanism, the requirement is that the trading volume and price of each agent are separable in its
utility function. This is an assumption made about the agents as well as the nature of the market. By
virtue of quasi-linear utility functions described in Equations 5.1 and 5.2, a combination of the Huang
mechanism’s uniform pricing rule and the trade reduction technique allows the separation of price and
quantity values. For example, price and quantity are related if the auction follows a discriminatory pric-
ing format, where a seller charges buyers at different rates depending on the amount being demanded.
Another example of instances where agent preferences become interdependent is where the commod-
ity being traded possesses inherent interdependent valuation and quantity preferences, such as a fruit
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market. Fruits are a type of commodity which have expiration dates. Thus when pricing fruits, traders
take into account the quantity being sold and often offers a discount price if a buyer wants to buy at
higher volumes. Fortunately, energy does not expire. Instead, it has a unique set of physical properties
that sets it apart from other commodities and poses an entirely different set of challenges in able to
properly conduct trade and physical delivery. For the scope of this thesis project, implementing rules
within the residential LEM framework can align the requirements of Huang’s mechanism with the auc-
tioneer’s intended goal, which is to retain strategy-proofness. In the residential LEM framework, each
agent is constrained to submitting a single sealed bid to the auctioneer, thus eliminating the possibility
of multiple utility or cost curves for the same commodity being submitted to the market. Additionally,
the sealed-bid itself is a tuple consisting of a reported valuation and quantity pair as described in Sub-
section 5.2.1. These values are discrete and are thus separable, ensuring that the Huang mechanism’s
utility function requirements are fulfilled.

We now take a look at how the Huang mechanism incentivizes agents to truthfully report their
private valuations. From Figure 5.6, suppose buyer 𝑏ኼ with reservation price 60 𝑐/𝑘𝑊ℎ intentionally
misrepresent their reported valuation, denoted as 𝑟𝑏፯ኽ. This buyer is within the merit order; and if
𝑟𝑏፯ኽ ≥ 60, over-bidding will give buyer 𝑏ኼ the same utility as if he bids at 60 𝑐/𝑘𝑊ℎ. On the other hand
if buyer 𝑏ኼ under-bids at an amount 𝑟𝑏፯ኽ ≤ 60, it may risk losing the trade it otherwise would win while
still receiving the identical utility even if it does win the trade. Now consider buyer 𝑏ፊዄኻ who is out of
the merit order. If it over-reports for the purpose of entering the merit order, i.e. 𝑟𝑏፯(ፊዄኻ) ≥ 50, the
result will incur negative utility if the buyer is included in the final trade. Even if the buyer is not included
in the final trade, it still receives zero utility; under-bidding also results in zero utility. Thus there is no
individual incentive for buyers anywhere on the aggregate demand curve to deviate from submitting its
reservation price. The same reasons can be applied to the seller’s side of the market.

Another important assumption made by the Huang et al. is that the volume of each agent is public
information [22]. This requirement infers that the volumes reported by all agents are inherently truthful
quantities. Their justification for making this assumption is by first positing the opposite assumption
(that agents’ volumes are private information) to prove this result inconclusive, and then associating
this lack of analytical feasibility to justify the original assumption. In a double-sided auction market,
sellers have the incentive to under-report their volumes while buyers have the incentive to over-report.
While this is the case, strategies of under/over reporting are difficult for the sellers to successfully
implement due to several reasons. Firstly, only buyers and sellers within the final merit order can use
this strategy, but an individual agent does not know whether it will be included unless it submits a bid.
Secondly, agents cannot decide on how much to under/over report without full information of the entire
market, which in the residential LEM context the mechanism does not provide complete information.
This aspect is illustrated in Figure 5.6 where buyer 𝑏ኽ’s bid volume effectively pushes buyers 𝑏ኻ and 𝑏ኼ
out of the final allocation. Had 𝑏ኻ and 𝑏ኼ been knowledgeable of the bid of all participants, they would
be incentivized to increase their bid to capture positive gains-from-trade. Yet to achieve this would
mean to backtrack on the LEM market design and allow for a perfect information game to be played
among the agents, which does not provide any practical analytical value nor does it align with the scope
of this thesis. Lastly, even if all the agents have complete information about the market, they would
still have a difficult time optimizing for the correct amount to under/over report, because all agents now
have an incentive to misrepresent their volume and an individual agent must take other’s strategies into
account when formalizing its own. This last aspect turns the determination of an equilibrium strategy
for all agents into an iterative induction game that becomes infeasible without further information. Thus
the authors of [22] cite this indeterminacy as sufficient proof to assume public information of agent
volumes.

Traditionally, economist view efficiency as a measure of how much the maximum market value a
mechanism can induce. While the inefficiency of Huang’s mechanism at allocating trades becomes
pronounced in markets with small population sizes, the mechanism still achieves asymptotic efficiency.
Asymptotic efficiency is a theoretical attribute to scenarios where the sample size, which in this case is
the population of agents in the market, grows indefinitely. In other words, the mechanism is expected
to induce maximum market value when the number of agents reaches infinity. Reaching asymptotic
efficiency is the first and foremost objective in mechanism design, while the measured efficiency of the
mechanism at sample sizes less than infinity is referred to as the allocative efficiency. Allocative effi-
ciency is defined as the ratio of the sum of utility and profits of agents included in the final trade divided
by the theoretical maximum social welfare the market could potentially achieve. For the example in
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Figure 5.6, the allocative efficiency is measured at 140/290 = 48.3%. To help visualize the concept
of allocative efficiency, Figure 5.7 shows the relationship between population size and efficiency of
Huang’s mechanism between different buyer compositions. Sellers and buyers bids are drawn from
independent probability distribution functions (PDFs). Any arbitrary probability distribution function is
implementable for the purpose of analysis, the only requirement is that the distribution functions are
constrained within the first quadrant to ensure positive sampled values. Firstly, all bidding quantities
are both drawn from a standard uniform distribution function supported on the interval [0,1]. The sellers’
valuations are drawn from a normal distribution function with mean of 8 𝑐/𝑘𝑊ℎ. In three separate buyer
compositions, buyer valuations are drawn from PDFs with the following mean valuations: 8, 9, an 10
𝑐/𝑘𝑊ℎ. Thus the three scenarios provides an indication to the relative rate at which the allocative effi-
ciency increases under increasing average price margins (0, 1, and 2 cents); this margin represents the
difference in average valuations between the buyers population and the sellers population. The results
show a clear convergence towards asymptotic efficiency, where a larger price margin is observed to
converge at a faster rate. Nonetheless, the Huang mechanism displays poor allocative efficiency when
the number of agents are low (0-100 agents). This particular property should be carefully considered
by the residential LEM operator if the project should expect participation from a relatively low number
of residential households.

Figure 5.7: Allocative efficiency of Huang mechanism with increasing buyer and seller price margins

5.5. Summary
This chapter introduces the main double auction mechanisms which will be explored in the third part of
this thesis project. In mechanism design, Theorem 5.1.1 states the impossibility of retaining all desired
mechanism objectivesmentioned in Section 4.1.4. In terms of prioritizingmechanism objectives, IC and
IR are necessary properties that serves the scope of this thesis: achieving truthfulness is the goal of the
study, and retaining net positive transfers allow the voluntary participation of rational agents. Among
the three mechanisms introduced, the Walrasian mechanism does not satisfy IC, the VCG mechanism
is not BB, and the Huang mechanism is not efficient. The properties of each mechanism have been
extensively discussed with provided examples. At this point, part two of the thesis has been concluded
and we move into part three where the next chapter discusses the experimental setup used to compare
mechanism performance.





6
Research Design

The goal of modeling and simulation is to define and implement a general framework for the multi-
unit double auction market design. The model framework needs to capture the mechanism protocols
and their underlying assumptions to perform an unbiased comparison, yet remain flexible to be able to
explore various scenarios within the context of residential LEMs. Once the model framework is defined,
determining an appropriate simulation approach allows the comparison of truthful mechanisms and
evaluation of stakeholder benefits.

While models are helpful tools for providing solutions to real world problems, they remain but an ab-
straction of reality. The complexities, intricacies and unpredictability of reality will always diminish the
validity of the model itself. Thus, modeling the implementation of truthful double auction mechanisms
requires careful determination of what constitutes as the “core” of the study and what is superfluous
“noise”. Eliminating elements that have negligible influence on the objective of the study enables the
modeler to enhance the effects of the core interactions. Developing critical assumptions and specifi-
cations of the model environment will simplify the model itself without distorting the results obtained.

The goal of this study is to determine a suitable market mechanism within the context of residential
LEMs which defers bad actors from market manipulation. In Chapter 2, a centralized market design
for residential local energy markets was proposed. In Chapter 5, we have introduced suitable mecha-
nisms that have the desired incentive-compatible property and their implementation protocols. Having
elaborated the specific characteristics of the research problem it is now possible to conceptualize the
problem in a model. This chapter serves as an overview of the experimental set-up created for the
comparison of different double auction mechanisms. While LEMs could be applied to various grid
compositions and residential communities, a microgrid energy market is the chosen composition for
the experimental framework of this study. A microgrid is a subsystem within the distribution grid ar-
chitecture that exists on the neighborhood/district level; the size of these microgrids ranges from the
scale of one street block, to a low-voltage feeder, or a low voltage distribution grid under one substation
[33]. The main characteristic of a microgrid is a single point of common coupling with a higher level
grid, which allows for both grid-connected and islanded operation modes. This type of grid architecture
requires LEMs to be implemented. More importantly, the functionality of microgrids aligns with scope
of this study, reinforcing the concept of localizing decentralized energy generation and consumption.

6.1. Conceptualization and Model Specification
This section aims to introduce the underlying assumptions made in the context of the residential LEM
model and proceeds to clarify important model properties. The model assumptions follow closely the
market structure proposed in Chapter 2, which is that of a discrete-time sealed-bid double auction. A
residential microgrid is the chosen environment on which the LEM is superimposed, where the physical
and temporal dynamics of the real-world system and its participants are removed layer-by-layer through
assumptions. Finally, the general procedure of the LEM model is outlined.
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6.1.1. Context of the Model
In this section, the main assumptions made within the model are explicitly stated in able to contextualize
the simulation. Furthermore, the roles of the auctioneer and market participants within the LEM model
are defined.
LEM Model Context:

• Model time frame consists of independent hourly multi-unit double auctions. Bidding, market
clearing, and settlement procedures are conducted independently for each time frame. Each
round of the auction determines the amount of energy to be physically allocated for the upcoming
hour.

• In terms of the microgrid on which the LEM is implemented, we make an assumption that the
microgrid is coupled to a national, low-voltage distribution grid. Motivation for local trade within
themicrogrid is two-fold; firstly, transmission costs within themicrogrid will be more efficient due to
smaller transmission costs and second, dependence and autonomy of the microgrid is increased,
reducing the demand on the national grid [52]. Only in case of depletion or overflow themacro-grid
will either provide or absorb energy.

• The physical layer of system balance and delivery of energy is not considered within the model.
This model assumes a copper-plate, meaning the LEM is implemented on a microgrid coupled
to the macro-grid with instantaneous energy delivery, zero transport losses and no physical con-
straints. Balance of system frequency, voltage, reactive power and 3-phase power are out of the
scope of this study.

• Finally, the most significant assumption is the deterministic nature of renewable generation and
residential consumption. Uncertainty and stochastic behavior of supply and demand are removed
from the model context. In other words, quantities sellers submit to the auctioneer are exactly the
quantities they will generate during energy delivery.

Stakeholder Roles:
• Auctioneer : oversees the function and operation of the LEM, enforcing the allocation and payment
rules defined by the implemented auction mechanism. Furthermore, the auctioneer treats the
auction rounds independently and the solves the scheduling problem one auction round at a
time. Combinatorial auctions, where products spanning different time horizons may be offered,
are not considered in this study.

• Traders: consist of household prosumers and consumers with a demand to either sell or procure
energy from the LEM. Traders only interact with the auctioneer and do not conduct bilateral trades
among themselves.

General comments on model assumptions:
Notice how these assumptions depart from the observations of the real world problem but instead

create an environment solely focused on the microeconomics of truthful mechanisms. This separation
from physical constraints and removal of stochastics in renewable generation allow us to merit the prop-
erty of truthfulness purely on the efficacy of direct mechanisms - agents directly submit their reported
valuations based on their marginal costs and utility. This idealized version of the market is useful in
providing an upper bound benchmark for comparing market performance among market mechanisms.
When integrating physical constraints into the model, distribution and conversion losses contribute to
the reduction of overall market liquidity. Additionally, market performance is partially diminished ex-
post if the microgrid operator needs to manage congestion during peak hours, or if market participants
incorporate the uncertainties of solar generation and demand consumption into their bid determination
process.

Looking ahead to possible future work stemming this study, the revelation principle allows the auc-
tioneer to implement indirect mechanisms that incorporate constraints between the physical and virtual
layers of energy trading within a smart-grid, while keeping the implementability of the social choice
function intact from the original direct mechanisms. In more sophisticated models, the agents’ strate-
gies become dynamic as temporal and stochastic effects of their actions carry over between market
periods. But while these are necessary milestones to achieve real-world implementation of truthful
double auction mechanisms for residential LEMs, this study lays down the groundwork for these future
advancements.
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6.1.2. Properties of the Model
Themarket participants aremodeled and their properties explicitly stated. We consider the components
that form the private information of market participants essential to their bid determination process, and
the market rules which is the public information known to all market participants beforehand.
Auctioneer Properties:

• The auctioneer conducts an hourly multi-unit double auction

• Its objective is to maximize social welfare of market participants based on the social choice func-
tion:

Household Properties:

• Households have discrete demand profiles for each hourly auction period

– 𝑞፝ = consumption scalar value in kWh
– 𝑣፝ = household’s private valuation of consumption in 𝑐/𝑘𝑊ℎ (euro cents per kilowatt hour)

• A percentage of the household population own PV systems

– Capacity = 5𝑘𝑊፩ for all households
– 𝑞ፏፕ = production scalar value in kWh
– 𝑣ፏፕ = LCOE of PV system in 𝑐/𝑘𝑊ℎ

• All households act rationally and seek to maximize a quasi-linear utility function

– Utility functions described by Eq. 5.1 and Eq. 5.2

• Note that the quantities are deterministic- representing the absence of stochastic real-time con-
sumption and renewable generation characteristics of real world scenarios.

