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1 Abstract 

This abstract is written in Spanish for academic reasons. 

Lo primero que debemos tener claro antes de empezar, es qué son realmente las 

Smart Grids. En un contexto global, la idea detrás de las Smart Grids es la integración 

dinámica de los conocimientos tradicionales sobre ingeniería eléctrica y los últimos 

avances en el mundo de la tecnología, con el principal objetivo de conseguir un uso más 

eficiente y racional de la energía.  

Al fin y al cabo, es lógico que los últimos avances en computación y software sean 

aplicados para mejorar y optimizar los procesos de un sector tan importante como es el 

energético. Esto, combinado con el carácter liberal de los mercados energéticos 

occidentales, hacen que, una vez que los individuos son dotados de las herramientas 

necesarias para controlar y comprender sus hábitos de consumo, la situación se 

convierta en un gran “juego”, donde la perfección no sólo reside en optimizar los 

procesos internos, sino también en comprender los efectos del resto. 

Por lo tanto, es aquí donde entra la Teoría de Juegos: para tomar la mejor 

decisión como agente dentro de una red determinada, no sólo debo tener en cuenta mis 

propias características internas sino también las características de los demás jugadores 

de la red, ya que el precio de la electricidad depende del conjunto de decisiones tomadas 

por todos los jugadores. Esta información no está disponible para cualquiera, por lo que 

el camino hacia el éxito pasa por comprender los razonamientos de los demás para 

predecir sus decisiones. Entender esto, es comprender la razón de la importancia que 

ha cobrado la Teoría de Juegos en los últimos avances en Smart Grid. 

Sin embargo, para llegar a esta situación, primero debemos dotar a cada jugador 

de nuestra red de un razonamiento que le lleve hacia un objetivo claro. Ese 

razonamiento sale de un método de optimización aplicado al problema energético 

conocido como Unit Commitment. Si imaginamos a los jugadores como si fuesen 

urbanizaciones, donde varias actividades consumen energía a distintos ritmos y donde 

esa demanda de energía puede ser cubierta por autoconsumo, por compra de la red o 

por una combinación de ambas, la función objetivo tendería a buscar un valor mínimo 

para la factura eléctrica al final del día. 

Llegar hasta este punto acaparará la primera parte de nuestro trabajo. Para 

poder empezar simular un caso real de interacción entre jugadores en una Smart Grid, 

primero debemos desarrollar las partes que definen el problema de optimización de 

cada jugador. Aquí entran la demanda de energía y la producción, principalmente. Si 

asumimos que cada turno o iteración del juego dura un día, para poder desarrollar la 

estrategia que voy a seguir el día siguiente como jugador, debo ser capaz de predecir en 

cierta medida cómo va a ser mi demanda y producción a lo largo del día siguiente.  

Generalmente, en este tipo de problemas se trabaja con fórmulas analíticas, ya 

que optimizar suele acarrear derivar en algún momento, sin embargo, a la hora de 

desarrollar los algoritmos de predicción para producción y demanda, nos hemos 
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decantado por usar valores discretos. Esto se debe a que Red Eléctrica Española (Red 

Eléctrica Española, n.d.) ofrece en su base de datos información actualizada de la 

demanda y producción en la península para cada intervalo de 10 minutos. Este hecho, 

junto con el uso de una hoja de cálculo como Excel, hace que podamos trabajar con 144 

intervalos de tiempo diarios que nos hagan olvidar que estamos trabajando con valores 

discretos. 

Lógicamente, no 

vamos a trabajar con agentes 

del tamaño de los datos que 

maneja REE, así que lo que 

nos interesa de ellos es la 

evolución de la curva. Para la 

demanda, REE ofrece la 

demanda total nacional, por 

lo que estamos tratando con 

una mezcla real de diferentes 

hábitos de consumo, como la 

industria o el consumo 

doméstico, como podemos ver en la imagen. Para la producción, REE ofrece también los 

datos de la evolución de la producción para cada uno de los recursos a lo largo del día, 

información que posee como regulador de mercado que es.  

Sin embargo, aquí se nos presenta una oportunidad para indagar en una 

tecnología muy interesante y con un futuro prometedor y sostenible: la energía solar 

fotovoltaica. En este trabajo consideraremos la producción fotovoltaica como único 

método de generación eléctrica para los jugadores. Con ello, uno de los objetivos 

principales de este trabajo no es sólo mostrar visiblemente los resultados de diferentes 

simulaciones de un modelo de red, sino también, con ello demostrar que un modelo de 

autoconsumo basado en la producción de energía fotovoltaica puede resultar rentable 

incluso para un caso real de un modelo de red. 

Recogiendo los datos de demanda y producción FV de los últimos meses y 

adaptando proporcionalmente sus valores para una unidad de consumo unitario y para 

la radiación solar por unidad de superficie respectivamente, podemos finalmente 

desarrollar los algoritmos de predicción que necesitamos, y con ello, seguir definiendo 

nuestro problema de optimización. 

Sin embargo, es aquí cuando surge un problema importante. El único ingrediente 

que falta para definir el problema completamente es el precio de la electricidad en la 

red, pero ningún jugador puede anticiparlo ya que su valor depende de la demanda 

agregada de todos los jugadores. Es por ello que aquí es donde entra la solución 

propuesta por Teoría de Juegos: no podemos conocer la demanda total en ningún 

momento, pero si cada día comparto con uno o más jugadores mi idea de cuánto es la 

demanda total y ellos hacen lo mismo, después de varios días mis sospechas sobre la 

demanda total se acercarán mucho a la realidad. 
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A esto se le conoce 

como algoritmo síncrono, 

ya que promueve la 

comunicación aleatoria 

entre jugadores para 

tiempos marcados, como 

se muestra en la imagen. 

Por lo tanto, podemos 

suponer que cada jugador, para los primeros días, sus estrategias para el día siguiente a 

menudo no serán muy acertadas, ya que no tiene manera de predecir correctamente la 

demanda total, y por lo tanto el precio.  

Sin embargo, a medida que pasa el tiempo, su intuición irá mejorando al 

comunicarse con sus vecinos hasta que llegará un momento en que siempre tomará la 

decisión óptima dentro de sus posibilidades. Si cada jugador dentro de la Smart Grid es 

capaz de llegar a esta situación y permanecer ahí, se dice que el juego ha entrado en un 

equilibro de Nash, donde nadie obtiene beneficio en cambiar de decisión. 

Ahora bien, hemos dicho que el juego cobra sentido cuando el jugador comienza 

su búsqueda de la demanda total para lograr predecir como evolucionará el precio a lo 

largo del día siguiente. Sin embargo, si la demanda de electricidad consumida de la red 

para cada momento es resultado de la demanda total del jugador menos su producción 

FV, ahí no hay ninguna decisión que tomar, y por lo tanto, no hay utilidad en predecir el 

precio unitario del mercado. 

Esto se debe a que, para el modelo de red que hemos desarrollado, los únicos 

agentes que “juegan”, es decir, que pueden tomar decisiones, son aquellos para los que, 

en algún momento del día, la producción supera a la demanda. Esto implica que hay un 

exceso de producción y que, por lo tanto, se requieren baterías para almacenar dicha 

energía, que, si no, se perdería. Esta energía almacenada luego puede ser utilizada 

cuando la producción no alcanza a abastecer la demanda (por la noche), y por lo tanto, 

es aquí donde entra la decisión. 

Supongamos que imponemos la condición de que las baterías mantengan su 

mismo estado de carga al principio y al final del día, para que no se vacíen después de 

varias semanas. Eso significa, que la batería sólo podrá aportar por la noche lo que haya 

recibido por el día (multiplicado por un factor de pérdida). Por lo tanto, aquí tampoco 

hay decisión posible: al principio del día, con nuestras predicciones, sabemos cuál es la 

demanda total, qué parte va a ser cubierta por las baterías y que el resto será comprado 

de la red.  

Sin embargo, donde sí hay juego, es en qué momento del día compramos esa 

energía. Si con el algoritmo síncrono podemos predecir en qué momento del día la 

energía será más barata, compraremos en ese momento más energía de la red y 

suministraremos de las baterías cuando sea más cara. En la próxima imagen vemos esto 

mismo representado: 
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 Si la demanda está representada por la curva azul y la producción por la naranja, 

la diferencia entre ambas es la demanda efectiva de energía para cada intervalo. Los 

datos están en potencia, por lo que lo que el área morada es la demanda efectiva de 

energía para todo el día. Por la misma lógica, el área verde (por factor de pérdida) es lo 

que carga las baterías, y como hemos dicho antes, también el aporte de las baterías a la 

demanda durante ese día. Eso hace que la diferencia entre morado y verde sea la 

energía total comprada a la red para todo el día, lo que no está escrito es cuándo y es 

ahí donde reside el juego. 

Ahora que todos los agentes están dotados de las herramientas y razonamientos 

que les convierten en jugadores inteligentes, es cuando podemos empezar a generar 

modelos de Smart Grids con diferentes características y observar cómo se comportan 

con el tiempo. Nuestros modelos siempre van a ser de cuatro jugadores, un número 

reducido, pero donde ya puede haber suficientes interacciones para hacer el juego 

interesante; y además, ofrecemos diferentes posibilidades de comportamiento de la 

demanda. 

 Como hemos dicho antes, los datos de demanda que ofrece REE son de una 

mezcla nacional heterogénea de muchos hábitos diferentes de consumo. La demanda 

de una planta industrial es probable que se mantenga más o menos constante durante 

el tiempo ya que muchos de los procesos también producen durante la noche, sin 

embargo, el consumo doméstico varía mucho durante el transcurso del día, 

experimentando varías horas pico y valle.  

Estos comportamientos también tienen un efecto importante en las decisiones 

de los jugadores que los poseen, por lo que también hemos considerado en nuestra red 

la posibilidad de los dos extremos: jugadores formados exclusivamente por consumo 

industrial o por consumo doméstico. A continuación, mostramos un ejemplo de modelo 

de red para una simulación de tipo industrial, donde todos los jugadores tienen el mismo 

tamaño de consumo, pero diferente tamaño de instalación fotovoltaica. K1 y K2 son los 

parámetros de la ecuación que define el precio. La tabla muestra las características de 

cada jugador, y la gráfica, las curvas de la demanda del jugador 3 para el primer día. 
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 Como podemos ver, la curva azul representa la demanda efectiva, es decir la 

diferencia entre demanda y producción, del jugador 3 para las características indicadas. 

La línea es horizontal porque la demanda es constante de origen industrial, sin embargo, 

en cuanto sale el Sol, esta empieza a bajar hasta que se queda a cero y vemos como de 

fondo, la batería se va cargando. Cuando la línea verde es positiva, la batería se descarga 

y al final del día, está en el mismo estado que al principio. Este es sólo un ejemplo de los 

infinitos análisis que se pueden hacer de infinitos modelos diferentes de Smart Grid. 

