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“What is man, that thou art mindful of him,

George? ... How do you define a human being?”

“When the Second Law directs me to obey a

human being, I must take it to mean that I

must obey a human being who is fit by mind,

character, and knowledge to give me that

order...”

Isaac Asimov, in The Bicentennial Man and

Other Stories

The heart has it reasons which reason knows

nothing of

we know the truth not only by the reason, but

by the heart.

Blaise Pascal
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call No. 706-2015 “Convocatoria Nacional Jóvenes Investigadores e Innovadores año 2015”

is gratefully acknowledged.





ix

Abstract

Most demand management approaches with non-mandatory policies assume full users’ co-

operation, which may not be the case given users’ beliefs, needs and preferences. The

present project proposes a multiagent system approach, in which users are characterized by

their preferences in regard to electric energy consumption, their flexibility to change these

preferences, and by the subjective valuation given to the electric energy. Preferences may

be unique for each electric device, and subjective valuation is assumed much higher than

electricity cost, in order to capture properly the behavior of domestic users reported in the

literature, which is known to be highly inelastic and inflexible. Using this model, the demand

management potential is assessed with a mechanism implementation that involves financial

and social incentives that aim to modify electricity consumption during a certain period.

Financial incentives are expressed as a compensation given to those users whom act according

to the demand management signal generated by the planner for a specific consumption

period. In order to be effective, these incentives must guarantee to the user a higher profit

than the one obtained when following her preferences. Due to this fact financial incentives

are useful in exceptional cases only. Social incentives, on the other hand, require a lower

investment non-electricity related that may represent a higher subjective benefit for some

users, who will decide to collaborate to the proposed demand response program because

the gained profit of the complimentary proposal that accompanies the demand response

program. For instance, a feasible incentive could be the destination of some amount of

resources for natural reserves funding and reforestation, with the quantity being proportional

to the electricity consumption changes for required periods. In this case, users concerned

about the environment will be willing to collaborate as they will perceive a higher benefit,

even if it is not a monetary income or bill reduction, thus, they will shift their preferences.

The choice of whether accepting or not a specific demand response program and users’

subjective valuation given to the energy usage are modeled using opinion dynamics, where

users form a social network in which the opinion evolution due to users’ influence is calculated

until the system reaches a stable state. Energy valuation of each user is weighted by her

opinion, such that the final choice of enrollment in a management program depends on a

probability given by the user’s opinion. In a general case, the model allows to estimate the

effectiveness of a certain social incentives program, once its initial acceptance within the

population is known.

Keywords: mechanism design, multiagent systems, demand management, demand re-

sponse, opinion dynamics, population dynamics, population games.
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Resumen
La mayor parte de los trabajos desarrollados sobre gestión de la demanda asumen cooperación

total por parte de los usuarios, lo cual puede no ser el caso dadas las creencias, necesidades

y preferencias de las personas que utilizan la enerǵıa eléctrica. El presente proyecto propone

una aproximación mediante el modelado de los consumidores utilizando un sistema multia-

gente, en el que los usuarios se caracterizan por sus preferencias de consumo, que pueden ser

distintas para cada dispositivo eléctrico, por su flexibilidad para cambiar estas preferencias y

por la valoración subjetiva dada a la enerǵıa eléctrica utilizada, que se asume mucho más alta

que el costo de la enerǵıa, para representar apropiadamente el comportamiento inelástico e

inflexible que ha sido reportado en la literatura para usuarios residenciales. Con base en

este modelo se evalúan las posibilidades de gestión de demanda utilizando un mecanismo

que incluye incentivos financieros o sociales para modificar el consumo durante un periodo

determinado.

Los incentivos financieros se plantean como una compensación dada a los usuarios que re-

sponden a la señal de gestión difundida para un periodo de consumo espećıfico. Para que

sean efectivos, estos deben superar el beneficio obtenido por el usuario al seguir sus prefer-

encias de consumo, lo cual hace que tengan poca practicidad excepto en casos excepcionales.

Los incentivos sociales se basan en una inversión más baja no relacionada con el sistema

eléctrico, pero que puede representar un beneficio subjetivo mayor para algunos usuarios,

que deciden aceptar el programa de gestión de demanda propuesto porque ven un mayor

beneficio en la propuesta complementaria que acompaña al programa. Por ejemplo, un posi-

ble incentivo podŕıa ser destinar recursos para la conservación y reforestación de una reserva

natural, condicionada a que los usuarios modifiquen sus consumos de enerǵıa eléctrica en

momentos espećıficos. En este caso, los usuarios preocupados por el medio ambiente estarán

dispuestos a colaborar dado que ven una mayor ganancia, aunque no perciban un ingreso

directo, y modifican sus preferencias.

La decisión de acogerse o no a determinado programa de DR y la valoración subjetiva de

la enerǵıa se modelan utilizando dinámicas de opinión, en las que los usuarios conforman

una red y se calcula la evolución de las opiniones debida a la influencia entre usuarios, hasta

que el sistema alcanza un estado estable. La valoración de la enerǵıa de cada usuario se

pondera por su opinión, de tal manera que la decisión de acogerse a un programa de gestión

depende de una probabilidad dada por la opinión de cada usuario. Para un caso general, el

modelo permite estimar la efectividad de un programa de incentivos sociales espećıfico, una

vez conocida su aceptación inicial en la población.

Palabras clave: diseño de mecanismos, sistemas multiagente, gestión de la demanda,

respuesta de la demanda, dinámicas de opinion, dinámicas de población, juegos de

poblaciones.
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1 Introduction

Electric energy demand management (DSM ) has regained interest during recent years, on

account of scientific and technological advances that have made possible the implementation

of smart meters in pilot projects worldwide, and some cases in a massive way at the distribu-

tion network level in cities such as London, thus putting us one step closer to the paradigm

of smart-grid and distributed resources. The usage of smart meters and DSM entails several

notorious benefits in regard to the optimal use of the power system, control of energy losses,

and application of new market strategies. On the other hand, these new technologies imply

some potential security risks and privacy vulnerabilities in the newly available information

of energy consumption and preferences that, even if it is not discussed in this work, should

be properly addressed.

The present project has two main parts: First, it presents a mechanism (a designed game)

that gives incentives to the members of a population to change their electric energy con-

sumption and second, a model of the domestic electricity demand at users’ level (which is

represented as a population game). The proposed demand model consists of a multiagent

system (MAS), where each user has available a set of electric devices and some usage pref-

erences (when and how much time) associated with each device. In its natural state, the

system evolves starting from some initial usage conditions until it reaches a stable state

matching for every user her load profile.

The main advantage of the proposed model lies in the accuracy achieved in the users repre-

sentation of real-life consumers by means of aggregation of several devices for every individual

user, each one with some unique parameters of nominal power that restrict the potential of

feasible variation in load profiles. For example, if one of the devices is a TV with 70W

consumption when powered-on, the possible changes in its usage will be reflected in the

aggregated load profile for the user as increases or decreases of 70W, and a constant standby

consumption if applicable. Therefore, continuous micro-changes that would be theoretically

possible though not implementable are forbidden by the model. The MAS dynamic is based

on evolutionary game theory, according to which there is a group of interacting agents and an

associated payoff function related to the agents’ utility that depends on the selected strategy.



2 1 Introduction

The proposed utility function for domestic consumers relies on the difference between the

subjective electricity valuation given by a user, and its respective cost, whose unit value is

a function of the total energy consumption during a period, in the whole population. It is

assumed a variable subjective valuation, much higher than the energy cost, thus representing

the characteristic low elasticity that has been reported in literature for domestic users.

Most of the approximations to the problem of electric energy demand management using

non-mandatory politics assume users full cooperation, and this is not always true, having

into account the broad range of beliefs, necessities, and preferences of people. The mecha-

nism for demand management presented herein makes use of financial incentives and social

incentives (the term economic incentives is purposely omitted to avoid confusion as it is

more general). In repeated occasions financial incentives (compensations and penalties)

have been proposed for demand management; however, in most cases, their implementation

cost exceeds the gained surplus, due to the before mentioned high energy valuation and the

low elasticity of domestic consumers. The proposed social incentives refer to any program

or policy with voluntary enrollment, where a low investment is made in a particular topic

of interest for some consumers, conditioned to users’ participation in the proposed DR (to

increase or decrease consumption in some given periods). For instance, a possible incentive

could be the assignment of resources for the reforesting and preservation of a natural re-

serve, conditioned to the consumption profile change of interested users. Social incentives

also allow other schemes of influence, as long as the advertised program’s effects depend on

the social interaction of consumers, thus admitting an opinion dynamics model.

Opinion dynamics are a mathematical tool where a population is modeled as a social network,

where agents’ initial opinion is spread depending on the affinity among users and their

susceptibility to an opinion change, until the system reaches a stable state where each agent

(user) has consolidated opinions regarding a specific topic. The opinions represent in this case

the influence of alternative non-monetary benefit proposed by each particular DR program.

For a mechanism with applied social incentives, during each iteration in the model, the

opinions are related to the probability that the decision made by each user in regard to

the adoption of a DR program is favorable. In a like manner, the model for the subjective

energy consumption valuation considers the opinion range as the valuation range scaled by

a constant factor.

Both the MAS model and the mechanism are implemented in the software Matlab R©, and

validated by means of simulations including real-life data from monthly consumption per

strata in Bogotá. Based on this information, feasible usage preferences of the population are

estimated and used in test cases. Main results show that the application of financial incen-

tives may prove effective provided that the incentive amount is higher than the consumed

energy, which does not have practical value except for exceptional emergency cases. On the
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other hand, the effectiveness of social incentives is conditioned to the acceptance degree of

the alternative program offered to users, those who change their load profiles (consumption)

once they enroll in a DR program, until a limit given by their preferences’ flexibility is

reached. For a general case, the model allows the estimation of the results achievable with a

specific social incentives program, once known its initial acceptance within the population.

The rest of the document structure is as follows: Chapter 2 lies the conceptual foundations of

the tools and elements used in the model, namely game theory, mechanism design, population

games, population dynamics, social networks, and opinion dynamics, as well as a literature

review of DSM and solution approaches using game theory and mechanism design. Chapter

3 makes use of these concepts to develop the MAS model of domestic consumers and the

underlying mechanisms, for both the natural state case and cases with applied incentives.

Chapter 4 presents the main results and simulations, for several study cases. Finally, Chapter

5 includes the conclusions and recommendations of the project, with some aspects that

present opportunities for future work.





2 Games, Mechanisms, and Incentives

The work developed in this thesis comprehends the joint use of several mathematical tools

and contributions of economics and distributed control, depending on the desired charac-

teristics for each component of the model. Thus, the domestic electricity consumers are

represented by a MAS with dynamic behavior according to a population game, where the

fitness function of the agents (players) is defined by their utility function. Both the sub-

jective valuations of consumed energy and the willingness to collaborate with DR programs

of the agents are modeled as an information layer represented with a graph, using opinion

dynamics to capture the influence change and evolution in the social network formed by the

consumers. Incentives used to modify default load profiles and aggregated electric energy

consumption are introduced with a mechanism that is latter implemented and simulated to

validate the theoretical results.

These simulations integrate the existing historical records of Bogotá users’ consumption that

are available as monthly average energy use per socio-economic strata; which are used to

create typical high-resolution virtual profiles modeling the unknown usage patterns as a

Markov chain, adjusted to obtain measured average monthly consumption (based on the

work of [González Vivas, 2017]). For a better understanding of these aspects, the present

chapter serves as a short introduction to the fields involved, and a literature review of existing

approaches and applications in Section 2.6.

Information presented on game theory and population dynamics is basically a summary of

the work by [Sandholm, 2010b, Sandholm, 2015]. Opinion dynamics are discussed in [Pret-

tejohn et al., 2011, Das et al., 2014, Mirtabatabaei et al., 2014, Bullo, 2017, Proskurnikov

and Tempo, 2017]. The basic aspects presented on mechanism design are mainly from [Nisan

et al., 2007, Nisan, 2015], except those related to social incentives. The final section com-

prehends a literature review on DSM and game theoretic approaches to the problem, as well

as regulatory aspects for DSM and DR in Colombia.
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2.1 Brief Introduction to Game Theory

In words of [Myerson, 1997], “Game theory can be defined as the study of mathematical

models of conflict and cooperation between intelligent rational decision-makers”. Thus, it

is not as closely related as one might think to the common definition of a game, but in

the sense that in many practical situations we can think of agents interacting and making

decisions with interrelated effects and that can be strategically made in order to have the

better possible utility (in a broader sense, not necessarily monetary). Nevertheless, there are

games that naturally involve decision making for all the players, such as chess or rock-paper-

scissors, and are frequently used for explaining the concepts. While game theory foundations

and the biggest advances occurred at the time of WW2, it is still an area of active research

and new applications in biology, economics, computer science and control among others are

continuously published.

There are two assumptions usually made in game theory, rationality and intelligence. [Nara-

hari, 2014] explains that rationality means that each user has preferences and objectives,

and that she will direct her efforts to achieve them. Rationality implies selfishness as long

as the utility function of an agent captures her self-interest. However, this not entails that

she wants to harm another players, nor forbids altruistic actions given that these are part

of the player’s objectives. On the other hand, a player is said to be intelligent if she has

knowledge of the game and is competent to infer information about the game as much as a

game designer would do. The assumption of intelligence is sometimes relaxed in games with

incomplete information, where there are unknown parameters or details to the players.

A game model has three basic elements: the players, whom interact among them trying to

make the best possible choice given the game conditions, a set of available actions, from

which each player can choose and utility or payoff information that relates the strategies

selected by every player to the utility each one of them obtain. Utility can be expressed as a

payoff matrix for simpler games, or as a function that condenses the payments’ information,

as it is used in some population games.

The solution of a game defined as previously stated is given by a state of equilibrium in which

every player has an acceptable outcome such that given the actions of the other players and

the environment of the game they have no incentive to change their current (strategies)

state. The aforementioned equilibrium usually is stable at some degree, which means that

once reached the players will tend to stay in it, unless strong incentives are introduced to

make them switch to another state.

In particular, there is a dominant strategy equilibrium when each player has a unique best

strategy (granting her the higher possible utility) independent of opponent strategies. For-
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mally,

Definition 1 (Dominant strategy equilibrium). A strategy vector s ∈ S is a dominant

strategy solution, if for each player i, and each alternate strategy vector s′ ∈ S, we have

that her utility ui fulfills

ui(si, s
′
−i) ≥ ui(s

′
i, s
′
−i), (2-1)

where s′−i denotes any vector of strategies played by all other players but i.

Dominant strategy equilibrium may not always lead to an optimal outcome, as in the well-

known game of the prisoners’ dilemma, where the equilibrium conducts to mutual betrayal

for both players despite the fact that they would be better cooperating. It is commonly

used in mechanism design, though, where it is also granted a desirable outcome. However,

as the existence of such equilibrium is unlikely to happen in many games, a weaker solution

concept is widely used, known as Nash equilibrium,

Definition 2 (Nash equilibrium). A strategy vector s ∈ S is said to be a Nash equilibrium,

if for all players i, and each alternate strategy vector s′ ∈ Si, we have that her utility ui fulfills

ui(si, s−i) ≥ ui(s
′
i, s−i), (2-2)

where s−i denotes the vector of strategies played by all other players but i.

This means that a player i cannot improve her utility (payoff) by switching from si to s′i
given that all the opponents keep the strategies already chosen. Nash equilibrium’s stability

is based on its self-enforcing property, as once the players have reached it they do not have

incentives to deviate as this would reduce their payoff. As it can be seen comparing (2-1)

and (2-2), a dominant strategy equilibrium is also a Nash equilibrium, and if the solution is

strictly dominating, Nash equilibrium will be unique.

The next section focuses on the design of games with the elements already discussed and

some other desirable properties, that may be of interest for the mechanism designer. Starting

from a general introduction, it follows with the definition of some mechanism properties, and

then details about a mechanism implementation.

2.2 Mechanism Design

In their seminal book, [Hurwicz and Reiter, 2006] explain that “A mechanism is a math-

ematical structure that models institutions through which economic activity is guided and
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coordinated”. In this sense, a mechanism sets the rules required in a certain environment to

achieve a desired goal. In a more pragmatic approach a mechanism can be seen as a function

that solves a decision problem described by a set of agents, a set of preferences and a set of

strategies (alternatives) [Nisan et al., 2007] and outputs an allocation or social choice func-

tion that satisfies the required objectives. It is also known as inverse game theory, as game

theory analyzes an existing game settings and outcome, while mechanism design targets the

design of a game with specific behavior and outcome.

Early works on the matter were already being discussed in the 70’s by [Gibbard, 1973,

Myerson, 1979, Maskin et al., 1979] and [Holmström, 1977] among others, but it has regained

interest in present century as the algorithmic implementations for several existing mechanism

became feasible, and the diffusion given to the field with the 2007 Nobel prize awarded to

Maskin, Myerson and Hurwicz1. With the new paradigm, new action fields and applications

for mechanism design became relevant, in areas as diverse as networks resource allocation,

online auctions, distributed control, and others.

Traditional application for mechanism design are in auctions, regulation, taxes, public ser-

vices supply and several other, as mentioned by [Bergemann and Pavan, 2015]. Fundamentals

on the subject are treated for example by [Börgers, 2015] with a final chapter including dy-

namic mechanism design, where they mention the full commitment assumption underlying

the traditional theory on the subject. It is usually assumed that preferences and information

about agents are given once, even though they can be incomplete or scattered, and the deci-

sion is made after only one allocation. On the other hand, dynamic mechanism design have

into account whether changing preferences or changing allocations (multiple periods) over

time. In regard to dynamic allocations with fixed preferences, [Börgers, 2015] shows that

the dynamic does not provides meaningful information as “the optimal dynamic mechanism

is static and simple repetition of the optimal static mechanism”. On the contrary, analysis

of problems with dynamic preferences benefits from the evolving setting where agents are

continuously improving their actions based on the new information.

Definition 3 (Mechanism). A mechanism M is composed by a set of players P , a set of

possible preferences (also called types) of the players Θ, a set of possible strategies (related

to the alternatives or actions A) S, a social choice function f , and a set of payments ci in

1The Sveriges Riksbank Prize in Economic Sciences in Memory of Alfred Nobel 2007. Available: https:

//www.nobelprize.org/nobel_prizes/economic-sciences/laureates/2007/press.html

https://www.nobelprize.org/nobel_prizes/economic-sciences/laureates/2007/press.html
https://www.nobelprize.org/nobel_prizes/economic-sciences/laureates/2007/press.html
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the case there is money involved.

M =



P = {1, ..., n}
Θ = {θ1, ..., θn}
A = {a1, a2, a3, ...}
S = {s1, s2, s3, ...}, where each strategy is a function si : θi → ai.

f : θ1 × ...× θn → S

c = {c1, ..., cn}, where ci = θ1 × ...× θn → <
is the amount that player i pays.

(2-3)

For the definition given in (2-3), the players’ type can capture any private information that is

potentially useful in the decision-making process, including their preferences. In the present

document, however, type and preferences will be treated as synonyms, since the type will

not consider any other additional information than preferences in the mechanisms applied

to DSM problems, but the users’ opinion mentioned in section 2.5.1, which is treated as an

additional variable conditioning the valuation of the resource(electric energy). The social

choice function f includes an allocation rule that often involves an optimization problem

harmonized with the mechanism objectives.