Market Properties:

• Each hourly auction period consists of 3 main phases: 1) bidding, 2) market clearing, 3) delivery
& settlement.

• Auction procedure is performed sequentially (at no point in time does the auctioneer or any house-
hold optimize for two or more periods simultaneously). The auctioneer must conclude all phases
for the current hour before beginning operations for the next period.

• Each household is only allowed a single sealed bid per market period.

• No entry costs or transaction costs are required to participate in the double auction market.

• Demand response and other flexibility services are not considered.

6.1.3. LEM Procedure
Defining the core assumptions of research design will in turn govern agent behavior and the auction
procedures. Thus by incorporating the assumptions made from the previous subsections, we outline
the three phases of LEM operation below.

I Bid Determination Phase:

1) Households formulate bid quantities by the expected net energy flow at the point of grid
connection for the upcoming hour.
• Prosumers with PV systems will always consume any available solar generation to meet
demand: 𝑞፝ − 𝑞፩፯. Any extra generation will be submitted to the LEM 𝑞፩፯ − 𝑞፝, while
any demand unsatisfied by the PV system will be procured on the LEM 𝑞፝ − 𝑞፩፯.

• Consumers without PV systems will always rely on the LEM to satisfy demand 𝑞፝.
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2) Households formulate their reported valuations to be submitted to the auctioneer, either as
a buyer or a seller.
• For buyers, the goal is to procure energy at a cheaper rate than retail electricity rates.
• For sellers, the goal is to sell energy at a higher rate than their generator marginal costs.

3) Households submit a single bid to the auctioneer in the form of tuples consisting of a valuation
and quantity pair.
• Seller’s bid: (𝑠፯ , 𝑠፪), where 𝑠፪ = (𝑞፩፯ − 𝑞፝), and 𝑠፯ = 𝑣ፏፕ
• Buyer’s bid: (𝑏፯ , 𝑏፪), where 𝑏፪ = (𝑞፝) or (𝑞፝ − 𝑞፩፯) and 𝑏፯ = 𝑣፝

II Market Clearing Phase:

1) Auctioneer opens the market period and accepts bids from agents (households) for the cur-
rent hour slot.

2) Households announce their private valuation to the auctioneer in the form of the bid tuple
(𝑠፯ , 𝑠፪) or (𝑏፯ , 𝑏፪).

3) Auctioneer initiates gate closure and implements social welfare maximization according to
the auction mechanism’s social choice function 𝑓 and payment function 𝑝.

4) Bids fall under one of three cases:
• Within merit order: bid quantity fully allocated

∘ 𝑦∗፣ = 𝑠፪, or 𝑥∗። = 𝑏፪
• Partially within merit order: bid quantity partially allocated

∘ 𝑦∗፣ ≤ 𝑠፪, or 𝑥∗። ≤ 𝑏፪
• Out of merit order: bid quantity fully rejected

∘ 𝑦∗፣ = 0, or 𝑥∗። = 0
• Operator announces the resulting allocation vector �̄� = [𝑎ኻ, … , 𝑎፧] and payment vector
�̄� = [𝑝ኻ, … , 𝑝፧] for all agents.

• Note that allocation vector �̄� represents all values from buyers’ allocation vector �̄�∗ and
sellers’ allocation vector �̄�∗.

III Delivery and Settlement Phase:

1) Physical delivery of successful trades within the LEM is assumed to be instantaneous with
the announcement of outcome vector �̄�.

2) For the households with reported bids unsatisfied (partially or not at all):
• Unallocated generation will be supplied to the macro-grid at a grid feed-in price.

∘ 𝑝ፅ፞፞፝ዅ።፧ ≤ 𝑝ፋፄፌ
• Unallocated consumption will be supplied to the macro-grid at retail rate of electricity
(RRoE).
∘ 𝑝ፑፑ፨ፄ ≥ 𝑝ፋፄፌ

It is important to note that the third phase does not constitute as part of the core of this study and is
not included in the Monte Carlo simulation. We are concerned with the outcomes of the market clearing
phase, which will allow us to compare mechanism performance. The purpose of the third phase is to
provide a framework for agents to act rationally within the LEM microgrid context.

6.2. Simulation Approach for Modeling Market Performance
Now that the model protocol has been outlined, the determination of model inputs and outputs is re-
quired. The model outputs allow for direct comparison of market mechanism performance while model
inputs shape the various scenarios which the LEM could experience. From the auctioneer’s perspec-
tive, it is required to consider the content of the bids only after they are reported, thus the bid formulation
process is not considered as part of the model and market performance can analyzed from a macro
standpoint. From the market participant’s perspective, bid formulation is the essential part of the model
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as it directly determines how the participant performs within the market. The aggregated outcome of
each individual’s performance thus forms the overall market performance.

To help determine which perspective the model should take, we take this opportunity to recall the
goal of the research objective here:

To compare and determine suitable truthful market mechanisms by incorporating realistic
residential household electricity profiles as input for a LEM model.

The objective of this study is to analyze and compare the market outcomes of multiple mecha-
nisms under different residential LEM scenarios. The simulation approach should include the following
aspects:

• The LEM model environment consisting of the market mechanisms introduced in Chapter 5 and
the LEM operation procedure outlined in Section 6.1.3.

• Market environment parameters that contribute to the bid determination process, such as LCOE
and the retail electricity rate.

• LEM scenario parameters that describe different market configurations, such as the population
makeup of participants (i.e. population size) and installed RES capacities participating in the
market (i.e. population demographic of RES participation within LEM).

The analysis of market mechanisms has engaged academics to propose several approaches to
generate meaningful results in order to validate their designs. Two simulation approaches that are
commonly used are Agent-based simulations and Monte Carlo simulations.

Agent-based:
Agent-based simulations are particularly useful when the market designer has full understanding of the
factors driving rational behavior in market participants. They are capable of including more complex
influencing factors and are especially effective by mimicking human behaviors or machine control logic
to arrive at optimal bidding strategies[12]. In these models, each agent arrives at an optimal bidding
strategy by learning from past experiences obtained from the direct interaction with the environment.
However, although interesting results on the behavior of the market may be obtained from the ap-
proach, these models are less effective in generalizing market performance in various environments
as influencing factors differ case-by-case. This simulation approach is therefore not very effective in a
general comparison between double auction mechanisms.

Monte Carlo Methods:
Monte Carlo (MC) methods are a subset of computational algorithms that use the process of repeated
random sampling to make numerical estimations of unknown parameters. They allow for the modeling
of complex situations where stochastic variables are involved, and the model outcome is measurable.
The uses of MC are incredibly wide-ranging, and have led to a number of groundbreaking discoveries in
the fields of physics, game theory, and finance. There are a broad spectrum of Monte Carlo methods,
but they all share the commonality that they rely on random number generation to solve stochastic
problems. Given a range of values for each variable, a Monte Carlo simulation will randomly select a
number within each range, and see how they combine — and repeat the process tens of thousands
or even millions of times. Sample variables are randomly drawn from independent probability density
functions (PDF). No two iterations of the simulation might be identical, but collectively they build up
a realistic picture of the outcome. This differs from deterministic simulations, where the results of the
simulation are 100% predictable due the non-existence of random properties within the model, thus
rendering Monte Carlo simulations pointless.

For this study, the mechanisms are the primary focus. In a mechanism design environment, the
private valuations of agents are variables and often treated as stochastic components describable by
random sampling. Accurately modeling the household’s demand profile over a wide range of household
demographics poses a huge challenge and often impractical. Additionally, there is a lack of research
in quantifying the valuations assigned to residential energy consumption patterns, thus making the bid
formulation in agent-based models difficult to validate.
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Thus by making reasonable assumptions to the model context, random sampling of the load profiles
in terms of valuation and quantity can be constrained to ranges that reflect real-world properties. MC
simulations thus prove as a useful tool for the designer to measure KPIs of auction markets without
requiring stringent assumptions of agent behavior. For the purpose of this study, a Monte Carlo sim-
ulation approach be used to evaluate and compare multiple scenarios within the context of residential
LEMs. The model outcomes quantify the utility of market participants and market liquidity under dif-
ferent economic and technical constraints. Since the MC approach focuses on the macro-perspective
of the market and clusters individual agent behavior by describing the population via probability distri-
butions, the influence that these parameters associated with the probability distributions have on the
market outcome must also be investigated.

6.2.1. Defining Key Performance Indicators of LEM Model for Mechanism Com-
parison

The focus of this Since the focus is on the The experimental setup for the The model KPI’s allowing for
comparison between double auction mechanisms contain the following metrics:

• Market Clearing Price (𝑀𝐶𝑃ፁ , 𝑀𝐶𝑃ፒ): to compare the prices of transactions in each mechanism,
the average transaction price for buyers and sellers are calculated (note that only the VCGmech-
anism implements discriminatory pricing).

• Buyer’s Utility (𝑈ፁ): measures the savings consumers capture by participating in the local energy
market.

• Seller’s Profit (𝑃ፒ): measures the profits prosumers capture by participating in the local energy
market.

• Quantity Traded (𝑄ፓ): measures the total energy “localized” within the LEM community.

• Budget Balance (𝐵𝐵): measures the net payment made from the agents to the mechanism. This
is the surplus left over from the transactions after all trades between buyers and sellers have
been finalized.

Figure 6.1 below illustrates the conceptual framework the experimental set-up.
The following chapter will cover the configuration of the input parameters, LEM scenario outcomes

and discussion of results obtained from simulations utilizing the Monte Carlo approach.

6.2.2. Research Tools and Resources
The nature and complexity of the problem requires a great deal of computational resources and solving
can therefore not be done by hand. A computer program that can easily process vast amounts of
data is therefore required. The proposed mechanisms and the auction model have therefore been
programmed in Python v3.7.4. Pyomo [17][18] is used to formulate the LP optimization problem and
Gurobi [16] was used as an all-purpose optimization solver.

6.3. Summary
This chapter aims to bridge the theoretical part of the study with the analytical part by first conceptual-
izing the LEM framework in able to set model boundaries. In line with the overall objective of the thesis
project, the components attributed to the private information of market participants are formulated and
the auctioneer’s responsibilities within the LEM structure is clarified. Two simulation approaches which
allows for different analytical purposes are considered and discussed. The Monte Carlo method is de-
termined as the more suitable simulation approach for comparing the performance of different market
mechanisms. We identified LEM model outputs which serve as important metrics on which the mech-
anism comparison is based. In Chapter 7, an overview of the Monte Carlo simulation is provided and
the LEM model inputs will be defined in detail.
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Figure 6.1: Monte Carlo Experiment Framework





7
Research Methods and Input Data

The research methodology consists of two parts: a sensitivity analysis which identifies the influence
of model input parameters on model output metrics, and simulations of residential LEM configurations
where the influence of the number of prosumers and overall population size onmechanism performance
are studied.

7.1. Description of LEM Model Inputs
We first provide a description how the input data is generated and the parameters attributed to the input
variables. Referring back to the model procedure in Section 6.1.3, the input variables are defined as the
bid valuations and quantities that describe the market participant’s private information, namely: (𝑠፯ , 𝑠፪)
and (𝑏፯ , 𝑏፪). Because the LEM model takes on a macro perspective on market performance, the input
variables describe the characteristics of the market participants as a group rather than as individuals.
This is in line with the Monte Carlo simulation, where the input data of each market participant is treated
as a sample drawn from a range of possible values describing the group’s characteristics. The range
of possible values can thus be captured by parameterized probability density functions (PDFs), where
the parameters consist of the mean 𝜇, standard deviation 𝜎. Additionally, the PDF exists on an interval
[𝑚𝑖𝑛,𝑚𝑎𝑥] which act as the boundaries for the range of possible values. An overview of the input
variables and their parameters is provided in Table 7.1 below:

Input Variable Input Parameter
𝑠፯ 𝜇፬፯, 𝜎፬፯
𝑠፪ 𝜇፬፪, 𝜎፬፪
𝑏፯ 𝜇፛፯, 𝜎፛፯
𝑏፪ 𝜇፛፪, 𝜎፛፪

Table 7.1: LEM model input variables and input parameters

7.2. Monte Carlo Simulation Overview
The first part of the simulation takes advantage of a sensitivity analysis which utilizes a Monte Carlo-
based design. The goal of the sensitivity analysis aims to capture the composition of the agents com-
position and relate its significance to the various mechanism KPIs. A sensitivity analysis will in turn
instruct the modellers as to the relative importance of the inputs in determining the output. The anal-
ysis focuses on ‘factor prioritization’ of the bid determination process, specifically the mean (𝜇) and
standard deviation (𝜎) describing each PDF characterizing the input variables. 𝜇 and 𝜎 are essential
parameters which capture buyer and seller characteristics. Take for example the 𝜇 and 𝜎 a distribution
from which buyer quantity, 𝑏፪, is drawn from. A high 𝜇 value may represent a residential community
where households’ have high energy demand, while a high 𝜎 value may represent a diverse LEM com-
munity consisting of households of different sizes and consumption patterns. Will a group of buyers
with highly diverse bid quantities negatively affect the amount of energy traded within the LEM? Will
this have a greater effect on the Huang mechanism or the VCG mechanism? These are just some of
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the questions a sensitivity analysis can help address. Because these parameters indirectly influence
the output KPI’s, this relationship must be investigated. A total of 8 dimensional factors, or parameters,
are considered for this part of the Monte Carlo simulation.