Por último, queda el análisis económico. El objetivo de nuestros algoritmos era, 

para una instalación fija, intentar reducir la factura de la electricidad de red lo máximo 

posible. Sin embrago, ahora tenemos la oportunidad de analizar la rentabilidad del 

proyecto entero, con una vista a 20 años, que es considerada como la vida media de una 

instalación fotovoltaica.  

Desgajando los costes en factura eléctrica, coste de baterías y coste de paneles 

FV, podemos comparar entre los cuatros proyectos y ver en la última fila quién sale 

ganando. Como anticipamos antes, una motivación adicional para este análisis es 

demostrar la rentabilidad de muchos sistemas de autoconsumo, como en este ejemplo: 
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2 Presentation 

2.1  Introduction 

To start with, we should make clear what Smart Grids actually are. In a global 

context, the background idea of Smart Grids can be defined as the dynamic integration 

of the actual knowledge on electrical engineering (generation, transmission and 

distribution) and energy storage, and the advances made over the last decades in 

information and communication technologies and other algorithms; with the main 

objective of making a more efficient and rational use of electricity. 

In a world controlled by powerful software in alost all its aspects, it seems logical 

to apply this knowledge to regulate one of the main pillars of our society: the use of 

electrical energy for most of our daily tasks. This importance explains the huge amount 

of scientific work dedicated to this area during the last decades, all working on different 

solutions to mitigate the losses and improve the control over the different steps in 

energy usage, from its production until its final purpose. 

After all, it seems logical that, as soon as algorithms and the most recent 

software advances are applied to this sector, we suddenly receive the computing power 

and tools to improve every aspect and optimize every step and process in our system.  

This, combined with the fact that most of the western energy markets are composed by 

many different agents with their own characteristics and interests, turns the whole 

situation into a “big game”, where not only we, as single agents, need to perfection and 

understand our own internal processes, but also to get to know and predict as well as 

possible the rest of the agent´s decisions with the reduced amount of information we 

may have. 

This whole new situation resembles somehow what many of us understand as 

board games: the path of one of the players´ success lays on perfectly understanding 

the opponent´s ways of thinking, formed by their previous decisions, and casting a well-

thought next move based on them. Based on this, it is easy to understand why Game 

Theory has played a fundamental role in many of the latest advances regarding 

optimization processes, some of which are part of what is understood as the Smart Grid 

Problem. Understanding the link between these two concepts will be essential to realize 

what our motivation for this thesis will be. 
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2.2  Motivation 

Being Smart Grids, a very well-studied topic during the last years, it has not been 

easy to find a path of study where I could deepen enough without being redundant and 

“crashing” into someone else´s work. Even game-theoretic applications on this topic are 

quite easy to find. In this case, our motivation will be to get useful information out of 

these Smart Grids, by applying to the interactions between the different agents taking 

part in the grid, what is known as Game Theory.  

In addition to that, watching the agents as self-deciding entities, who can make 

their own decisions and are moved by their own specific interests, translates this whole 

study also into an optimization problem of the grid. This vision of Smart Grids as big 

networks formed by smaller independent agents, and the attempts of solving them by 

using optimization theories is known as the Unit Commitment problem.  

This however means, that before actually starting to apply game-theoretic 

solutions to the optimization problem at stake, there is a lot of work to be done on the 

development of this problem and its features. Optimization problems mainly consist on 

objective functions that are to be minimized under certain constraints, and if we imagine 

our grid to be formed by a bunch of neighbourhoods who consume energy at different 

paces and some of which are even able to produce this energy for themselves instead 

of buying it from the external network, first we need to understand these behaviours 

before we start designing solutions. We also opted to stand out for photovoltaic energy 

and consider this renewable energy source as a legitimate way to encourage self- 

consumption by proving its profitability. 

Therefore, if our goal is to define and observe the strategies followed by the 

agents in our self-designed Smart Grid, first we need to follow a series of steps to get 

where we want to, presented here as the main objectives for this Bachelor Thesis: 

• Create our own Smart Grid model, together with the agents who take part in it, 

and define their main features. 

• Develop the strategies for the players to follow as part of the UC problem, and 

understand the main ingredients of its optimization method. 

• Define prediction methods for both energy demand and production, as they are 

the main actors in the balance of the agent’s decisions. 

• Explore into Game Theory to find a response to the communication faculties the 

agents possess and try to take advantages out of this 

• Establish the ground rules of the Smart Grid’s interactions, and observe the 

results of our work as the game develops 

• Prove that self-consumption by PV production can be a profitable alternative in 

a realistic energy network 
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3 Unit Commitment 

3.1  Overview 

Before we start deepening into the Game Theoretic problem-solving methods 

we just introduced, it seems logical to first present the problem which needs to be 

solved and its environment. For Smart Grids, the optimization problem we are referring 

to is known as the “Unit Commitment problem” (UC), and is deeply explained in 

(Tahanan, van Ackooij , Frangioni, & Lacalandra, 2015). 

For starters, we can read at the beginning of the paper mentioned above what is 

understood as the Unit Commitment problem, and what we will take as a basis from 

where we will develop our grid system: „The Unit Commitment problem in energy 

management aims at finding the optimal production schedule of a set of generation units 

while meeting various system-wide constraints “.  

As we said, this will be the main idea behind our self-designed grid. In our system, 

different individual agents will coexist in a connected electrical network like any other 

and will consume a certain amount of energy at a certain pace depending on their 

internal activities and characteristics. Of course, to be able to fulfil this need, they will 

have to decide between different possibilities on how to collect this energy. They can 

produce the energy themselves, buy it from a centralized market, or even trade it with 

fellow neighbours, obtaining for each of the agents the most interesting decision set, 

the one that requires at the end of the day the lowest bill.  

This is just an initial and simple approach on what our model will later become, 

but accurate enough so that we can already point out some characteristics which may 

influence the optimization problem to be solved. To start with, we now introduce what 

is known as the uncertain Unit Commitment Problem. 

Just as we explained before, this area of study is crucial for today´s society, and 

a proof of it is the enormous amount of scientific literature devoted to this problem in 

the last decades. But this UC problem is also far from being solved, and the paper 

(Tahanan, van Ackooij , Frangioni, & Lacalandra, 2015) and (Ye & Hu, 2016) provides two 

main reasons to explain this. On the one hand, we have a constant progress in 

mathematical optimization methods, which evolves into novel methodological 

approaches that improve the performances of existing ones, thereby allowing to tackle 

previously unsolvable problems. We are not focusing much on this aspect. 

On the other hand, we have a large variety of different versions of UC 

corresponding to the disparate characteristics of electrical systems worldwide. For 

example, we can focus on the ways of energy consumption the agents may have (regular 

households, street lights, industrial processes…), on the nature of the energy exchange 

market each grid might have (free market vs. centralized), or even the sources the 

energy is taken from.  
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This creates an almost infinite number of possible grids, which requires 

consequently, countless UC problems that need to be solved for each individual grid and 

that until now cannot be generalized because of the multiple particularities each of the 

systems have. 

Nevertheless, most of the solutions provided for the Unit Commitment problem 

are large scale, non-convex, as they were dealing with a deterministic and somehow 

ideal version of the problem, where almost all of the grid’s characteristics, though very 

varied as we explained before, are mostly predictable. However, now that renewable 

energies have taken an increasing importance in both today´s energy mix and self-

supplying production, the UC problem cannot be longer considered deterministic, as 

most of the renewable energy sources (solar energy, wind energy, waves e.g.) are in 

great measure, unpredictable. 

 This turns our initial Unit Commitment problem into a new “uncertain” UC-

problem (UUC), even more challenging to solve, where considering and trying to 

anticipate the uncertainty in some of the system variables becomes crucial when solving 

the optimization problem.  

 

3.2  Optimization Problem 

Now that it is clear what kind of UC problem we are dealing with, it´s time to 

focus on the optimization problem. Like any other, this consists in minimizing or 

maximizing a certain objective function, while fulfilling some system-wide constraints, 

which in mathematical terms, has the following generalized structure: 

min/max {  f(x): x ∈ X1 ∩ X2 }   [1] 

 

where f(x) is the objective function (minimal costs, fulfil demand, maximize benefits...) 

that needs to be maximized/minimized; and X the constraints in the shape of two 

different sets of values: X1 modelling all technical/operational constraints of the 

individual units and X2 being the system-wide constraints, affecting all the units at the 

same time. Adjusting our parameters to these constraints at all time, both locally and 

globally, will be essential if we want our model to be valid, as we will later notice. 

 Of course, in formula [1] we represent the most general version of the problem. 

If we want to get more into detail, we need to specify more i.e. describe more closely 

the type of grids we are going to be working with from now on. In order to simplify 

things, we can already mention that we are going to work with grids formed by a low 

number of agents (or microgrids) who are able to produce energy, trade it with other 

grids or a central market (more details on this later) and consume it at a certain rate.  

An easy example to illustrate this would be imagining each of the agents to be a 

certain neighbourhood: formed by different households and stores, who consume 

energy at different speeds and some of which are even able to produce energy (e.g. solar 
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panels on the roofs, wind energy, coal burning etc), this agent as a whole is able to trade 

energy with other neighbourhoods or purchase extra energy from the energy market in 

case the produced energy at a certain time frame is not enough to fulfil the current 

energy demand.  

Now that we used the term “time frame”, it is also worth mentioning the reason 

why we decided to split time into these limited frames. Because this energy problem, as 

we mentioned before, is considered to be uncertain, we can never truly trust our 

predictions and purchase directly at the start of the day the amount of energy we think 

we will need. Instead, we will have to update our information “live”, and so our demand, 

to adjust ourselves better to reality. However, we cannot make a varying bid to the 

markets every second, so we need to find a balance in between that we will later define 

as we work on the numbers. 

Taking this into account and now that we have more information of our future 

grid, it makes sense to use a certain index code to measure the time and agent variation 

of the different variables in use. This way, if x is the decision-making vector, then x can 

be indexed according to both the generating unit or game agent i and the time instant t 

it refers to.  

𝑥𝑖
𝑡 𝜖𝑅 𝑛 where   𝑖𝜖𝑁 ,  𝑡𝜖𝑇   [2] 

Thus, one speaks of the sub vectors 𝑥𝑡 for all decisions belonging to time t and/or 

𝑥𝑖  of all decisions belonging to agent i. Because UC is usually a short or mid-term model, 

where we don´t want to extend the calculations infinitely, the normal size of T would 

vary from a couple of dozens up to two or three hundred short t time frames. 