In order to alter the value given to a certain preference by the players, the utility function

for the i-th user can be modified with the introduction of incentives, frequently as monetary

payments that form a quasi-linear utility function ui(θi, si)

ui(θi, si) = v(θi, si) + ci, (2-4)

that depends on preferences θi, the strategy selected si and the respective payment ci. These

incentives can be interpreted as changes in the price of the (allocated) good, discounts,

subsidies, or additional charges made to a user to change her behavior. It can be of special

interest the case where none player has a detrimental effect for accepting the mechanism,

i.e., every player has non-negative utility; this property es called individual rationality and

is formally defined as follows:

Definition 4 (Individual rationality). A mechanism is ex-post individually rational if players

always get nonnegative utility. Formally, if for every v1, ..., vn we have that

vi(f(v1, ..., vn))− ci(v1, ..., vn) ≥ 0.

According to [Nisan et al., 2007] a mechanism can implement a social choice function f by

aggregating the preferences of all the participants ΘP in a selected choice S with a function
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f : ΘP → S, or the respective social welfare function F that aggregates all preferences in a

common preference Θ such that F : ΘP → Θ. It may be the case, however, that the final

decision is manipulated by a player who reports an untruthful preference and can change

the decision made, thus constituting a dictatorship. On the other hand, a mechanism that

prevents strategic manipulation is called incentive compatible or strategy-proof. This property

is achieved with rules and incentives in such a way that the revelation of true preferences is

the best possible strategy for each player, and can be defined formally as follows,

Definition 5 (Incentive compatibility). A mechanism (f, c1, ..., cn) is called incentive

compatible if for every player i, every v1 ∈ θ1, ..., vn ∈ θn and every vi ∈ θi , if we denote

a = f(vi, v−i) and a′ = f(v′i, v−i), then vi(a)− ci(vi, v−i) ≥ vi(a
′)− ci(v′i, v−i).

Additionally, the properties required for a mechanism to be incentive-compatible are stated

in the next proposition,

Proposition 1 (Incentive compatibility[Nisan et al., 2007, §9.5.1]). A mechanism is in-

centive compatible if and only if it satisfies the following conditions for every i and every

v−i:

1. The payment ci does not depend on vi, but only on the alternative chosen f(vi, v−i).

That is, for every v−i, there exist prices ca ∈ <, for every s ∈ S such that for all vi
with f(vi, v−i) = s we have that c(vi, v−i) = cs.

2. The mechanism optimizes for each player. That is, for every vi, we have that f(vi, v−i) ∈
argmaxs(v(s) − cs), where the quantification is over all alternatives in the range of

f(· , v−i).

A strategy si is a dominant strategy if for every type θi, no matter what the other agents

do, si(θi) maximizes i’s utility. One can be interested in modeling strategic behavior when

players have incomplete information about the game and other players (such as their types),

i.e., which is their dominant strategy equilibrium, if such exists for a given case. Formally,

for all θi, all a−i and all a′−i we have that ui(θi, si(θi), a−i) ≥ ui(θi, a
′
i, a−i). A profile s1, ..., sn

is called a dominant strategy (Nash) equilibrium if each si is a dominant strategy.

A simple example of mechanism is the Vickrey’s second price auction. The main idea is that

when several agents want to obtain a single good, it will be awarded to the agent who has the

greatest willingness to pay wi, but at a price equal to the second highest bid c∗ = maxj 6=iwj.

This scheme avoids manipulation by any player and gives non-negative profit to everyone, as

the winner will be the player with the highest valuation, but the price paid for the item will be

less, thus leaving both seller and winner with positive profit and the other participants with



2.2 Mechanism Design 11

zero. Vickrey’s mechanism is dominant-strategy incentive compatible, but it is vulnerable

to collusion if several players agree to report an overall lower valuation while maintaining

their precedence.

Another very well-known mechanism is the Vickrey’s auction generalization developed by

Clarke and Grooves (VCG), where each player is charged her social cost (or benefit), by

paying her the overall valuation of other players and then charging the total valuation of

an alternate setting where she does not take part in the game. As a VCG mechanism has

to optimize with the information reported by every player, according to [Nisan and Ronen,

2001] this can make the problem computationally intractable, and approximation algorithms

may lead to untruthfully mechanisms (where players have incentives to lie).

The management of the information contained in the preferences and its private nature2 is

a fundamental aspect of mechanism design. Considering this, the revelation principle states

that if there is an arbitrary mechanism that implements a social choice function in dominant

strategies, there is an equivalent incentive compatible direct revelation mechanism (where

players reveal their true preferences) that achieves the same outcome. The importance of the

revelation principle lies in the resemblance of outcomes stated between a general mechanism

and its direct revelation incentive-compatible counterpart, thus making sufficient to analyze

the latter and less complex ones when it is convenient.

In addition to the monetary payments previously mentioned (as a way to change players’

behavior), it can be thought of a more general form of incentive targeting agents’ type,

consisting in a non-monetary origin proposal that is more effective in those agents with

preferences (and non-monetary interests) aligned with the particular incentive. These will be

called social incentives, and they can be as diverse as a program with environmental benefits,

a scheme affecting users’ reputation, a program for altruistic cooperation, or a marketing

program, offering additional benefits in comfort and better quality of life. Implementation

of social incentives also allow the investment of money as long as it is not paid directly to

the users, but used to accomplish the social incentives program.

2.2.1 Moral Sentiments and Material Interests

As mentioned by [Gintis et al., 2005], Adam Smith considered two aspects of human behavior

that can induce us to mutual cooperation in society: Selfish interest for maximizing own

benefits (The Wealth of Nations) and altruistic interest for the fellow’s well-being, which

2Often it is desired to keep preferences private as its revelation implies lower profit, in an extreme case

security risks, or simply they are unknown to the other players.
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produces satisfaction by itself without any material profit (The Theory of Moral Sentiments).

However, the relevance of the latter went unnoticed and Smith became widely known for

contributing to establish the foundations of classical economics.

When several disciplines deal with the same problem, the models used should be consistent

in the overlapping aspects. Due to this fact, a better approach to the real behavior in so-

ciety (and its relationship with DSM concerning this document) can be achieved with the

consideration of simultaneous existence and variable importance of the two aspects consid-

ered by A. Smith: Material interest and altruistic sentiments. This is in part the rationale

behind the implementation of social incentives presented through this document, and their

effectiveness is analyzed under some given assumptions of incentives’ acceptance by users.

A possible way to implement social incentives into the mechanism is to simulate the decision

process required to take a final stand by means of opinion dynamics, where the interaction

and evolution of an opinion in a group of people is modeled taking into account the changes

due to social influence in the population. Then, starting with a social incentive tailored to

a population segment with assumed (or known) compatible preferences, the mechanism can

integrate its acceptance and effect through opinion dynamics that would change the i-th

user utility function ui(θi, si) from (2-4) to u′i(θi, si) with a modification in the payments,

interpreted as an added benefit b of choosing a certain strategy si,

u′i(θi, si) = v(θi, si) + ci + bi(θi, si), (2-5)

or ii) with a direct change in type (preferences) Θ → Θ′ of the users that would then see

a different (and hopefully greater) benefit of choosing a strategy in accord with the signal

given in the social incentive,

u′i(θ
′
i, si) ≥ u(θi, si). (2-6)

The new type Θ′ = {Θ, σ} includes information of the users’ opinion σ besides their original

preferences, and implies that the mechanism could reach a different outcome better aligned

with its objectives, and made possible with the addition of social incentives.

Traditional game theory (and mechanism design) approach is static, as there is only one

stage in the game, and players make their move accounting for others’ best response for a

final state of equilibrium if it exists. However, the consideration of dynamic social incentives

makes quite useful to think in a dynamic approach to a game’s run, with a progressive

adjustment of played strategies (related to type’s updating) until a stable state might occur.

Population games are a natural solution to these dynamics, applied initially in biology studies

but then extended to several areas where the concept of a ‘population’ of players naturally

makes sense. Having this in mind, population games and population dynamics are presented

first as a tool for implementing the mechanism, i.e., solving the optimization problem. The
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formal definition of opinion dynamics in the model also requires some basic knowledge of

graph theory and social networks, which are therefore presented in the following sections.

2.3 Population Games

Population games, as stated by [Sandholm, 2010b], are a class of games that constitute the

conceptual framework to analyze strategic interactions between a large number of agents

(players forming a population). They can be described in the following manner:

Let be a society P = {1, ..., pu} composed by U populations of agents. For each population

pi, agents form a continuous mass mp > 0 and the available strategies set for the agents

for each population is denoted as Sp = {1, ..., sp}. During the game run, each agent of

population pi selects a strategy from Sp. The total number of strategies in all populations

(society) is denoted as S =
∑

p∈P S
p. In a given time of the game, the strategies distribution

is known as the population state, and is represented as Xp = xp ∈ <np

+ :
∑

i∈Sp x
p
i = mp.

The scalar value xpi ∈ <+ represents the proportion (mass) of agents in the population that

choose the strategy i ∈ Sp, regardless of the specific players. It is specially useful when the

number of agents in a population es very large and thus approximated as infinite. In this

case, each agent is anonymous and her particular contribution to the population state is

rather small.

Depending on the environment where the game develops and the available strategies set, it

is defined a payoff function F : X → <n, that assigns continuously a payments’ vector (one

for each strategy and each population) to each social state (the given distribution of states

in the whole society3). Therefore, F p
i : X → < is the payoff function for the strategy i ∈ Sp.

The weighted average payoff obtained by the members of a population p with social state x

is defined as:

F̄ p(x) =
1

mp

∑
i∈Sp

xpiF
p
i (x), (2-7)

and can be used as a reference performance metric for the agents when they decide to change

their strategy. If their current payoff is higher than that of the average, the agent may

consider his performance satisfactory, and keep playing the same strategy; on the contrary,

if her current payoff is below the average, a strategy update becomes more appealing.

The canonical example of evolutionary game theory (called matching) is presented next, as

3Thus a generalization of the given definition of population state.
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it appears in [Sandholm, 2010b]. A symmetric4 two-player normal form game has a strategy

set S = {1, ..., n} and a payoff matrix A ∈ <n×n. The element Aij is the payoff a player

obtains with strategy i if the opponent chooses j. In matrix form the game is as follows, for

n = 3 strategies:

Player 2

1 2 3

1 A11, A11 A12, A21 A13, A31

Player 1 2 A21, A12 A22, A22 A23, A32

3 A31, A13 A32, A23 A33, A33

In the population game version the agents of a single population are matched to play A,

and each pair of players match only once. If the payoffs are aggregated over all matches, the

payoff to strategy i for a population state x is Fi(x) =
∑

j∈S Aijxj = (Ax)i. Therefore, the

population game is described by the linear map F (x) = Ax. Although the example started

from a normal form game, in the general case this is not necessary.

As was previously stated, a population game lies the basis for the strategic environment for

the agents interaction. Specifics on how this interaction develops and how is the population

state evolution are dictated by the population dynamics, as it is presented in the next section.

2.3.1 Population Dynamics

Population dynamics is a field originally developed in biology and ecology that studies the

changes in biological populations as for characteristics, size, dimensions, and other parame-

ters of their members and the factors affecting this changes. The term was later used in the

fields of multiagent systems and evolutionary game theory, to model the way a set of agents

(population) behave and evolve in time.

Evolutionary dynamics allow to model the agents’ behavior whose strategic environment is

defined by a population game, as has been mentioned in the previous subsection. Tradition-

ally behavior predictions made in games are based in some concept of equilibrium, e.g., Nash

equilibrium. Having into account that when there are many agents it is difficult to assume

4In a symmetric game, the payoffs depend only on the strategies being played and not on who plays them.

For the presented example, it does not matter who is player 1 and who is player 2, and as for the payoffs,

they are interchangeable.
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knowledge of equilibrium, the most used dynamic models indicate explicitly when an agent

considers shifting her strategy in accord to myopic rules that adjust her actions based on the

current state of the game. The evolution process is based on two fundamental assumptions:

inertia and myopia.

Inertia implies that agents are not continually revising their decisions of changing their

actions, but the change is rather sporadic. This is based on the fact that, as the model

involves one of many aspects in which the agents are simultaneously performing in real life,

probably they are not going to devote exclusive attention to only one thing, but rather split

their efforts between several problems.

Myopia refers to the fact that agents revising their decisions only have into account both

payments and behavior of the current setting of the game, without including beliefs nor

assumptions about the future state of events. This is justified because when there are many

agents it is common for individual members to be anonymous, thus punishments, reputation,

and other aspects non-applicable because of the anonymity can be omitted. Furthermore,

given the particularly slow evolution implied by inertia, the chance that the current state

holds and better strategies will still be better in the future is increased.

The detailed way in which the agents of a population evolve, i.e., how and when they

update their strategies as time passes, is called a revision protocol. The set of a revision

protocol that models the population dynamic and a population game that models the strategic

environment in which the game develops, define a stochastic evolutionary process [Sandholm,

2010b, Young and Zamir, 2015]. Given the large number of agents, the law of large numbers

states that the noise due to extreme preferences is averaged away in the mean behavior, and

the population as a whole will evolve in a deterministic process, called mean dynamic.

Definition 6 (Revision protocol). A revision protocol ρp is a map ρp : <np ×Xp → <np×np

+ .

The scalar ρpij(π
p, xp) is named the conditional switch rate, from strategy i ∈ Sp to strategy

j ∈ Sp, given the payoff vector πp and the population state xp.

Depending on the specific game conditions, notation can be simplified by removing subscripts

and superscripts when there is no room for ambiguity.When a revision protocol is used, it

is assumed that each agent has a Poisson alarm clock with independent ring times, with

rate R exponential distribution. Each time the clock rings, an agent has a strategy revision

opportunity, and changes her current strategy i ∈ Sp to j 6= i with probability ρpij/R, or

keeps playing strategy i with probability 1 −
∑

j 6=i ρ
p
ij/R. If a strategy switch occurs, the

social state changes accordingly reflecting the switching agent’s decision.

In the finite-population setting, the agents’ evolution cannot be approximated by the under-

lying mean dynamic, and the model of a population with N agents, a population game F
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and conditional switch rates ρij(F (x), x) is defined by a Markov process {XN
t } with common

jump rate λNx ≡ NR between states, and transition probabilities

PN
xy =


xiρij(F (x), x)

R
if y = x+

1

N
(ej − ei), j 6= i,

1−
∑

i∈S
∑

j 6=i
xiρij(F (x), x)

R
if y = x,

0 otherwise,

(2-8)

where R is large enough to ensure the transition probabilities are well-defined [Sandholm,

2010b, §10.1],

R ≥ max
x,i

∑
j 6=i

ρij(F (x), x). (2-9)

It is common to set R = 1 for simplicity, and in the revision protocols used through this

document this assumption is maintained. Moreover, the change of R only affects the speed

at which the evolution process run, given that (2-9) is fulfilled. In (2-8), ei means the agent

evaluating a strategy switch is currently in the state of strategy i, and is considering a switch

to state ej related to strategy j.

There are two main types of revision protocols: those based on imitation of the opponents’

strategies, and those with direct strategy selection. Imitation protocols are mainly based on

nature observations where members of a population try to choose a better strategy by imitat-

ing to those members who best perform. One common example is the pairwise proportional

imitation protocol

ρij(π, x) = xj[πj − πi], (2-10)

that generates the replicator dynamic

ẋpi = xpi F̂
p
i (x) , (2-11)

where F̂ p
i is the excess payoff to strategy i ∈ Sp,

F̂ p
i (x) = F p

i (x)− F̄ p(x), (2-12)

and F̄ p(x) is the average payoff for the population p defined in (2-7).

On the contrary, when it is reasonable to assume the agents have knowledge of the full

strategy set, direct protocols may be a better choice for the modeling. A direct revision

protocol directly selects the candidate strategy from the whole set, and compares it to the
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current strategy when evaluating a switch. In this case, there is no need to imitate the

behavior of other players. One example of this class is the pairwise comparison protocol

ρij(π) = [πj − πi]+, (2-13)

where the switch probability is proportional to the payoff difference between the current and

candidate strategies. In the infinite population approximation, this protocol leads to the

Smith dynamic (for a single population)

ẋi =
∑
j∈S

xj[Fi(x)− Fj(x)]+ − xi
∑
j∈S

[Fi(x)− Fj(x)]+. (2-14)

Another type of direct protocols that also are called perturbed best-response5 protocols is

the logit choice protocol, defined by

ρij(π) =
exp(η−1πj)∑
k∈S exp(η−1πk)

, (2-15)

with noise level η. The noise level affects the best response introducing a (perturbation)

probability such that the selected choice is not always optimal. When the noise level is

small, direct exponential protocols such as logit have desirable properties (irreducibility and

reversibility) in the generated Markov process, thus guarantying stochastic stability in the

long run, as it will be discussed in more detail in section 3.4.2.

2.4 Graph Theory Elements

As graphs are used later in the document to model the information networks in which

opinion dynamics are studied, this section presents the basics of graph theory, in order to

avoid confusions with the parameters used in the models.

A graph is a mathematical structure composed by vertices and edges, used to model a

network. In the representation of Figure 2-1, A to E are the vertices, connected among them

by edges, that can be weighted (as shown in the figure) and directed (when the relationship

between two nodes is not reciprocal or when it has different weights).

The degree (k) of a node in a graph is the number of links it has, and for a directed graph

it is extended to the indegree and outdegree for the sum of incoming and outcoming links,

5Where the probability of choosing the best possible strategy is higher than that of choosing poorly per-

forming ones.
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respectively. In Figure 2-1, B’s degree is 3 and E’s degree is 1. The path length between two

nodes is the distance required to go from the first to the latter; in an undirected graph each

edge has unit value, and if the edges are weighted their distance will change accordingly.

The average path length 〈d〉 is the mean distance between any pair of nodes of a graph.

E

D

BC

A

3
1

2

1

2 1

Figure 2-1: Simple graph example.

Of special importance for the present application are the links between the vertices, that

can be grouped in the adjacency matrix A = [aij] ∈ R+
N×N of the graph, with zero diagonal

unless the uncommon case of vertices with self-loops [Mesbahi and Egerstedt, 2010]. For

an unweighted graph it is a logical matrix with ones if there is a link between two vertices

and zeros otherwise. If the edges are weighted as in the Figure 2-1, the weighted adjacency

matrix has these values as follows:

A =



0 1 2 0 0

1 0 1 3 0

2 1 2 0 2

0 3 0 0 0

0 0 2 0 0



2.5 Social Networks

It is acknowledged that human nature is not fully rational nor fully predictable, as the

subjectivity of value in our judgments depends on many factors that form each individual

personality and are too complex to be precisely accounted for. Regardless of this, several

models have tried to capture part of this subjectivity and study its characteristics specially
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when people is part of a group, thus forming a social network that is continuously interacting

in convoluted ways.

Granted that it is often infeasible to work with real-life social networks, there are models that

recreate virtual substitutes using graph theory to produce random networks that resemble the

actual ones for research and analysis purposes. In order to accomplish this objective, these

networks must have the characteristics of clustering6 and degree distribution7 observed in

real networks. One type of random networks, called small-world networks, have been proved

to approximately fulfill these properties and have had empirical examples validating its

similarity, as [Watts and Strogatz, 1998, Barabási and Bonabeau, 2003] explain. Networks

such as the power grid (where vertices are generators, transformers, and substations and

edges are HV transmission lines) or the network of actors (where two actors are connected

if they acted in a movie together) have been found by [Watts and Strogatz, 1998] to have

average path length and clustering coefficient similar to those of small-world networks. On

the other hand, [Barabási and Bonabeau, 2003] show that networks such the World Wide

Web, again the network of Hollywood actors or sexual relationships of people are also scale-

free networks, where a few nodes have a large number of connections and most of nodes have

just a few.