In the second part, PDFs contextualized for the residential LEM environment are constructed using
parameters reflecting real-world values. Different scenarios involving the microgrid participants and
population size are studied. This is important because it allows us to gain insight on how the auction
mechanisms differ under various configurations and how trade-offs between mechanism properties (IC,
IR, BB, and Efficiency) influences the market outcomes for the market participant and the auctioneer
alike. Because the model inputs for part one and two have identical formats (both draw samples from
PDFs), model outputs in part two are analyzed and validated with trends found from the sensitivity
analysis in part one.

7.3. Part 1: Influence of Input Parameters on Model Output
Assuming 𝑀, 𝑖 = 1,… ,𝑚, the demand valuations 𝑏፯። and demand volumes 𝑏፪። of the 𝑚 buyers are
drawn from two independent probability density functions 𝐹(𝑏፯) and 𝐺(𝑏፪), both with continuous den-
sities 𝑓 and 𝑔. We denote 𝜇፛፯ and 𝜎፛፯ as parameters for 𝐹(𝑏፯), 𝜇፛፪ and 𝜎፛፪ as parameters for 𝐺(𝑏፪).

Assuming 𝑁, 𝑗 = 1,… , 𝑛, the supply valuations 𝑠፯፣ and supply volumes 𝑠፪፣ of the 𝑛 sellers are drawn
from two independent probability density functions 𝐻(𝑠፯) and 𝐾(𝑠፪), both with continuous densities ℎ
and 𝑘. We denote 𝜇፬፯ and 𝜎፬፯ as parameters for 𝐻(𝑠፯), 𝜇፬፪ and 𝜎፬፪ as parameters for 𝐾(𝑠፪).

For the purpose of this simulation, all density functions 𝑓, 𝑔, ℎ, and 𝑘 are supported on the compact
interval [0, 1]. The sensitivity analysis focuses on adjusting the 𝜇 and 𝜎 parameters of the PDFs to
investigate their correlation with the KPIs. Figure 7.1 illustrates an example of a truncated normal PDF
and CDF for parameter values 𝜇 = 0.5, and 𝜎 = 1.

Figure 7.1: Truncated normal distribution PDF and CDF

7.3.1. Sensitivity Analysis of Input Parameters
We start with a broader analysis of KPI’s in a general setting. When comparing mechanism perfor-
mance, detailed models may not capture the full range of insights. Thus, the sensitivity analysis aims
to address the following question:

• What are parameters which have the highest impact on KPI’s for each truthful double auction
mechanism?
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Variance-based Sensitivity Analysis of Input Parameters:
Variance-based sensitivity methods have been a powerful tool for modellers to deal with quantitative
uncertainty of non-deterministic input values. They study how the variance of the output depends on the
uncertain input factors and can be decomposed accordingly[53]. We follow Sobol’s Monte Carlo-based
implementation due to the following advantages:

• Sensitivity measure is model-free, the same sequence of input values can be used for any model.

• Capacity to capture the influence of the full range of variation of each input parameter

• Ability to capture interaction effects among input parameters

The Sobol Method utilizes a quasi-random sequence of values for the Input PDFs
For the complete description of the Sobol Variance-based Method, please refer to Chapter 4 of [53].

The results obtained from performing the variance-based approach are Sobol indices 𝑆።. A Sobol index
is an arbitrary number that represents the decomposition of the effect each input parameter has on the
variance of the model KPI.

Here a brief explanation on the correlation between the variance of a model output, denoted by
𝑉(𝑌), and its Sobol indices is provided. The main idea of variance is based on finding the derivative
𝑑𝑌/𝑑𝑋 of a model output 𝑌 versus an input 𝑋ኻ, which can be thought of as a mathematical definition
of the sensitivity of 𝑌 versus 𝑋ኻ. When studying how the mean, denoted as 𝐸(𝑌|𝑋1), of the output 𝑌
changes when input 𝑋ኻ is fixed at a given value over a range of uncertainty, we would then take the
variance of this measure over all possible values of 𝑋ኻ. This variance is denoted as 𝑉(𝐸(𝑌/𝑋ኻ)). The
first-order Sobol index of a model input 𝑋ኻ describes the parameter’s independent influence on output
𝑌, formulated as:

𝑆ኻ = 𝑉[𝐸(𝑌|𝑋ኻ)]/𝑉(𝑌) (7.1)

Just as important, interactions effects between two parameters 𝑋ኻ and 𝑋ኼ on the variance of output
Y can be investigated through the second-order Sobol index described by the following equation:

𝑆ኻኼ = 𝑉[𝐸(𝑌|𝑋ኻ, 𝑋ኼ)]/𝑉(𝑌) (7.2)

Lastly, total effect measure provides the educated answer to the question: ‘Which parameter can
be fixed anywhere over its range of variability without affecting the output?’. The total Sobol index for
input parameter 𝑋ኻ is formulated as:

𝑆ፓኻ = 1 − 𝑉[𝐸(𝑌|𝑋ዅኻ))]/𝑉(𝑌) (7.3)

A Sobol index with a high value for an input parameter 𝑋 indicates it as an influential parameter on
output 𝑌, while close-to-zero values represent non-influential parameters. parameter prioritization is
thus identified by comparing Sobol indices of each parameter X for the same output 𝑌. For this analysis,
the Sobol sequence of quasi-random numbers is used as input values, the sequence is generated using
Saltelli’s extension of the Sobol sequence[19]. Table 7.2 provides an overview of the input parameters
𝑋. Table 7.3 reiterates the KPI’s as model outputs 𝑌 for the Sobol sensitivity analysis.

𝑋ኻ 𝑋ኼ 𝑋ኽ 𝑋ኾ 𝑋኿ 𝑋ዀ 𝑋዁ 𝑋ዂ
𝜇፛፯ 𝜇፛፪ 𝜇፬፯ 𝜇፛፪ 𝜎፛፯ 𝜎፛፪ 𝜎፬፯ 𝜎፬፪

Table 7.2: Sobol Indices: Input parameters ፗ

𝑌ኻ 𝑌ኼ 𝑌ኽ 𝑌ኾ 𝑌኿ 𝑌ዀ
𝑀𝐶𝑃ፁ 𝑀𝐶𝑃ፒ 𝑈ፁ 𝑃ፒ 𝑄ፓ 𝐵𝐵

Table 7.3: Sobol Indices: Output KPIs ፘ
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7.3.2. Investigation of Trends Between Input Parameters and KPI’s
Influence of input parameters are further investigated using a different approach. While the Sobol
indicies were created by drawing parameters from a uniform distribution, this section describes an
ad-hoc approach to observe trends in LEM mechanism KPI’s in response to input parameters when
sampled from a truncated normal distribution such as one shown in Figure 7.1.

• What trends can be observed on KPI’s of each truthful mechanism when adjusting parameters
one-at-a-time?

The approach consists of fixing all input parameters but one as constants, the parameter under
investigation is then adjusted over a range of discrete values. We perform this for all 8 dimensional
input parameters of the model across all three double auction mechanisms. This part of the analysis
is meant to compliment the results obtained from the variance-based Sobol sensitivity analysis. For
each parameter, 500 auction iterations are simulated to ensure integrity of the results obtained. The
discrete parameter values for the mean and standard deviation of PDF’s are:

• 𝜇 ∶ [0, 0.5, 1]

• 𝜎 ∶ [0.01, 0.5, 1, 1.5, 2]

A total of (4 𝜇 dimensions 𝑥 3 𝜇 values) + (4 𝜎 dimensions x 5 𝜎 values)) x 500 iterations = 16,000
simulations were run for the investigation of trends between input parameters and mechanism KPIs.

7.4. Part 2: The Residential LEM Model
This final part of the Monte Carlo simulation attempts to answer the last sub-question:

How can we create a simulation environment that enables us to compare market mechanisms in the
context of residential LEMs?

Consequently, answering the sub-question will allow us to address the objective of this research:

To compare and determine suitable truthful market mechanisms by incorporating realistic
residential household electricity profiles as input for a LEM model.

FromChapter 5, the first part of this objective has been satisfied by introducing truthful mechanisms,
but each have their own strengths and weaknesses. This part of the Monte Carlo simulation puts a fo-
cus on constructing realistic input data such that model outputs could provide insights on the feasibility
and efficacy of implementing truthful mechanisms in a residential LEM context, allowing us to quantify
benefits for a market operator to determine the more suitable mechanism to implement. In line with this
goal, simulating market operation for an entire year is impractical for the scope of this thesis as it does
not provide added value in analyzing the dynamics of mechanism behavior. The mechanism compar-
ison analysis is performed based on a model simulation over a complete day. May 1st was chosen
arbitrarily as the simulation date, with the only preference being summertime where the magnitude of
solar generation is more pronounced.

7.4.1. Modeling a Residential Microgrid Community
We assume the microgrid coupled to a low-voltage distribution grid implements a Feed-in-Tariff cost
support scheme. Since we assume no storage capacity is installed within the microgrid, there are two
situations that could occur.

• When the residential community’s aggregate production outstrips aggregate consumption, the
excess energy is exported to the LV distribution grid for a rate equal to the Feed-in-Tariff (FiT).

• Contrarily, the microgrid will import energy to satisfy consumers in the case where aggregate con-
sumption outstrips generation. Households will thus be billed the retail energy price for consuming
imported energy. We will refer to this as the retail rate of electricity (RRoE).
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These conditions incentivize the households to conduct trading within the LEM as the price differ-
ence between the FiT and retail rate of electricity provide a margin for profit and utility. These definitions
are consistent in the sense that no buyer would pay more than the retail electricity rate it would other-
wise purchase from the LV distribution grid. Similarly, no sellers would sell their units cheaper than the
incentive (FiT) that they would expect to receive. In summary, the process of agents’ bid formulation
is:

• Households enter the market as either Sellers or Buyers, depending on their state of net energy
balance.

• Sellers value their energy at prices greater than the FiT.

• Buyers value their energy at prices lower than the RRoE.

• Bids are compiled and fed into the model as input data.

7.4.2. Modeling Input Data
Asmentioned in previous chapters, the revelation principle allows us to simply model agent preferences
by assuming they report their true valuations in a direct mechanism. By drawing random samples from
a known probability distribution, we implicitly assign them to individual agents as their true valuations:
(𝑏፯ , 𝑏፪) and (𝑠፯ , 𝑠፪). Determination of realistic values for the input variables can be broken down into
three parts:

• Agent valuations 𝑏፯ and 𝑠፯ are sampled from predetermined PDFs.

• Household PV generation, (𝑞፩፯), is chosen to be deterministic using meteorological data.

• Household consumption, (𝑞፝), is sampled from PDFs created via a kernel density estimation of
consumption profiles taken from a load profile generator.

Variables 𝑏፪ and 𝑠፪ are determined by (𝑞፝) and (𝑞፩፯) via the procedure outlined in the Bid Determi-
nation Phase in Section 6.1.3. Figure 7.2 illustrates the bid determination process for the sellers, while
Figure 7.3 illustrates the process for the buyers.

Figure 7.2: Diagram describing sellers’ bid determination process
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Figure 7.3: Diagram describing buyers’ bid determination process

Agent Valuations
The strategic bidding problem, which aims to optimize agent bid valuations 𝑏፯ and 𝑠፯, has been ex-
tensively researched and modelled using various approaches. As such, the modeling literature can
be classified into four different groups of models: 1) optimization models, 2) game-theoretically based
models, 3) agent-based models and 4) hybrid models [31]. These approaches would be suitable for
the analysis of a single market structure, not for a general comparison between market mechanisms.

Instead, the strategic aspect of bid formulation is removed and this study adopts an approach similar
to Gode and Sunder’s work [13] on zero-intelligence (ZI) agents. This approach was used to model
continuous double auction markets, where agents do not actively strategize their bid valuations to
maximize utility but rather submit valuations randomly by drawing from a known distribution. In this
study, we adapt this bidding approach to our static double auction, taking one step further by refining
the distributions to reflect how rational agents would submit truthful prices within a residential LEM
context. The assumptions are explained and resulting PDFs are presented below:

• Buyers Valuation PDF 𝐹(𝑏፯): We assume that all participants within the community have similar
demographics and thus consumption involves mostly household activities (e.g. appliances). If
households were to value their consumption truthfully, then the variation between pricings of
submitted bids is assumed to be small. During each auction period, the main factor contributing
to price differentiation among households can be viewed as different consumption habits (e.g.
households run their critical loads at different auction periods). Taking into account the buyers’
incentives, the probability density function 𝐹(𝑏፯) is continuous and supported on the compact
interval [0, RRoE], with a mean 𝜇፛፯ = RRoE and a standard deviation 𝜎፛፯ = 0.1.

• Sellers Valuation PDF 𝐻(𝑠፯): Pricing of sellers’ bids follows the truthful reporting of marginal costs
of PV generation, which in this case it is the LCOE of rooftop PV systems. We take the LCOE
as the bid price due to the fact that most FiT schemes offered by the utility companies are lower
than the LCOE of rooftop PV. Thus rational sellers would not bid at prices that will not provide
a return in investment for their systems. They also will not submit bids priced higher than the
RRoE, the reasoning being that rational buyers, in this case, will simply purchase electricity from
the macrogrid. Taking into account the sellers’ incentives, the probability density function 𝐻(𝑠፯) is
continuous and supported on the compact interval [LCOE, RRoE], with a mean 𝜇፬፯ = RRoE and
a standard deviation 𝜎፬፯ = 0.01. Note that the standard deviation 𝜎፬፯ is one magnitude smaller
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than that of the buyers 𝜎፛፯ because we assume that the LCOE between different brands of PV
systems are much more price competitive and thus have similar LCOE’s.