The importance of time t for our work is not related to the optimization methods 

we´re working with right now, where it is expendable; but with our future intentions on 

applying Game Theory to our results. Though we will work more deeply on this later, we 

should already mention that, like on any other game, every time frame t will be like a 

turn, where each of the players makes a decision, applies it, receives a result (not only 

depending on their own decisions, but also on the rest), and gets a conclusion out of it 

for the next round. 

Knowing this, and elaborating the example given before, we´ll give now a more 

specific example, taken from, on how the optimization problem would look like when 

applied to a typical Smart Grid optimization application: 

 

minimize ∑ (𝑐𝑖𝑡(𝑔𝑖𝑡) − 𝑝𝑡(s̅𝑡)𝑠𝑖𝑡)𝑇
𝑡=1     [3] 

subject to  ∑ 𝑔𝑖𝑡
𝑇
𝑡=1 ≥ ∑ 𝑠𝑖𝑡

𝑇
𝑡=1  

𝑔𝑖𝑡 , 𝑠𝑖𝑡 ≥ 0  𝑔𝑖𝑡 ≥ 𝑐𝑎𝑝𝑖𝑡  t =  1, … , T 
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In this case, we define agent i’s production and sales at time t by 𝑔𝑖𝑡 and 𝑠𝑖𝑡 

respectively, while its cost of production at time t is defined by 𝑐𝑖𝑡(𝑔𝑖𝑡). Consequently, 

energy sold by firm i at time t generates a revenue 𝑝𝑡(s̅𝑡)𝑠𝑖𝑡 where 𝑝𝑡(s̅𝑡) denotes the 

sales price at time t and s̅𝑡 =∑ 𝑠𝑖𝑡
𝑁
𝑖=1  represents the aggregate sales at time t. Finally, 

firm i’s production at time t is capacitated by 𝑐𝑎𝑝𝑖𝑡. 

This example is still not the exact problem we´ll be working with, but it´s similar 

enough as it contains some of the particular elements that we will later introduce into 

our grid; and it is also one of the most generalist available Smart Grid optimization 

examples we can find. Also, it is the example they use in (Koshal, Nedi´, & Shanbhag, 

2016) to explain the different iteration methods for equilibrium computation, so we´ll 

come back to it later. 

  After this brief explanation on optimization problems, it´s easy to understand 

that the next step of our work will be to develop both objective function and constraints 

for our different practical applications, so we can define a broad and complete 

optimization problem to be later solved.  

 As we just mentioned, in this section we will try to define, one by one, the 

variables that are necessary to develop a trust-worthy objective function that we can 

use for our later attempts on using Game Theory. Nevertheless, because of this being 

an uncertain UC problem, where many of the system’s variables are not fully 

predictable, this task will be far from being easy as we need to find a compromise 

between searching for an as accurate as possible result and trying to keep things simple, 

so the end result can be well analysed and easy to understand.  

 

4 Energy Demand 

4.1  Overview 

By looking at the hints we already left on how our grid can be defined and the 

example problem shown above in formula [3] it is easy to think one of the values that 

needs to be calculated and be part of our future equation is the energy demand, i.e. the 

energy that each of the agents will require per time frame to fully function. This amount 

of energy will vary depending on each of the agents and their characteristics (e.g. size, 

number of households, industry type…), and on time frame we are working at (day/night 

time, season, weekends…). 

 Other possible variables may have also made an appearance in this energy 

consumption function, but as we mentioned, we want to keep the number of variables 

low, because the more of them we have, the more accurate the result will be, but also, 

the more difficult the future results’ analysis will become.  

 Coming to this point, a decisive obstacle showed up. Not only introducing extra 

variables would increase the computation effort for optimizing the whole thing, but 

even more, it would increase tremendously the difficulty of our task when applying the 
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results to our aggregative game formulas later. In addition to that, trying to translate 

the typical energy demand variations during an average day into an analytic function, to 

then predict a new curve for the next day turned out to be really hard, and again, 

implementing the result into the next aggregative game formula, even harder. 

 These reasons, combined with the loads of energy consumption data available 

on different Internet sites made me change directions at this point, and decide to work 

from then on with discrete values, taking the prediction task from previous discrete 

values and not from a predicted continuous function. Of course, this solution is only 

acceptable if the discrete values are close enough in time from each other so that no big 

variations in between can occur.  

Luckily, the data contained in Red Eléctrica Española (REE) (Red Eléctrica 

Española, n.d.), the Spanish electricity market regulator, displays its data every ten 

minutes, an optimal time extension between values that allows us to obtain a rich 

variation of data through the day just like we wanted. This combined with any of the 

calculation spreadsheet programs available nowadays would be enough for our 

purposes, now and in further chapters. In my case, I used Excel from Microsoft Office.  

 

4.2  Red Eléctrica Española  

 Red Eléctrica Española (Red Eléctrica Española, n.d.), translated into English as 

Spanish Electric Network, is since 1985, the first company in the world exclusively 

involved in electric system operation and transport. Their main function is to 

guarantee the safe and continuous supply of electricity throughout Spain and to 

develop a reliable transport network to support social progress, what makes them a 

transmission system operator (TSO) in a typical liberalized electricity market, as we´ll 

see later on. 

 Apart from our main purpose of collecting data from there, this institution’s 

webpage has some information regarding network management that is also worth to be 

mentioned in this work. As we know, one of the characteristics of electrical energy, at 

least nowadays, is that it cannot be stored in large quantities. This means that for the 

correct functioning of the electricity systems, in this case, nationwide, the amount of 

energy generated by the power stations must be almost exactly the same as that being 

consumed at the exact moment when it is being demanded. In other words, a constant 

balance between generation and real-time demand must be kept to avoid unbalances 

which could turn into frequency deviations away from the nominal value of 50 Hz. 

That´s why one of the roles of Red Eléctrica, as a system operator, consists on 

ensuring this balance in the Spanish electricity system. To this end, it produces the 

electricity demand forecasts, oversees the operation of the generation facilities and 

manages the transmission facilities in real-time, constantly ensuring that scheduled 

generation in power stations matches consumer demand. Should a difference arise 

between the two, it sends the appropriate instructions to the power stations to increase 
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or reduce their electricity production in such a way that it ensures the safety margins 

necessary to face possible unexpected losses in generation or changes in scheduled 

consumption. 

This last paragraph is key for our work later, as we expect every agent in our grid 

to carry the same responsibility in their own processes, and to follow the same steps as 

mentioned above. It is crucial that we understand that whilst we apply optimization and 

then Game Theory to optimize or reduce a certain value, these results are then applied 

to a forecast we previously made of the next iteration. This obviously implies, that the 

forecasts, even after optimizing, don´t usually match the real values, so it´s also 

important to check at real time if they do and adjust to the differences. To sum it up, 

the process would be:  

1. Forecasting the values for the next iteration 

2. Apply on them our results obtained from optimizing and GT 

3. Check if forecasted and real values match, and then adjust 

This whole process is well shown on their data base (Red Eléctrica Española - 

Datos en tiempo real, n.d.), where you can choose among a lot of options and display 

modes to get the data shown. REE operates mainly in the Spanish Peninsula, but also on 

the different Balearic and Canary Islands, having individual data available for each one 

of them. Logically, in our case we will take the data from the Spanish Peninsula, as some 

other further data will be taken from Madrid, where I originally come from. 

What we will see in (figure1) is a graphical representation of what we mentioned 

above, in this case for the Spanish Peninsula on 01/11/2018. Before every day, REE 

makes a forecast of the average total expected power demand in the Spanish peninsula 

for every time frame of 10 minutes (MW), based on historical electricity consumption 

data from similar periods and adjusting it by using a series of factors which influence 

consumption, such as working and seasonal patterns, and economic activity. This 

forecast is represented by the green curve. Just like them, we will also develop our own 

algorithm based on previous results to try to forecast as well as possible the energy 

demand for each of the time frames in our grid. 

The hourly operating schedule (stepped red line) shows the scheduled 

production of the generating units which have been given the responsibility of supplying 

the electricity required to meet the forecasted demand. The yellow curve shows the 

instantaneous value of electricity demand. The values for each of the curves displayed 

above, correspond to the instant values at 13:20. 

It is also interesting to point out that, by awarding these production 

responsibilities to the different generating units all along the country, the REE has a total 

influence on the country’s energy mix (Red Eléctrica Española, n.d.), which indicates the 

combination and proportion of the different energy-production sources for the energy 

demand at a certain time. This also means they have it forecasted and registered on 

their database at every time and is represented as well on their webpage.  
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Figure 1: Electricity demand real-time tracking. Spanish Peninsula 01.11.2018 (Red Eléctrica 
Española - Datos en tiempo real, n.d.) 

What we show next is the energy production mix for the same day. Every colour 

represents a different energy source, and thanks to this we can clearly see how the 

production of this source evolves during the day. We can also see listed on the left the 

power generation of each one of the sources and their respective percentage from the 

total for a certain time frame, 8.00 for figure 2 and 15:00 for figure 3. It´s easy to guess 

that the sum of all the colours should always match the yellow curve from figure 1. It is 

also interesting to see how certain generation units keep their production almost 

constant through the whole day (mainly non-renewable), while others vary a lot (mostly 

renewable), coming back again to the “uncertainty” of our problem. 

Another interesting fact here are the international and balear links that appear 

on the left in both images as an energy resource. International electricity 

interconnections, and in this case also the link with the Balearic Islands, are the set of 

lines and substations that allow the exchange of energy between neighbouring countries 

and usually generate several advantages among those connected grids. The main 

advantage is the contribution to the security and continuity of the electricity supply in 

the interconnected systems; thanks to the energy exchanges applied when necessary. 

Interconnections are the most significant instant backup for security of supply. As a 

result, we can see on the graphs that those are the only values that may turn negative 

during the day, what means that our system would in this case be giving out energy 

through these links instead of receiving it. 
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Figure 2: Generation mix. Spanish Peninsula 01.11.2018 8.00 (Red Eléctrica Española - Datos en 
tiempo real, n.d.) 

 

Figure 3: Generation mix. Spanish Peninsula 01.11.2018 15.00 (Red Eléctrica Española - Datos 
en tiempo real, n.d.) 

Other advantages are related to the higher efficiency of the interconnected 

systems. With the capacity that is not being used in lines and that is not destined for 

security of supply, commercial electricity exchanges are established daily taking 

advantage of the differences in energy prices between interconnected electricity 

systems. These exchanges allow the use of more efficient technologies for electricity 

generation, making it possible for energy to be transported from where it is cheaper to 

where it is more expensive, achieving a more competitive market model where, 

consequently, the energy prices would also be likely to decrease.  

However, despite these advantages, Spain is still considered to be a so called 

“electrical island”. The Spanish electricity system is interconnected with the Portuguese 
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system, with the North African system through Morocco and with the Central European 

electricity system, through the French border. The European Union recommended in 

2002 that all Member States should achieve in 2020 a minimum of a 10% 

interconnection ratio, this being the sum of import capacity versus installed generation 

capacity, with the aim to eliminate isolated systems, facilitate mutual support and 

promote a unified electricity market. Currently, Spain’s interconnection ratio is under 

5% figure 4, which is still far below the recommended target, so we can still be 

considered as an electrical island. 