Furthermore, as [Barabási and Pósfai, 2016], and [Watts, 2004] explain, there is the famous

phrase of “six degrees of separation”, that implies that any two random people are separated

by an average of six acquaintances. In real networks this is not exactly true, as it was proven

years later by several empirical experiments, though a short distance is however seen in

most real-life networks. For a theoretical small-world network the average distance 〈d〉 is

approximated by the logarithmic relation between the number of vertices N and the average

degree of the network 〈k〉,

〈d〉 ≈ lnN

ln〈k〉
. (2-16)

There are two well-known algorithms used to generate small-world networks, the Watts-

Strogatz (WS) and the Barabási-Albert (BA) models. WS model resembles well the cluster-

ing seen in real-life networks, but fails to reflect their degree distribution, as it is more similar

to that of standard random networks. It is constructed starting with a random graph of de-

sired size whose links are then rewired according to a probability parameter. On the other

6Clustering implies that nodes in the graph form variable-size groups (clusters) strongly connected between

them and sparse through the network, with fewer links connecting different clusters.
7Degree distribution in real-life networks is not uniform and often has a scale-free distribution, meaning

that it follows a power law (exponential degree distribution).
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Figure 2-2: Watts-Strogatz graph with 20 vertices (agents). Colorbar indicates vertex

degree.
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Figure 2-3: Barabási-Albert graph with 20 vertices (agents). Colorbar indicates vertex

degree.
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hand, BA model is constructed with a small initial random graph that is grown until the

specified size is achieved. The network growing is done based on the preferential attachment

rule, which assigns greater probabilities of obtaining a link from the new vertex to those who

already are the most connected, and lower probability to those who do not. BA model does

reflect accurately the scale-free degree distribution of real networks but it does not have the

high clustering characteristic. As none model completely resembles the required properties

they are both valid for simulation purposes, having in mind their specific limitations. These

models’ implementation has been compiled by [Prettejohn et al., 2011], which are later used

to generate the test networks used for application cases. Example networks generated with

both algorithms are shown in Figures 2-2 and 2-3. It can be seen that for the same network

size BA network most connected vertex has d = 13, while WS graph maximum degree is

d = 7, due to the scale-free property in BA model.

2.5.1 Opinion Dynamics

As it was previously stated, a social network can be used to analyze population’s behavior,

as it is the case for opinion dynamics, that study the interaction process and evolution of

opinion in a group of users with particular initial conditions and influence parameters. In

accord with [Watts, 2004], opinion evolution is important as it is common that when making

a choice within a large group, each individual does not have rock solid nor perfectly defined

opinions and preferences, but they rather prefer to see what others are doing and act in a

similar way. In other words, opinion dynamics facilitate a quantitative analysis of group

behaviors that arise naturally in the interactions of a group of people.

One of the first works in opinion dynamics is the model devised by [DeGroot, 1974], with

his approach to reach a consensus of opinions between a group of persons considering the

weighted adjacency matrix as an influence network. [Friedkin and Johnsen, 1990] studied

the topic as social influence network theory and years later they came to propose the model

(FJ) in [Friedkin and Johnsen, 1999] of the interactions of a group of N persons, taking

into consideration the susceptibility to change of each individual, as well as the influence

of every neighbor’s opinion in an weighted average profit function that ultimately led to

consensus. FJ model is still the core of more recent social networks modeling, and unlike

most other models, it has been validated in small and medium population groups in several

experiments, as stated by [Proskurnikov and Tempo, 2017, Das et al., 2014]. More recently

[Mirtabatabaei et al., 2014] have proposed a direct modification of the Friedkin-Johnsen’s

model, including coefficients to characterize various parameters of the social interaction

of a group of individuals discussing a sequence of issues (which according to the model

changes the self-confidence of participants). The FJ dynamic for a single issue, adapted



22 2 Games, Mechanisms, and Incentives

from [Mirtabatabaei et al., 2014] is as follows,

σFJi (t+ 1) = (1− µi)σi(0) + µiAiiσi(t) + µi(1− Aii)
n∑
j=1

Aijσj(t); (2-17)

where, for the individual i, the term σi(t) is the opinion at time t, µi the susceptibility to

change her initial opinion, Aii the self-confidence of the i−th person about a particular issue,

and Aij the credibility given by i to neighbors’ j opinion, contained in the weighted adjacency

matrix A of the graph, that is row stochastic with zero diagonal [Friedkin and Johnsen,

1999]. [Mirtabatabaei et al., 2014] assume some simplifications for Friedkin-Johnsen’s model,

regarding the coupling between prejudices and initial conditions. Superscript notation FJ is

only intended to avoid confusion with HK model’s opinion.

In the same way, [Hegselmann et al., 2002] show an approach (HK model) having into

account a confidence factor, which limits the group of neighbors whose opinion influenced

one person’s particular beliefs to those within a similarity range called bounded confidence,

maintaining the averaged opinion calculation with the neighbors in the bounded confidence

subset. As HK is a model of average where the opinion for each agent is formed with the

neighbors’ opinions within the confidence interval, an agent is prone to an opinion change

only if her influencer has similar opinions and will ignore them if the difference is highly

noticeable. In this case, opinion evolution is

σHKi (t+ 1) = |I(i, σ(t))|−1
∑

j∈I(i,σ(t))

σj(t), t ∈ T ; (2-18)

where I(i, σ) = {1 ≤ j ≤ n : |σi − σj| ≤ δi} and δi is the confidence level of agent i. Both

(2-17) and (2-18) can be used to represent the users’ interaction and their opinion change

over time and are well-suited to model the opinion of a user regarding their willingness

to collaborate in a certain DR program, as it will be detailed in the next chapter. These

opinions can also be seen as another semi-private8 component of the user’s type that affects

their valuation and hence their final choice.

Once presented the conceptual basis required for the understanding of the mechanism and

the MAS model of electric energy consumers, the next section includes a literature review of

DSM as well as game theoretic approaches to the problem, with legal and regulatory aspects

discussed at the end of the chapter.

8In the sense that it will be shared among the neighboring players, but not in the entire network nor to

the electric energy supplier or the party interested in users’ behavior modification.
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2.6 Literature Review

First, it is provided an overview of the power system and electricity supply that shows the

changes leading to the increasing interest on demand response, with its applications and

benefits. Afterward some works on mechanism design (and game theory) applied to the

DSM problem are discussed.

2.6.1 Demand Management and Demand Response

Second industrial revolution during which the conformation and evolution of modern power

systems in the world occurred, was a landmark in the history of humanity, since happen-

ings of this period were at the same time cause and effect of the new paradigms that ruled

the evolution of occidental civilization in forthcoming decades [Cowan, 1997, pp. 149–172].

The daily use of electricity started to be quite common by the dawn of the 20th century in

most countries worldwide—including Colombia—, taking the place of former steam-powered

machines. Demand management (DM) concept is not new, as [Hughes, 1993, pp. 201–226]

states that during the emergence in the early 20th century of the Chicago power system

in the USA, Insull9 put in practice several strategies in order to modify (increase or lower)

electricity consumption in the city by combining appropriately load curves of different sec-

tors (domestic, transportation, industry) aiming to an optimal use of the system’s assets

improving what later would be called the load factor. Examples of these strategies are the

application of special tariffs to some sectors of the population to increase consumption, or

publicity and merchandising used as trend-setters in household electric devices, tools and

equipment. DSM was no longer viable when the increasing system’s complexity turned dif-

fuse the influence on the user’s behavior and thus little effective in the emerging consumer

society.

In the last decades, with technological developments in electronics and internet that made

possible information revolution, it is not crazy to think in a global and ubiquitous connec-

tion which may be used for information exchange in an easy way, thus reviving an increasing

interest in DSM . Having in mind the mutual dependence between the society’s develop-

ment course and technological advances, it is natural to think that integration of different

technological systems was a matter of time. Once the required state and knowledge in mea-

surement, communications and distributed control devices were met, DSM regained interest

9Samuel Insull was Edison’s assistant when he arrived to the USA, and later he became president of the

Chicago Edison Company by 1892, where he turned out to be one of the most important contributors

of the north american power system development and integration. He also made contributions to the

structuring of a centralized, large-scale electricity supply system.
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from both academic and industrial communities.

In addition to the technical feasibility, DSM has gained interest as a research topic because

of two main reasons: First, it allows to trim or shave peaks in load profiles, which implies

reduced future investments in new assets, as more customers’ demand can be fulfilled with

the same infrastructure. On the other hand, integration of renewable sources (FNCE10) to

the power grid needs to consider the contributions of many small-scale distributed genera-

tion, for which DSM can be part of a useful management framework. [Samad et al., 2016]

mention that if it is supposed a significant penetration of distributed generation, traditional

centralized control of the system is not enough.

There are other arguments favoring DSM [Killingtveit, 2014, Samad et al., 2016], as the

improvement in energy security and reliability in electricity supply that can be achieved

by changing users’ behavior with DR programs whenever it is necessary. DSM also has

the potential to increase energy efficiency as there are more interactions with the user in

programs related to home and building automation, diminishing environmental impact of

electricity usage due to greenhouse gases and over-exploitation of natural resources.

DSM is a general term that according to [Samad et al., 2016] encompasses demand re-

sponse (DR ) as well as some other methods for modifying users’ energy demand, like energy

efficiency and programs for behavioral and habit changes. DR refers specifically to the mod-

ification of load profiles for a group of users, aiming to mitigate an event in the network,

as contingencies or electricity generation price’s fluctuations. DR programs can be executed

by electricity retailers or the government, and require sending a signal to customers in order

to run the suggested actions. Users participating in the program have previous agreements

regarding their obligations and incentives (money) granted with the subscription to the

program.

A third term of frequent use is automated demand response (ADR). It refers to a DR imple-

mentation where a control device at the client’s location receives the DR signal and automat-

ically enables some preprogrammed strategies which complies with the associated request.

At present, the protocol OpenADR11 is widely spread in the sector, and it is maintained

by the OpenADR Alliance, formed by several multinational companies like Honeywell and

Siemens. OpenADR defines the organizational architecture for the elements in the network,

all users, servers and electricity retailers. It also defines functions and conditions for infor-

mation exchange that can be deployed through the internet, so there are no requirements

for dedicated additional infrastructure that would otherwise increase complexity and cost

10In Spanish, Fuentes No Convencionales de Enerǵıa, according to the definition adopted by UPME for

Colombia. Basically, it means renewable sources as those using solar or wind energy.
11http://www.openadr.org/

http://www.openadr.org/
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for the implementation. The management and automation of physical resources associated

with information networks was developed and applied first for communication networks and

servers. Subsequently, having into account the similarities with the electric power networks,

the ADR idea arose as an adaptation for the power system of these existing applications

already in use in the telecommunications field.

According to [Samad et al., 2016], in several countries, including the USA, the biggest short

term DR potential is in commercial buildings. In Colombia, this sector has the second place

in electricity consumption, the first being residential(domestic) sector during the last years.

In Bogotá D.C. domestic electricity usage represented 42% of total consumption, followed

by the commercial sector with 31.6%[Pŕıas, 2014]. Having this into account, it is sound and

worthy to do further research about the possibilities of implementing DR programs tailored

to these sectors.

If the ADR architecture implements communication using Internet, [Samad et al., 2016]

state AMI nor smart meters would be strictly necessary provided another means to measure

and report consumption.12 In particular, they describe three possible research topics aimed

to achieve fully automatic DR :

• ADR modeling and short-term forecast, and users’ classification and grouping. Hav-

ing into account the existent variety in load curves for residential sector (in USA)

forecasting for a group of users, as those attended from a single substation, could be

considered.

• Information models for smart buildings and microgrids, in which may not be necessary

manual input of data and devices’ status to the system, or an alternate specification-

sharing feature for the devices plug-and-play like.

• Modeling of users with distributed generation capabilities as virtual power plants

(VPPs), to make easier openADR implementations.

2.6.2 Brief Scientometrics on DSM

After the literature revision, about 1850 published articles were found, between 2006 and

2016. Number of articles per year are shown in Figure 2-4. For 2016 an extrapolation is

used, taking as baseline the articles in the first half of the year. Sources include IEEEXplore,

12For example interval meters and sub-meters.
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and databases indexed by Web of Science and listed in Publish or Perish13.

It can be seen that DSM attracted increased attention since 2010, with a considerable leap in

2014. Having into account that many of the publications are about concepts and simulations

with relatively few pilot tests and implementations, it can be inferred that DSM -related

technology is not mature enough already, even though through the revision there were found

near 30 documents related to patents in DR .
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Figure 2-4: Number of publications per year about DR -related topics.

Figure 2-5 shows the main journals and magazines with publications related to DR between

2006 and 201614. 16% of the total works were published by IEEE Transactions On Smart

Grid and IEEE Transactions On Power Systems. Slightly more than half of the publications

were issued by IEEE or Elsevier journals, but the dispersion among another less known

sources is high.

In order implement DSM there have been several approaches to tackle the problem, as di-

verse as including differential tariffs, monetary incentives, price-based punishments (taxes)

or direct load control. It has been also considered as an optimization problem and, as it will

be discussed in the next sections, modeling the system as a game where consumers try to

make the best decision in order to maximize their respective utilities. This multiagent per-

spective has the added feature of seamlessly consider distributed implementations, leveraging

processing power and responsibility from an unique central coordinator.

13Which, according to the official website (https://www.harzing.com/resources/publish-or-perish),

obtains raw citations from Google Scholar and Microsoft Academic Research.
14Relevant publications in the subject before 2006 were not found.

https://www.harzing.com/resources/publish-or-perish
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Table 2-1: Abbreviations used in Figure 2-5

Journal Name Abbreviation

IEEE Transactions On Smart Grid IEEE SG

IEEE Transactions On Power Systems IEEE PS

Elsevier Applied Energy EL APE

Elsevier Renewable & Sustainable Energy Reviews EL RSER

Elsevier International Journal Of Electrical Power & Energy Systems EL JEPE

Elsevier Electric Power Systems Research EL PSR

Elsevier Energy Economics EL EE

IEEE Transactions On Industrial Informatics IEEE II

IEEE Transactions On Sustainable Energy IEEE SE

Elsevier Renewable Energy EL RE
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Figure 2-5: Number of publications per journal in the period 2006-2016. Table 2-1 shows

the used abbreviations.

2.6.3 Game Theory and Mechanism Design Applied to DSM

From the total publications about DSM, 78 are related to mechanism design or tackle the

problem as a game. Figure 2-6 shows the number of papers per year related to mechanism

design (dotted line) and game theory (continuous line) with applications to DR . It can be

seen that there have been several approaches to both topics, which started to appear about

3-4 years later than the seminal works on mechanism design, as the book by [Hurwicz and

Reiter, 2006] and the one by [Nisan et al., 2007] with their publication year shown in the

figure. A peak of publications number occurred in 2015, and can hold or increase having

into account that analysis reaches as far as July 2016.

The mechanism design approach to DSM problem can take advantage of a dynamic frame-

work whith time-variant preferences, as the information users receive can be different for

different times, thus affecting their decisions regarding energy consumption.

Mechanism design as an economy field is in active development where different complimen-

tary (and sometimes even contradictory) perspectives are analyzed, in order to solve certain

problems, or to relax or avoid assumptions required by a specific mechanism. According to

[Bergemann and Pavan, 2015], most approaches to dynamic mechanism design use discrete

time domain and monetary incentives, that can be given to the agents or collected as a

penalty. Agents’ evolution has been considered in various ways, including stochastic pro-

cesses, progressive changes and several learning algorithms, which adapt agents’ decisions
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Figure 2-6: Number of publications per year on mechanism design (dotted line) and game

theory (continuous line) with DSM and DR applications.

over time.

Advances in game theory and mechanism design applied to DSM have spread across sev-

eral fields. [Li et al., 2016a, Li et al., 2016b] propose a static mechanism for controlling

thermostatically controlled loads (food and spaces cooling, air conditioning units) that im-

plements the social choice function in dominant strategy equilibrium, where the decision

is taken once for each resource allocation. They consider heterogeneous dynamics for the

load, private information for individual users, partially unknown parameters of the physical

dynamic of the load (temperature changes) and they aim for an efficient usage of communi-

cation resources. Mechanism verification is done via simulation, using historic records of the

GridWise R© Demonstration Project15. Authors suggest the use of price incentives assuming

a coefficient related to the willingness to collaborate of users. This coefficient can also be seen

as the willingness to pay more for obtaining the resource (electric energy) and it is difficult

to define for a real-world population because of its high variability. A feasible alternative for

analysis, specially if there is no historic data from pilot projects, is to use an optimistic and

worst case scenario based analysis, that would give an approximate knowledge of the range

of results obtained in a complete implementation.

An example of punishment mechanism with application to industrial refrigerated warehouses

is described by [Ma et al., 2015], where cooperative behavior of users is default and non-

15http://www.pnwsmartgrid.org/publications.asp
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cooperation is punished by increasing electricity costs during a time interval, in order to

correct selfish strategies. Electric energy cost is calculated as the sum of two components:

one for the discomfort due to the diminished use of the resource and other related to the

billed consumption. Non-cooperative behaviors are detected analyzing the variation in total

energy consumption, as they assume that the price depends on total consumption and selfish

behavior will affect both price and energy usage. As reported by [Ma et al., 2015], the

proposed mechanism decreases the total cost of energy used by approximately 20% in contrast

to the case without the mechanism. It is worth noticing that they assume every user can

adjust their consumption, but in practice there are users with very low flexibility. Another

debatable point of their mechanism is the fact that when a punishment for selfish behavior

is applied, users already cooperating also suffer the consequences. This may have negative

long-term implications if punishment is prolonged too much, although one of the points

discussed in their work includes to find a sub-optimal solution to the length of punishments.

The incentive compatible cost allocation scheme proposed by [Haring et al., 2015] tackles

the problem of power supply under system imbalance settlement conditions that make nec-

essary the use of ancillary services (AS)16. They take a global electricity market perspective

and make explicit the difference between the market operation and required operations to

grant system security. However, they do not account directly for individual users, but their

aggregated energy demand and the corresponding power flows through the transmission net-

works. As it is clarified in the study, they deal with non-event-based (reserve capacity) AS

and event-based (contingency reserve). AS resources are allocated based on the willingness

to pay of each BRP (Balance Responsible Party), modeled as a polynomial function with

the main variable being the amount of AS-provided energy in a period. The optimization

problem intends to maximize both TSO’s (Transmission System Operator) utility and the

assets of the BRPs.

Another perspective has been the use of Stackelberg games, where there is a leader (in this

case the service provider) with some privileged information and followers (consumers) whom

react to the leader actions and signals. In this respect, [Nekouei et al., 2015] designed a double

mechanism for demand management at electricity market level and user level. The first case

proposes a Stackelberg game and the latter employs a VCG like mechanism, ensuring the

users reveal their true preferences. They present a study case applied to the South Australia

electricity market.

Stackelberg models require the leader to play first and followers to have their strategies

16AS refers to the reactive energy supply, load shedding, demand management and other services that can

be additionally required for the system operation, besides the active energy supply. In Colombia there

is no formal definition for AS, and they are used and integrated in the system without special treatment

nor classification.
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restricted to those that are directly responses to the leader’s action. [Chen et al., 2012, Meng

and Zeng, 2014, Yu and Hong, 2016] have also made contributions to the matter where they

optimize the resource’s price and the user’s consumption with the aim to maximize profit

both for users and electricity suppliers. [Chen et al., 2012] propose a utility function that

depends on energy consumption and an arbitrary variable. This form could be associated

with the classical definition of utility consisting in the valuation given to the resource minus

its cost. In most reviewed cases the utility function’s parameters affect the outcome and

performance of the mechanism, but it is not easy to establish a specific value for the electricity

valuation of domestic users, even thinking in an actual implementation of the mechanisms

and the required deployment of measurement and communication infrastructure.