Figure 7.4 is a visualization of 𝐹(𝑏፯) and 𝐻(𝑠፯).

(a) Buyers ፅ(፛ᑧ) (b) Sellers ፇ(፬ᑧ)

Figure 7.4: Valuation PDF and CDF

Household PV Generation
In the LEM model, the amount of solar generation, 𝑞፩፯, at each hour is assumed to be identical for all
households. The model framework assumes households owning PV systems have an identical system
configuration of 5 𝑘𝑊፩. Solar radiation data taken from the KNMI meteorological database is used to
estimate the hourly PV production following the simplified equation:

𝑞፩፯ = 𝜂𝑥𝐺𝐻𝑥𝑆 (7.4)

The PV system efficiency is denoted by 𝜂. 𝐺𝐻 is the hourly global radiation in 𝑊/𝑚ኼ. The system
size of 5 𝑘𝑊፩ is denoted by S. The resulting discrete hourly generation profile for May 1st is tabulated
in Figure 7.5.

Figure 7.5: Hourly energy generation of a 5 ፤ፖ፩ PV system
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Household Consumption: Hourly Load Profiles and Kernel Density Estimation
Since measured profiles are rarely available, capturing probability density functions that reflect house-
hold consumption (𝑞፝) patterns can be constructed using accredited load profile synthesizers. For
this study, household load profiles are constructed from a load profile generator called the LPG[49]. It
takes on a different load modeling approach than device-oriented models such as the CREST demand
model[35]. The LPGmodel considers the person as the central element of the model, which associates
the person to a number of different desires[49]. The basic idea behind the model is that people will do
whatever gives them the greatest satisfaction at any given time. The LPG program has been validated
with real-world energy consumption data from Germany. An illustration of the model’s propagation of
desires to device activation is provided below in Figure 7.6.

Figure 7.6: LPG model framework

For the LEM model, we utilize LPG’s 60 predefined, validated households based on German sta-
tistical data and measurements to build our probability density function. The predefined households
contain a wide range of demographics which provides a sufficient action space for the formulation of
agents’ bid quantities. More information on the LPG program, household demographics and program
outputs are provided in Appendix. While LPG provides high-resolution annual load profiles (1 minute
per step), we compile hourly consumption data and limit the time frame to May 1st.

Before transforming the set of consumption data into PDFs, an additional step is taken to further ran-
domize and expand the load profile database from 60 profiles to 5000 using Python’s 𝑟𝑎𝑛𝑑𝑜𝑚.𝑐ℎ𝑜𝑖𝑐𝑒()𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛.
This procedure dampens the significance of individual household demographics from a system-wide
point of view. The database is stored in a pandas.DataFrame as illustrated in Figure 7.7 below.

Figure 7.7: Python dataFrame of randomly sampled household load profiles
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Our goal is to draw samples from a PDF which captures the magnitude (kWh) and likelihood (den-
sity) of energy consumption, 𝑞፝, for the designated hour. It is evident that custom-made PDFs for each
hour are required to sample meaningful input variables for the auction model.

For this purpose, we apply the Kernel Density Estimation (KDE) technique for each hourly con-
sumption data. KDE is a non-parametric way of estimating the PDF of a random variable via data
smoothing where inferences about the population are made, based on a finite data set [65]. Without
going into much detail, the process involves building a histogram of the finite data-set and applying a
kernel function.

The smoothing parameter, also called bandwidth, defines the overall fitness of the kernel function
to the plotted histogram and is an important piece of KDE. For the same input data, different band-
widths can produce very different results. For this study, the bandwidth is selected by following a
cross-validation approach, where the model is fit to part of the data, and then a quantitative metric is
computed to determine how well this model fits the remaining data. Such an empirical approach to
model bandwidth selection is very flexible, and can be used regardless of the underlying data distribu-
tion. The Gaussian kernel function is chosen for this study and the Python module used for this applica-
tion is scipy.stats.gaussian_kde1. The bandwidth calculated after a 20-fold cross-validation (meaning
20 parts of the data-set are fitted and compared) is found to be 0.002. In Figure 7.8, the histogram
of consumption at 12AM on May 1st is plotted against the PDF using the KDE approach. Figure 7.9
shows an overview of the PDF’s over an entire day. The PDFs describe the action space in relation to
the demand of all agents within the residential LEM.

Figure 7.8: Kernel density estimation of sampled residential household hourly consumption

7.4.3. LEM Scenario Configurations
From the point of view of an LEM platform provider, exploring various microgrid configurations allows
the problem owner to account for a wide range of grid typologies. Current real-world LEM projects
are modest in size, ranging from 10-50 households[66]. Thus it is worth investigating into future sce-
narios where LEM participants are numbered in the hundreds. Additionally, the share of renewable
generation mix within local communities is widely expected to increase as LCOE of rooftop solar de-
creases annually [24]. Modeling grid configurations with high penetration of RES should The impact of
population size and percentage of residential PV penetration will be investigated through the scenario
configurations presented below:

• Base-case:
1Kernel density estimation is a way to estimate the probability density function (PDF) of a random variable in a non-parametric
way. gaussian_kde works for both uni-variate and multi-variate data. It includes automatic bandwidth determination. The
estimation works best for a unimodal distribution; bimodal or multi-modal distributions tend to be oversmoothed.
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– Population: 50 households
– Renewables penetration: 25%, 50%, 75%, 100%

• Scenario 1:

– Population: 100 households
– Renewables penetration: 25%, 50%, 75%, 100%

• Scenario 2:

– Population: 500 households
– Renewables penetration: 50%, 75%

Figure 7.9: Kernel density estimation of hourly consumption for an single day

7.5. Summary
This chapter served to elaborate and provide clarity on the Monte Carlo simulation methodology and
construction of input data. The first part of the simulation consists of a sensitivity analysis of input
parameters 𝜇 and 𝜎 that shape the probability density functions from which the agents’ bid variables
(𝑏፯ , 𝑏፪) and (𝑠፯ , 𝑠፪) are drawn from. The second part of the simulation description constructs the model
environment which reflects a residential LEM microgrid. The scenarios investigating microgrid config-
urations are defined. From this understanding the conceptual description and logic of the two types
of simulations are presented and the methodology, input data generation, and research steps are ex-
plained. In the following chapter, the results of this study are presented.
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Simulation Results and Discussion

From Chapter 7, we have provided the details of the Monte Carlo simulation methodology. Additionally,
the determination of input data for each Monte Carlo simulation has been discussed. This chapter
presents the findings obtained from the simulations described in the previous chapter. The results and
their implications are discussed to provide an answer to the main research question.

8.1. Evaluation of Variance-based Sensitivity Analysis

In this section, first-order, second-order and total Sobol Indices for each double auction mechanism will
be investigated. First-order (𝑆ኻ) and and total (𝑆ፓ) indices are presented in the form of heat-maps while
second-order interaction effects (𝑆።፣) are presented in a tabulated form. The number of combinations
consisting of 2 out of the 8 input factors is large and a large portion of interactions have no observed
effect on the model metrics, thus only the first 4 interaction effects that have the greatest influence on
output variance will be presented. The rest of the interaction effects will be fully recorded in Appendix.

8.1.1. First-Order Sobol Indices

Figures 8.1, 8.2, 8.3, 8.4 and 8.5 show the 𝑆ኻ indices of the KPI’s, or metrics, for each mechanism.
The first-order index represents the main effect contribution of each input parameter to the variance
of the output. A direct comparison between Sobol indices of the same parameter is possible due to
the mechanisms using identical parameterized inputs (i.e. Variance of seller’s profit 𝑉(𝑃𝑟𝑜𝑓𝑖𝑡) due
to input parameter 𝑚𝑢፛፯ can be compared across all three mechanisms). Each row of the heat-map
corresponds to the metric being evaluated while the columns represent the Sobol indices of input pa-
rameters. The sum of 𝑆ኻ indices across each metric is always less than 1, meaning that the LEMmodel
is non-additive and the input parameters are not independent. Thus there are interaction effects be-
tween parameters at play here and we will eventually continue the discussion on interaction effects in
the next section with Total-Effect Indices.

61
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Figure 8.1: First-Order Sobol Indices of Buyers MCP KPI

Figure 8.2: First-Order Sobol Indices of Sellers MCP KPI
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Figure 8.3: First-Order Sobol Indices of Buyers Utility KPI

Figure 8.4: First-Order Sobol Indices of Sellers Profit KPI
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Figure 8.5: First-Order Sobol Indices of Quantity Traded KPI

Contribution of 𝜎 Parameters to Metric Variance:
Generally, the results show clear trends in standard deviation (𝜎) parameters across all three mech-
anisms. The (𝜎) parameters, representing the diversity of agents’ desired price and quantity, have a
negligible contribution to the variance of model outputs. This infers that market outcomes for the cho-
sen double auction mechanisms are not sensitive to a wide range of bid compositions. Interestingly,
this is observed to be true all except for the main effect contribution of parameter 𝜎፛፯ to the variance
of buyers’ utility (𝑈ፁ) and 𝜎፬፯ to the variance of sellers’ profits (𝑃ፒ). Loosely speaking, the 𝜎፛፯ and 𝜎፬፯
parameters dictate the slopes of the demand and supply curves respectively. For example in a single-
sided auction market with perfect competition, the slope of supply curve is flat all sellers have identical
marginal costs, thus the market clearing price becomes exactly the marginal cost of all agents and no
seller gains a profit from the trade. If sellers enter the market with lower marginal costs, the total profit of
the sellers becomes greater than zero. As the metrics Utility and Profit measure the market outcomes
from a macro perspective, the steepness of the demand and supply curve contributes directly to the
amount of welfare extracted by the market participants. We compare the three mechanisms’ 𝑆ኻ indices
of the 𝜎፛፯ and 𝜎፬፯ parameters for 𝑉(𝑈ፁ) and 𝑉(𝑃ፒ) in Table 8.1.

Metric Buyers Utility: 𝑈ፁ Sellers Profit: 𝑃ፒ
Parameter 𝜎፛፯ 𝜎፬፯

Walrasian: 𝑆ኻ 0.102 0.096
VCG: 𝑆ኻ 0.079 0.067

Huang: 𝑆ኻ 0.111 0.111

Table 8.1: Comparing contribution of private valuation parameters ᎟ᑓᑧ and ᎟ᑤᑧ to variance of buyers’ Utility and sellers’ Profit

The influence of price variation on profits and utility is observed to be weakest for the VCG mech-
anism. This is attributed to the VCG payment rule, where the gains-of-trade for individual agents are
rely discriminatory pricing instead of a uniform pricing. Thus the welfare enjoyed by all agents are not
determined by the last pair of buyer and seller at the market equilibrium. In the same line of argument,
𝑆ኻ(𝜎፛፯) and 𝑆ኻ(𝜎፬፯) is more prominent in the Huang mechanism than in the Walrasian mechanism.
This is attributed the Huang pricing rule requiring the sellers and buyers each trade at a different mar-
ket clearing prices, as compared to the Walrasian pricing rule requiring all trades be conducted at a
single uniform price. When taking the average price, the Walrasian mechanism dampens the contribu-
tion of the individual valuations of the last matched pair of bids. Thus, the effect of the parameters 𝜎፛፯
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and 𝜎፬፯, which indicates the diversity of bid valuations, indirectly becomes dampened as well.

Contribution of 𝜇 Parameters to Metric Variance:
When we turn our focus to the mean (𝜇) parameters, it is clear that these input parameters make the
largest contributions to the overall variance of LEM model output metrics for all three mechanisms.
The trends in factor prioritization of the metric measuring market clearing price 𝑉(𝑀𝐶𝑃) is observed to
have the same order in terms of parameter importance, with 𝜇፬፯ ranked as the most influential on the
variance of MCP and followed by 𝜇፛፯. Tables 8.2 and 8.3 provides an overview of the contributions the
8 parameters have on the variance of profits, utility and quantity traded.

Metric Buyers Utility: 𝑈ፁ Sellers Profit: 𝑃ፒ Quantity Traded: 𝑄ፓ
Parameter 𝜇፛፯ 𝜇፬፯ 𝜇፛፯ 𝜇፬፯ 𝜇፛፯ 𝜇፬፯

Walrasian: 𝑆ኻ 0.081 0.132 0.272 0.091 0.216 0.152
VCG: 𝑆ኻ 0.064 0.120 0.221 0.096 0.216 0.152

Huang: 𝑆ኻ 0.058 0.131 0.226 0.089 0.224 0.154

Table 8.2: Comparing influence of average bid valuation parameters ᎙ᑓᑧ and ᎙ᑤᑧ on agent utility and quantity traded

Metric Buyers Utility: 𝑈ፁ Sellers Profit: 𝑃ፒ Quantity Traded: 𝑄ፓ
Parameter 𝜇፛፪ 𝜇፬፪ 𝜇፛፪ 𝜇፬፪ 𝜇፛፪ 𝜇፬፪

Walrasian: 𝑆ኻ 0.007 0.140 0.100 0.034 0.087 0.116
VCG: 𝑆ኻ -0.005 0.153 0.092 0.014 0.087 0.116

Huang: 𝑆ኻ 0.022 0.146 0.100 0.035 0.083 0.111

Table 8.3: Comparing influence of average bid quantity parameters ᎙ᑓᑢ and ᎙ᑤᑢ on agent benefits and quantity traded

On closer inspection, 𝜇 parameters associated with bid valuations (𝑠፯ and 𝑏፯) are more influential
than 𝜇 parameters associated with bid quantities (𝑠፪ and 𝑏፪), with the exception of the contribution of
parameters 𝜇፬፯ and 𝜇፬፪ on 𝑉(𝑈ፁ). While this is anticipated for gains-of-trade in terms of utility and
profits, the contribution of 𝜇፛፯ and 𝜇፬፯ parameters on the variance of quantity traded 𝑉(𝑄ፓ) is observed
to be greater than the contribution of 𝜇፛፪ and 𝜇፬፪ parameters, which are parameters directly associated
with the amount of available volume at any time within the market. This infers that truthfulness of
valuation has a greater effect on market outcomes than truthfulness in quantity.