 

Figure 4: European interconnexion ratio (import capacity / net generation capacity) (Red 
Eléctrica Española, n.d.) 

The strengthening of these interconnections has become for a reason one of the 

top priorities in the coming years for the correct development of the transmission grid. 

Also, translating this into in our case, the possibility of the different agents in our game 

to trade energy with their neighbours only increases their options on optimizing 

successfully their processes.  

 

4.3  ISO New England 

 Also, worth mentioning is the webpage from another both transmission system 

and market operator, in this case located in New England (north-eastern US) called ISO 

(ISO New England, n.d.). Both REE and ISO’s webpages have in common a well-presented 

database with multiple graphs in which they display demand rates and production 

schedules both forecasted and real-time. The fact that I finally chose to work with REE 

is only because their data was easily transferable to Excel with the 10-minute time 

frames, and because I thought that living in Spain would help me get more quality 

information from the values I´d be working with, as I would understand them better. 

 However, ISO offers a forecast REE does not. Because of New England being 

formed by six independent US states (Maine, Vermont, New Hampshire, Massachusetts, 

Rhode Island, and Connecticut), with their own market-regulated prices, ISO not only 

shows the prices per energy unit live for each of the states, but also forecasts them for 
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the next two days (figure 5). This not only requires forecasting consumption and 

production for the future, but also predicting their neighbour´s actions (New York State, 

Canada) in the upcoming days, as they have a big influence on the New England market 

through the already mentioned interconnections. We now show an LMP (Locational 

Marginal Price) map, with day-ahead market predictions for each of the states 

(Massachusetts is split in three) and for the different interconnection links. 

  

Figure 5: Day ahead LMP Map for 02/11/2018 (ISO New England, n.d.) 

Understanding this, is understanding the reason why we introduce Game Theory 

into our Smart Grid problem. If we want to optimize to the maximum our internal grids 

as individual agents, we need to predict as good as we can the price of the energy we´ll 

be buying and its evolution during time. This price doesn’t only depend on our demand, 

but also on our neighbours’, and this is when game-theoretic solutions on aggregative 

games will make an appearance. 

 

4.4  Demand Data 

 After this introduction of two different system operators and their activities, it’s 

time to work on our own demand prediction for our grid. As we announced before, we 

will be forming our demand prediction out of previous discrete values, so first of all we 

need to collect these and adapt them to our system requirements if necessary.  

 We also mentioned we would gather the demand data we need from the REE 

database, specifically from the values used to draw the graph on figure 1. These values 

can also be displayed on a chart, downloaded and translated in to an excel sheet, giving 

us for a certain day, a value for each of the three variables (real, forecasted and 

programmed) every ten minutes.  For our prediction task, we are only interested now in 
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the real value (yellow curve), that represents a real time tracking of the total demanded 

electric power in the Spanish Peninsula.  

 The day I started collecting demand data from REE was the 17th of October, so I 

decided this would be the point from where I would stop collecting real energy demand 

values and start predicting them on my own for the grid model. In the next chapter 

(Demand Prediction) we will explain more in detail the prediction procedures applied, 

but it needs to be said that this algorithm determines how much previous data needs to 

be collected to make a good forecast, and in this case, we thought gathering data from 

the previous month would be enough, i.e. starting from September 17th.  

 As we mentioned before, the energy demand in our system could vary depending 

for example, on each of the agents and their characteristics (e.g. size, number of 

households, industry type…), or on the time frame we are working at (day/night time, 

season, weekends…). To define these variations, we decided that the agents’ 

characteristics would only be assigned at the end, when defining the whole system and 

its layout, just before running the final simulation and getting the results. This way, we 

can easily change the parameters of the players (household number, industry size…) and 

directly see their influence on the end results, what makes it easy to compare and to 

take conclusions. 

 However, the time variations will be tracked in this chapter. What we want is, by 

combining the previously collected data wisely, to be able to predict for a certain date 

and time frame (10 minutes), the value of the energy demand per consuming unit. Then, 

as we explained, by multiplying this by the agent’s size and characteristics, we´ll have 

the complete demand prediction for a concrete agent at a concrete time. This way, if we 

want to make a demand prediction for a whole day, we need to run an algorithm for 

each one of the 144 time slots that make the 24 hours and get this way 144 different 

forecasted demands for that day. 

 We said that time influence on the demand could take many shapes, but we can 

all agree that the hour of the day must play an important role. If we think about an 

average household for example, it’s needless to say that the energy consumption 

fluctuates a lot during the day: during the night the consumption is almost inexistent 

(valley hours), while in the morning or in the evening, when everybody is home, the 

consumption goes to a maximum (peak hours) (figure 8). That’s why, if we want to 

predict with accuracy the 144 time-frame values, we’ll need to collect also those 144 

from previous days. This is the reason why we had to get full-day (144 times) real 

demands for the 30 days our observation would last. It is indeed a lot of data to handle, 

but luckily, we have Excel. In figure 6 and figure 7 we show a screenshot from the Excel 

sheet where we collected the demand values starting September 17th. 

 Something that also needs to be explained is why the total peninsular demand 

would be a good approach to estimate the demand for our grid. Of course, the size needs 

to be adapted as we´ll obviously work with smaller grids, but what makes it interesting 

is the shape. The REE demand curve gathers the sum of the electric power demands of 
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whole Spain, and therefore, represents accurately what the average consumption in 

Spain looks like, combining the consumption of all the imaginable sectors existing 

nationwide and their particularities. If we imagine our microgrids or agents to be formed 

by a realistic blend of different energy-consuming activities, this would be a perfect 

source to get our data from. 

 

 

Figure 6: Excel Demand Data 1 

 

Figure 7: Excel Demand Data 2 

 

 However, if we wanted to organize these infinite number of different power 

demanding entities inside our grids under some certain consumption habits, we could 

differentiate three different patterns. First, industry, where energy consumption 

remains more or less constant throughout the day, as a lot of processes need to keep 

running during the night to be profitable. Second, services, like shops or public buildings, 

who adapt themselves a bit more to the human daily rhythm; and third, households, 

with strong variable consumption habits throughout the day.  

We can see this distribution and habits illustrated on the next graph (figure 8), 

showing also its share of the total country´s instant demand, displayed in MW. Please 

note residencial corresponds to household consumption, horas valle are valley hours 

and horas punta, peak hours. 
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Figure 8: Daily average electric power demand distribution in Spain 

 It´s also interesting to see the proportions displayed on the graph, which are 

similar to what actually happens in reality. In Spain about 20% of total daily demand 

corresponds to domestic consumption, information we will use later on to shape our 

forecasts. We can also notice that the ordinates in the graphs we have shown until now 

correspond to electric power (MW), which means, as we already know, that for 

calculating the energy equivalent we need to integrate, or what is the same, calculate 

the area contained under our curve by applying:  
 

𝑃(𝑊) =
𝑑𝑊(𝐽)

𝑑𝑡
, 𝑊(𝐽) = ∫ 𝑃(𝑊)𝑑𝑡  [4] 

Same happens with the data contained in the Excel sheets (figure 6 and figure 7): 

we have instant power values for each of the time frames but no energy value. However, 

to calculate it, because they are discrete values, no integration would be needed, just 

multiplying the power by the time our 10-minute frames include (in seconds!). Here 

comes the interesting part. From (Red Eléctrica Española, n.d.) we can obtain the 

average daily energy consumption for a regular household for the months of September 

and October. We just mentioned, household consumption represents 20% of the total 

consumption, so if we want our microgrids to follow the realistic consumption habits we 

already mentioned, we just have to multiply by five. 

On the other hand, if we calculate the average of our recorded power demand 

data which goes from September 17th to October 16th, we would then have the average 

daily curve for these months, and multiplying by (24*3600) seconds, the daily total 

energy consumed in our country on average in these months. Just by comparing both 

results, we would have the relation between total energy consumed in a day in the 
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Spanish Peninsula an in a hypothetical grid with one house. Multiplying every single data 

cell on our Excel demand sheet by this relation would transform our values from REE 

Spanish Peninsula-wide power demand into a regular one-household grid daily power 

demand curve for the months of September/October, but maintaining the same curve 

shape and proportions, just like we intended. The calculations are shown on figure 9. 

Both average curves are shown in figure 10 and figure 11. 

 

Figure 9: Excel Demand Data Calculations 

 

Figure 10: Average daily power demand Sep/Oct 2018, Spanish Peninsula 

 

Figure 11: Average power demand curve for a regular consumption unit in our grid 
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4.5  Demand Prediction 

 Before we start our prediction task, it´s extremely important we understand that 

from now on, the power demand data we will be working and operating with is no longer 

the downloaded REE values corresponding to the whole Spanish network demand. After 

the transformation carried out in the last chapter, the power demand values correspond 

now to the instant demand of a particular agent in our grid containing just one 

household, where this household’s daily consumption equals always 20% of the total 

consumption of the agent at the end of the day. 

 To start with, we first must mention we will carry out two types of demand 

predictions in this chapter: day-ahead predictions, and loose predictions. Day-ahead 

predictions will be used for our usual optimization and game theoretic purposes and are 

also the most accurate; while the loose ones don´t require the existence of real data 

from the days before, but therefore they are less accurate.  

 We will start with the day-ahead prediction, which is also on which we will focus 

the most. To develop the algorithm this method will be based on, we need to go back a 

little and remember which time-related parameters we suspected had an influence on 

the energy demand. Trying to understand and quantify this influence will help us define 

with precision our algorithm. Daily hour was the first and most important one, but with 

our current excel data display, this can be easily fixed: to forecast the demand for a 

certain time frame, we should only use data from previous days but belonging to the 

exact same hour, which in our Excel sheet means the same row. 

 Another parameter that could likely influence our demand is the time of the year 

we’re at, as the seasons may condition our consuming habits during the day, but for the 

day ahead prediction, it´s unlikely this can affect our results. However, the weekday has 

proven to be something that can change drastically the demand curve throughout the 

week. Industry consume might remain constant, and even domestic as well, but many 

services for example, drop their activity during weekends and this is a big effect to be 

considered.  