The Stackelberg game developed by [Yu and Hong, 2016] consists of a model that imple-

ments a DR strategy via real time pricing variations. They prove that there is a unique

Stackelberg equilibrium satisfying an optimal resource allocation for each device. Verification

is done with simulations, and does not have into account the possibility of consumers not

accepting the DR program nor their commitment levels in case they do. While Stackelberg

models are commonly used to maximize the energy supplier’s profit, the ideal case should

try to maximize overall society (or consumers) utility as well.

Consumers demand has also been characterized by a set of states and feasible transitions

between them, as [Nambi et al., 2016] explain, where they developed a method for temporal

self-regulation of energy demand where first demand states are identified based on their av-

erage, relative standard deviation and load factor. Next data is clustered and grouped using

k-means and expectation maximization. Then, several probabilities (metrics) are calculated,

including the transition probability between feasible states, the probability of certain state

occurrence and the probability of demand adjustments occurring over time. In this case

the mechanism regulation improves one of the parameters used for demand identification,

and focuses flexible consumers17. Self-regulation occurs in an iterative process which adjusts

forecast and actual consumption states. Their methodology is validated with real-world data

from 4232 smart-grid project and shows that “around 30% and 15% of the consumers can

be incentivized to participate in daily and weekly DR programs”, with reductions between

10%− 15% in consumption.

2.6.4 Regulatory Aspects in Colombia

Colombia has not been entirely isolated from the developments associated to DSM in the

world, and even though established mechanisms have not the expected results, it has settled

17Flexibility is used as a modeling parameter.
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some legal basis and politics in the subject. Law 697 of 2001[law, 2001] declared Ratio-

nal and Efficient Energy Use (URE) and Non-Conventional Energy Sources as a domestic

affair of social and public interest, opening the door to developments related to energy ef-

ficiency and use of alternative energy generation sources18. Law 1715 of 2014[law, 2014]

establishes guidelines favoring three main aspects: the integration and spread of renewable

energy (FNCE) to the national power grid, practices and technologies that provide enhanced

energy efficiency to processes and devices, and demand response (both DSM and DR ). Law

1715 does not states the details for implementation nor a specific course of action, but it

delegates responsibilities to the proper entities to regulate and specify each one of the former

aspects. Particularly it designates the CREG for specifics about DR and DSM, noting that

demand reductions or disconnections will be offered in the wholesale energy market in order

to “give reliability to the National Interconnected System, backup Firm Energy Obligation,

reduce prices in the Spot Energy Market and restrictions’ cost.”

One related regulation of particular interest to the subject is Resolution 011 of 2015 is-

sued by [CREG, 2015], about demand response for daily market in critical condition. It

defines a methodology for tariffs calculation and remuneration for users enrolled into a cer-

tain DR program, and it makes explicit that it is voluntary and non-required for assuring

electricity supply. The resolution also mentions requirements of measurement, information

communication, validation in consumption reduction, and the type of contract that users

must subscribe to guarantee demand disconnection whenever needed. The Resolution 011 of

2015 is based in the concept of voluntary disconnectable demand (DDV), which refers to the

amount of load that an user is committed to disconnect from the grid whenever necessary in

exchange of monetary compensation previously agreed. It only has application in the whole-

sale energy market, thus disqualifying in principle the existent potential for DR in regulated

users, among which are residential consumers and a big share of the commercial sector.

These two sectors are the ones with the highest electricity consumption in the country and

in Bogotá, as it was previously acknowledged.

One of the most recent regulatory initiative regarding DR in Colombia was the Resolution

029 of 2016 from [CREG, 2016]19, associated with the program advertised as “Apagar Paga”

launched by the government as a contingency plan for the occurred energetic crisis in the

country, caused by a series of chained events which became more critical because of the

“El Niño” event in the first months of 2016 that lowered water levels in dams with the

subsequent diminished hydroelectric generation capacity across the country. Even though

the program had a good intention, it had several implementation and execution faux pas

18Designated in the law 697 and the subsequent ones as FNCE (Fuentes No Convencionales de Enerǵıa), they

refer to all renewable generation sources including solar, wind, biomass, nuclear and others (maintaining

the possibility of adding more in the future)
19With subsequent amendments in Res. 039 and 049 of 2016.
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that may have affected consumers’ willingness to collaborate in future DR programs. The

program had mandatory comply for the residential sector across the country, with some

rigid and explicit exceptions. It stated a baseline by averaging last six months consumption

and set an economic incentive consumers would receive if their consumption were below the

baseline limit, or a cost overrun (around 200%) otherwise.

The CREG issued several amendments to the resolution, that clarified some ambiguities

and created some others. Regarding the baseline design they did not had into account

several atypical conditions, e.g., people living in new housings or recently rented buildings

previously unoccupied. In addition to this fact, the mandatory condition of the measure

caused an uneven distribution of both incentives and taxes that generated discomfort in the

population while leaving a negative overall financial balance. On the other hand, baseline

selection as the average monthly electricity consumption makes unfeasible the modification of

the daily or weekly users’ load curves, which is more useful than a non-temporally restricted

reduction for the matter of diminishing the risk of electricity supply shortage. This weakness

is also related to technical restrictions of measurement devices, which do not allow interactive

communication between users and retailers nor detailed information about consumption,

and supports the need for technological upgrades to the measurement systems used in the

residential and commercial sectors in Colombia.

With the aim of regulating small-scale auto-generation and distributed generation, [CREG,

2018] recently issued the Resolution 030 of 201820 for auto-generation and distributed gen-

eration regulation. It states that if distributed generation accounts for more than 4% of

previous year national demand, or 50% of the national hourly minimum demand, CREG

might revise the respective connection requirements and remuneration. Moreover, an addi-

tional distributed generation resource can only be connected if existing generation is less or

equal than 15% of the nominal circuit capacity, or if the maximum supplied energy does not

exceeds 50% of the circuit’s minimum hourly demand, in order to avoid potential thermal,

electrical, and other effects due to the distributed generation [CREG, 2017a, CIGRE, 2014].

Furthermore, the Ministry of Mines and Energy of Colombia [MinMinas, 2018] recently

published the Resolution 40072 of 2018, that establishes the mechanisms for AMI implemen-

tation, where they order a gradual deployment of AMI in the country specifying a minimum

of 95% served demand by 2030. AMI must comply with hourly measurements, service quality

measurements, prepaid energy support, cybersecurity, bidirectional communication, among

others. In contrast to the auto-generation and distributed generation proposal by CREG,

the Ministry favored mandatory implementation remunerated through the electric tariff.

In summary, the concepts and mathematical tools required for the design of the MAS model

20After a draft proposal was published in Resolution 121 of 2017 by [CREG, 2017b].
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of electricity consumers and the mechanism design applied to DR programs have been pre-

sented, followed by a literature review of DSM problem, and particularly, of game theoretic

approaches to the problem. This review includes a brief scientometric analysis of publi-

cations and some regulatory aspects of DSM in Colombia. Given these points, the next

chapter presents in detail the proposed model with several variants that led to the final

version, with the desired characteristics necessary to analyze and design DR programs from

a game theoretic perspective.



3 Mechanism Design Applied to DR for

Domestic Consumers

Nowadays people are so accustomed to electricity in everyday life that they usually do not

think about the underlaying system that makes it possible, nor fully realize the conveniences

that its use entails. Somebody charges a cellphone, another watches TV, some other is

surfing the internet. They talk to each other in a continuous interaction that is progressively

becomes extremely complex and where several aspects intermingle at the same time, thus

giving that special touch defining a society. There may be the time, however, when the

electric system requires some adjustments, involving all its users as active participants in

the process.

Consequently, if one is thinking about a model of such society, that captures this individuality

of its members and their interactions, it is natural to think of a multiagent approach, and

elements provided by game theory also come as a natural choice when we are also trying to

model some strategic decision process among the group who has some defined preferences.

Particularly, the evolutionary game theory field mentioned in the previous chapter has the

advantage, according to [Alexander, 2009], of avoiding the hyper-rationality of traditional

game theory with the inclusion of some randomness into the equation.

Therefore, the developed model represents a group of people as a population of agents

playing a game where the outcome is a certain electric energy consumption (a load profile)

for a given period and users make decisions regarding to this consumption (when and how

much). The present work does not pretend to develop a completely novel mechanism and

implement it to address the DR problem as a special case, but to use existing mechanisms

and propose an adaptation adjusted to the problem, based on the literature reviewed. It

addresses partially the first of the topics mentioned by [Samad et al., 2016] (section 2.6.1)

with the proposed MAS model for domestic consumers, that would allow the planer to make

short-term forecast and analysis of consumption change under different incentives programs.

It also tackles the difficulty of knowing or estimating users’ subjective preferences with the

use of opinion dynamics that model influence evolution starting from an initial opinion’s

distribution. Also, while they are different approaches, the consumers’ model proposed by
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[Nambi et al., 2016], based on states and transition probabilities, loosely resembles the profile

generation algorithm proposed by [González et al., 2017] and adapted in the present research.

The system’s model presented employs a discrete time approach for both the energy alloca-

tion in the population during each period and the opinion formation. The latter regarding

to the willingness to collaborate with social incentives programs of users and their electric

energy valuation. As mentioned by [Rovers et al., 2011], the selection of a continuous or

discrete time model obeys the nature of the simulated model, in whether it exists a direct

dependency on time and a relationship with the real world, or conversely, time just implies a

calculation rate for iterations. In this case, time represents iterations of a simplified real-life

process that can have different durations without losing the essence of the obtained result.

To sum up, the final DR problem approach discussed through this document is modeled as

an evolutionary game in discrete time, where players are electric energy consumers. The

strategy set available for each player is the demanded (consumed) energy amount during

each period, and the utility is represented as a function that accounts for users’ subjective

valuation of the resource (energy consumption) and the cost of energy itself.

Section 3.1 presents the mechanism proposed by [Barreto et al., 2014, Mojica-Nava et al.,

2015] which was the starting point of this work, followed by a modification that incorporates

changes in order to account for strata in the society, along with the consideration of opinion

based energy valuation. The MAS model implementation of the mechanism from Section

3.1 lacks to adequately reflect the behavior and limitations of real-life consumers, and a

different approach including changes in the game settings is proposed in Section 3.2. The

latter approach fulfills appropriately the accuracy requirements for the mechanism and is

used in Chapter 4 for several test cases to validate the mechanism.

3.1 Infinite-Population Model for Domestic Consumers

The first attempt to design a mechanism in order to address DR is based on the results

presented by [Barreto et al., 2014], which is briefly explained in the next paragraphs. Their

standard model makes use of the infinite population traditional setting of evolutionary game

theory, where the agents’ behavior is captured by the mean dynamic of the population. After

the original model is described, a revision is proposed to account for socio-economic strata

clustering in the population.
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3.1.1 Logarithmic Valuation and Economic Incentives

The reference mechanism features an infinite-population approach, with logarithmic valua-

tion function and economic incentives.The equivalence of the original game components taken

as starting point is as follows: A society is formed by N consumers, where one consumer is

represented by a large population (in the game) of uncountable agents (in the game setting),

that are an abstraction of an energy pool (energy available for consumption) which needs to

be allocated among several time periods, t ∈ T ; the total population mass mp mentioned in

Section 2.3 is in this case the total energy to be allocated, and is incorporated into the model

as a restriction. These periods are represented in the game as the available strategy set, thus

making DR an allocation problem where each user decides when to consume electric energy

based on a utility function of the form

Ui(q) = vi(qi)−
∑
t∈T

qtiβ
(∥∥qt∥∥

1

)
+ Ii, (3-1)

with the consumption vector q = {q1, q2, ..., qN}, β unitary price function, that depends on

the total energy consumption ‖qt‖1. The operation ‖.‖1 is the L1-norm defined as ‖x‖1 =∑
i∈N |xi| for any variable x. The variable qt =

∑
i∈N q

t
i represents the consumption of all

users during period t. Ii is a real variable that condenses the incentives given or received by

the i-th user. The expression

vi(qi) = αi log(1 + qi) (3-2)

is the i-th user valuation of energy, with αi an arbitrary coefficient that represents how much

is the energy valuated, regardless of consumption. The logarithmic shape of the function is

chosen to reflect the law of diminishing returns seen by users as they consume more electric

energy. The summation in the second term of (3-1) reflects the total cost during all periods

for a user, and (optional) incentives Ii are intended to reflect the social cost of an agent’s

participation in the game, as in VCG mechanisms.

The associated maximization problem for N agents has the restriction of non-negative con-

sumption qti during every period t, and is defined as

maximize
q

∑
i∈N

Ui(q) =
∑
i∈N

(
vi(qi)−

∑
t∈T

qtiβ
(∥∥qt∥∥

1

))
subject to

qti ≥ 0,

i = {1, . . . , N},
t = {1, . . . , T}.

(3-3)
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Customers benefit shown in (3-3) can be maximized taking the marginal utility as the payoff

function for the associated population game that describes the interaction of energy alloca-

tion (the game’s agents) for each consumer (and between consumers in the general case).

Having this in mind, the payoff function (without incentives) is

Fi(q) =
αi

1 + qi
− 2β

(∑
j∈N

qj

)
, (3-4)

and can be used with any known dynamic (such as replicator, logit, or others mentioned in

[Sandholm, 2010b]) to evaluate the final power allocation for a user or a population with N

members.

3.1.2 Mechanism Revision for Stratified Population

The first modification performed on the previously described contributions by [Barreto et al.,

2014], captures the characteristic of a stratified population1 with a revision of the marginal

utility (payoff) function, adding a surcharge ca proportional to users arbitrary valuation αi,

analogous to the subsidies–surcharges (ss) scheme used in Colombia. The adjusted marginal

utility function is

F ss
i (q) =

αi
1 + qi

− (1 + caαi)2β

(∑
j∈N

qj

)
, (3-5)

where ca ∈ [0, 1]. The model better fits an alternative interpretation where each infinite-

population is an uncountable but large group of consumers that allocate a definite amount

of energy in some given periods.

A simulation example for a 24h (daily) period with P = 6 populations, where each population

represents a stratum, total available energy Q = 50 kWh and uniform initial conditions (with

zero consumption) is shown in Figure 3-1. αi is chosen with a higher value for higher stratum

i, assuming that users have different load profiles. The load profile shape for the test case is

based on XM predictions for November 2014, in Fontibón’s substation in Bogota, Colombia.

Incentives are introduced from 2 to 5 time units and total simulation spans 30 time units.

As it can be seen, the increase in the surcharge makes the load profiles for the higher strata

flatter, assuming no constraints in users’ price elasticity. While the modification presented

in (3-5) looks promising as for the MAS model application, these preliminary results have

several inconsistencies:

1Understanding the word stratified as the existence of socio-economic strata (Colombian case) used to grant

subsidies or apply surcharges to the electricity tariff.
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Figure 3-1: Final state of users with β = 1 and surcharge of 10% (left) and 30% (right). Each

curve represents a stratum from 1 (bottom) to 6 (top). Originally presented in

[Cortés Guzmán and Mojica-Nava, 2015].

• regarding the before mentioned price elasticity (which is known to be low for domestic

consumers [UPME, 2016]), the assumption is unrealistic,

• the arbitrary valuation αi has no solid background in its selection, although it has a

significant effect in the simulation results. While the difficulty in its determination was

stated by several authors in the literature review, the inclusion of opinion dynamics in

the model presented in the later sections of this chapter addresses this issue. Further-

more, the logarithmic and always-increasing valuation function used in (3-1) may not

be an accurate choice for domestic consumers, as they not necessarily give a higher

value to an increased consumption.

• Finally, the aggregation and disposition of energy usage as a continuous mass, for both

the population-wise and the individual interpretations of the model, violates the real-

life electric devices’ physical constraints as they usually have a nominal power rating

that dictates the feasible changes in consumption, i.e., most devices can only have a

few states of consumption and not a continuous range of variation. This limitation is

basically associated with the infinite-population characteristic of the model required

to use a mean dynamic in the population game.

With the aim of correct these shortcomings in the model, the next stage in the design process

addresses the second item in the previous list, thus integrating opinion dynamics into the

MAS system as a mean to better reflect social incentives integration and variations in the

subjective valuation of electric energy usage.



40 3 Mechanism Design Applied to DR for Domestic Consumers

3.1.3 Opinion Based Energy Valuation

For the sake of simplicity, the remainder of the modeling process considers only one stratum

for the population, with the multi-strata setting discussed as a special case in the next

chapter with the final results. A more solid realization of the arbitrary users’ valuation

from (3-2) is the use of opinion dynamics (Section 2.5.1) to derive its magnitude, rather

than some arbitrary direct assignation. In this way, the assumption gains generality in the

sense than now it is limited to an initial condition distribution across the population and

parameters that characterize the influence and opinion spreading among its members. Now,

if we consider a refinement of (3-4) where the opinion affects simultaneously users’ energy

valuation and overall consumption in the form of a social incentive, the new payoff function

is

F op
i (q) =

αi
1 + qi

(1 + σi
ri − qi
qi

)− 2β

(∑
j∈N

qj

)
, (3-6)

with a consumption reference signal ri emitted by the mechanism designer, that indicates

the desired consumption in a population. Users with higher σi, and thus higher commitment

with the DR program, will perceive a higher utility in following the suggested reference

consumption that is proportional to their initial valuation.

The opinion σi ∈ [0, 1] in (3-6) is a real valued scalar in the unit interval, obtained as the

final(stable) value of the opinion dynamics it is derived from. Depending on the specific

model used, it will be a function of the confidence interval if HK shown in (2-18) is used

or it will depend on susceptibility and confidence in others’ opinion, as stated in (2-17) as

part of the opinions’ evolution. Moreover, as FJ model has been empirically validated with

acceptable success in other fields, when employed, it contributes with a dose of realism (and

complexity) to the MAS model.

Even though the distribution of initial conditions (IC) still has to be done arbitrarily, this

approach allows scenario-based analysis where IC are selected to reflect an average attitude

between highest and lowest possible energy valuations. As the integration of opinions into

the payoff function presented in (3-6) unifies both the users’ subjective valuation of energy

and the willingness to collaborate affected by social incentives, therefore, IC selection also

implies a middle point between the best and worst cases of social incentives effectiveness.

An approximate solution to the issue with load’s representation accuracy can also be in-

cluded, by changing the minimum consumption constraint in the optimization problem (3-3)

from qi ≥ 0 to qi ≥ qmini ≥ 0, as some users would not be able to reach zero consumption in

a given period due to nominal power restrictions of their electric devices. Hence, the revised
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optimization problem to be solved is

maximize
q

∑
i∈N

Ui(q) =
∑
i∈N

(
vi(qi)−

∑
t∈T

qtiβ
(∥∥qt∥∥

1

))
subject to

qti ≥ qmini ≥ 0,

i = {1, . . . , N},
t = {1, . . . , T}.

(3-7)

So far, maintaining the notation presented in (2-3), the mechanism proposed is

M =



P = {1, ..., N}
Θ = {σ1, ..., σn}
A = {a1, a2, ...} ∈ <T ,

∑
q∈a q ≤ Q

S = {1, ...T}
f : G =

{
F op
i (q) = αi

1+qi
(1 + σi

ri−qi
qi

)− 2β
(∑

j∈N qj

)
, ρ
}

c = −2β
(∑

j∈N qj

)
(3-8)

The players in (3-8) are the n agents for each population considered, with type (preferences)

defined by the opinion conditioning both energy valuation and social incentives acceptance.