The parameter 𝜇፛፯ contributes most to the variance in sellers’ profits 𝑉(𝑃ፒ), while having less influ-
ence on the variance of buyers’ utilities 𝑉(𝑈ፁ). The interesting observation stemming from this is the
relative influence 𝜇፛፯ and 𝜇፬፯ have on 𝑉(𝑃ፒ) and 𝑉(𝑈ፁ). While it is expected that buyers’ valuations
have a more pronounced effect on the seller’s side of the market and vice versa in a buyer’s market, the
influence of the 𝜇፛፯ over 𝜇፬፯ is much greater in 𝑉(𝑃ፒ) than the influence of the 𝜇፬፯ over 𝜇፛፯ in 𝑉(𝑈ፁ).
Furthermore, the parameter 𝜇፛፯ ranks higher than 𝜇፬፯ in terms of its contribution to the variance of
quantity traded 𝑉(𝑄ፓ). An inference made from these above results could be that the buyers have
greater market power in double auction markets.

From Table 8.2, it is also worth noting that the Sobol indices 𝑉(𝑄ፓ) from the Walrasian and VCG
mechanisms are identical, which is attributed to both mechanisms having maximum allocative effi-
ciency. The Huang mechanism’s social choice function is not efficient and thus a greater effect on
variance is observed.

8.1.2. Total-Effect Sobol Indices
Figures 8.6, 8.7, 8.8, 8.9 and 8.10 show the 𝑆ፓ indices of the model metrics for each mechanism.
Generally, 𝑆ፓ። = 0 implies that an input factor 𝑋። is non-influential and can be fixed anywhere in its
distribution without affecting the variance of the output. It can be observed that all parameters have
some level of influence on the variance of the LEM model metrics.
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Figure 8.6: Total-Effect Sobol Indices of Buyers MCP KPI

Figure 8.7: Total-Effect Sobol Indices of Sellers MCP KPI
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Figure 8.8: Total-Effect Sobol Indices of Buyers Utility KPI

Figure 8.9: Total-Effect Sobol Indices of Sellers Profit KPI
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Figure 8.10: Total-Effect Sobol Indices of Quantity Traded KPI

Total-Effect Indices of 𝑉(𝑈ፁ) and 𝑉(𝑃ፒ)
When comparing general 𝑆ፓ trends across all three mechanisms, ranking the parameters based on
each metric can reveal the total influence each parameter has on each mechanism. Table 8.4 ranks
each input parameter in terms of its influence on the variance of buyers’ utility 𝑈ፁ, and sellers’ profit
𝑃ፒ. The top two most influential parameters for buyers are 𝜇፛፯ and 𝜇፬፪, in that order. The top two most
influential parameters for sellers are 𝜇፬፯ and 𝜇፬፪, in that order. This observation is intuitive for each side
of the market, as the individual welfare of agents is most reliant on bids from the opposite side of the
market to successfully conduct a trade. However, it can be noticed for the case of the VCG mechanism
that the standard deviation of buyers valuation, 𝜎፛፯, has a greater effect on sellers profits than in the
Huang mechanism.

Metric Buyers Utility: 𝑈ፁ Sellers Profit: 𝑃ፒ
Mechanism VCG Huang VCG Huang

𝜇፬፯ 0.525 𝜇፬፯ 0.540 𝜇፛፯ 0.534 𝜇፛፯ 0.547
𝜇፬፪ 0.402 𝜇፬፪ 0.420 𝜇፛፪ 0.220 𝜇፛፪ 0.328
𝜎፬፯ 0.320 𝜎፬፯ 0.335 𝜎፛፯ 0.304 𝜎፬፯ 0.331

𝑆ፓ:
𝜇፛፯ 0.296 𝜎፛፯ 0.318 𝜎፬፯ 0.280 𝜎፛፯ 0.301

Parameter 𝜎፛፯ 0.279 𝜎፬፪ 0.241 𝜇፬፯ 0.241 𝜇፛፪ 0.197

Ranking 𝜎፬፪ 0.220 𝜇፛፯ 0.219 𝜎፛፪ 0.185 𝜇፬፯ 0.196
𝜇፬፪ 0.185 𝜇፛፪ 0.158 𝜇፬፪ 0.176 𝜇፬፪ 0.175
𝜎፛፪ 0.158 𝜎፛፪ 0.155 𝜎፬፪ 0.122 𝜎፬፪ 0.124

Table 8.4: Comparing influence of bid price average ᎙ᑓᑧ and ᎙ᑤᑧ on agent utility and quantity traded

Total-Effect Indices of 𝑉(𝑄ፓ)
In a similar manner, total effect indices for the metric quantity traded for each truthful mechanism are
ranked in Table 8.5 below. Factor prioritization shows the same behavior in bothmechanisms, validating
the the 𝜇 parameters as the most influential for the LEM model metrics.
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Metric Quantity: 𝑄ፓ
Mechanism VCG Huang

𝜇፬፯ 0.409 𝜇፬፯ 0.416
𝜇፛፯ 0.394 𝜇፛፯ 0.397
𝜇፬፪ 0.317 𝜇፬፪ 0.313

𝑆ፓ:
𝜇፛፪ 0.279 𝜇፛፪ 0.275

Parameter 𝜎፬፯ 0.225 𝜎፬፯ 0.228

Ranking 𝜎፛፯ 0.209 𝜎፛፯ 0.210
𝜎፛፪ 0.180 𝜎፛፪ 0.175
𝜎፬፪ 0.170 𝜎፬፪ 0.167

Table 8.5: Comparing influence of bid price average ᎙ᑓᑧ and ᎙ᑤᑧ on agent utility and quantity traded

8.1.3. Conclusion for Sobol’s Sensitivity Analysis on LEM Model Metrics

The results from this section suggest that the bid price submitted to the double auction mechanisms
have profound effects on market performance in terms of agent revenue and residential LEM energy
localization. This reinforces a major inference of this study, which may also seem redundant: truthful
behavior of rational agents when valuing the energy supplied or demanded must be properly incen-
tivized for the market operator to reliably achieve stable market outcomes. The argument is that if
truthful behavior is not incentivized, market outcomes may be extremely difficult to predict unless the
platform provider resort to means such as projection of historical data or stochastic forecasting to gauge
long term market performance. This inference is thus achieved by the implementation of truthful mech-
anisms.

8.1.4. Investigation of Trends Between Input Parameters and KPIs

The aim of this trend analysis of PDF parameters was to provide a second set of results which corrobo-
rates with the results obtained from the sensitivity analysis of parameters. While the Sobol SA analysis
emphasizes on the variance of the output KPIs through a sequence of quasi-random input values, the
trend analysis compares normalized output KPIs by relying on a default set of parameters, each time
only adjusting one single parameter. Illustrated in Figure 7.1, the default value for all 𝜇 parameters is
0.5, while for 𝜎 parameters it is 1. The set of KPIs obtained from performing the Walrasian mechanism
simulations (with default parameters) are utilized to normalize Huang and VCG mechanism KPIs.

Unfortunately, the results from the trend analysis did not reveal additional insights, but rather con-
firmed the significance of the 𝜇 parameters. In Figure 8.11, the normalized buyer’s MCP values from
the Huang double auction are plotted on the vertical axis respective to the adjusted parameter values
plotted on the horizontal axis. The 𝜎 parameter adjustments are grouped on the left sub-plot while
the 𝜇 parameter adjustments are grouped on the right. Figure 8.12 follows the same principle but is
conducted for the VCG double auction. In both figures, there is a clear distinction between the magni-
tudes at which the MCP changes between adjusting the 𝜎 and the 𝜇 parameters, with the latter having
a greater effect. Trends such as the adjustment of 𝜇፬፪, attributed to the average quantity of sellers’
bids, having an inverse effect on buyers’ MCP for both mechanisms are self-evident (greater quantities
offered by the sellers tilt the market towards the buyer’s side, resulting in a lower trading price). The
remaining KPI trends for both mechanisms and their brief explanations can be found in Appendix B.
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Figure 8.11: Trends in Huang mechanism buyer’s MCP by adjusting ᎙ and ᎟ parameters

Figure 8.12: Trends in VCG mechanism buyer’s MCP by adjusting ᎙ and ᎟ parameters

8.2. Residential LEM Scenario Simulations
This section presents the results for a single day, May 1st, of the model simulations. Simulations are
conducted seperately for each of the LEM configurations described in Section 7.4.3. The Walrasian,
VCG and Huang mechanisms are simultaneously run with identical input data in the same simulation
for each LEM configuration. Each LEM configuration has been iterated 100 times and the results
averaged. This study analyzes the model results mainly from a macro perspective on the market.

A comment that should be made regarding the simulation process is the simulation time. Process-
ing a LEM configuration of 50 households takes approximately thirty minutes, whilst processing 500
households amounts up to over 30 hours of computational time. The huge increase in simulation time is
due to the unavoidable computation required to solve the payment function of the VCG mechanism. A
LP problem needs to be solved to determine the final payment for each individual agent. Thus for a 500
household model with 100 iterations, the LP problem is solved 50,000 times for a single round of the
hourly auction. Therefore, a choice was made to conduct a limited number of simulation configurations
with carefully selected model parameters.

8.2.1. Base-Case Scenario with 50 Households
We first illustrate the market outcomes for an entire day for the configuration of 50 households with
50% of the population owning PV penetration. Figure 8.13 shows the quantity traded for each hour
as well as the overall aggregate demand and supply offered in the local energy market, providing an
indication of the amount of expected energy being imported/exported at the micro-grid interconnection.
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Figure 8.14 shows the development of market clearing price over the entire day. Figure 8.15 shows the
results obtained from buyers’ utility while Figure 8.16 shows the results obtained from sellers’ profits.
Figure 8.17 provides insights on the expected revenue for the micro-grid operator.

Figure 8.13: Base-case Scenario with 50% RES penetration: Aggregate Supply, Aggregate Demand, and Quantity Traded

Figure 8.14: Base-case Scenario: Market Clearing Prices

From Figure 8.13, the results from overall quantity traded show a trend of LEM sufficiency primarily
dictated by solar generation profile. Peak consumption hours are not aligned with the intermittency of
PV generation. It is important to note that the aggregate supplies are the combined bid quantities of the
sellers, not the generation of the PV systems themselves. The households first satisfy their own con-
sumption before offering any additional energy in the form of supply bids. This insight strengthens the
case for other decentralized energy resources installed within the microgrid. The trends in aggregate
supply and demand also show a sharp increase of disproportion between buyers and sellers near the
peak hours at 6 AM and 6 PM, due to household activities during those hours. This disproportionate
market is then rapidly skewed in the opposite direction due to the fact that half of the population begins
to utilize their PV yields, thus the market rapidly transitions from a buyers market to a more balanced
state around 10 AM. If household consumption behavior is assumed to follow this predictable pattern,
this may create a risk and expose opportunities for households without PV systems to implement de-
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mand response measures, such as load shifting, to purchase energy at hours where more supply bids
are being offered. This could be seen from Figure 8.14 below where there is a clear dip in price at 10
AM when the market reaches a more balanced state between aggregate supply and demand. At the
peak hours of 6 AM and 6 PM, the market clearing price of the Huang mechanism is observed to be
exceptionally lower than bothWalrasian and VCGmechanisms. But this effect should not be accounted
for as true mechanism performance since the market is disproportionally skewed towards the buyers
side (refer to Figure 8.13 such that there are essentially no trades being conducted within the LEM.

Figure 8.15: Base-case Scenario: Buyers’ Utility

Figure 8.15 shows the utility of the buyers from successful trades during the market periods. The
amount of collective utility is directly influenced by the margin of the LEM lower bound (LCOE) and
upper bound (RRoE) of the microgrid environment. From a macro perspective, the VCG mechanism
provides buyers the highest total gains-from-trade, this effect is more prominent especially during hours
with larger quantities traded.

Figure 8.16: Base-case Scenario: Sellers’ Profit
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From Figure 8.16, the same similarities between the mechanisms can be seen for sellers’ profits,
where revenue trends closely with the solar generation profile. The slight decrease in buyers’ profit
at the 10 AM auction round coincides with the greater amount of surplus generation being offered on
the market than volume demanded. Observed in Figure 8.14, this skews the market towards a buyer’s
market and thus, in response, market clearing prices become lower.

Figure 8.17: Base-case Scenario: Budget Balance

In Figure 8.17, the amount of net market revenue provides an estimation of the expected return for
the microgrid operator. This amount seems almost insignificant in comparison to the investment costs
required to set up themicrogrid and LEM itself. This insight should be an indication for the LEM operator
that implementing a Huang mechanism within the LEM business model should not be targeted towards
creating profit from market operations. In the same vein, implementing a VCG mechanism does not
require a substantial subsidy as one would think.