 Finally, there may be holidays, extremely cold or hot weather periods that may 

also have a big and unpredictable impact on the demand, so the only way we could think 

about to mitigate these drastic changes was to introduce many different values into our 

algorithm. All in all, the result we applied in Excel for the day ahead prediction would be 

this: 

powerdemand(W) = daybefore*0,1 + twodaysbefore*0,1 + 

oneweekbefore*0,45 + twoweeksbefore*0,2 + threeweeksbefore*0,1 + 

fourweeksbefore*0,05    [5] 

 

 With this formula, we are giving a lot of importance to the day of the week we 

are dealing with, with an 80% of influence, separated into four different weeks to avoid 
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focusing too much on one of them, but fading away in importance the further away the 

week is. The other 20% responds to the two days immediately before the predicted one, 

for the cases when a heat or cold wave appears that didn’t take place for example a 

week before. We are aware this method might not be the most accurate one (for 

example the forecasts made by REE match reality surprisingly well) but having so many 

forecasted demands every day and achieving a prediction depending on six other 

previous different values, makes at least a more than acceptable algorithm. 

 To prove this, we compared our predicted values to the adapted REE data 

downloaded during the next days after our algorithm was designed. Creating an apart 

Excel sheet for this purpose (figure 12 and figure 13), we compared during several days 

the differences between real and forecasted and modified the algorithm (formula [5]) 

when the differences grew too much. As an indicator, we highlighted the cell with a red 

tone when the difference between real and forecasted was bigger than 7%. Seeing too 

many red cells would warn us that we should modify something in our formula.  

Also, when a new day came, we introduced the adapted real data into the 

prediction sheet, so that the next prediction could be completely based on real values 

and not on previous prediction that could lead to bigger errors.  

 

 

Figure 12: Excel From 17 Oct 1 

 

Figure 13: Excel From 17 Oct 2 
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We can appreciate from the previous images that for every day since the 

prediction started, we have three columns. The first corresponds to the real-time data 

downloaded from REE, the second corresponds to the often-mentioned adaptation of 

these values to our grid model and the third is the comparison column where a 

percentage shows the difference between real and predicted. We can see that there are 

not many cells marked in red in the time intervals shown in both images (see the time 

intervals on el left column), which means that under our standards, our algorithm is 

good enough to be accepted. 

 Now that the day ahead prediction is concluded, let´s define the loose prediction. 

Although we will not use the results from this prediction for our later work with Game 

Theory, we designed this algorithm because it could give us information not only from 

the next day but also for any conceivable time frame in the next year, as it doesn´t 

require any existing real data from the day before. As we already mentioned, this 

method is not as accurate as the previous one, but it is good to give us an insight on how 

the demand can vary during the year.  

 

Figure 14: Excel Demand Prediction 2 

 

 We can also see this monthly demand variation on the previous chart figure 14 

and confirm this is something to take into account. There are different reasons for this 

happen: during winter months there is a logical consumption peak because of the high 

demand of heating systems; and in the during the hot summer months the same 

happens with air conditioning systems in this case. Even the peak and valley hours can 

vary during the year depending on the life rhythm people have. 

 Therefore, the new algorithm not only takes into account the week day and hour 

we are at, but also adapts itself to the month we are trying to forecast. For this purpose, 

we will calculate using the table provided by figure 14, the average consumption in 

September and October during the last two years, what would reflect the usual energy 

consumption habits for these two months and do se same for the month we are trying 

to predict.  

In figure 15 we see it is forecasting for December 2nd, which means our sheet will 

calculate the average consumption nationwide out of the values from 2016 and 2017. 

When dividing the results of the last two calculations, what we have left is the relation 
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in the average consumption between the two mentioned months, Sept/Oct (as our data 

is split between these two) and December in this case. By multiplying this by the average 

of the results for the same week day and hour frame in our database bracket (17Sept-

16Oct), we´ll have the forecasted demand we asked for on the top chart. 

 

 

Figure 15: Excel Demand Prediction 3 

 

5 Energy Production 

5.1  Overview 

 After this long chapter focused on the description and forecasting of the energy 

demand our microgrids will have during our game theoretic based simulations, it’s 

time to define the next variable to make an appearance in our future objective 

function, which is slowly taking shape: the energy production. 

 In this case the task is even more delicate than the previous one. As we explained 

before, the increasing importance of renewable energies in modern societies cannot be 

ignored, and so is the uncertainty surrounding its production. Many of these renewable 

sources depend on many external factors and cannot be forecasted with big certainty 

as we can for example, with coal or regular fuel, where we can predict with great 

accuracy how much energy we can obtain out of them. 

 This the case for example, of solar energy. Putting aside for the moment the 

difference between photovoltaic cells and solar thermal units, just by considering the 

solar irradiation they both use as a source of energy and the multiple or almost endless 

external factors than can alter its value, it easy to see from the start how difficult it can 

become to predict this variable. 
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However, as we mentioned in our motivation, because of the promising future 

and already noticeable profitability the solar PV technology has and because of its 

sustainability in all its possible aspects, we cannot ignore this powerful energy source 

and will deepen into its mechanisms to hopefully understand and be able to predict for 

our optimization purposes, the amount of electricity this source can provide. 

Another example of a renewable energy we could be interested in, is wind 

energy, a very “uncertain” energy source that just like solar PV, has many factors that 

may possibly affect its generation performance. At the beginning of the work, I even 

initially planned to work with both solar and wind energy for the energy production part, 

but the huge amount of information available for PV, it´s already mentioned promising 

future, and the fact that self-consumption is mainly controlled by photovoltaic panels 

made me decide to just focus on the solar part, we there is as I discovered later, a lot to 

work with. 

 

5.2  Photovoltaic Units 

 Before starting to define our forecasting attempts for this energy source, we 

should first give a brief explanation on how this technology works and its different 

varieties. For this purpose, we focused our research on two different documents: 

(Fraunhofer Institute for Solar Energy Systems, ISE, 2018) and (Instituto de Energía Solar, 

2017), as they not only explain the technical wonders behind the PV technology but 

mostly focus on the economical and power-efficiency aspects and their evolution during 

the last years, which are good point from where to start our work as it is a technology 

that evolves very rapidly with years, what we will remark later. 

 For example, the information obtained from the German research institute 

Fraunhofer has been updated in August 2018, in order to keep track of the latest 

advances. Germany has always been one of the biggest boosters of the PV technology, 

and last year, they accounted for about 10% (43 GWp) of the cumulative PV capacity 

installed worldwide (415 GWp) with about 1.6 million PV systems installed in the whole 

country. Their report mainly tries to explain the big changes the sector has suffered 

almost in every aspect during the last two decades and use some charts to support their 

stats.  

Before this, we first must introduce the concept of kWp, that already appeared 

in the last paragraph (Evo Energy, n.d.): kWp is the peak power of a PV system or panel 

as it stands for kilowatt ‘peak’ of a system. The power is calculated under a standardised 

test for panels across all manufacturers which enables comparison between different 

technologies and brands. The test conditions for module performance are the following: 

irradiance of 1,000 W/m2, a module and temperature at 25 degrees Celsius. We know 

PV panels transform solar irradiance into electricity, so generated energy is directly 

proportional to the amount of irradiance. Temperature also plays a key role, because 

the higher the temperature above 25 degrees, the lower the panel efficiency gets. 



29 

First of all, we are going to start talking about the different existing technologies 

for photovoltaic units nowadays. We all know that what these PV cells at the end do is 

transform solar irradiation into some sort of chemical energy to then directly transform 

it into electrical current. It’s a highly sophisticated technology and it is broadly known 

that mostly the main component of these cells is Silicon (Si). However, less known are 

the other different existing technologies that compete with these Si-cells and even the 

varieties existing inside the Si-cells group. On figure 16, the prevalent PV cells nowadays 

are displayed together with their lab performance efficiencies.  

 

Figure 16: PV lab cell efficiencies (Fraunhofer Institute for Solar Energy Systems, ISE, 2018) 

 As we can see on the previous chart, these are the lab cell efficiencies for the 

different existing PV technologies on the market. These efficiencies actually represent 

the amount of electrical energy they can produce per irradiation energy unit. We can 

see they hardly surpass the 25% barrier, even though being carried out in optimal lab 

conditions, as in reality, these values would not be higher than 15%. However, the 

efficiencies have increased for almost every technology every single year, and recently 

achieved new lab cell efficiency records demonstrates that these values are likely to 

keep rising. 

 About the technologies themselves (Solar Reviews, n.d.), we can differentiate for 

the Si-cells two different groups: mono-crystalline and multi-crystalline. Both made out 

of the same basic material, silicon, the difference is the way the crystals are made after 

the liquid silicon is poured. Mono-crystalline were always considered to be the most 

efficient cells and for many years it was the most used technology by far, however, multi-

crystalline efficiencies have grown immensely during the last decade and together with 

its cheaper price, have passed mono-crystalline in total sales (figure 17). Si-wafer based 

PV technology accounted for about 95% of the total production in 2017. The share of 

multi-crystalline technology is now about 62% of total production. 
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 On the other hand, the other 5%, we have thin film cells. This is a rather new 

technology, and still not as efficient as the other two, but also improving during the last 

years. In Europe this technology is not that common, and the materials used can vary 

from among many different materials such as Amorphous Silicon, Cadmium Telluride 

(CdTe), Copper indium gallium selenide (CGIS) or Dye-sensitized solar cell (DSC). One 

advantage of this type of cells is that it performs better in low light conditions than the 

others, when there is partial shading of the system or in extreme heat. Perovskite cells 

are an extremely new technology and barely have any presence on the market.  

 

Figure 17: PV cells percentage annual production. (Fraunhofer Institute for Solar Energy 
Systems, ISE, 2018) 

Another way PV cells have improved during the years is wafer thickness. And 

whilst cell efficiency evolution has slightly affected the profitability of these technology, 

wafer thickness reduction has been determinant on this matter. A reduction on wafer 

thickness implies a reduction on silicon usage and equally a massive reduction on the 

production costs. On the next image (figure 18), we can clearly see the drastic reduction 

on wafer thickness for Si-cells over the last years and understand how much of an impact 

this might have had on the industry. 

 

Figure 18: Wafer Thickness and Silicon Usage Evolution (Fraunhofer Institute for Solar Energy 
Systems, ISE, 2018) 
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Adding up to this the high efficiency and low prices reached by typical market 

inverters during the last years, this effect will be multiplied. Inverters are a special type 

of electrical converters specially designed for the transformation of direct current (DC) 

coming out of a PV solar panel to frequency alternating current (AC) (Wikipedia, n.d.). 

Most of the electrical utilities and energy consuming devices in household are fed by an 

AC current so inverters are essential in most of the PV installations. They are also 

normally part of a bigger set called balance of system (BOS), which also include wires, 

switches and safety meters. Next, in figure 19, we shown the different available inverters 

and their main characteristics. It’s important to remark how high their efficiencies are. 