The alternatives A are the set of feasible aggregated load profiles achieved by all the players

as group, with the constraint of maximum consumption in the population Q. In this setting,

the strategy set S is the group of time periods under analysis, which can be preferred or

avoided by each user when she decides when to use electric energy. The social choice function

is given by the population game G with the given payoff function and revision protocol set,

which includes the electricity cost payments c.

The following subsection presents some preliminary results for the mechanism (3-8), which

despite of the improvements made to the model, fall short of expectations. Nonetheless, they

are presented in this chapter as part of the carried out process that leads to a better model.

Preliminary Results with the Infinite-Population Model

A test game is run for a week with hourly periods with P = 20 agents, population masses

(energy weekly consumption) of 29.84 kWh and 27.66 kWh for each half of users respectively.

Opinion dynamics are according to FJ model, with parameters shown in Figure 3-2, for the

small-world networks in Figures 2-2 and 2-3 from the last chapter. The convergence of high
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willingness to collaborate (high opinion) and low susceptibility to change in the same agents

makes the evolution biased toward collaboration, as stubborn agents tend to attract less

radical members of the population. On the contrary, the complementary analysis for the

opinion evolution of Figure 3-6 shows a convergence biased toward abstention.

The resulting power allocation in the society (aggregated consumers) for the high-collaboration

case is shown in Figure 3-4, for the Watts-Strogatz network case, and Figure 3-5 for the

Barabási-Albert model. As it can be seen, the resulting power allocation reduction is similar,

with significant decrease in power peaks while encouraging consumption during less-activity

hours. Observing the parameters of the society used for the opinion dynamics, the result

is somewhat expected, as the few stubborn agents are willing to collaborate with the DR

program, convincing the rest of the population toward agreement during the social interac-

tion. This will not always be the case, and if we consider, for instance, the results shown in

Figures 3-6 and 3-7 as an example, where stubborn agents are less willing to collaborate,

the load shifting is smaller. We can aknowledge that the former case is in a certain way a

maximum potential of demand management when a feasible best case of most individuals

collaborating occur.

The close performance of both small-world network models used deserves some particu-

lar attention, as it constitutes non-exhaustive evidence of the comparable utility of either

approach to model the social interaction environment where a population of electricity con-

sumers decide about the valuation given to energy consumption as well as their acceptance

of some proposed social incentives targeting DR programs participation. This assumption

may hold specially if the networks have not arbitrary modifications in nodes nor edges of

the graph representation, and it is the case, as the test graphs are not custom manipulated

after generated and vertices’ weight is random.

Shortcomings of the Presented Infinite-Population Model

Even if the results obtained with the mechanism (3-8) approximately model the consumers

demanding energy in some periods subject to a minimum consumption requirement, and even

if the effectiveness of social incentives via opinion dynamics is validated at some extent, the

results lack of certain characteristics that make this stage of the model unable to fully capture

the consumers with the desired level of detail (for domestic users). On the other hand, the

infinite-population model presented would suit better the modeling of customers with a

valuation function that could be well-represented by a concave increasing function, such as

industrial customers, who exhibit a direct relationship between energy cost and valuation,

as this energy is used in the production of a good or product and then sold to consumers.

To return to the subject, the shortcomings in the model that limit its applicability are:
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Figure 3-2: Susceptibility, self-confidence and initial conditions (beliefs) for the example case

with 20 users.
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Figure 3-3: FJ opinion dynamics for a society of 20 agents, as described in (2-17).
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Figure 3-4: Power allocation for the 20 individuals society, modeled using Watts-Strogatz

graph model.
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Figure 3-5: Power allocation for the 20 individuals society, modeled using Barabási-Albert

graph model.
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Figure 3-6: Another possible result for the FJ model dynamic of 20 agents, if stubborn

agents are those with low opinion.
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Figure 3-7: Power allocation for the 20 individuals’ society, modeled using Barabási-Albert

graph model, with different opinion dynamics.
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1. The valuation function does not represent accurately the actual valuation given to the

electricity usage by a typical domestic user. While the mechanism addresses electric

energy demand management, and indeed users consume electric energy, this is not an

end but a mean. Such users’ interest is to use a set of devices needing electricity to

function, whether they fulfill primary necessities, have useful features or are merely

used for leisure activities. Moreover, their valuation is not proportional to power

requirements of a particular device, but to the preference (necessity or desire) of use.

For instance, someone has a cellphone, its battery is getting discharged and she wants

to put it on charge; the valuation is in the cellphone usage, not in the energy itself, and

probably the user would still charge her phone if energy costed several times its real

price, thus the intrinsic inflexibility. With the exception (arguable) of those energy

hungry devices as electric water heaters or electric ovens, it is not expected that the

energy price affects its usage, at least not in short term.

2. The consumption technical constraints are not reflected in the model. More specifically,

the aspects briefly mentioned about how electric appliances actually work, regarding

consumption range, nominal power, and feasible load combinations. As it can be

seen in the preliminary results, the infinite-population game with the specific settings

(strategy set, payoff function, alternatives set) adopted fails to reflect the minimum

consumption qmin constraint, set with several small values between 0–1 kW (for ag-

gregated consumption) without obtaining a visible change in results. This is due to

the fact that infinite-population games do not allow the introduction of explicit con-

straints to the allowable population state, but as lower profit via the payoff function,

which given the not-completely rational approach is not exactly maximized, i.e., sev-

eral agents in the population may not get their maximum available payoff, even though

the final state approaches to it2.

3. As the model considers consumption periods as strategies, it does not allow the in-

clusion of time constraints nor incentives without hassle. The time interdependences

regarding DR are widely acknowledged, as the consumption in one period may increase

or decrease that of other periods. As this is modeled as the strategy set, again the only

way to introduce constraints to the strategy selected is via the payoff function, that is

not strictly optimized by the population.

In the interest of solving these inconsistencies in the first mechanism, a new one has to be

proposed, approaching the DR problem from a different perspective. The first one is not

2For imitative dynamics, some strategy may become extinct at a certain point but would have better payoff

over time (when it is not available anymore). For direct strategy selection dynamics with a noise factor

greater than zero, such as logit dynamic, this noise causes the stable state to be an approximate of the

actual maximum, but never reaching it.
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directly related to the mechanism itself, but to the valuation function, and it can be solved

with the use of another valuation function that reflects the aforementioned aspects. The

second’s origin lies on the infinite-population nature of the model for each user, thus the

new proposal should have a finite-population approach instead, where the devices a user has

are explicit. The last concern also requires to change the orientation of the problem, this is,

defining in a different way, the available strategy set and temporal constraints. Given these

points, the remainder of the chapter focuses on the exposition of the second version of the

model that addresses these issues, at the price of increased complexity.

3.2 Finite-Population Model of Domestic Consumers

With the objective of addressing the aforementioned issues of the model discussed in Section

3.1 (valuation function, consumption technical constraints, and setting the consumption

during a period as the strategies), a new game setting is proposed. This model:

• uses opinion dynamics to represent energy valuation and willingness to collaborate in

DR programs,

• considers actual load constraints, given by nominal power of the electric devices, and

• has into account that each consumer has a preferences vector regarding the periods

she prefers to use her electric devices, where the strategy set is defined as whether to

use or not a device during a period (for the binary strategy set case) or the proportion

of the period she will use a device (for the extended strategy set).

3.2.1 Domestic Users’ Electricity Valuation and Preferences

As mentioned previously, domestic users are highly inelastic in their electric energy con-

sumption due to the fact that energy is but a mean to accomplish certain activities or to

use certain devices. This final end use is clearly subjective, and its exact valuation involves

a complex relationship to each individual’s preferences.

It is frequently told that each person is a world by herself, due to the surprisingly high

amount of variables that come to form personality, such as inheritance factors, cultural

customs, idiosyncrasy, education, spiritual beliefs, and others, which ultimately leads to a

widely ranged preferences set. The fact that people is usually interacting in several planes
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simultaneously, as stated in the introduction to population games by [Sandholm, 2010b],

only contributes to increase the complexity of preferences modeling. All the above makes

very difficult to include human aspects in analytical models, even if such models are affected

by human behavior, as it is the case with DSM and DR programs (targeted to domestic

consumers).

However, it can be acknowledged that independently of the origin of these preferences, a

domestic user gives a different value to the electric energy consumption depending on its final

use, whether it is used for lighting, room temperature control, entertainment, homework,

etc., and often this valuation is much higher that the cost of the consumed energy itself.

Users will perceive a certain utility when they can use their electric devices as desired, and

no utility if they cannot (this is the case when purposely leaving out the discomfort produced

by supply shortages, because in this case the negative utility is due to the unexpected lack

of the resource and not only of its usage, e.g., if it is clear that someone cannot rely on

electricity, she will find a substitute good before it is actually required).

Furthermore, given the diversity in personality and taste, we can also acknowledge that

this valuation will be distributed between a wide range for a given population (unless its

members expressly exhibit some common behavior or interests). This setting becomes more

tractable than the more detailed (real-life) preferences formation in a group, and can be

used to model the arbitrary valuation of electricity as an intermediate point, between the

oversimplified approach of an arbitrary constant and the intractable complexity of actual

preferences.

It is indeed out of the scope of this work even pretend to propose an exact model for the

preferences with such complexity, and instead we take an approximation to the final stage

of the process only, where those existing preferences are shared and modified via social

interactions of a population. This component can actually be mathematically modeled and

integrated into the mechanism implementation, via opinion dynamics. This way, instead of

the valuation scalar αi from (3-2) there is a valuation magnitude function αi(t) that depends

on the opinion σi(t). Using the FJ model we can define scenario-based analysis for the

characterizing parameters of susceptibility, initial opinion (some initial preference already

formed when it is introduced into the model) and confidence in others’ opinion.

3.2.2 Load’s Technical Constraints

In the real world a user cannot deliberately modify her consumption and achieve any real-

valued magnitude, but she has to account for the specifics of each device’s operation, and may

only choose the usage periods or certain habits that condition devices’ energy consumption.
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For instance, if she wants to change her lighting consumption, her options are to replace the

bulbs themselves, or to change the time they are powered-on. Similarly, in most cases, the

decision goes to the usage time of the device, which should fulfill the preference discussed in

the previous section.

This can be captured in a finite-population model, where each user has a set of electric

devices, with specified power constraints, and available strategies for each user are regarding

to the usage during a certain period. Hence, if we consider hourly periods, her options will be

to use the device the whole hour, or only five or ten minutes (whichever her preferences are).

As it will be detailed in the next sections, for the population game it is presented a version

with a binary strategy set, where users only decide to use or not a device during a period,

and an extended strategy set version, where users may choose the proportion of each period

they use each device, as the binary set may be too restrictive if the period length is above

several minutes (the most likely case due to computational constraints in the simulations).

The aforementioned strategy selection also addresses the issue regarding temporal con-

straints, as all periods may be run in parallel, thus accounting for shared information between

periods in the model. Power constraints can be introduced in the definition of each device

features, hence guaranteeing that load changes made in the model can be actually accom-

plished in a real-life scenario.

Actually, allowable power changes of devices can be classified in three groups:

1. Device with binary states: on at nominal power, and off at zero (or stand-by) power.

e.g., a light bulb, a microwave oven, a TV.

2. Devices with several discrete power states: In this case there is some variable control

on the load, whether manual or automatic. Nominal power can admit discrete levels

as a fraction of the maximum power,e.g., blender machines, fridges.

3. Devices with a continuous range of power consumption: Between the maximum (nom-

inal) power there is a continuous range of power consumption, that depends on the

operating conditions of the load. Some of them can be manually controlled, e.g., a

stereo system, where one can change the energy demanded by adjusting the volume, or

automatically controlled, e.g., modern PC’s, where energy consumption depends pri-

marily on the microprocessor and graphics card load. The latter are the most difficult

to model, as the factors affecting load change are widely variant, and they are also not

controllable under DR programs unless a complex automation system is used.

The proposed model considers primarily devices of the first type, and approximates devices of

the other types as those with fixed power consumption. While the consideration of exact load
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types is possible and compatible with the general formulation, there is a trade-off between

model complexity and computation time which favors the simpler load’s model, as the model

core is the mechanism and not the devices’ modeling.

3.2.3 Binary Strategies Set

Initially, it is proposed a two-strategy set in order to implement possible choices of each user

regarding their consumption profile. Strategies are defined as to use or not to use a certain

device during a period. The advantages of this simplified decision set are that the model is

less complex, and also the evolution of overall population state is faster, as there is a 50/50

chances of choosing the strategy with higher payoff at random.

Let a population P be formed by a group of p users (households). Each user Pi has a set of N

electricity powered devices, and some usage preferences θi ∈ Θ for a number of consumption

periods T , that can be (or not) different for each user and each period. Preferences Θ are

related to a set of two strategies S = {0, 1} available to a user for each consumption period,

i.e., subject to consume the nominal power of the device, or switching it off3. Each user

tries to maximize her utility, and the interaction within the whole society can be stated

as a population game, where the fitness function for each user is her utility function, with

dynamics led by the pairwise logit protocol (as it guarantees stochastic stability if the game

is a potential game).

The utility function for each user i can be described as her benefit of using the electricity

minus its cost, U = v − c, letting the benefit of every user Pi be a valuation of the form

vni (θ, s, t) = αni (t)ϑni (θ, s), (3-9)

where the electricity valuation magnitude function

αni (t) = crσi(t), (3-10)

is modulated by user’s opinion σi(t), its magnitude is given by cr, an arbitrary factor related

to the rationing cost and the energy unit cost β(Q), and the valuation shape function

ϑni (θ, s) =

{
1, if s = θ,

0, otherwise.
(3-11)

Users opinion is modeled with the Friedkin-Johnsen (FJ) dynamics, as

σi(t+ 1) = (1− µi)σi(0) + µiAiiσi(t) + µi(1− Aii)
n∑
j=1

Aijσj(t); (3-12)

3And consume the energy amount associated with stand-by, or zero if the device is totally powered-off.
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where, for the individual i, the term σi(t) is the opinion at time t, µi the susceptibility to

change her initial opinion, Aii the self-confidence of the i − th person about a particular

issue, and Aij the credibility given by i to neighbors’ j opinion, contained in the weighted

adjacency matrix A of the graph, that is row stochastic with zero diagonal [Friedkin and

Johnsen, 1999]. The equation is the same from (2-17), presented again for ease of reading.

Thus, the Pi-th user values the resource if her consumption matches her preference regarding

device n, for a given period. This simple valuation form is possible because of the binary

strategy set S. As for the inclusion of the valuation magnitude described in Section 3.2.1, αni
represents the Pi-th user opinion regarding its subjective valuation. If the users payments

c(q,Q) = β(Q)qni are equal to the price paid for the energy (with β(Q) the unit cost that

depends on the total energy Q consumed in the population) multiplied by each device’s

energy use, qni ,then each individual utility is

Ui(θ, s, t) =
∑
n∈N

(αni ϑ
n
i − β(Q)qni ) , (3-13)

and the social welfare (benefit of the whole society) is the aggregated individual utility,

UP (θ, s, t) =
∑
i∈P

Ui(θ, s, t). (3-14)

This point reached, it is worth to clarify the notation used in variables related to the pop-

ulation game previously presented, such as the valuation αni . Unless otherwise specified,

the subscript indicates an specific consumer i, and the superscript n is a reference to the

device n used by consumer i. In order to avoid notation overload, when it is referred to the

whole devices set of a given user, the notation will simplify omitting the superscript, thus

the aforementioned valuation vector for user i would be: αi. When further generalization is

required and there is no ambiguity, also omitting the subscript index will signify the variable

matrix for the whole population. Thus, α is the valuation matrix for the whole population,

αi the valuation vector for user i, and αni refers to a single value for a specific device n

belonging to user i. This also applies to preferences θ, consumption q, among others.

As it can be seen in (3-13), the user’s profit depends on how she is following her own

consumption preferences, and its magnitude depends on the subjective valuation given to

the use of each device (such as TVs, AC units, PCs, among others). As user preferences

are private information, and as it was stated before, a user is not always fully aware of her

own preferences, the use of actual preferences from real-life users is not feasible. However,

assuming a range for this magnitude, it can be assumed that its minimum will be slightly

higher than the energy cost, and its maximum value will be several times higher. Thus,

population’s valuation is a real vector α ∈ [c < αmin, αmax] shaped by the users’ subjective

opinion. An estimation of this value can be made by means of econometrics; in Colombia,
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for instance, UPME calculates the monthly incremental rationing cost, which represents the

estimated profit loss when a certain percentage of demand cannot be fulfilled4. For the

domestic consumers it is estimated roughly as twice the energy unit cost. Energy valuation

also depends on user’s purchasing power, as discussed briefly in the application case of

Section 4.2.

Therefore, the proposed model fulfills the requirements stated at the beginning of the section,

with a valuation function that captures the essence of the actual valuation and constraints

in the allowable power allocations. However, it lacks of accuracy given a long enough period

selection, as in reality a user might use a device for a fraction of the period, and the extreme

options of using the device for a whole period or not using it at all are unnecessarily restric-

tive. As a solution for this inconvenience, it is proposed an adaptation which makes use of an

extended strategy set, composed of a set of discrete states in which a consumer could use the

device for each period. For instance, if S = 100 strategies are used, a certain device’s usage

during the period would be expressed as percent. The following section defines formally such

model.

3.2.4 Extended Strategies Set

Extended strategies set model is as follows: Let a population P be formed by a group of p

users (households). Each user Pi has a set of N electricity powered devices, and some usage

preferences θi ∈ Θ for a number of consumption periods T , that can be (or not) different for

each user and each period. Preferences Θ are related to a strategy set S = {s1, s2, ..., sp} for

each consumption period, associated with the proportion of the period that a user prefers to

use a device, i.e., subject to consume a specified amount of energy. The strategy vector of

a user has Ns strategies. Each user tries to maximize her utility, and the interaction within

the whole population can be stated as a population game, where the fitness function for each

user is her utility function, with dynamics led by the pairwise logit protocol.

Utility (payoff) function remains the same as (3-13), but the valuation function in (3-9) has

an exponential form given by the valuation shape function ϑ(θ, s), which is modified from

(3-11) to

ϑni (θni , s
n
i ) = exp

(
−|x

n
i (sni )− θni |

εi

)
, (3-15)

with a flexibility coefficient εi that represents the Pi-th consumers’ stiffness or inflexibility

when modifying their consumption patterns and xni means the state (related to consumption

4It can be viewed at http://www.upme.gov.co/CostosEnergia.asp

http://www.upme.gov.co/CostosEnergia.asp
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Figure 3-8: Example normalized payoff range for the available strategy set.

preferences) of user Pi due to the selected strategy si in regard to device n. The valuation

shape function ϑni (θ, s) signals if the Pi-th user consumption is according to her preference

for device n in a given period. The utility for each user-device combination has the form

shown in Figure 3-8, where the maximum surplus is obtained when the consumption matches

each user’s preference θni for the specific device. The total utility for each user is the sum of

utilities along her devices set

Ui(θi, si, t) =
∑
n∈N

αni (t) exp

(
−|x

n
i (sni )− θni |

εi

)
− β(Q)qni , (3-16)

where Q =
∑

i∈P qi is the total energy demanded by the population and qi is the energy

consumption of user Pi ∈ P for a period, meaning that the cost for user Pi depends on the

electricity usage of the whole population (through the electricity tariff). Consequently, the

social welfare in the population is still

UP (θ, s, t) =
∑
i∈P

Ui(θi, si, t), (3-17)

with the same general form shown in (3-14). Hence, the maximization problem solved for
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each period using and evolutionary approach can be stated as follows,

maximize
θ,s,q

UP (θ, s, t, Q) =
∑
i∈P

(∑
n∈N

αni (t)ϑni (θni , s
n
i )− β(Q)qni

)
subject to

qni ≥ 0,

Q =
∑
i∈P

qi,

αni (t) ∈ [β, αmax],

θni ∈ [0, 1],

sni = {1, . . . , Ns},
i = {1, . . . , P},
n = {1, . . . , N}.