Table 8.6 shows the cumulative KPI’s for the entire day over various amounts of renewable penetra-
tion levels for the VCG and Huang mechanisms. The VCG mechanism shows advantages over Huang
not only in daily cumulative profit and utility but also in the amount of quantity traded as well. Energy
localization is calculated by finding the ratio between the amount of energy retained, or ’localized’, in
the microgrid over the total aggregate supply and demand offered in the LEM. This value increases
as the percentage of households owning PV systems increase, which is expected. Self-sustainability
hits a threshold near 75% renewables penetration, signifying that the liquidity of the market is con-
strained by the inflexibility of consumption and generation patterns without support from other forms
of DERs. The overall difference between the two mechanism’s ability to keep energy localized stays
relatively constant at 4%, even as the renewable penetration rate increases, signifying that the degree
of renewable penetration does not influence the performance of either truthful mechanisms.

PV Penetration 25% 50% 75% 100%
Mechanism VCG Huang VCG Huang VCG Huang VCG Huang
𝑃ፒ € 0.98 0.60 1.25 0.92 1.22 0.91 1.09 0.81
𝑈ፁ € 0.30 0.21 0.72 0.54 1.03 0.77 1.17 0.80
𝐵𝐵 € -0.06 0.15 -0.09 0.16 -0.10 0.17 -0.12 0.24
𝑄ፓ kWh 20.41 14.87 31.81 26.09 37.05 30.24 36.92 29.57

Energy localization % 15.77 11.49 24.88 20.41 28.99 23.67 28.94 23.18

Table 8.6: Results of cumulative mechanism KPIs for Base-Case Scenario over increasing levels of renewable penetration
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Visualization of Trends in Base-case Scenario KPI’s
The trends in LEM model KPIs for each scenario are visualized to highlight the relationship between
market performance and renewable penetration rates. Only the trends for truthful mechanisms are
shown in this comparison. Figure 8.18 shows a comparison between trends in utilities and profits while
Figure 8.19 plots the quantity traded in the market against RES penetration rate.

While in both figures it is clear that the VCGmechanism has superior performance in terms of KPI’s,
one additional feature the mechanism shows is it’s efficiency in allocating maximum social welfare. An
intersect point at approximately 90% renewable penetration can be seen where buyers’ utility outstrips
the sellers’ profits. This is attributed to the fact as more consumers become prosumers, the aggregate
supply volumes increase during the day and results in more auction rounds becoming a buyers market.
Because the LEM model simulation runs both mechanisms with identical sets of input data, a similar
intersection point is seen to be forming for the Huang mechanism, yet the inefficiency brought by the
trade reduction procedures within its social choice function prevents this intersection point from forming
at a lower renewable penetration rate.

Figure 8.18: Base-case Scenario: Utility and Profit

Figure 8.19: Base-case Scenario: Quantity Traded
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Reflection on Base-Case Scenario Results
A particular point of interest for the microgrid LEM platform provider is Budget Balance. While this
revenue and deficit respectively for the Huang and VCG mechanisms are relatively small, it poses
the interesting question of whether increasing the population size to a certain degree could bring in
enough profit for the microgrid operator to make a justifiable business case around monetizing the
Huang mechanism. The same goes for the VCG mechanism: will the deficit grow large enough that
subsidizing the trades become financially infeasible for the microgrid operator? This aspect will be
investigated in the next section as we increase the population size of the LEM.

8.2.2. Scenarios A and B: 100 and 500 Households
In a similar format as the last section, we discuss the results obtained from performing simulations for
Scenario A and Scenario B. Table 8.9 shows the results obtained for the microgrid Scenario A with
100 households participating, and with RES penetration rates of 25%, 50%, 75% and 100%. Table 8.8
shows the results obtained for the microgrid Scenario B with 500 households participating, and sim-
ulated only for 50% and 75% RES penetration rates. The main reason behind this is due to the fact
that the best results observed in terms of market liquidity occur when at least half the population own
rooftop PV systems, the best set of results is observed at 75% renewables penetration. Thus simulating
for 25% and 100% penetration rates for Scenario B was deemed impractical due to the computational
intensity mentioned at the start of this section.

Since the input parameters of probability density functions are kept constant, the results obtained
for daily cumulative values of buyers’ utility, sellers’ profit and quantity traded develop a similar linear
relationship across penetration rates for LEMs with larger populations. From a macro perspective, it is
expected that more participants means more trade conducted, which leads to larger cumulative utility
and profit. The main insight gathered from both Scenario A and B allows us to answer the question
raised at the end of the previous section:

Is the Budget-Balance property of truthful mechanisms a significant factor to be considered for the
microgrid operator as population size increases?

The results show that the revenue received from implementing the Huang mechanism and budget
deficit induced by the VCG mechanism does not share relationship with the population size. Even
as the quantity traded within the LEM scenarios increases, which is the case for both scenarios, the
budget balance property for both mechanisms do not experience much alteration. For Scenario A,
the VCG mechanism daily budget deficit caps at 0.11 cents, while the maximum Huang mechanism
daily revenue is observed at 28 cents. Comparing the Budget Balance results for 50% and 75% RES
penetration across Scenario A and Scenario B shows that the difference is negligible. The reasoning for
this development can be found by taking a look at the results obtained from conducting the Sensitivity
Analysis at the beginning of this chapter (Section 8.1). Budget balance is linked to buyers’ utility and
sellers’ profit, these KPIs are influenced primarily by the pricing of agents’ bids as seen from the factor
prioritization of Sobol indices. Thus because the margin of the upper and lower bound of the range of
valuations rational agents would report are kept constant over the interval [LCOE, RRoE], the budget-
balance property of both mechanisms are thus constrained as well. This insight provides an interesting
point of discussion concerning the feasibility of the LEM business model and separately the regulatory
policies for potential pricing schemes that could be implemented in the LV-distribution grid.

PV Penetration 25% 50% 75% 100%
Mechanism VCG Huang VCG Huang VCG Huang VCG Huang
𝑃ፒ € 1.98 1.52 2.58 2.20 2.46 2.15 2.07 1.80
𝑈ፁ € 0.49 0.40 1.38 1.19 2.10 1.82 2.44 2.03
𝐵𝐵 € -0.05 0.211 -0.09 0.19 -0.10 0.20 -0.11 0.28
𝑄ፓ kWh 40.65 34.23 65.46 59.16 76.38 69.71 75.14 67.63

Energy Localization % 15.6 13.2 25.4 22.9 29.8 27.2 29.7 26.8

Table 8.7: Results of cumulative mechanism KPIs for Scenario A over increasing levels of renewable penetration
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PV Penetration 50% 75%
Mechanism VCG Huang VCG Huang
𝑃ፒ € 13.06 12.65 12.47 12.12
𝑈ፁ € 6.57 6.40 10.34 10.07
𝐵𝐵 € -0.08 0.20 -0.10 0.20
𝑄ፓ kWh 332.44 325.78 387.27 380.09

Energy Localization % 12.93 12.67 15.12 14.8

Table 8.8: Results of cumulative mechanism KPIs for Scenario B over increasing levels of renewable penetration

Visualization of Trends in Scenario A KPIs
Finally, the developments in KPI’s for Scenario A are visualized in this section to show the relationship
between market performance and renewable penetration rates. Scenario B is purposefully excluded
due to the predictable relationship developed between the three scenarios. Figure 8.20 shows a com-
parison between trends in utilities and profits while Figure 8.21 plots the quantity traded in the market
against penetration rate. Parallels can be drawn from the figures below and Figures 8.18 and 8.19 from
the previous section.

Figure 8.20: Scenario A: Utility and Profit

Figure 8.21: Scenario A: Quantity Traded
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The main insight gained from increasing the population are the intersection points in Figure 8.20
where cumulative utility of the buyers is equal to the cumulative profits of the sellers. Compared to an
LEMwith fewer agents, the intersection point is reached at approximately 90% renewables penetration.
The effects from the trade reduction of the Huang mechanism can be observed to be reduced. This
observation confirms that the Huang mechanism will indeed reach asymptotic efficiency as the number
of agents within the market reaches infinity.

8.2.3. Implication of Results from LEM Scenario Simulations
We reiterate the crucial results obtained from running simulations with different residential microgrid
LEM configurations across the threemechanisms. This will allow us explicitly answer themain research
question:

Which market mechanism is suitable for a residential local energy market which defers
non-truthful behavior of market participants?

Evaluation of Mechanism Budget Balance Between Population Sizes
Table 8.9 compiles the expected net revenue the microgrid LEM platform provider can expect to gain
from various LEM configurations. While the results are idealized due to the many simplifications made
to the LEM model, it reveals important attributes regarding the Budget Balance property of the truthful
mechanisms. Under the pretence that all agents are rationally revealing their truthful valuations directly
to the auctioneer, the resulting budget revenue from the Huang mechanism and deficit incurred by the
VCG mechanism is constrained by the available margin at which the market participants can conduct
trade. Thismargin is formed by the policy and regulatory framework of the LV-distribution grid with which
the microgrid is connected to. A similar effect applies even if, instead of existing within the microgrid,
the LEM is superimposed on the distribution grid itself. To solve the budget deficit issue for the VCG
mechanism, the platform provider could consider implementing a membership scheme for households
wishing to participating in the LEM.

PV Penetration 25% 50% 75% 100%
Mechanism VCG Huang VCG Huang VCG Huang VCG Huang

50 HH € -0.06 0.15 -0.09 0.16 -0.10 0.17 -0.12 0.24
100 HH € -0.05 0.211 -0.09 0.19 -0.10 0.20 -0.11 0.28
500 HH € -0.08 0.20 -0.10 0.20

Table 8.9: Budget Balance: Cumulative results from all scenarios

8.2.4. Evaluation of LEM Energy Localization Between Population Sizes
Here we compare the truthful mechanisms by measuring their effectiveness in localizing energy flows
within the community. Trends are observed as the population size increases. We have seen in the
previous sections in the Base Scenario and Scenario A that energy localization of themicrogrid plateaus
after ኽ

ኾ of the population consists of prosumers. Figure 8.22 plots the trend in energy localization
by fixing the renewable penetration rate at 50% constant while adjusting the population size itself.
Figure 8.23 shows a similar comparison but with 75% of the population as prosumers.

It is important to note that the observed drop in percentage of energy localized as population size
increases is mainly attributed to the imbalance between supply and demand at peak hours. This is
a direct effect of the state of the market make-up and reinforces the need for DER’s and ancillary
services, but does not diminish the effectiveness of the mechanisms themselves. That being said, the
VCG mechanism again shows superior performance at all LEM configurations in energy localization
within the microgrid community.
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Figure 8.22: Comparison of percentage of energy localized within community with 50% Prosumers

Figure 8.23: Comparison of percentage of energy localized within community with 75% Prosumers

Comparison of VCG and Walrasian Mechanism
In the previous sections, we have found that the VCG mechanism produces superior market outcomes
in terms of the following metrics: Buyers’ Utility, Sellers’ Profit, and Quantity Traded. Thus it can be
concluded that the VCG mechanism is a more suitable incentive compatible mechanism to be imple-
mented for an LEM. We take one further step in the evaluation by comparing the simulation results
from the non-truthful Walrasian mechanism with the VCG mechanism. Since both Walrasian and VCG
mechanisms are efficient, the quantity traded at all times will be identical, and the only difference in the
market outcomes between the two mechanism are the prices at which the households trade at. Thus,
we investigate the trends in buyers’ utility and sellers’ profits from the resulting simulations conducted.
Figures 8.24 and 8.25 illustrates the trends in gains-of-trade over increasing RES penetration rates for
the Base-case Scenario and Scenario A, respectively. It can be observed that the VCG mechanism is
“at least as good as” the Walrasian mechanism in terms of utility experienced by the residential com-
munity. Thus the argument could be made that the VCG mechanism should be implemented over an
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untruthful mechanism such as the Walrasian mechanism. The LEM platform provider simply needs
to implement a business model that accomodates for the minor budget deficit incurred from the VCG
implementation.

Figure 8.24: Comparison of Walrasian and VCG mechanism performance, Base Case: Utility and Profit

Figure 8.25: Comparison of Walrasian and VCG mechanism performance, Scenario A: Utility and Profit

8.3. Summary
In this chapter, the results of the Monte Carlo simulations were presented and their implications dis-
cussed in-depth. The results obtained from the Sobol Sensitivity Analysis show a high influence the
parameters 𝜇፬፯ and 𝜇፛፯ have on the variance of LEM model output KPIs. This reinforces the impor-
tance of implementing truthful mechanisms for the LEM platform provider to be able to project long-term
performance of the market. The results from the simulations conducted for various residential LEM sce-
narios indicate that the VCG mechanism is the more suitable incentive-compatible mechanism to be
implemented due to superior performance in most mode output KPIs. When comparing the VCGmech-
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anism to the non-truthful Walrasian mechanism, it is observed that the VCG mechanism is ”at least as
good” in terms of providing utility for the microgrid LEM participants.



9
Conclusions and Recommendations

9.1. Research Objective
The thesis is written in the context of a world in which distributed residential renewable energy sources,
guided by economic and political goals, assumes an increasing share of the energy mix within the Eu-
ropean energy sector. Given its potential economic, technological and social benefits, LEMs could take
on a significant role in the localizing power flow, increasing local renewable autocracy, empowering the
residential agents to develop from passive price takers towards active market participants, and sup-
porting the overall decentralization of the future electricity system. Thus, the electricity transition from
the former fossil fuel-based generation structure towards a sustainable, renewable-based, multidimen-
sional system becomes feasible. The study primarily focuses on the micro-economic theory of LEM
mechanisms with the objective of inducing truthful behavior among market participants.