 

 

Figure 19: Inverter Market 2017 (Fraunhofer Institute for Solar Energy Systems, ISE, 2018) 

 All these improvements combined have turned PV solar panels from a very 

expensive and inefficient technology to one of the most profitable ways of producing 

energy nowadays. If we add up to this it’s renewability and sustainability, there are few 

reasons to think this energy source will stop increasing its value and popularity during 

the upcoming years. There are many ways to quantify this improvement in competitivity 

and it will vary a lot depending on the region and time we’re taking the data from, but 

usually an accurate way of measuring it is by calculating the relation between total costs 

and produced electric power. In the case of PV production, it would be sum of all the 

parts we talked about previously: panels, inverters, meters and wires, maintenance, 

losses… compared to the energy our panels system is prepared to produce. 

 In figure 20, we can see this price or cost evolution measured by (€/kWp) for an 

average PV rooftop system in Germany during the last twelve years and we can really 

appreciate a remarkable price drop almost every year. We should take into account PV 

rooftop systems in Spain tend to be a bit more expensive, have a certain power 

limitation but on the other hand, are later free from some taxes (subventions). Also 

noticeable is that this strong price decrease didn’t just start in 2006 as the graph shows 

but starts almost 30 years ago. In Germany prices for a typical 10 to 100 kWp rooftop-

system were around 14000 €/kWp in 1990 and today such systems cost about 1140 
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€/kWp in average. This is a net-price regression of about 90% over a period of 27 years 

and is equivalent to an annual compound average price reduction rate of 8%. 

 

 

Figure 20: PV Rooftop Systems Price Evolution (Fraunhofer Institute for Solar Energy Systems, 
ISE, 2018) 

 Another interesting graph provided by Fraunhofer’s report (Fraunhofer Institute 

for Solar Energy Systems, ISE, 2018) compares this price evolution per PV installations 

with the electricity selling prices from other energy sources and even the average price 

regular households and industry pay for their energy. This gives us an excellent insight 

on how profitable the different sources actually are and if applied public subventions 

are really necessary or not. In figure21, we show this graph and see how until 8 years 

ago, PV produced energy was way to unprofitable to be taken into account for stable 

energy mixes, only existing because of research purposes and unrealistic state 

subventions.  

Nevertheless, nowadays this technology is cheaper than many other resources 

and the price is likely to keep descending for a very long time. As we said, there are no 

apparent reasons to stop investing in this technology, as it has become cheap to 

produce, its raw material, silicon, is available everywhere for an almost inexistent price 

in the form of sand, and it protects the environment like few other sources.  

Because of all these reasons, the production of PV solar panels has increased 

every year specially in China. More than 20 years ago, almost all of the world’s 

production was based in Europe, the original promoters of this technology, but since 

then other countries like Japan and specially China saw the opportunity and invested 

large amounts of capital as they saw this as the future of sustainable energy production 

(figure 22). Not only have they become we world main producers, but also since last 
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year, the biggest PV power generators in the globe, with 32% of the total PV energy 

production, followed by Europe with a 28%. 

 

Figure 21: Evolution of Electricity Costs and Selling Prices in Germany. (Fraunhofer Institute for 
Solar Energy Systems, ISE, 2018) 

 

Figure 22: PV Module Production by Region 1997-2017. (Fraunhofer Institute for Solar Energy 
Systems, ISE, 2018) 

Another concept we may as well later deepen into, as it is highly related to 

sustainability, is the Energy Payback Time (EPBT) (Sinovoltaics, n.d.). The Energy Payback 

Time of PV systems is the amount of time these systems require to generate as much 

energy as it was consumed during their production and lifetime operation of the system. 

This, of course, is dependent on the geographical location as also is solar irradiation: PV 

systems in Northern Europe need around 2.5 years to balance the input energy, while 

PV systems in the South equal their energy input after 1.5 years and less, depending on 

the technology installed. A PV system located in Sicily with multi-Si modules has an 
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Energy Payback Time of around one year. Assuming a 20 year-lifespan, this kind of 

system can produce twenty times the energy needed to produce it. 

 

Figure 23: EPBT and Irradiation European Map (Fraunhofer Institute for Solar Energy Systems, 
ISE, 2018) 

 In figure 23, we can see how EPBT changes all over the European map and this 

brings up an urgent question that needs to be answered. We can clearly see on the map 

that EPBT, as is PV energy production, is strictly related to solar irradiation in the area, 

so why is PV generated power input to the country’s energy mix higher in Germany than 

in Spain? We can see Spain is the country in Europe with highest average irradiation and 

is nearly double as high as in countries like Germany. However, whilst Germany had 

already installed 39,7 GW by 2015, Spain only had 5.4 GW, covering just 3% of the 

country’s energy demand during that year, as we can see on Spanish’s energy mix 

recoded in figure 2 and figure 3.  

Now that we know how profitable and convenient this energy source can be, 

how is it possible that Spain runs so far behind Germany? The reason for this might be 

related to their different economical capacities, but that shouldn’t affect self-

consumption for example. The main reason is what in Spain is known informally as “the 

sun tax”. Obviously this isn´t a real thing but is a way to express the legal difficulties the 

Spanish government hast always put for the installation of small PV systems, to avoid 

PV rooftop self-consumption.  

The reasons behind this are out of the topic of our work but luckily, some weeks 

ago, an article of the Spanish newspaper Cinco Días (Cinco Días, n.d.) showed up saying 

the new central government would change directions and instead of bothering with 

unnecessary controls and tolls, they would rather in the future encourage and facilitate 

self-consumption for everyone who demands it. Now that we presented some basic 

aspects of PV energy, we can hopefully understand better the reason why we focus on 

this energy resource and not others, and the upcoming chapters. 
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5.3 PV Data 

 The reason why we introduced the previous chapter into our work, although it 

is not completely essential for our thesis, is to understand and carry out better the task 

we now have in front of us: obtain the right photovoltaic energy production data that 

we will later use to make our predictions, just like we did with the demand some 

chapters ago. The similarities with the energy demand predictions don’t end here but 

instead will help us to explain the operations we make here. 

 An example will be the nature of the PV data we will collect during this chapter. 

Just like before, we have a problem we cannot really avoid. As we already mentioned, 

PV electricity production is directly related to the solar irradiation present in the area in 

which we are located. There are other factors that may play a role in the equation as 

well, like type of solar panels we’re using, the size of our installation, inclination of those 

panels and a series of efficiencies that we already mentioned before, however, these 

are easily predictable and can be fixed from the beginning of the prediction so that their 

values remain constant. 

 Nevertheless, as crazy as it sounds, the thing that we know has a proportionate 

influence on our PV system’s result and shouldn’t have given us too many complications, 

is the one to affect our modelling expectations: solar irradiation. Just like it happened 

with the energy demand, solar irradiation depends on so many variables (hour, day, 

month, light spectrum, atmosphere composition), and a highly unpredictable one 

(clouds), that not only developing a continuous function with numerical methods would 

be difficult but applying it to our upcoming aggregative game formulas would be even 

worse. If you add to this the fact that we would have to predict next functions out of old 

existing ones, the problem becomes really hard to handle. 

 However, unlike with the demand, we couldn´t find a single database that could 

provide us a solar irradiation value for a certain area every ten minutes like the one we 

found at REE. In addition to that, we no longer had a big flexibility to find an 

approximation of what we wanted because as we’ll see later, we need to operate the 

values together when we build the objective function, so values needed to be found 

every ten minutes, and coming from Spain if possible, as the calculations made in the 

demand chapters were made for this area. 

 Therefore, we decided to try something different and see if it worked. Going back 

once again to our demand calculations, if we remember what we did to get our grid 

energy consumption curve for a one-household agent, it was taking the country’s 

general demand values and multiplying them by a certain relation we previously 

calculated, so each one of the power demand values would be adapted but the shape 

of the curve maintained the same, thus, the energy consumption pattern. If we go back 

to figure 2 and figure 3, we’ll remember REE didn’t just provide the power demand 

curves and its discrete values every ten minutes, but also the energy mix for every one 

of the exact moments.  
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 Observing the images, we can see Solar PV (orange on the charts), is one of the 

energy sources, and looking at its evolution and shape during the day, it resembles quite 

well the typical irradiation curve for a normal day in Spain. The REE energy mix graphs 

we talked about offer an option to filter the different resources between renewable and 

non-renewable, but also to show the resources’ curves individually if asked to (figure 

24). Comparing this with the real solar irradiation curve for Madrid provided by the 

AEMET, the Spanish Meteorology Nacional Agency (AEMET, n.d.)(figure 25), our hopes 

are that these two curves can have the same evolution, so that we can apply a similar 

transformation as we did for the demand data.  

 

Figure 24: Solar PV Generation. Spanish Peninsula 17.10.2018 (Red Eléctrica Española - Datos 
en tiempo real, n.d.) 

 

Figure 25: Solar irradiation Madrid, Ciudad universitaria 17.10.18 (AEMET, n.d.) 
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 At first sight the last two images don’t look really similar. What we are looking 

for is to find a way to modify the PV Solar data shown by REE to adapt itself to the values 

of a normal solar global irradiation curve, but for this to happen, the appearance i.e. the 

curve evolution, must resemble somehow the green curve shown in figure 25.  

 Just like for the power demand, the PV power production can also be 

downloaded and dropped into an Excel sheet. From here on the procedure will be quite 

similar as back then, also because as we previously mentioned, all data needs to timely 

match, so we can carry our optimization calculations later for every time frame without 

errors. That’s why in this case, we also set on October 17th the separation line between 

collecting data and starting to predict. However, if for the demand we started to collect 

values one month before (September 17th), in this case we will start collecting two and 

a half months before i.e. from July 31st, for reasons we will explain later. 

 As we mentioned before, PV electricity production could vary depending on each 

of the PV panel installations and its characteristics (e.g. size, number and size of panels, 

mono-crystalline vs multi-crystalline…), and mainly on the solar irradiation at that 

moment. At this moment it’s time to recall a decision we made back in the demand data 

chapter: to define these demand variations, we decided that the agents’ characteristics 

would only be assigned at the end, when defining the whole system and its layout, just 

before running the final simulation and getting the results. This way, we can easily 

change the parameters of the players (household number, industry size…) and directly 

see their influence on the end results, what makes it easy to compare and to take 

conclusions. However, the time variations will be tracked in this chapter… 

 The reason behind this decision will be clearly understood once we fully define 

our UUC problem with all its functions, and start modelling and simulating. However, for 

the time being, we just have to keep the same pattern as before: PV installations details 

will be kept constant or modified during the modelling, just before simulating; and in 

this case solar irradiation needs to be parametrized for every ten-minute time frame, so 

we can later predict a value. Then, like for the demand, by multiplying this forecasted 

irradiation by the PV installation’s size and characteristics, we´ll have the complete PV 

production forecast for a concrete agent at a concrete time. 