(3-18)

In order to get an approximation to the user’s preferences θni , it is assumed that such prefer-

ences are embedded in the aggregated load profile for a user, and they can be extracted from

it via virtual demand disaggregation, as in the generation of high-resolution load profiles

shown in [Richardson et al., 2010, McKenna and Thomson, 2016]. Henceforth, the following

two assumptions are considered:

Assumption 1. For any given user, her consumption preferences make up her load profile

by aggregation.

Assumption 2. The subjective users’ valuation of energy consumption has a wide range of

variation, and is diffuse in nature. However, this range can be mapped to a closed numeric

interval, comparable as for simulation effects.

Assumption 1 allows to extract the user’s preferences from load profiles, that can be directly

measured with smart meters or virtually generated, in case there is no such information

available. Assumption 2 makes possible to propose opinion dynamics, modeling the evolution

in time of consumers’ subjective valuation of energy, if starting condition (initial valuation),

susceptibility and confidence (self and mutual) parameters are given, as required by the

Friedkin-Johnsen’s model to compute final users’ valuation state. The population game

used to implement (3-18) can run in parallel for each time period, until the population state

(the aggregated load profile) reaches a stable state.
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In summation, the new mechanism (with the notation presented in (2-3)) is

M2 =



P = {P1, ..., Pp}
Pp = {1, ..., N}
ΘNxPxT = {θni , σi(t)}
τ = {1, ...T} time periods

A = {a1, a2, ...} ∈ <T ,
∑

q∈a q ≤ Q

S = {s1, s2, ..., sn}
f : G =

{
UP (θ, s, t, Q) =

∑
i∈P
(∑

n∈N α
n
i (t)ϑni (θni , s

n
i )− β(Q)qni

)
, ρ(π)

}
c = −β(Q)qni

(3-19)

The selected revision protocol ρ(π) used to implement the evolutionary process from (3-19)

is the pairwise logit protocol, chosen instead of the full logit protocol shown in (2-15) due to

its lower computational requirements, as the reference is the sum of current and candidate

strategies and not the whole population, as required by (2-15). Pairwise logit protocol is

defined as

ρij(π) =
exp(η−1πj)

exp(η−1πi) + exp(η−1πj)
, (3-20)

where η is the noise level, and πi, πj are the payoffs for current and candidate strategies,

respectively. With the properly defined mechanism that leads the MAS system to behave as

its real-life counterpart, now incentives are introduced, in order to modify the population’s

behavior in regard to their electric energy consumption. Proposed opinion dynamics for σi(t)

use the FJ model, shown in (3-12).

3.3 Financial and Social Incentives

The most part of literature reviewed (see Section 2.6.1) proposed various alternatives for

financial incentives, applied to several models with different aggregation levels. As it has

been already discussed, implementation of financial incentives in order to modify load profiles

in domestic consumers may not have the desired efficacy, either due to their rejection of the

DR program or because of their low elasticity, where incentives are simply not enough to

drive a significant change. This section includes a simple financial incentive primarily used

in performance comparisons with presented social incentives.

Social incentives, on the other hand, rely on the user’s cooperation by engaging through a

non-monetary proposal, which if accepted by the interested users, may derive into a change in
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load profiles (and overall consumption) that requires a lower investment from the mechanism

designer. The acceptance degree of such incentive is also modeled using opinion dynamics (in

addition to the subjective valuation of consumption), integrated into the mechanism in (3-19)

as another dimension in the opinion vector, since both issues are discussed simultaneously

in the population. In this sense, sequential issues approach by [Mirtabatabaei et al., 2014]

is not useful, as it shapes self-confidence when users discuss several topics one over another.

The remainder of this section states the details of social incentives proposed, as well as the

mechanism variation including such incentives.

3.3.1 Financial Incentives

When users have a single peaked utility function, as described by (3-16), financial incentives

introduced in order to modify users’ energy consumption must give them a higher surplus,

for them to be willing to change their strategies shifting away from natural preferences.

Moreover, punishment(negative) incentives are not considered in the present work, as forced

changes are not desired unless there is a risk of outage or blackout. In this setting, financial

incentives Ii awarded to the i-th user must satisfy that

Ii ≥ Ui(θi, si, t), (3-21)

meaning that the incentives surplus is greater than the users’ utility when following their

preference. If we replace the utility Ui(θi, si, t) from (3-16) in the right side of (3-21), then

we have

Ii ≥
∑
n∈N

αni (t) exp

(
−|x

n
i (sni )− θni |

εi

)
− β(Q)qni . (3-22)

If the i-th user is already playing her best-response strategy, we can assume that her state

xi(si) = {x1i , x2i , ..., xni } will match her corresponding preference θi, hence, part of the term

inside the sum in (3-22) becomes

exp

(
−|x

n
i (sni )− θni |

εi

)
≈ 1.

This simplification implies that for each device of the Pi-th user,

Ini ≥ αni (t)− β(Q)qni . (3-23)

Therefore, if for instance a consumption decrease is desired, monetary incentives can be fixed

as

Ii = γqri , (3-24)
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where γ is the surplus of user i for consuming away from preference and qri her respective

decrease in energy consumption. In order to fulfill (3-23) so that a given user actually

switches her preference,

γ ≥ max(αni (t))− β(Q)qni . (3-25)

Hence, γ in (3-24) could be slightly larger than the energy cost, and depending on the

subjective energy valuation of the population, a specific choice of γ can affect more or

less individuals. Its exact value when the mechanism is implemented should be derived

empirically for each population under study and would also be constrained by the budget

limit of the designer. In the right side of (3-25), the variable γ could also have into account

the final value of the function αi(t) instead of its maximum value.

Financial incentives should also be time constrained, as usually we do not want to reduce

or increase consumption for all periods, but for those with certain characteristics, as pe-

riods with power peaks. Depending on the specific interests of the central organizer, the

periods qualifying for incentives can be set whether arbitrarily or as those exceeding certain

consumption levels.

Thus, the mechanism with financial incentives can be defined as:

MF =



P = {P1, ..., Pp}
Pp = {1, ..., N}
ΘNxPxT = {θni , σi(t)}
τ = {1, ...T} time periods

A = {a1, a2, ...} ∈ <T ,
∑

q∈a q ≤ Q

S = {s1, s2, ..., sn}
f : G = {UP (θ, s, t, Q), ρ(π)}
UP (θ, s, t, Q) =

∑
i∈P
(∑

n∈N α
n
i (t)ϑni (θni , s

n
i )− β(Q)qni + γqri

)
c = −β(Q)qni

(3-26)

It differs from (3-19) only in the definition of the payoff function f , which now includes

financial incentives.

3.3.2 Social Incentives

It is likely that domestic users not always consider worthy monetary (financial) incentives,

given their inherent low elasticity (only those with a very low valuation would be sensitive to
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feasible changes in price). The other possibility to change energy use is by changing the user’s

preferences 5 directly, so they would have maximum utility by realizing the new preferences.

If the initial belief(agreement) in regard to a certain DR program, non-monetary motivated,

is known, we can model its evolution using opinion dynamics, interpreting the result as a

probability of engage with the program and shift preferences accordingly.

Electricity supply is in most places (if not all) a public service, and therefore it must be

granted to all inhabitants. Hence, enforcing policies targeting consumption change or manda-

tory surcharges to higher consumption are not really a practical option. Besides, there is no

point in trying to reach an optimal use of the grid if consumers are not aware of it and will-

ing to collaborate. Tackling this issue, social network models come to action, as consumers

can be modeled as an information network of opinions that reflect users’ level of agreement

with a certain measure or policy targeting DR. Furthermore, the DR program proposed to

users can be not only the acceptance of financial incentives, but to include some policies

with an environmental or social background. This requires the participation of users by

modifying their consumption according to a reference signal, that should indicate whether

lower or higher consumption is required, and should be voluntarily followed appealing to

moral conscience and empathy from people.

In this way, social incentives are meant to represent the effectiveness of an external program

that grants some non-monetary benefit to consumers, if their preferences match with the

specified program that is being offered. If the user is pleased by the alternate program, then

she will be willing to respond favorably to an associated consumption signal, and increase

or decrease energy usage in certain periods.

With the use of opinion dynamics, i-th user opinion is associated with her probability of

agreement with the proposed demand response reference profile. This probability is also

related to the subjective user valuation given to the alternate benefit associated with the DR

program. In this sense, the choice C a user makes each time she has a revision opportunity,

regarding the adoption of the DR program can be modeled as a Bernoulli distributed random

variable,

C ∼ Be(σdr), (3-27)

with probability given by user’s opinion at the revision time, σdr. This way, the choice

captures the possible irrationality of a consumer who, even if is willing to collaborate, may

choose not to do it. If a user has decided to collaborate during an iteration, her preferences

will change accordingly to

θ
′

i = θ ± Cε; with θ
′

i ∈ [0, 1], (3-28)

5In order to change consumers’ behavior. A behavior-independent option is, for example, technological

change, that makes the same usage pattern (and users’ utility) less energy intensive.
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where if the user decides to engage the DR program, she will adapt her preference until she

reaches her flexibility limit, ε. This flexibility is part of the user’ preferences, and symbolizes

how much the user would adapt her preferences under the incentives program, without

sacrificing her natural valuation for the usage of a given device. Hence, the incentivized

utility function for every user i will be as (3-16) but with θ′ instead of θ,

US
i (θi, si, t) =

∑
n∈N

αni (t) exp

(
−|x

n
i (sni )− θ′n

i |
εi

)
− β(Q)qni . (3-29)

The social incentive can be defined indirectly as the difference between (3-29) and (3-16),

Isoc(θi, si, t) = US
i (θi, si, t)− Ui(θi, si, t). (3-30)

Maintaining the compact notation for the valuation shape from (3-15), considering the pref-

erence update due to social incentives, it now becomes

ϑ
′n
i (θni , s

n
i ) = exp

(
−|x

n
i (sni )− θ′n

i |
εi

)
, (3-31)

and the mechanism with social incentives is

MS =



P = {P1, ..., Pp}
Pp = {1, ..., N}
ΘNxPxT = {θni , σαi (t), σdri (t), ε}
τ = {1, ...T} time periods

A = {a1, a2, ...} ∈ <T ,
∑

q∈a q ≤ Q

S = {s1, s2, ..., sn},
f : G =

{
UP (θ, s, t, Q) =

∑
i∈P
(∑

n∈N α
n
i (t)ϑ

′n
i (θni , s

n
i )− β(Q)qni

)
, ρ(π)

}
c = −β(Q)qni ;

(3-32)

where the preferences set now includes the consumption preference θi, the flexibility param-

eter ε, and two opinions, namely σαi (t) that represents the subjective valuation and σdri (t),

that represents the probability of engagement to the DR program, as shown in (3-27). A

second revision is in the utility function, that now includes the incentivized preference, θ
′n
i .

The revision protocol ρ(π) is still the pairwise logit protocol shown in (3-20), and opinion

dynamics for σi(t) use the FJ model, shown in (3-12).

3.3.3 Mechanism Properties

The proposed mechanisms, both with and without incentives, have the following properties:
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• Incentive compatibility (strategy proofness), as it can be seen in Figure 3-8, the ex-

ponential utility function has a unique peak value for each given user and device

preference. Thus, the dominant strategy is the one which maximizes utility.

• Indirect revelation, as preferences remain private and only aggregate consumption is

spread. In this sense, although users’ preferences have several parameters, the commu-

nication requires only a one-dimensional message space for the aggregated consump-

tion.

• Contrary to the traditional approach, social choice does not need to decide from soci-

ety’s individual preferences, but states the total energy consumption associated with

the aggregated preferences. Each individual, however, chooses a unique allocation for

the usage time of every device in her set.

The mechanism has indeed to choose from an exclusive set of alternatives when viewed

by each user, as she has to choose the consumption duration for each device, excluding

every other possible option. In the whole society, however, individual users’ consump-

tion forms by aggregation the total energy consumption, and this process does not

imply the rejection of any alternative but arises naturally from the individual choices.

Either way, the global objective is satisfied if every consumer maximizes her individual

utility.

• Ex-post individual rationality, as by definition, every user is assumed to have positive

valuations for electricity usage. This property is guaranteed by the choice of the

valuation function. The practical consequence of individual rationality is that in the

worst case a user will win nothing by participating in the mechanism, and will not

have negative effects for not cooperating, apart from the lost opportunity of obtaining

a higher payoff.

3.4 Convergence and Equilibrium Analysis

In this section, the dynamic convergence is analyzed. There are two main scenarios that

have different convergence approaches: if the number of agents in the game is very large,

and can be approached to infinity, the process is characterized by the mean dynamic. On

the other hand, when there is a finite number of agents, the very long-time run behavior is

defined by its stochastic stability, that depends on the properties of the underlying Markov

process driving the evolution.
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3.4.1 Deterministic Dynamics Convergence

When the number of players N is increasingly large and a finite-time horizon is considered, as

[Sandholm, 2010b] precises, the stochastic process representing the agents evolution closely

follows a deterministic path, namely the mean dynamic. In this case, the mean dynamics

equations can predict accurately the behavior of the collective population, as the effects due

to a single agent are not significant given the total number of players.

Convergence and stability of the proposed model depend on convergence of the forming

dynamics, i.e., of opinion and population dynamics. In the general case, [Sandholm, 2010a]

explains that any dynamic has to fulfill two conditions that ensure long term stability for the

mean dynamic, namely Nash Stationarity–NS and Positive Correlation–PC. NS condition

requires the game’s Nash equilibria and the rest points of the dynamic to be coincident. This

implies that when the dynamic is in a rest point, the corresponding strategies played by every

agent report them the best possible payoff, and no one will have incentives to switch. On the

other hand, PC requires that the strategies’ growth rates are proportional to their payoffs,

thus leading the population to equilibrium.

Population dynamics using pairwise comparison revision protocol, as in (2-13), satisfy both

NS and PC, as shown by [Sandholm, 2010a]. While it has been proven by [Hart and Mas-

Colell, 2003] that no dynamic converges to equilibrium for every game, for the special cases

of potential and stable games it also converges to a stable state.

For the exponential decision protocol (3-20) used in the previous sections, which leads to

the mean dynamic given by the logit dynamic, the perturbation introduced into the model

makes it no compliant with NS and PC. However, if the noise level is small, [Hofbauer and

Sandholm, 2007] and [Hofbauer and Sandholm, 2002] have proven it converges to equilibrium

for potential, stable and supermodular games. As the present application to the demand

management problem proposes a utility function that fulfills the conditions to be a potential

game (shown in the next subsection for the finite-population case), the dynamic will be

stable.

Commonly studied evolutionary games usually assume an infinite-population setting, which

allows to average away the stochastic noise in the agent’s evolution, thus establishing a

deterministic behavior known as the mean dynamic. In the finite-population setting, the

agents’ evolution can be seen as a Markov process with a common jump rate between states,

and transition probabilities related to payoffs of the revision protocol in use.
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3.4.2 Stochastic Processes Convergence

On the other hand, when the population size is fixed in a finite not-so-big number, the

stochastic nature of the process dominates, and instead of the mean dynamic, the stationary

distribution gives the long term properties of the evolution process, as explained by [Wallace

and Young, 2015, Sandholm, 2015, Sandholm, 2010a], and [Sandholm, 2010b].

Finite-state Markov processes are characterized by their stationary distribution6 in very long

time spans. Particularly, if the process has the property of irreducibility, which means that

the process has non-zero probability for visiting any state and will visit all possible states

in finite time, then the stationary distribution is unique and does not depend on initial

conditions; if it fulfills the property of reversibility, then the stationary distribution adopts

a simpler form and its calculation becomes feasible for practical cases. Only two-strategy

games (under an arbitrary revision protocol) and potential games under exponential revision

protocols are known to be reversible [Sandholm, 2010b, Sandholm, 2015, Wallace and Young,

2015].

For the present demand management problem we can fix the revision protocol as logit or logit

pairwise as the game always has more than two strategies, but when only binary consumption

levels are considered, thus meeting the first condition for known reversibility. The other

condition needs to demonstrate that the game proposed is a potential game.

When the number of agents is small, usually the effect of a particular agent’s change of strat-

egy in the population state is not negligible; this is considered in the clever payoff [Sandholm,

2010b] evaluation, which has into account that the agent makes her comparison against the

modified population.

Proposition 2. The finite-population game with fitness function

F (Θ) = exp

(
−|∆θ|

ε

)
− βq

where θ, ε, q ∈ Θ is the matrix of preferences for the whole population, is a potential game.

Proof. A finite-population game is a potential game if there is a finite-potential function fN

such that for any agent i the payoff is defined by its discrete partial derivative[Sandholm,

2010b, §11.5] : FN
i (x) = fN(x) − fN(x − 1

N
xi), where x is the population state (strategy

distribution, for the case of heterogeneous agents). In order to avoid notation overload, we

6If a process is described by this distribution at one time, it will be described by the same distribution in

any other time [Sandholm, 2010b]
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denote as bold letters the matrix variables of the whole population, and with subscript i and

superscript n variables representing one device of a single user. If we make ∆θ = x − θ,

assume Θ is fixed for a given user, and F (Θ) = fN , we have that

FN
i (x) = exp

(
−|x− θ|

ε

)
− βq −

(
exp

(
−|x− θ|

ε

)
− βq − exp

(
−|x

n
i − θni |
ε

)
− βqni

)
= exp

(
−|x

n
i − θni |
ε

)
− βqni , (3-33)

thus the payoff variation matches exactly the change in the population state due to the

strategy revision, which is the requirement to be a finite-population potential game. �

As the proposed demand management game is a potential game with direct exponential

(logit) revision protocol, then the underlying Markov process has stochastic stability, with

stationary distribution [Sandholm, 2010b, §11.5,12.2]:

µNx =
1

KN

N !∏
k∈S

(Nxk)!
exp(η−1fN(x)), (3-34)

where KN is determined by the requirement that
∑

x∈XN

µNx = 1. Although (3-34) is not di-

rectly integrated into the mathematical model that is implemented and simulated in Matlab,

it guarantees stochastic stability to the population dynamic in use.

3.5 Users’ Profile Generation

In order to feed the mechanism implementation with the required information, users’ load

profiles are needed. The only available information regarding users’ consumption in Colombia

is the aggregated monthly consumption per user sorted by strata, and the consumption

approximate distribution across all strata registered by the network operator. Hence, an

algorithm for generating users’ profiles from the aggregated consumption needs to be used.

This algorithm should randomly generate a plausible profile, taking into account assumptions

about users’ electric devices and their consumption, usage patterns, and aggregated monthly

energy usage in such a manner that the profile meets the monthly consumption for a real-

world user.

[Richardson et al., 2010] and [McKenna and Thomson, 2016] have proposed high resolution

demand profiles, built using a bottom-up approach where a profile is reconstructed starting



64 3 Mechanism Design Applied to DR for Domestic Consumers

from the individual operation of each device in the household and that are later combined.

The resulting profile has minute-resolution, and for the newest versions of the model, include

both thermal and electrical energy consumption. This work has been developed at Lough-

borough University and can be found on the internet7. For the colombian case these profiles

have only partial validity, mainly because the non-stationary tropical weather present across

the territory.