LEMs are online virtual markets involving competitive behavior between rational and self-interested
agents with a different objective than the platform provider that oversees the operation of the market.
These specific characteristics determined game theory and mechanism design theory as suitable tools
to implement market mechanisms which aligns with the goals of this research. By capturing LEMs in a
game theoretic frameowrk, identifying suitable auction mechanisms and reflecting close-to-real-world
electricity profiles of residential consumers and prosumers, this thesis sought to provide insights on
macro perspectives of this market. The macro perspective takes on the standpoint of the LEM platform
provider and examined the benefits and drawbacks in implementing the chosen truthful double auction
mechanisms.

This resulted in a research approach which attempts to use a Monte Carlo method to identify in-
fluential parameters in the bid determination of the market participants such that the intended market
outcomes are achieved. The research objective is therefore formulated as:

To compare and determine suitable truthful market mechanisms by incorporating realistic
residential household electricity profiles as input for a LEM model.

9.2. Answers to the Reserach Questions
In this section, a summary of themain findings which addresses the research sub-questions is provided.
The sub-questions serve to compartmentalize themain research objective intomanageablemilestones.
By addressing these sub-questions, the theoretical part of the study, which clarifies on the scope of the
research, is merged with the analytical part such that the research objective could be achieved. In
relation to the research objective, it is necessary to first give a clear description of this problem. This
resulted in the formulation of the first sub-question:

• SQ 1: What are the main characteristics of LEMs and the stakeholders involved and What
type of market design best describes residential local energy markets?

In Chapter 2, a literature review was conducted and the main characteristics and stakeholders of
LEMs are identified. The general market design framework of LEM is proposed as a discrete-time

81
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sealed-bid double auction. Simplifications made to the market framework allows us to align the market
structure (the market rules and market mechanism) with the desired agent behavior to achieve the
intended market outcome. In terms of market structure, the most important stakeholders of the LEM
investigated in this study are: consumers who aim to minimize consumption costs, prosumers who aim
to either maximize profits or minimize consumption costs, and the auctioneer who aims to maximize
total market value.

In order to motivate the choice for selecting mechanism design theory as the main approach for this
study, the second sub-question is formulated:

• SQ 2:What are the key concepts of game-theory and mechanism design and can these ele-
ments of economic theory be used to induce truthful behavior in the design of a residential
local energy market?

Chapter 3 served as a primer on the field of game theory and introduced the necessary conceptual
building blocks in order to formulate the LEM structure as a game. In terms of the proposed LEM frame-
work, the strategic form was determined to be the more suitable game representation. Furthermore,
the LEM is formulated as a non-cooperative game played between residents within a community look-
ing to either buy or sell up to a certain amount of energy. Every household is self-interested with a goal
of gaining maximum profits for selling or maximum utility for purchasing. Each household holds some
private information and thus have incomplete information about the game environment. Furthermore,
households have imperfect information about the market because their own historical energy usage
is considered private information and unknown to other households. The bids that households submit
to the auctioneer in each round of the double auction is considered as pure strategies, and the best
response strategy of each household should produce a competitive market equilibrium. Formulation of
the LEM structure as a game requires us to choose a solution concept, or equilibrium concept. From a
macro perspective, the dominant strategy equilibrium is chosen due to the powerful property in which
each agent’s best response strategy is to reveal its private information truthfully. Yet a game theoreti-
cal approach is not sufficient for us to ensure that a dominant strategy equilibrium exists, because the
market rules have not been defined. We continue the discussion of inducing truthful behavior in market
participants from a completely different approach in Chapter 4. While game theory is concerned with
agent behavior in equilibrium (and thus the resulting strategy that it should play), mechanism design
theory allows us to construct market rules to induce a game among the agents in a way that in an
equilibrium state of the induced game, the desired system-wide solution is implemented. The mecha-
nism design objectives that align with the goal of the research are identified as incentive compatibility
and individual rationality. Incentive-compatible dominant-strategy mechanisms are chosen as appli-
cable market mechanisms to be implemented in the LEM auction design. At this point, the second
sub-question has thus been answered.

In Chapter 5, the usage of mechanism design theory results in the determination of two incentive-
compatible double auction mechanisms, as well as an untruthful mechanism which serves as a point
of reference. The Walrasian mechanism is not an incentive-compatible and serves as a benchmark for
the comparison of truthful mechanisms. The impossibility theorem proposed by Myserson and Satter-
waithe creates a trade-off in achieving desired mechanism properties. The two incentive-compatible
mechanisms explored in this study are the VCG mechanism and the Huang mechanism. The VCG
mechanism is mathematically elegant in its ability to process offers with perfect efficiency and dom-
inant truth-revealing strategies, yet it requires the market operator to subsidize trades. The Huang
mechanism provides the market operator with a revenue for conducting trades, but its allocation rule
requires a trade reduction which reduces the its efficiency.

Now that the theoretical aspects of the study has been addressed, Chapter 6 begins the formulation
of the research design and methodology required to compare the mechanisms in a way which reflects
the research objective. Thus the last sub-question of this study is formulated:

• SQ 3: What are the main factors that influence market mechanism performance and how
can we create a simulation environment that enables us to compare market mechanisms
in the context of residential LEMs?

The double auction market design proposed in Chapter 2 is further specified in able to conceptual-
ize the model. Modeling the implementation of truthful double auction mechanisms requires careful
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determination of what constitutes as the “core” of the study and what is superfluous “noise”. Elimi-
nating elements that have negligible influence on the objective of the study enables the modeler to
enhance the effects of the core interactions. Developing critical assumptions and specifications of the
model environment will simplify the model itself without distorting the results obtained. In line with the
overall objective of the thesis project, the components attributed to the private information of market
participants are formulated and the auctioneer’s responsibilities within the LEM structure are clarified.
Furthermore, we identified the following LEM model outputs which serve as important metrics on which
the mechanism comparison is based: Market Clearing Price, Buyers’ Utility, Sellers’ Profit, Quantity
Traded, and Budget Balance.

Chapter 7 serves as a description of the simulation methodology of the model, which takes on a
Monte Carlo method in order to capture the various LEM scenarios. A focus is put on the macro-
perspective of bid determination, where input parameters describe the mean and standard deviation
of the bid price and volume. The simulation methodology first attempts to identify the most influential
parameters in terms of bid determination, then seeks to validate the insights gained bymodeling realistic
generation and consumption data of residential households.

In Chapter 8, the results of the model simulation are presented. From the sensitivity analysis, it is
observed that the 𝜇፬፯ and 𝜇፛፯ parameters describing the mean valuation of the bids heavily influences
the market outcome KPIs. This insight serves as a validation for the inference that truthful behavior of
rational agents when valuing the energy supplied or demanded must be properly incentivized for the
platform provider to reliably achieve intended market outcomes, which are the maximization of market
value and localization of energy flows. The comparison of the three mechanisms was conducted under
various residential microgrid LEM scenarios. Separate simulations were conducted under increasing
residential PV penetration rates and under different population sizes. The results of the comparison
indicates the VCG mechanism as a superior market mechanism for the LEM double auction structure.
From a macro-perspective, the results show that the quantity of energy localized within the community
plateaus when approximately more than 75% of the households transition from being pure consumers
to prosumers. This the mainly due to the fact that there are no flexibility services in place to capture the
surplus solar generation during peak sun hours. From an micro-economic standpoint, this strengthens
the case for the importance of storage within decentralized markets such that market value could be
retained within the local community.

9.3. Conclusion to the Main Research Question
The competitive environment, the intrinsic susceptibility to market failure, and lack of attention in current
research on the implementation of market mechanisms in local energy markets constituted as the main
motivations behind the main question of this research:

Which market mechanism is suitable for a residential local energy market which defers
non-truthful behavior of market participants?

From the results of simulations of a LEM superimposed on a grid-connected microgrid, the VCG
mechanism outperforms the Huang mechanism in all KPI’s other than Budget Balance. Thus the anal-
ysis has shown that the VCG mechanism is the more suitable choice for LEM implementation.

The main drawback of VCG experienced in this study is the computational intensity required to
solve LP problems, and is especially so when dealing with combinatorial double auctions (auctions
where different commodities are being exchanged such as heat and power markets). This needs to
be addressed for practical implementation of double auctions using this mechanism. Studies have
addressed this issue by introducing approximation techniques [40] that allow for constructing more
computational efficient VCG mechanisms while retaining the truthful property.

In relation to the implementation of an untruthful mechanism, the VCG mechanism is “at least as
good as” the Walrasian mechanism in terms of monetary utility brought for the residential community.
Buyer utilities and seller profits are observed to be greater for the case of the VCG mechanism, this
is attributed to the VCG payment rule described in Equations 5.6 and 5.7. While both the Walrasian
and VCG mechanisms achieve maximum efficiency when implementing the social choice function, the
VCG mechanism creates a budget deficit for the auctioneer, and this amount is directly translated into
the additional utility and profit enjoyed by the agents included in the final trade. While this deficit implies
that a subsidy is necessary for the operation of the market implementing a VCG mechanism, we can
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view this as the ”cost of truthfulness” that the auctioneer has to pay for reducing the risk of manipulation
and market failure.

The implication that the platform provider runs a deficit raises the question of why a market operator
would ever want to implement the VCG mechanism. From a business model standpoint, membership
schemes to for participants to join the LEM in the form of a subscription fee could offset this deficit
while retaining the strategy-proof property. The fact that the VCG deficit is constrained by the avail-
able profit margin of the upper bound macro-grid price and and lower bound of LCOE means that the
auctioneer can accurately estimate the deficit incurred and redistribute it within the payment scheme
of the subscription model. From a policy standpoint, the subsidy could also be provided directly by the
government or the public sector as part of the realization of the electricity transition towards a more
sustainable future. The potential economic, technological, social and environmental value that LEMs
potentially offers far outweighs the observed ”cost of truthfulness”.

9.4. Recommendations for Future Work
The results of this study has provided many insights on the viability and performance of implementing
truthful mechanisms. However, the implications drawn from these results can be greatly advanced by
further research as more attention is required to expand the accuracy and realism of the simulation
model.

With regard to the current LEM simulation model and the design framework, the introduction of other
DER technologies within the residential household will add a level of complexity within the model that
brings it closer to realistic settings. It is becoming increasingly commonplace for residential households
to invest in energy storage systems (ESS) as a stand alone product or in conjunction with PV systems.
Market trends show that a combination of declining costs and governmental subsidies are responsible
for the boost in residential ESS in recent years [60]. Thus ESS is projected to play a large role in future
electricity systems in terms of providing much needed flexibility and real-time balancing services. It
also provides interesting interactions among market participants during trading hours where there is a
large amount of surplus consumption or generation. As mentioned in Section 9.2, the intermittency of
solar generation creates periods during the day where the majority of the household demand could not
be met locally or that surplus in solar energy are forced to be redistributed elsewhere. At competitive
prices for ESS, it market participants may be incentivized to leverage their ESS in the LEM in able to
increase their total utility. The inclusion of ESS introduces another layer of complexity to the simulation
model, such as consideration of trading time horizon in the agents’ optimization problem. This will
drastically alter agent behavior, where optimization is not just constrained the current static auction but
includes the dynamic programming over a time horizon. Regarding how this addition will effect the
methodology of the research design, a separate battery optimization model will be required as part
of the Bid Determination Phase of the LEM model. Additionally, agent identities are required to be
indexed and stored within the model such that individual market outcomes of each auction iteration will
be mapped to the respective agent IDs. Individual market data is imperative for the optimization of the
battery model respective to households with ESS installed.

In terms of the market participants, we recommended to incorporate a wider range of possible res-
idential level actors within the LEM. While this study focused on residential households of different
consumption requirements, other potential players include schools, store-fronts, hospitals and public
spaces, and they serve as integral parts of the residential built environment. These market participants
can impact the market outcomes due to each having unique consumption profiles and private valuation
of electricity. More importantly, these actors are larger in scale compared to the residential households
have capability of exercising market power. Thus the implications of the importance of strategic behav-
ior become ever more apparent. Exploring how truthful mechanisms perform in these diversified local
settings can provide valuable insights on mechanism feasibility. This addition will not drastically alter
the current methodology of the experimental set-up. Rather a separate set of generation data and KDE
function would be required for each type of LEM actor. Including these in the Bid Determination Phase
of the market model and defining the necessary parameters in the LEM Composition Parameters is
sufficient.

As electricity is a physical good that cannot be stored without (high) costs and requires a physical
grid for delivery, market models either directly include representations of the physical grid system, or
assume a congestion-free (copper-plate) grid system [62]. In able to keep the focus on the household
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behavior as well as market mechanism performance, this study considered the copper-plate model and
removed the stochastic properties of electricity generation and consumption. A suggestion in future
work regarding incorporating the physical layer with the LEM virtual layer within a model simulation
is the interfacing of analytical software such as PowerFactory alongside Python. As to modeling the
stochastic properties of household consumption and generation, this may be more challenging. While
generation forecasting is a extensively studied field, there has been little research done on residential
consumption forecasting. Additionally, obtaining real-world smart-meter data in a residential distribution
systems is challenging as this data is usually owned by utilities and treated as intellectual property. Yet
development in these two areas will result in a more accurate depiction of residential LEM operation
within the future electricity system.