 Now that we know that predicting PV production has become implicitly 

predicting solar irradiation (W/m2), as the other variables remain constant, we should 

look into this concept and guess which parameters can affect its value. To start with, it’s 

easy to guess irradiation will have a lot to do with the Earth’s movements around the 

Sun, and all these are related to time (Scharmer & Greif, 2000). We have obviously day 

and night movements, but also radiation angles play a role, making for example, that 

perpendicular radiation will directly imply more irradiation power. Also, in winter the 

sun runs always lower than in the summer, and the number of light hours is smaller. 

Even the geographical location of Spain in the globe influences the light’s incidence on 

the surface. On the other hand, we have meteorological conditions like clouds for 

example, that are almost unpredictable and can affect our predictions anytime. 
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 We could write a whole work about this topic, but in this case, we just wanted to 

show a point: trying to predict solar irradiation, just like for the demand, has a lot to do 

with time. That’s why, if we want to predict with accuracy the 144 time-frame values, 

we’ll need to collect also those 144 from previous days, in this case, starting on July 31st. 

We also need to make clear again that the data we are collecting is not solar irradiation 

power, but the PV power production evolution for the Spanish Peninsula provided by 

REE (in MW). Like before, we collected the real values offered on their online database 

and displayed them in order in our own Excel sheet (figure 26): 

 

Figure 26: Excel PV Data 1 

 However, we encountered a little problem regarding the REE data: it showed for 

every single time frame a positive PV Production, even during the night. Although it’s 

true that the values appearing at night were quite small (never above 100) compared to 

the ones shown during the day (figure 26), what meant that when plotting the values on 

a curve these errors were unappreciable; something needed to be done. PV installations 

producing electricity at night sounds as crazy as having sunlight recorded in our system 

during night hours.  

The solution we proposed for this is, by obtaining the sunrise and sunset hours 

for every day of the year in Madrid (Observatorio Astronómico Nacional, n.d.), to erase 

from our database the positive generation values located outside of these limits i.e. 

before sunrise and after sunset and substituting them by 0. This adjustment needed to 

be done manually but was absolutely necessary if we wanted our work to have any 

validity. As a result, our PV Data Excel sheet would look like what is shown in figure 27: 

from a certain time, values would into 0, as the sun goes down. 

Once we have the PV database set and done, it’s time to check something. We 

mentioned before that weather would have a big influence on solar irradiation and alter 

drastically its value should any clouds appear. However, if we calculate the average of 

the data collected from 77 consecutive summer days, it’s likely the effects of bad 

weather in a couple of days will not change much (that’s the reason why we started 

collecting values from such an early date, to dilute this effect).  
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In addition to that, we corrected the errors during the nights, so, when we plot 

the PV Spanish Peninsula power production on our Excel, it should look similar to the 

green curve figure 25, the average irradiation curve in Madrid, if we want our initial idea 

to work. In figure 28 we can see this average plotted, so we can judge for ourselves if 

these two curves are similar or not.  

They cannot look exactly the same, because, for example, our average is made 

from 31.7 to 16.10, whilst the curve shown in figure 25 is from 17.10, so sunrise and 

sunset hours for both are actually quite different, but they should look similar. We 

believe this is the case, and therefore, we can continue with our work. This similarity is 

also logical because the PV production will normally go hand in hand with irradiation. 

However, REE as a production assigner could at a certain moment decide, if the demand 

is not high enough to modify PV’s production capacity, what would break this 

connection. In reality, this almost never happens, because in Spain renewable energy 

producers have the special right to produce at full capacity if they decide to do so.  

 

Figure 27: Excel PV Data 2 

 

Figure 28: Excel PV Data Average generated PV power 
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Now that it is clear that the transformation from generated PV power in the 

Spanish Peninsula (MW) provided by REE to global solar irradiation in Madrid (W/m2) is 

possible, as their time evolution is almost identical, we should now calculate the relation 

that will turn one into the other. First of all, we need to take a certain reference from 

where to start calculating. Therefore, we found in ADRASE (ADRASE, n.d.), a graph with 

the official solar irradiation statistics for every desired location in Spain. We chose 

Madrid and got directly the data of the average daily irradiation for every month (figure 

29). 

 

 

Figure 29: Average Monthly Data on Daily Global Solar Irradiation in Madrid (ADRASE, n.d.) 

If we choose from the chart a month from those where we have the complete 

data registered, for example August, we see that the average total energy irradiated in 

Madrid during a whole day is 6,9 kWh/m2. Consequently, we calculate on our Excel 

sheet the August PV production average for every 10-minute time frame and once we 

have it we calculate the energy.  

Applying the same rule as we did before, where calculating an energy value 

would just require multiplying a discrete power value by the desired time span, we sum 

all the 144 values corresponding to the instant PV values and then multiply by the time 

span of each of the time slots, 600 seconds. The relation between those two values, 

without forgetting to adapt the units, would be the one that would transform our REE 

downloaded database into the solar irradiation values we needed. In figure 30, we show 

the calculations, and in figure 31 and figure 32, an example on how the transformation 

would work, changing values and even units but keeping the same aspect. 
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Figure 30: Excel PV Data 3 

 

Figure 31: Excel PV Data. Average production August 2018 

 

Figure 32: Excel PV Data. Average irradiation August 2018, Madrid 
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5.4 PV Prediction 

 Before starting to predict values like we did on the demand case, it’s really 

important we realize that from now on, after the transformation carried out at the end 

of the last chapter, we’re working with solar irradiation power i.e. the energy power the 

Sun irradiates on a surface per square meter; and so will be the values we´ll be trying to 

predict. Like we did in the demand case, our task here will be designing a day head 

prediction algorithm as accurate as possible to try to forecast for every time interval the 

solar irradiation with exactitude. 

 To do this, we will think in a very similar way as we did with the demand 

prediction, starting by counting which time-related parameters we suspect have 

influence on solar irradiation. We already mentioned some before, and we said that 

trying to understand and quantify this influence will help us define with precision our 

algorithm. Daily hour seems to be the first and most important one, and with our current 

excel data display, this can be easily fixed: to forecast the irradiation for a certain time 

frame, we should only use data from previous days but belonging to the exact same 

hour, which in our Excel sheet means the same row.  

 However, from here on irradiation behaves a little differently. As we previously 

explained, solar irradiation is determined by the movement of the Earth around the Sun. 

However, day and night, sunrise and sundown and its movement during the day that 

gives us different radiation angles and possibilities to study are already reflected on our 

time frames as they only last ten minutes and won´t be able to change much in that time 

and from one day until the other. That means that the real data compiled from the days 

before will already give us this information, with no need of complicated calculations.  

 The same situation happens with seasons for example. Sunrise and sundown 

hours vary a lot throughout the year and also the impact angle from which the Sun 

beams its light and energy to the surface, but for a day ahead prediction these variations 

can be easily avoided just by taking data from the immediate day before, where the 

changes from one day to the other really are despicable. 

 However, there’s a problem we cannot avoid this way: weather instabilities. If 

we just limit ourselves to the data obtained from the immediate days before our 

prediction, we run a big risk that, if bad or cloudy weather suddenly shows up for these 

days, our prediction will be determined by it and shows completely wrong values 

throughout the whole day if the weather turns out to be better or vice versa. This 

situation can only be solved by taking into our calculations many different days in order 

to mitigate this abrupt value shift in case weather instability appears. 

 But then again, if we take too many values, or too far away back in time from our 

prediction date, the problems mentioned at the beginning will appear instead. The 

solution we finally found for this problem, and our final PV prediction algorithm is shown 

in formula [6]. We are in Autumn and because of this, irradiation and sunlight time 

should be decreasing a little every day, but if we finally decide to take a big average of 

previous values to mitigate the problems weather changing could carry, we will not 
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decrease irradiation and sunlight time in our prediction but increase it instead. In the 

end, what we decided to do is, apart from the value calculated by combining previous 

irradiations coming from the same hour frame, we deduct independently a certain value 

that would hopefully adjust these little inaccuracies we mentioned. 

 

irradiation(W/m2) = daybefore*0,2 + twodaysbefore*0,15 + 

threedaysbefore*0,1 + fourdaysbefore*0,1 + fivedaysbefore*0,1 + 

averagelasttwoweeks*0,35 - 5    [6] 

 To prove if this algorithm is accurate enough or not, we did the same as we did 

with the demand prediction and compared our forecasted values with the real adapted 

PV production downloaded from REE during the next days after our algorithm was 

designed. Using the same apart Excel sheet for this purpose we compared during some 

days the differences between real and forecasted and modified the algorithm (formula 

[6]) when the differences grew too much. In this case, we modified the independent 

value several times until we obtained with five the behaviour we desired. Also, when a 

new day came, we introduced the adapted real data into the prediction sheet, so that 

the next prediction could be completely based on real values and not on previous 

prediction that could lead to bigger errors.  

 However, although the irradiation prediction algorithm seems to be finished, we 

should remember that the actual prediction we wanted to have from the very beginning 

was the PV power generation. As we mentioned in the previous chapter, the details from 

our PV installations will be defined once we define the grid model, but many others 

would remain constant and what we demanded was actually the power generation per 

PV generating unit, not the irradiation.  

 So now, after the transformation we already carried out to obtain the solar 

irradiation, we should now build another one to obtain PV power generation per unit. 

For this purpose, we collected some more information regarding commercial solar 

panels and its performances. It is really interesting to see how much information is 

available nowadays about photovoltaic technologies and how different it is one from 

another. For this reason, we decided to focus just on one of the sources available 

(Sotysolar, n.d.) and complete the information with other reports or videos ( ([Webinar] 

Fotovoltaica para autoconsumo, s.f.) and (WEBINAR COMPLETO: Energía fotovoltaica 

para autoconsumo, n.d.)) when necessary.  

 First, provided our production will consist on a self-consumption modality of PV 

generation, we need to explain the differences between the types of PV installations 

there exist according to Spanish legislation, which mainly depend on the size or 

maximum peak power our installation can provide. Self-consumption can be very 

profitable nowadays as we’ve already shown once a strong initial capital investment is 

made, but it’s also convenient to try to take out the best possible margin out of it, 

especially in Spain, where this sector is marked by many legal difficulties. 
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• Isolated installation: only allowed a maximum 10kWp. No taxes or tolls, since the 

new legislation. The installation is not connected to the general network, so the 

energy leftovers cannot be used (type 1). 

• Assisted installation: allowed maximum up to 100kWp. In this case, connected 

to general network, but energy leftovers are given away for free, cannot be sold 

to the network (still type 1). 

• Interconnected installation: works connected and in parallel to the general 

network, so energy leftovers can be sold with high taxes (type 2). However, 

extremely high taxes, tolls and legal difficulties (“sun tax”). 