More recently, [González et al., 2017] and [Moreno et al., 2017] have proposed an analogous

model where the minute-resolution load profile for a user is formed by the composition of

several devices’ profiles added up. Each device profile is generated as a stochastic process

with some assumptions about typical usage for characterizing the probability distribution,

and assumptions about nominal power, established in a way that the total energy for the

generated profile is in the expected range of measured consumption. In addition, their

model has the particularity of have been designed for colombian population use cases, thus

the aforementioned assumptions are specific for Colombia too.

Regarding the matter, [McLoughlin et al., 2010] have also proposed the generation of ran-

dom user’s load profiles using Markov chains, characterizing typical devices for Ireland, and

defining a transition probability matrix in order to reflex actual usage patterns. They found

that, while they could resemble with acceptable accuracy the total energy supplied, actual

time of consumption was not. As for the present case actual consumption times are not

known for real-life users, the accuracy level achieved in the generation with Markov chains

is acceptable.

Colombian population (including electricity consumers) is classified among 6 socioeconomic

strata (1 to 6) where users belonging to stratum 1, 2 and 3 have financial subsidies in the tar-

iff, and users in stratum 5 and 6 are billed with over costs which are used to subsidize former

users. Additionally, a typical consumer belonging to higher strata has higher income and

increased electricity consumption, even though higher percentiles of a low stratum overlaps

with lower percentiles of higher strata.

3.5.1 Model with Non-Stratified Population

Having all this into account, the approach to be followed in the present work is based in the

generation of high-resolution profiles developed by [González et al., 2017], where the devices’

pool for the generation of virtual load profiles along with the main assumptions regarding

7Centre for Renewable Energy Systems Technology (CREST) Demand Model, available on: http://www.

lboro.ac.uk/research/crest/demand-model/

http://www.lboro.ac.uk/research/crest/demand-model/
http://www.lboro.ac.uk/research/crest/demand-model/
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specifications, features, and usage are given in the following table.

Table 3-1: Devices and assumptions for generation of virtual load profiles

id Device Power Usage criterion

A Refrigerator 120 Working temperature, compressor working

time, number of door openings.

B Lighting 30 For bathrooms, number of uses (less than 10

min), other rooms, hours of use.

C Shower 3500 Min per each usage, number of uses.

D1, D2 TV 70 Hours of use.

E TV decoder 80 Hours of use.

F Iron 1100 Min per each usage, number of uses.

G Washing machine 400 Min per each usage (related to load type:

light or heavy), number of uses.

H PC 140 Hours of use. (with monitor)

J Laptop 60 Hours of use.

K Phone chargers 42 Use frequency and charging time.

L MW Oven 1250 Use frequency and cooking/heating time.

M Blender 400 Use frequency and blending time.

N Router 20 Time on (standard always on)

O Speakers 50 Hours of use.

The criteria shown in Table 3-1 are used as input for several stochastic processes that model

feasible individual consumption profiles, that are then aggregated into a user’s profile, that

corresponds roughly to the monthly consumption of Bogotá stratum 4 users.

For instance, Figure 3-9 shows the daily profile for a standard user in stratum 4, where the

different areas correspond to the individual devices’ contribution to the total consumption.

The highest peak corresponds to the electric water heating (shower) use. However, when the

aggregated mean behavior is observed, the average consumption per user (household) fades

the peaks, as shown in Figure 3-10. This behavior is in accord with the demand or diversity

factor used in electrical sizing calculations, which assumes that the total connected load will

not be used at the same time.
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Figure 3-9: Example daily profile for a stratum 4 user.
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Figure 3-10: Example daily profile for a stratum E4 user.
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3.5.2 Model with Stratified Population

In order to reflect the clustering due to the different strata in the multiagent system, the

approach presented above is adapted with an algorithm for generating different stratum-

dependent profiles. These are considered as Markov chains, as in [McLoughlin et al., 2010],

where they conclude that the method is useful for recreating overall energy consumption,

but somewhat inaccurate reflecting the exact behavior for individual devices. In the present

case, however, those inaccuracies are not of concern as the actual individual behavior is

not known. Taking as starting point a sample profile generated as in [González Vivas,

2017], which reflects approximately the behavior and consumption levels for stratum 4,

the algorithm uses maximum likelihood estimation8 to get an approximate guess for the

transmission and emission matrices of the underlying Markov process that generates the

profile, and are refined through several iterations until a maximum error tolerance threshold

is fulfilled. The process is assumed to have two states for each device (on-off) and the

transition probabilities related to the ON state are changed multiple times in small steps

until the mean consumption obtained with the modified Markov process reflects the known

average monthly consumption for a given stratum.

The following pseudo-code illustrates the algorithm, where TRANSref is the reference trans-

mission (T) matrix, TRANStry is the guess transmission matrix in the current iteration,

testEnergy are the energy consumption for test cases (where numTest = 500 or 1000 test

cases are generated) obtained with the guess T matrix and avgEnergy is the mean consump-

tion for the test vector. The variable goalEnergy is the reference consumption for a given

stratum, and if its difference from the mean test energy is less than certain tolerance coeffi-

cient tol, the current guess matrix is set as the adjusted transmission matrix TRANSadjusted

and stored as the final matrix for each stratum. The variable increaseCons is a boolean that

indicates if in the current iteration the matrix elements are increased or decreased, depend-

ing on avgEnergy. Each time increaseCons changes, the step variable delta becomes smaller,

in order to approach smoothly to the goal energy value.

8The default implementation provided in Matlab R© is used.
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Algorithm 1 Markov process for strata estimation

1: procedure matrixAdjust

2: top:

3: if t == 1 then TRANStry ← TRANSref

4: if stratum ≥ 4 then

5: increaseCons = True

6: if stratum ≤ 4 then

7: increaseCons = False

8: else change TRANStry by delta

9:

10: from i=1 to numTest

11: generate Markov chain with TRANStry

12: testEnergy(i) ← energy consumption for case i

13:

14: avgEnergy ← mean(testEnergy)

15: if abs(goalEnergy − avgEnergy) ≤ tol then

16: TRANSadjusted ← TRANStry

17: return TRANSadjusted and break

18: else

19: update increaseCons depending on goalEnergy, avgEnergy

20: t← t+ 1

21: go to: top

Then, with the transition and emission matrices for all strata available, the desired strata

distributed profiles are generated as input for the evolutionary model. This approach has

the limitation of requiring devices to be modeled with two-states discrete power levels, in

order to be appropriately reproduced with a two-state Markov chain.

3.6 Model Features and Limitations

While DSM problem has been treated with diverse methods and from different perspectives,

the MAS approach seems natural having into account the group and individual components

of a population of consumers in constant interaction among them. Moreover, concurrent

additional relationships in alternate spheres of society other than electricity consumption,

affect individual opinions that shape users’ behavior.

In the same manner, with the objective of including a wider range of incentives in the MAS
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model and the mechanism proposed, an information layer is added to account for users’

opinion regarding to their willingness to collaborate with an alternative DR program. This

layer is modeled using opinion dynamics, where agents interact and change their opinions

progressively in an evolution process until a final state is reached, given stability conditions.

For the proposed method, opinion dynamics is used to model both users’ subjective valuation

of energy consumption and their willingness to collaborate with DR programs when the

incentive has a non-monetary origin (social incentive), even if some level of investment is

required.

The DR problem is tackled with a mechanism that implements a social welfare function

where all the preferences are aggregated in a common preference that is reflected in the

aggregated electric energy consumption of the whole population. In this sense, it is different

from traditional mechanisms where the social choice leaves out all the alternatives but one,

as each individual choice implies a specific contribution to the total demand. There is a

choice among a set of alternatives, however, when each user decides when and how long she

will use her own devices.

For the sake of realism, the proposed mechanism maintains the current tariff structure used

in Colombia, where users are charged a certain amount of money for each unit of energy

consumed. For the sake of simplicity in the model, the tariff is assumed to be dependent on

the total energy generation plus a constant value per unit.

As the available load profiles have minute-resolution, but the MAS system cannot deal with

many agents’ preferences with their original resolution due to practical computational power,

the preferences are under-sampled keeping the total energy consumption with the desired

resolution, e.g., hours. This under-sampling has the drawback of ‘hiding’ information that

can be potentially necessary, as when power peaks are lost as they become distributed across

wider measurement intervals, then one can erroneously think that the actual power demanded

by the loads is lower than it actually is, and these peaks will not be available to demand

management programs if they are not appropriately reflected in the preferences. This is also

an issue in actual measurement devices, when the intervals are longer than 10-15 minutes,

as mentioned by [Battle, 2017]. In this sense, there is a trade-off between accuracy and

computational implementability, related to the detailed preferences (consumption profile)

and the required operations to manage the higher amounts of information.





4 Analysis and Results for the

Finite-Population Model

In order to avoid duplicate results in the simulations presented through this chapter, only

small-world network generation using WS model is considered. As mentioned in the previous

chapter, both WS and BA models offer similar benefits for modeling, but WS model gener-

ation in Matlab has slightly better performance. Other than this, the choice is arbitrary.

The first objective is to obtain a MAS model where the agents reflect real-life users’ behavior

in regard to energy consumption, without any type of incentives but the tariff cost. The

model calibration was done with the available monthly consumption for Bogotá per strata,

with the load profiles generated as shown in section 3.5. The use of virtual profiles is no criti-

cal as the mechanism is designed to work with a wide range of preferences as long as technical

constraints (feasible load changes) are fulfilled. However, the calibration provides enough

information so that the potential results obtained after applying incentives are significant,

when viewed from an aggregated system-wide perspective.

After this, an analysis with several incentives scenarios are presented, with a comparison of

the performance and energy savings potential for monetary and social incentives. The alter-

native case where DR programs are used to increase energy consumption is also discussed,

with the introduction of a new device whose adoption is modeled with opinion dynamics and

a binary choice. In this case, as the change in consumption only depends on the new device

and not in the actual profile of users, the evolutionary dynamics’ component of the general

model is not considered.

4.1 Monetary and Social Incentives

The case presented in this section was initially discussed by [Cortés Guzmán and Mojica-

Nava, 2017], in a paper product of the present thesis project. The following results are

extracted from that work. PDToolbox by [Barreto, 2014] was used as starting point, making
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modifications in order to enable finite-multipopulation revision protocols, the required utility

and fitness functions, and opinion dynamics into the model. The revised code is available

via GitHub1.

Running the game for a week with 6-hours periods2 with P = 40 agents, average weekly

consumption of approximately 70 kWh, and valuation factor cf = 73 the resulting power

allocation for the natural non-incentivized setting is shown in the next figure, where the close

resemblance to the original aggregated load profile achieved by the MAS is evident, though

they are not exactly the same, mainly because the stochastic nature of the finite-population

dynamic. Next, for the same population several scenarios are tested, for both financial and

social incentives.
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Figure 4-1: Reference (continuous dark line) and simulated (light dotted line) power allo-

cation for the 40 individuals’ population, modeled using Watts-Strogatz graph

model.

As it can be seen in Figure 4-1, the MAS closely resembles the actual aggregated load profile,

labeled as the reference. Figure 4-2 in following page pictures the opinion evolution related

to the electricity valuation where a broad range of valuations is captured, ranging from very

low values, slightly higher than the energy cost itself, to values several time higher. Users

with extreme opinions are assumed to be more stubborn, which causes their opinions to be

inflexible.

1https://github.com/macortesgu/PDToolbox_matlab
2For a real-world application case, shorter periods are recommended (5-15 min), as some short duration

details for load profiles and preferences are lost when using aggregation over long periods. However, for

the sake of simplicity and clarity the presented application case uses long periods.
3Means that the users value the used electricity at a maximum of 7 times its cost, β.

https://github.com/macortesgu/PDToolbox_matlab
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Figure 4-2: Users’ electricity valuation (opinion dynamics) evolution, described by (3-12).



74 4 Analysis and Results for the Finite-Population Model

Figures 4-3 and 4-4 in the next page represent how individuals reach a final opinion about

their collaboration in the DR program, being ‘0’ none cooperation, and ‘1’ full agreement

to the planner requests. The first case shows an optimistic scenario and the latter a more

real scenario, with overall low collaboration. The fitness evolution for one user in the case of

low collaboration, disaggregated for each of her devices can be seen in Figure 4-5, where the

step gains in fitness due to the incentive are clear for some of the devices. This fitness evo-

lution occurs during the dynamic for each consumer, and is related directly to the strategies

switching that produces the final power consumption in the society for each time period.

Social incentives are tested with flexibility ε = 0.3 for a low-collaboration case, reflected

in the willingness to adhere to the DR programs shown in Figure 4-3, a high-collaboration

optimistic case related to opinions in Figure 4-4 where almost everyone embraces the DR

program, and a third case where users have high-collaboration and higher flexibility ε = 0.6.

The resulting power consumption evolution for the population is presented in Figure 4-6. In

order to avoid cumbersome graphics, Figures 4-8 and 4-9 show the final power allocations

for different scenarios of monetary and non-monetary incentives with single markers for each

case. The light gray continuous curve resembles the reference load profile, except for the last

period, and it is provided with the objective of not losing sight of profiles’ shapes. It can

be seen the progressive power decrease when more users find the social incentive appealing

and decide to enroll in the DR program, but also longer times until stable state is reached.

Due to the changes in utility, the stochastic nature of the MAS is also more noticeable. For

the high-collaboration case, the power decrease is approximately 20%, and this could be

considered as the maximum shift potential given the user’s restrictions, as usually domestic

consumers are highly inelastic and inflexible. In Figure 4-8 it is shown that incentives were

applied in 11 of 28 periods, arbitrarily selected, and the respective power during each period.

Financial incentives are set for two cases with 26 of the 28 periods incentivized, with compen-

sation received by users equal to 2β and 3β respectively (β is the electricity unit price). The

corresponding power evolution for the population is shown in Figure 4-7 and the final power

allocation per period in Figure 4-9. The resulting reduction for the first case is roughly

comparable to the one with low-collaboration social incentives, but the investment needed

to fund incentives can be substantially higher. The case where I = 3β shows a decrease more

noticeable, where the collaborators are those whom value less their energy, and find higher

profit in the incentive than following their consumption preferences. However, if incentives

need to be higher than the electricity cost, in most cases it is no feasible that an interested

agent as the network operator finds profitable the implementation of financial incentives,

specially if its income is regulated and positive in the long term.
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Figure 4-3: Opinion dynamic for the low collaboration scenario. Described by (3-12).
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Figure 4-4: Opinion dynamic for optimistic collaboration scenario. Described by (3-12).
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Figure 4-5: Fitness evolution for User 1 during the last period, low-collaboration scenario

(opinion dynamics). Each line represents the fitness for each device the user has.
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Figure 4-6: Total power evolution for various social incentives scenarios.
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Figure 4-7: Total power evolution for various monetary incentives scenarios.
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Figure 4-8: Final power allocation at each period for the 40 individuals’ population, for

different social incentives scenarios.

0 5 10 15 20 25 30

Periods [360 min]

10

12

14

16

18

20

22

T
ot

al
 c

on
su

m
pt

io
n 

in
 th

e 
so

ci
et

y 
[k

W
]

Figure 4-9: Final power allocation at each period for the 40 individuals’ population, for

different financial incentives scenarios.
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4.2 Social Incentives for Consumption Increase

As mentioned in Section 3.3.2, social incentives would also be able to increase consumption

given an alternate program that users may find attractive. This section presents the main

results of [Cortés Guzmán et al., 2017] who propose such a program, which is based on the

social influence achieved by a seed group that receives subsidies from the mechanism designer,

used to acquire a new electric appliance. After receiving the new device, the seed group tries

to convince the rest of consumers to buy the device and thus lead to a consumption increase.

This section presents a mechanism with a two stage incentive used to increase electricity

consumption integrating a new device in the households. The first stage involves some

planner’ investments that subsidize the acquisition of a new device for a small group in the

population, named the seed group. The second stage considers the seed group influence

spreading through the rest of the population, represented as a social network. Depending on

the agents’ susceptibility to change their opinion toward buying the device and their financial

capacity that may constrain the buy, the planner should have some reasonable return on

investment and some additional profit provided by the consumption increase. Seed agents

are characterized with a high collaboration initial opinion and high stubbornness due to

subsidies, thus recommending its use during interaction with other agents.

The final decision C of acquiring the device made by each agent evolves according to an

opinion dynamic (FJ model), and is modeled as a binary random variable, constrained by

agents’ financial capacity I. This financial capacity is assumed to have lognormal distribution

according to the results of [Clementi and Gallegati, 2005], with parameters ( µlgn , σlgn ), and

represents the income’s level distribution through the population. Following the explanation

of [Crow and Shimizu, 1988] and [Johnson et al., 1994], the lognormal income curve can be

estimated using the GINI index4 and the average income in the population, with equations

Iavg = e µlgn+
1
2
σ2
lgn , and (4-1)

GINIlgn = erf
(σlgn

2

)
, (4-2)

that can be solved with numeric methods in order to get an approximate result. In (4-2),

erf is the error function. With a GINI index of 0.498, as it appears for Bogotá during 2015

in [ODE, 2016] and average income estimated in 1.37 SMMLV5 based on publicly available

online sources6, it is obtained the lognormal curve in the next figure.

4Used to measure the inequality in a region.
5Stands for the monthly minimum wage, from its original in Spanish Salario Mı́nimo Mensual Legal Vigente.
6DANE, Incomes and expenses in households. Available at http://www.dane.gov.co/index.php/

estadisticas-por-tema/pobreza-y-condiciones-de-vida/ingresos-y-gastos-de-los-hogares,

and the magazine survey at http://www.finanzaspersonales.co/trabajo-y-educacion/articulo/

cuanto-ganan-promedio-colombianos/48375.

http://www.dane.gov.co/index.php/estadisticas-por-tema/pobreza-y-condiciones-de-vida/ingresos-y-gastos-de-los-hogares
http://www.dane.gov.co/index.php/estadisticas-por-tema/pobreza-y-condiciones-de-vida/ingresos-y-gastos-de-los-hogares
http://www.finanzaspersonales.co/trabajo-y-educacion/articulo/cuanto-ganan-promedio-colombianos/48375
http://www.finanzaspersonales.co/trabajo-y-educacion/articulo/cuanto-ganan-promedio-colombianos/48375
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Figure 4-10: Lognormal PDF of the estimated income in Colombia, with µlgn = 0.5 y σlgn =

0.9494.

Each agent only enrolls to the program if she has made the decision of acquiring the device

and has the financial capacity Pc to afford the expenses G, such that

D = C ∧ Pc. (4-3)

The choice

C ∼ Be (σi) , (4-4)

is a Bernoulli distributed random variable(∼ Be) with probability given by the opinion σi
and the financial capacity is a binary variable

Pc =

{
1 if FII −G > 0,

0 otherwise,
(4-5)

where FI is an investment factor that represents the proportion of the monthly incomes that

an agent is willing to spent in the device and I is the monthly income from Figure 4-10.

Given the setting previously described, the mechanism can be established as

M =


A = {0, 1},
θ = σ (µ,W ) , and

D = C ∧ Pc,
(4-6)
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Tabla 1. Indicadores de influencia en el modelo utilizado. 

Indicador Definición 

Influencia (MI) 
1

𝑇
∑

𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑙𝑎𝑏𝑜𝑟𝑎𝑑𝑜𝑟𝑒𝑠

𝑁

𝑇

𝑖=1

Aptitud (MA)
1

𝑇
∑

𝑇𝑜𝑡𝑎𝑙 𝑒𝑙𝑒𝑔𝑖𝑏𝑙𝑒𝑠

𝑁

𝑇

𝑖=1

Influencia Restringida 

(MRI) 

1

𝑇
∑

𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑙𝑎𝑏𝑜𝑟𝑎𝑑𝑜𝑟𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑒𝑙𝑒𝑔𝑖𝑏𝑙𝑒𝑠

𝑇

𝑖=1

Fuente. Elaboración propia.