Another area of further research involves the development of residential bidding strategies. The
liberalization introduced competition into electricity markets before the turn of the millennium. With the
new paradigm shift towards the decentralization of energy generation, LEMs will in turn deal with the
same challenges as established electricity markets. As households are typically non-experts in elec-
tricity trading, the development of residential bidding strategies become more pressing. As electricity
is considered a low involvement good, households require automated bidding strategies that take over
the LEM bidding process. Incorporating agent-based models that strategically formulates agent bids
and combining it with the existing LEM model simulations is the logical next step in achieving a more
comprehensive understanding of market dynamics. Substituting such a sophisticated model in place
of the PDFs that determine buyers and sellers reported valuations during the Bid Determination Phase
would be indeed an interesting game-theoretical approach in exploring residential energy markets.

It is important to highlight the fact that mechanism design is still a relatively new field of study, es-
pecially in the energy sector partly due to the numerous regulatory and physical constraints that are
necessary for market operation. There are constantly new auction mechanisms being proposed, and
this study has covered only two. A suggestion would be to adopt other dominant-strategy incentive-
compatible mechanisms into the current LEM framework such as the MUDA [55] or McAfee [34] mech-
anisms. The current research methodology can be use to implement these mechanisms without any
alterations.

A final area of further research involves regulatory policies which enable LEMs to fit in with the
current energy sector. Take the Dutch electricity market for example. Even with the liberalization of
the Dutch electricity market in 1998, the retail electricity sector is still heavily regulated and populated
by only a few incumbent utilities[58]. The ownership structure revolving around Balance Responsible
Parties allows some room for LEMs to enter the market, yet the role that LEMs have in the current Dutch
electricity market structure is still vague. As mentioned in [36], a compatible legal environment is most
important for real-life implementation of LEMs. Additionally, regulations differ from country to country,
and finding a one-size-fit-all LEM solution is very unlikely. Thus studying, identifying and developing
key regulatory policies which facilitate the diffusion of LEM into the energy sector is just as important
as the development of the LEM itself.





A
Implementability of Mechanisms

In this section, the concept of social choice function and implementability of a direct mechanism will
be discussed through the use of a simple example: a single sided-auction market dealing with the pro-
curement of an indivisible object. The example closely follows the one provided in Chapter 15 in [43].

A.1. An Example: Procurement of an Indivisible Object
We consider a buying agent (from now on referred to as agent 0) and two selling agents (referred to
as agent 1 and agent 2), such that we have 3 participants in the market. So we have 𝑁 = {0, 1, 2}. An
indivisible object is to be procured from one of the sellers in return for a monetary payment. We can
represent the entire outcome space of this situation by 𝑥 = (𝑎ኺ, 𝑎ኻ, 𝑎ኼ, 𝑝ኺ, 𝑝ኻ, 𝑝ኼ). The numbers 𝑎ኺ, 𝑎ኻ, 𝑎ኼ
indicate the allocations of the trade and 𝑝ኺ, 𝑝ኻ, 𝑝ኼ represent the payments made by each participant.
For the sellers 𝑖 = 1, 2, 𝑎። is 1 if the object is procured from seller 𝑖 and 0 otherwise. For the buyer
𝑖 = 0, 𝑎ኺ = 0 if buyer receives the object and consequently 𝑎ኺ = 1 if the buyer does not receive the
object; the logic behind setting the values for the buyer in this way will become apparent.

The set 𝑋 of all feasible outcomes can be described by the following:

𝑋 = {(𝑎ኺ, 𝑎ኻ, 𝑎ኼ, 𝑝ኺ, 𝑝ኻ, 𝑝ኼ) ∶ 𝑎። ∈ {0, 1} , ∑
ኼ
።዆ኺ 𝑎። = 1, 𝑝። ∈ ℝ, 𝑖 = 0, 1, 2}

Notice how the term ∑ኼ።዆ኺ 𝑎። = 1 must always equal 1, attributed to the fact that the total quantity
exchanged in this situation should be 1. The three scenarios in terms of {𝑎ኺ, 𝑎ኻ, 𝑎ኼ} that can happen
are thus:

• {1, 0, 0}: No procurement has been made by the buyer (Buyer 0)

• {0, 1, 0}: Agent 1 (Seller 1) wins the trade and sells its object to Buyer 0

• {0, 0, 1}: Agent 2 (Seller 2) wins the trade and sells its object to Buyer 0

For 𝑥 = (𝑎ኺ, 𝑎ኻ, 𝑎ኼ, 𝑝ኺ, 𝑝ኻ, 𝑝ኼ), the utilities of the selling agents 1 and 2 can be formulated as:

𝑢።(𝑥, 𝑣።) = 𝑢።((𝑎ኺ, 𝑎ኻ, 𝑎ኼ, 𝑝ኺ, 𝑝ኻ, 𝑝ኼ), 𝑣።) = −𝑎።𝑣። + 𝑝።; 𝑖 = 1, 2

where 𝑝። ∈ ℝ can be viewed as seller 𝑖’s valuation of the object, or its willingness to sell. In line with
rational behavior, this value must always be positive. We make a few further assumptions regarding
valuations:

• The buyer has a known value 𝑣ኺ for the object. This valuation does not depend on the choice of
the seller from whom the item is purchased.

• In game theory, valuations 𝑣ኻ and 𝑣ኼ are referred to as the types of Sellers 1 and 2, respectively.
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We now provide two social choice functions that can be applied to this simple auctions and then
show how one of the example is implementable while the other isn’t the case. Let us consider the
following social choice function (SCF1):

• Buyer 0 buys the object from the seller with the lowest willingness to sell. If both the sellers have
the same type, the buyer will buy the object from Seller 1.

• Buyer 0 pays to the allocated seller, say seller 𝑖, amount equal to 𝑣።.

The above social choice function 𝑓(𝑣) = (𝑎ኺ(𝑣), 𝑎ኻ(𝑣), 𝑎ኼ(𝑣), 𝑝ኺ(𝑣), 𝑝ኻ(𝑣), 𝑝ኼ(𝑣)) can be written as
a list of the following relationships:

• 𝑎ኺ(𝑣) = 0

• 𝑎ኻ(𝑣) = 1 if 𝑣ኻ ≥ 𝑣ኼ
• 𝑎ኻ(𝑣) = 0 if 𝑣ኻ > 𝑣ኼ
• 𝑎ኼ(𝑣) = 1 if 𝑣ኻ > 𝑣ኼ
• 𝑎ኼ(𝑣) = 0 if 𝑣ኻ ≤ 𝑣ኼ
• 𝑝ኻ(𝑣) = 𝑎ኻ(𝑣)𝑣ኻ
• 𝑝ኼ(𝑣) = 𝑎ኼ(𝑣)𝑣ኼ
• 𝑝ኺ(𝑣) = −(𝑝ኻ(𝑣) + 𝑝ኼ(𝑣)

Now we consider another social choice function, which has the same allocation rule as the one
we have just stated, but has a different payment rule. The buyer now pays the winning seller a pay-
ment equal to the second lowest willingness to sell. The new social choice function (SCF2 will be the
following:

• 𝑎ኺ(𝑣) = 0

• 𝑎ኻ(𝑣) = 1 if 𝑣ኻ ≤ 𝑣ኼ
• 𝑎ኻ(𝑣) = 0 if 𝑣ኻ > 𝑣ኼ
• 𝑎ኼ(𝑣) = 1 if 𝑣ኻ > 𝑣ኼ
• 𝑎ኼ(𝑣) = 0 if 𝑣ኻ ≤ 𝑣ኼ
• 𝑝ኻ(𝑣) = 𝑎ኻ(𝑣)𝑣ኼ
• 𝑝ኼ(𝑣) = 𝑎ኼ(𝑣)𝑣ኻ
• 𝑝ኺ(𝑣) = −(𝑝ኻ(𝑣) + 𝑝ኼ(𝑣)

Notice how the only difference between the two social choice functions is just the change in the pay-
ment rule (highlighted in bold). While this may seem like a small adjustment, it greatly affects how the
agents choose their strategies. We now investigate the implementability, through direct mechanisms,
of SCF1 and SCF2.

A.2. Implementability of SCF1
Let us assume that the agent types 𝑣ኻ and 𝑣ኼ are drawn independently from a uniform distribution over
interval [0,1]. These samples will be treated at as true valuations, or the private information, of Seller
1 and Seller 2. The following analysis show that SCF1 is not implementable.

Suppose Seller 2 announces his true value 𝑣ኼ. Let us say the valuation of Seller 1 is 𝑣ኻ and he
announces ̂𝑣ኻ. If 𝑣ኼ ≥ ̂𝑣ኻ, then Seller 1 is the winner and his profit will be 𝑣ኻ− ̂𝑣ኻ. If 𝑣ኼ < ̂𝑣ኻ, then Seller
2 is the winner and Seller 1’s profit is zero. Since Seller 1 wishes to maximize his expected utility, he
solves the problem
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max
̂፯Ꮃ
(𝑣ኻ − ̂𝑣ኻ) 𝑃 {𝑣ኼ ≥ ̂𝑣ኻ}

Since 𝑣ኼ is uniformly distributed on [0,1],
𝑃 {𝑣ኼ ≥ ̂𝑣ኻ} = ̂𝑣ኻ

Thus Seller 1 tries to solve the problem
max

̂፯Ꮃ
(𝑣ኻ − ̂𝑣ኻ) ̂𝑣ኻ

The solution to this maximization problem is
̂𝑣ኻ =

፯Ꮃ
ኼ

Thus if Seller 2 is truthful, the best response for Seller 1 is to announce ፯Ꮃ
ኼ .

Similarly if Seller 1 always announce his true valuation 𝑣ኻ, then the best response for Seller 2 is
to announce ፯Ꮄ

ኼ when his true valuation is 𝑣ኼ. As one can see, there is no incentive for the Sellers to
announce their true valuations. An auctioneer who wishes to realize the above social choice function
finds that rational players will not reveal their true private values. Thus SCF1 is not implemented.

A.3. Implementability of SCF2
Now let us consider the other case and show that SCF2 can be implemented. Suppose 𝑣። is the true
valuation of Seller 𝑖 (𝑖 = 1, 2). Let us say Seller 2 announces his valuation as 𝑣ኼ. In this social choice
function, there are two cases that will arise: (1) 𝑣ኻ ≤ ̂𝑣ኼ and (2) 𝑣ኻ ̂𝑣ኼ.

Case 1: 𝑣ኻ ≤ ̂𝑣ኼ
Let ̂𝑣ኻ be the announcement of Seller 1. Here we consider the two cases again:

• If ̂𝑣ኻ ≤ ̂𝑣ኼ, then Seller 1 wins and his payoff is ̂𝑣ኼ − 𝑣ኻ ≥ 0.
• If ̂𝑣ኻ > ̂𝑣ኼ, then Seller 1 loses the auction and his payoff is 0.
• Thus in this case, the maximum payoff possible is ̂𝑣ኼ − 𝑣ኻ ≥ 0.

If Seller 1 announces his true valuation ̂𝑣ኻ = 𝑣ኻ, then Seller 1’s payoff equals ̂𝑣ኼ−𝑣ኻ, which happens to
be the maximum possible payoff shown. Thus announcing 𝑣ኻ is a best response for Seller 1 whenever
𝑣ኻ ≤ ̂𝑣ኼ.

Case 2: 𝑣ኻ > ̂𝑣ኼ
Once more we consider the two cases:

• If ̂𝑣ኻ ≤ ̂𝑣ኼ, then Seller 1 wins and his payoff is ̂𝑣ኼ − 𝑣ኻ < 0. This will result in Seller 1 receiving
negative profit (he will trade at a loss).

• If ̂𝑣ኻ > ̂𝑣ኼ, then Seller 1 loses the auction and his payoff is 0.
• Thus in this case, the maximum payoff possible is 0.

If he announces his true valuation ̂𝑣ኻ = 𝑣ኻ, the payoff for Seller 1 is 0, which in this case is his best
response.

Thus from this section we can see that no matter what Seller 2 reports, the optimal response for
Seller 1 is always to report his true valuation. In the same line of argument, Seller 2 will rationally report
his true valuation no matter what Seller 1 reports. Formally speaking, a weakly dominant strategy for
both sellers is to report their true valuations. We say ’weakly’ due to the fact that the dominant strategy
is ’at least as good as’ the second best strategy. Our analysis has brought us to the conclusion that
SCF2 can be implemented even though the valuations of the agents are private information.

A.4. Summary
In this Appendix we have first introduced a simple auction for the procurement of a single object. The
auction procedure and relationships are described in detail. A direct mechanism for a social choice
function works by trying to extract private information (true valuation, or type) from the agents truthfully.
We have shown that for the case of SCF1, a direct mechanism could not be implemented. On the other
hand, SCF2 could be implemented by a direct mechanism in dominant strategies.





B
Investigation of Trends Between Input

Parameters and KPI’s

The relationship between input distribution function parameters and the resulting market outcomes is
plotted and categorized by KPIs in respect to the truthful mechanisms. The first section covers trends
for the VCG mechanism, while the second section focuses on the Huang mechanism.

B.1. VCG Mechanism Trends

Figure B.1: Adjustment of parameters for VCG Buyer MCP
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Figure B.2: Adjustment of parameters for VCG Seller MCP

Figure B.3: Adjustment of parameters for VCG Seller Profit

Figure B.4: Adjustment of parameters for VCG Buyer Utility
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Figure B.5: Adjustment of parameters for VCG Quantity Traded

Figure B.6: Adjustment of parameters for VCG Budget Balance
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B.2. Huang Mechanism Trends

Figure B.7: Adjustment of parameters for Huang Buyer MCP

Figure B.8: Adjustment of parameters for Huang Seller MCP
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Figure B.9: Adjustment of parameters for Huang Seller Profit

Figure B.10: Adjustment of parameters for Huang Buyer Utility

Figure B.11: Adjustment of parameters for Huang Quantity Traded
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Figure B.12: Adjustment of parameters for Huang Budget Balance
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