Figura 2. Valor de los indicadores de la tabla 1, que muestra el

efecto de la ubicación de los agentes semilla en la red. Fuente.

Elaboración propia. 

Teniendo en cuenta que la decisión final de los usuarios 

depende tanto de su capacidad financiera como de sus pa-

rámetros de influencia social, se realizó un barrido modi-

ficando el costo del equipo adicional que comprarían los

usuarios y el costo del consumo mensual de energía aso-

ciado a dicho aparato, para obtener un mapa que caracte-

riza la factibilidad de que con unos parámetros sociales 

particulares, sea viable la introducción de un nuevo dis-

positivo teniendo en cuenta una inversión inicial (equipos 

recibidos por los agentes semilla), y las ganancias oca-

sionadas por el consumo adicional de los usuarios que fi-

nalmente se acojan a la campaña. Un ejemplo de la red 

de interacción para 50 usuarios puede verse en la figura

3, donde el color de cada nodo indica su grado (cantidad 

de conexiones). La evolución para una de las iteraciones

se muestra en la figura 4, en la que se ve que los agentes

alcanzan un estado estable con rapidez, aproximada-

mente en 30 interacciones.

Las curvas de nivel resultantes del barrido pueden verse 

en la Fig. 5 donde las dos primeras líneas de contorno 

representan los límites de retorno de inversión (payback) 

de 5 y 10 meses respectivamente. La última línea amarilla 

comprende periodos de retorno superiores a 24 meses, 

que ya no serían atractivos financieramente. En este caso, 

si el consumo del nuevo dispositivo aporta $10000 COP

mensuales a la factura, la parte interesada solamente verá 

un retorno de inversión en 10 meses si el equipo cuesta

alrededor de $300.000 COP. Si el consumo se eleva a 

$50.000 COP mensuales, el subsidio podría aumentar a 

equipos que cuesten alrededor de $700.000 COP, punto 

en el cual podrían ubicarse algunos modelos de calenta-

dores de agua eléctricos. Las curvas mostradas dan una 

idea de los límites entre los cuales, para una población 

con las características descritas, sería rentable la aplica-

ción de un incentivo mixto basado en subsidios e influen-

cia social. 

Figura 3. Grafo de mundo pequeño tipo WS, representando 50 

agentes. Fuente. Elaboración propia. 

Figura 4. Evolución de la opinión para un caso con los pará-

metros descritos. Fuente. Elaboración propia.

5. RESPUESTA DE LA DEMANDA (RD)

El comportamiento de la demanda de energía y potencia

eléctrica está iniciando un proceso de activación, debido 

a la concientización de su propio consumo y por ende

convirtiéndose en un agente dinámico de la energía. Así 

se genera la necesidad de revisar cómo se ve afectado el 

comportamiento de la demanda una vez son incluidas 

programas de respuesta de la demanda. 
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Figure 4-11: Opinion evolution regarding the willingness to buy the new device for the test

case described.

with a binary strategy set A and preferences equal to the opinions, calculated as described

by (2-17). The allocation rule is formed by aggregation of the individual choices D made by

each consumer.

For a population of N = 50 users, the seed group was selected as 20 users and population

parameters as follows:

µ ∼ U (0.3, 0.9) ,

µseed ∼ U (0, 0.3) ,

Wij ∼ U (0, 1) ,

σ0 ∼ U (0, 0.8) ,

σ0,seed = 0.9.

The investment factor FI was assumed as 33%7. The seed group location had two scenarios,

where first it was placed as a cluster in the graph representing the network and later it was

7The selection of this value is arbitrary, having into account moderate expenditures, where users would not

contract debt nor would need to use several-month savings in order to purchase the device.
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randomly placed, in order to analyze the effect of the location in the influence exerted in the

rest of the population. In this way, results reflect the behavior of a group of conservative

consumers that only buy the device if the investment made does not affect in a significant

manner the household incomes. The opinion evolution of the population, related to their

willingness to buy the new device is shown in Figure 4-11.

First we want to know the population’s behavior regarding the effectiveness of the mechanism

that uses social influence starting from a subsidized seed. This was done with a Monte-Carlo

analysis with T = 500 iterations for several device’s cost alternatives. Influence indicators

presented in Table 4-1 were defined and calculated for each case and consider the proportion

of users accepting the DR program from total consumers or only those eligibles (with the

required financial capacity). The aptitude indicator depends on the income curve in Figure

4-10, and is not affected by the seed group location.

On the other hand, both influence and restricted influence indicators are affected by the

seed location, whether it is random or clustered, as shown in Figure 4-12. The notation

S.RND means random seed and S.GR means grouped. As it can be seen, both MI and MRI

indicators are higher for the clustered seed scenario, in about 10% when the new device is

cheaper. When the device cost arises, for MI the difference is almost constant, but for MRI it

decreases to 4% when the devices cost is around 900 000 COP. This difference may be due to

a higher stability in the seed group opinion when they are clustered, which in turn improves

their influence in the whole network. For test cases with different agents’ stubbornness, the

mean influence of the seed group will change accordingly, as modeled by the FJ dynamic.

Table 4-1: Influence indicators

Indicator Definition

Mean Influence (MI) 1
T

∑T
i=1

Total collaborators
N

Mean Aptitude (MA) 1
T

∑T
i=1

Total eligibles
N

Mean Restricted Influence (MRI) 1
T

∑T
i=1

Total collaborators
Total eligibles

The overall profit achievable with the mechanism can be estimated with a parametric sweep,

having into account that the final decision regarding the device’s purchase depends on their

financial capacity as well as the social influence parameters of the population. The analysis

carried out modified the cost of the device (that would be paid by the planner for the seed

group) and the value paid for the corresponding consumption increase (that would be the

profit seen by the designer), and the results are condensed in a map that characterizes the

feasibility of the introduction of a new device, given some particular social parameters and

the requirement of a profitable investment.
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Figure 4-12: Fitness evolution for User 1 during the last period, low-collaboration scenario.

Each line represents the fitness for each device the user has.

This feasibility is measured with the payback time, and is presented in the Figure 4-13 as

a contour plot, where the first two lines represent 5 and 10 months payback time, respec-

tively. The last (yellow) line represents payback time above 24 months, that would not be

financially attracting anymore. As it is shown, if the new device contributes with $ 10000

COP to the monthly bill, the investor will see a payback after 10 months if the device’s cost

is about $ 300.000 COP. If consumption is increased to $ 50.000 COP/month, subsidies can

cover devices costing up to $ 700.000 COP. This price tag covers several models of electric

water heaters. Overall, the presented contour curves give an approximate idea of the imple-

mentability limits (device cost and bill contribution) for the two stage incentives scheme for

the described population. The paper cited in the beginning of the section includes additional

details about the consumption increases with two specific devices: a video-games console and

a tank-less electric water heater. The console may achieve a 2.65% increase in the power

consumption of a typical stratum 4 user, while the latter device can achieve an average

increase about 7%, given the aforementioned moderate collaboration in the population.
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Figure 4-13: Payback periods (months), depending on the new device’s cost and the average

monthly increase in consumption.

4.3 Social Incentives in a Stratified Population

This section presents results obtained including users from different socioeconomic strata,

as described in Section 3.5.2, applying a generic social incentive that aims to reduce electric

energy consumption, and may achieve both low and high collaboration in the population.

There are two main cases: The first combines in halves consumers belonging to stratum

2 (S2) and stratum 5 (S5), where S5 consumers have higher average consumption than S2

consumers. In the second case, the population is formed by stratum 6 (S6) consumers, which

are those with the highest average consumption in the socioeconomic strata classification.

Even if S2 consumers have government electric energy subsidies, those are not taken into

account in the present cases, as the energy cost has no direct effect in the consumption

change due to social incentives, that is the one being analyzed.

For both cases, three scenarios are presented: The reference, where no incentives are applied,

a scenario with low collaboration achieved by the incentive, with final opinions comparable
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to those in Figure 4-3, and a scenario with high collaboration achieved, with final opinions

similar to those in Figure 4-4. Users’ elasticity related to their maximum preferences change

is also kept as ε = 0.3. The graph representing both 40-consumer populations is as shown

in Figure 4-14, based in the Watts-Strogatz model.
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Figure 4-14: Watts-Strogatz graph with 40 vertices (agents). Colorbar indicates vertex

degree.

The final consumption for each case-scenario combination and the energy savings achieved

are presented in Table 4-2. It can be seen that energy consumption reduction is lower com-

pared to the maximum achieved in the stratum 4 case, presented in 4.1, which is about

20%. However, the results among the different collaboration scenarios are similar, as ex-

pected, having into account that different strata implies changes in consumption profiles

and preferences, but the general model is the same.

A summary of results is presented through figures of the evolution of total energy consump-
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Table 4-2: Final consumption and achieved energy savings for the stratified population cases

Case Scenario Final Consumption [kW-period] Energy savings

Reference 17.15 –

mixed E2-E5 Low Collab 16.89 1.5%

High Collab 15.45 9.9%

Reference 29.25 –

E6 Low Collab 28.71 1.8%

High Collab 26.23 10.3%

tion in the population, and the final power allocation per period8. Also, Figure 4-15 shows

an example of the variability in the devices usage for the scenario of high collaboration and

S6 users. The figure shows the average power used by each device during a week, where each

group is a device and each bar within the group is a user.

In Figure 4-15 , the average power consumption is the power used by each device if it had

continued use, and gives an idea of the intensity of use in each household. Due to the low

use of some devices like the electric shower, in the resolution reduction of the consumption

information, i.e., passing from minute-resolution to 6h-resolution, the low usage is lost and it

appears to be as zero, because the usage time is less than 1% of the week, which is the limit

in the strategies used in the model, having into account the trade-off between computation

speed and accuracy.

The evolution of consumption shown in Figures 4-16 and 4-19 makes evident the difference

in consumption amount for each stratum, and the similarity in percent savings achieved, as

summarized in Table 4-2. While socieconomic stratification is widely used in Colombia, in

regards to energy consumption and consumers preferences this classification does not group

entirely different individuals, because of the consumption levels overlapping mentioned in

Section 3.5. Independent of the users stratification, the proposed model, where consumers

can have a wide range of consumption and preferences, can handle mixed strata populations

as long as power and devices operative constraints are fulfilled.

Figures 4-18 and 4-19 show the final power allocation during each period for both cases

simulated. It can be seen that during incentivized periods, consumption is decreased propor-

tionally to the willingness to collaborate of the users, regardless of the initial consumption

86h periods were simulated. This length was selected as a middle point between solution details and

computation time.
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Figure 4-15: Average power allocation per user per device, for the S6 case, high collaboration

scenario. Colorbar indicates the households.

value during the period. Due to the stochastic nature of the model, situations as the one in

period 23 of Figure 4-18 can occur, where the total consumption is higher when users are

more willing to collaborate, as the willingness to collaborate does not imply a consumption

change, but the probability of this change happening.

Even if the low collaboration cases shows an achievable consumption decrease as little as

1.5%, if it is possible to obtain a change of 1.5% in a realistic scenario and a large scale

deployment with a small investment, then social incentives could be worth implementing.
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Figure 4-16: Total power evolution for the case with mixed strata (S2 and S5).
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Figure 4-17: Total power evolution for the case with stratum S6 consumers.
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Figure 4-18: Final power allocation at each period for a 40 households’ population, for the

case with mixed strata (S2 and S5).
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Figure 4-19: Final power allocation at each period for a 40 households’ population, for the

case with stratum S6 consumers.





5 Conclusions and Future Work

5.1 Conclusions

Under some reasonable assumptions, it is possible to model electric energy demand side

of domestic consumers as a multiagent system, including the subjective factor of energy

valuation of the consumers within a population dynamic, where each agent tries to maximize

her utility.

An indirect revelation, incentive compatible mechanism for electricity demand management

has been proposed. The mechanism maximizes domestic users’ utility, achieved when their

consumption matches their private preferences. Financial and social incentives are also

proposed in order to change the total consumed energy, whether it may be as an increase

or a decrease for certain consumption periods. In order to validate the mechanism, it has

been proposed a MAS model of the users, that reproduce a given consumption profile in its

natural state, before applying the desired incentives that help to shift loads and lower peaks,

within the technical restrictions of the users and their devices. Another test scenario where

social incentives are used to increase consumption constrained by users’ purchasing power

capacity is also presented.

The proposed MAS is based on a finite population game and uses discrete energy levels that

reflect the actual characteristics of commonly used home appliances and devices. It also has

a fitness function that accounts for users subjective valuation of electricity, given the specific

device that uses the energy, obtaining a more realistic approach to the problem.

According to the proposed mechanism and the simulations executed, the use of monetary

incentives to alter domestic consumers’ behavior is only possible if the planner expects to

obtain a small change in the population, whose demand is mostly inflexible. This has its

origin in the valuation given by consumers to the specific activities developed with electricity

powered devices, rather than the electric energy itself. This valuation is usually several times

higher than the actual energy cost.
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Alternatively, social incentives’ effectiveness is based on an energy consumption change mo-

tivated by non-monetary interests of the agents, and will rely on finding alternate added

values that are significant to the population, or at least a part of it. Social incentives are

introduced into the model via opinion dynamics, assuming some starting conditions and

population parameters of influence. This approach allows us to include, at least to some

extent, the inherent subjectivity of every human-related activity.

Scenario-based predictions can be done by setting the opinion dynamics parameters with

some desired values, and watching the effect this opinion has in the electricity consumption

of users during a period, e.g. a week. The model also can handle information of users

with different socioeconomic strata, as this only implies a change in consumption and billed

energy, but keeps the same technical constraints for the devices.

The effective characterization of agents’ parameters modeled via opinion dynamics is still one

of the biggest difficulties in order to obtain accurate results and predictions. These param-

eters include also the purchase power of consumers, that will affect their energy valuation.

Alternatively, without knowing these parameters’ actual values, scenario-based analysis al-

lows to make predictions with a range of extreme cases between which would be any actual

result, having into account the stubbornness and confidence of agents in the population.

A two-stage incentive, as the one used to increase electricity consumption in section 4.2, may

have higher performance when the seed is grouped, because the formed cluster with similar

opinion has a greater influence in the rest of the population. Simulation analysis shows that

the scheme can be up to 10 % more efficient.

5.2 Future Work

The proposed finite-population model can be generalized if the number of devices N is high

enough for each consumer, and if the combination of devices consumption can produce a

set of states, such that, the individual contribution of any device for a given period can be

seen as homogeneous. If these conditions are met, we can approximate the finite-population

model (finite number of devices for each consumer) as an infinite-population model, where

individual preferences for every device are aggregated in an unique preference for the user, for

each consumption period. This model would have as advantage the decreased computational

load required to compute the results, thus enabling simulations for a higher number of

consumers. On the other hand, the generalization would come at a cost perceived as accuracy

losses.
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Another possible extension of the work is the proposition of additional social incentives, with

added complexities that may allow the mechanism to enforce collaboration. For instance,

social incentives could have a linked factor, that would compensate with higher benefits if

more users decide to collaborate, and penalize only a few are willing to help.

Finally, the precise effect of the network characteristics as the type of random network used

in the model or the stubborn/prominent agents has yet to be determined, as well as further

adjustments that contrast predictions obtained with the simulations and real-world scale

deployment of incentives.
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eléctrica. 69

[Bergemann and Pavan, 2015] Bergemann, D. and Pavan, A. (2015). Introduction to Sym-

posium on Dynamic Contracts and Mechanism Design. Journal of Economic Theory,

159:679–701. 8, 28

http://barabasi.com/networksciencebook/
http://barabasi.com/networksciencebook/
https://github.com/carlobar/PDToolbox_matlab
https://github.com/carlobar/PDToolbox_matlab


96 Bibliography

[Börgers, 2015] Börgers, T. (2015). An introduction to the theory of mechanism design,

volume 1. Oxford University Press, New York, NY. 8

[Bullo, 2017] Bullo, F. (2017). Lectures on Network Systems. Version 0.95. With contribu-

tions by J. Cortes, F. Dorfler, and S. Martinez. 5

[Chen et al., 2012] Chen, J., Yang, B., and Guan, X. (2012). Optimal demand response

scheduling with stackelberg game approach under load uncertainty for smart grid. In Smart

Grid Communications (SmartGridComm), 2012 IEEE Third International Conference on,

pages 546–551. 31

[CIGRE, 2014] CIGRE (2014). Capacity of Distribution Feeders for Hosting DER. Working

Group C6.24. 33

[Clementi and Gallegati, 2005] Clementi, F. and Gallegati, M. (2005). Pareto’s Law of In-

come Distribution: Evidence for Germany, the United Kingdom, and the United States. In

Chatterjee, A., Yarlagadda, S., and Chakrabarti, B. K., editors, Econophysics of Wealth

Distributions: Econophys-Kolkata I, pages 3–14. Springer Milan, Milano. 79

[Cortés Guzmán and Mojica-Nava, 2015] Cortés Guzmán, M. A. and Mojica-Nava, E.

(2015). Mechanism design for demand with stratified population overview. Sim-

posio Internacional sobre la Calidad de la Enerǵıa Eléctrica - SICEL. Avail-
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Observatorio de Desarrollo Económico–ODE. Retrieved on 2016-04-14. [Online]. Avail-

able: http://observatorio.desarrolloeconomico.gov.co/base/lectorpublic.php?

id=838. 79
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[Prettejohn et al., 2011] Prettejohn, B. J., Berryman, M. J., and McDonnell, M. D. (2011).

Methods for generating complex networks with selected structural properties for simula-

tions: a review and tutorial for neuroscientists. Frontiers in computational neuroscience,

5:11. 5, 21

http://observatorio.desarrolloeconomico.gov.co/base/lectorpublic.php?id=838
http://observatorio.desarrolloeconomico.gov.co/base/lectorpublic.php?id=838


Bibliography 101

[Proskurnikov and Tempo, 2017] Proskurnikov, A. V. and Tempo, R. (2017). A tutorial on

modeling and analysis of dynamic social networks. part i. Annual Reviews in Control,

pages –. 5, 21

[Richardson et al., 2010] Richardson, I., Thomson, M., Infield, D., and Clifford, C. (2010).

Domestic electricity use: A high-resolution energy demand model. Energy and Buildings,

42(10):1878–1887. 54, 63

[Rovers et al., 2011] Rovers, K. C., Kuper, J., and Smit, G. J. (2011). The problem with

time in mixed continuous/discrete time modelling. ACM SIGBED Review, 8(2):27–30. 36

[Samad et al., 2016] Samad, T., Koch, E., and Stluka, P. (2016). Automated Demand Re-

sponse for Smart Buildings and Microgrids: The State of the Practice and Research

Challenges. Proceedings of the IEEE, 104(4):726–744. 24, 25, 35

[Sandholm, 2010a] Sandholm, W. H. (2010a). Pairwise comparison dynamics and evolution-

ary foundations for nash equilibrium. Games, 1(1):3–17. 61, 62

[Sandholm, 2010b] Sandholm, W. H. (2010b). Population games and evolutionary dynamics.

Economic learning and social evolution. Cambridge, Mass. MIT Press. 5, 13, 14, 15, 16,

38, 48, 61, 62, 63

[Sandholm, 2015] Sandholm, W. H. (2015). Population Games and Deterministic Evolu-

tionary Dynamics. In Handbook of Game Theory with Economic Applications, volume 4,

pages 703–778. Elsevier. 5, 62

[UPME, 2016] UPME (2016). Proyección de la demanda de enerǵıa eléctrica y potencia
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