Nevertheless, the biggest legal limitation, that affects all of the previous PV 

installation types, comes from the royal decree RD 900/ 2015, which declares that the 

installed peak PV power generation may never surpass the hired power supplied by the 

electrical company, which for a regular household is around 4kW. At the end, the cost 

per installed kWp is not that different among the three types, where the cheaper big 

installations compensate their taxes and regulation fees. Nevertheless, we’ll opt for an 

isolated installation for our model.  

Regarding the size of a typical rooftop PV installation, we have look back at the 

limitation stating the maximum allowed peak power, which for a household would be 

around 3 or 4 kWp. The standard generation for a Si-cell panel is 275 Wp, so a typical 

household would require between 11 and 15 standard solar panels. Also, a key for our 

calculations would be the relation between size and power generation. Many say it lays 

around 6m2/kWp whilst other say it goes up to 10. In our case we will define this value 

for 8m2/kWp. Other information to take into account would be optimal panel 

inclination, which for Spain lays on 30º and oriented to the South, what means we 

should also be careful with the shadows generated behind. 

We can with this information, and with some other registered data for typical PV 

production in Madrid for every month on average, we can calculate the relation that 

would turn our solar irradiation predictions into rooftop PV installation power prediction 

per square meter (figure 33). Then, when modelling, we would just have to multiply by 

the number of m2 our system has.  

 

Figure 33: Excel PV Prediction 1 
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6 Objective Function 

6.1  Batteries 

 Now that we declared both the demand and PV production prediction for each 

of the time frames and that we opted for the construction of an isolated installation for 

our self-designed grids, there is something we should notice. We mentioned that 

isolated installations had the limitation that, because of not being connected to any 

central network, if at any time frame the PV power production would be higher than the 

instant demand, the surplus energy would go to waste. The only imaginable solution for 

this, if we don’t want to limit our PV installations even more, would be to use batteries, 

who would store this energy surplus generated and release it back when the PV 

production doesn’t reach the power demand, for example, at night. 

 However, batteries have been for many years a big reason for many people not 

to install a rooftop system on their houses, so in this chapter we don’t only want to 

define the different available batteries and its characteristics but also convince or 

explain, why batteries are no longer a limitation, but an incentive for installing a PV 

rooftop system in our houses nowadays.  

To start with, we have to make clear that the batteries used for this purpose are no 

conventional batteries, like car batteries for example, but the so called “deep cycle” 

batteries. This means they have the ability and have been designed to be loaded and 

discharged constantly, which translates into a longer lifespan. Another important 

information regarding these batteries is their capacity of course. Capacity for solar 

batteries can be measured in many ways like usage, daily consumption, autonomy days 

or maximum supported power, but for our case we’ll stick to the basic concept: 

maximum energy storage (kWh). With capacity, together with efficiency and lifespan, 

measurable in load-discharge cycles or simply in years, we can describe almost every 

solar battery. We now introduce the different types of batteries available on the market: 

• Monoblock Batteries: These batteries are intended for small photovoltaic 

installations. They are a cheap and efficient solution for small consuming devices 

such as alarm systems or lights, but cannot stand strong power demanding 

peaks, and are therefore, not suitable for households or bigger installations.  

• AGM Batteries: AGM have immobilized electrolytes and gas regulating valves to 

prevent leakage, so they are also called "maintenance free." They have a 

measured average duration in number of load-discharge cycles at the same 

discharge depth, higher than Monoblock batteries. They are designed for small 

photovoltaic installations where maintenance is very difficult. 

• Stationary Batteries: These batteries have a long service life and are perfect for 

installations that require daily consumption and for long periods of time. These 

batteries are composed of 6 glasses of 2V each and can accumulate large 

amounts of energy (there are available in a wide range of different capacities). 

There are two main types, OPZS (with liquid) and OPZV (with gel), but both are 
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really heavy, take up a lot of space and require a specially designated and 

regulated area to be installed as they emit various toxic gases.  

• Lithium Batteries: This is a rather new technology, based on the small lithium 

batteries phones for example use, and is really different from the batteries 

mentioned before. They occupy little space, also weigh little, don’t emit any 

gases and can therefore be put in any place (normally on walls), and the charging 

time is the fastest. The previous batteries shouldn’t be discharged lower than a 

50% of their capacity as it would affect a lot their life span, but lithium batteries 

take this limit down to 20%.  

The main disadvantage for this type of batteries has always been their high prices, 

however, prices sink year after year and manufacturers (TESLA, LG) already offer 

affordable versions for these batteries (3000-4000€). Until now, the limitation for many 

to get a rooftop PV installation were the batteries, and the limitation to buy batteries 

was their technical and ventilation requirements, their prices and their maintenance, 

but with lithium batteries all problems are solved at once and experts say this is the last 

boost PV technology needed to finally dominate the world’s energy production market. 

Now that we know lithium batteries are the smartest option for our grid design, and 

we know their main advantages and characteristics, it’s time to move to the next point. 

We don’t want to focus much more on this aspect, so we will go now straight to the 

point: choosing a lithium battery manufacturer and getting their product catalogue that 

we will later use for our PV installation design for each of our agents.  

In this case, we chose the Korean electronics manufacturer LG, that provides us with 

a set of batteries (RESU) depending on different requirements. We downloaded its main 

values and displayed them on our Excel (figure 34) as we will later need them to be easily 

reachable for our calculations. Please notice, apart from their capacity and other 

technical values, there is a DC/AC conversion efficiency (0,95) or, in other words, a 

certain loss rate when transferring energy in and out of the battery. This means that for 

each kWh we store in the battery, we will only be able to use in the future 0,9025 kWh 

(0,95*0,95), so we should think twice when transferring energy to our batteries. 

 

Figure 34: Excel LG Resu Batteries 
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6.2  Energy exchange 

The last element we need to define before we start building our definitive 

objective function for our UC problem is the nature of the energy exchange. Therefore, 

we need to recapitulate a little and sum up what we already got clear from previous 

chapters. The basic idea behind studying and predicting the energy demand, solar PV 

production and even the batteries was to be able to define the parts of the optimization 

problem that would ideally define the energy balance of each of the agents forming our 

Smart Grid system.  

Under the assumption that every individual agent would have a certain energy 

power demand for every time during the day, they would independently from each 

other, decide to build a PV electricity installation to provide them with the energy the 

need. However, as we already mentioned, the energy production wouldn’t always 

match the energy demand for every time frame, and if the production were to be higher 

as the demand, this energy would be lost, reason why we decided to use the batteries, 

that would release this stored energy when needed. 

Nevertheless, if the opposite happened, i.e. the demand was to be higher than 

the PV production (at night for example), and the battery wouldn’t have enough energy 

to fulfil this demand either, we would have a problem. This is where energy exchange 

makes an appearance. Actually, this is something we are all very familiar with because 

most of the households and other energy consuming agents work this way as they don’t 

possess any self-production installations: they energy demand for every hour is directly 

extracted from the general electric network and supposes consequently a certain energy 

bill in exchange.  

In our case, we will work the same way. As an agent, for every 10-minute time 

frame we will have a predicted energy consumption power demand and a predicted PV 

production scheduled, so we can easily calculate the difference and see what’s left. As 

we said, if the production is higher, the difference will be stored in our batteries if the 

capacity allows it and lost otherwise, and if the demand is higher the difference would 

be subtracted from our batteries and when not possible, extracted from the general 

electric network for a certain price.  

As we can see, every variable mentioned above depends solely on ourselves and 

our calculations except the price for which we buy electricity from the network. This 

depends not just on us, but also on the demand from all the other agents in our grid that 

also subtract energy from this network. As we can guess, this is where Game Theory will 

later be applied, so it’s important to know how this price evolution may work and 

therefore, to get a little knowledge on how these energy exchange markets usually 

behave (Tahanan, van Ackooij , Frangioni, & Lacalandra, 2015). 

 For example, when the first UC models were formulated, the usual setting for 

the energy market was that of a monopolistic producer (MP). The MP was in charge of 

the electrical production, transmission and distribution in one given area, often 

corresponding to a national state, and also regulated the exchanges with neighbour 
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regions. On the other side, in the liberalized markets that are nowadays prevalent, the 

decision chain is now decentralized and significantly more complex, as shown in the still 

somewhat simplified scheme shown in figure 35. 

In this case, energy generation companies (GENCOs) must bid their generation 

capacity over one or more market operators (MO). In addition, they also can stipulate 

bilateral contracts with final users or with wholesales/traders. Once received the 

bids/offers, the MO clears the hourly energy market and defines equilibrium prices. A 

transmission system operator (TSO), in possession of the transmission infrastructure, 

then has the duty-acting in concert with the power exchange manager (PEM) to ensure 

safe delivery of the energy, which in turns means different duties such as real time 

frequency-power balancing, spinning reserve satisfaction, voltage profile stability, and 

enforcing real-time network capacity constraints. This basic setting, which can be 

considered sufficient for our discussion, is only a simplification of the actual systems, 

which also vary depending on their geographical position.  

 

After this detailed explanation on the different functions existing in actual energy 

markets, we will now define the one that will determine the external energy exchange 

in our models. We will work with a simple model of a monopolistic producer (MP), who 

at the beginning of every time frame or iteration i.e. every ten minutes, will receive a 

certain energy demand from every agent of the grid and will provide them back directly 

with this amount for a certain price per energy unit, without considering any 

transportation or transaction time. In this case, our MP will also act as a market operator 

Figure 35: Simplified liberalized electricity market structure (Tahanan, van 
Ackooij , Frangioni, & Lacalandra, 2015) 
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(MO), defining the energy price himself with a linear function we now describe in 

formula [7]. If we use the same indexing as in the first chapter, t represents the time 

frame we’re at and i the agent we’re referring to. If we now define 𝑥𝑖𝑡 as the energy 

demand agent i sends to the energy electricity market at time frame t: 

 

𝑝𝑡(€) = 𝐾1 + 𝐾2 ∗ x̅𝑡(𝑘𝑊ℎ)     [7] 

where  x̅𝑡 =  ∑ 𝑥𝑖𝑡
𝑁
𝑖=1 ,  and 𝑥𝑖𝑡 ≥ 0  

 

We can observe 𝑝𝑡 is the price per energy unit the MP fixes for the time frame t 

in Euros and it has a minimum value of 𝐾1. From there on, the price may increase 

depending on x̅𝑡 and the steepness marked by 𝐾2. Knowing that x̅𝑡 is the sum of all the 

demands sent to the MP during that time, we can already guess, as it’s logical, that the 

higher the total demand for a certain frame is, the higher the price will be and vice versa. 

Therefore, the task of our optimization algorithm will be to find the time frames with 

the lowest prices and make our bids then.  

However, anticipating something from game theory, in our grid, agents will 

receive back the price they paid their energy for after every time slot, but will not have 

access to aggregate x̅𝑡, as the values of 𝐾1 and 𝐾2 are unknown to them, so they will 

have to build their own estimates if they want to create an accurate prediction. Now 

that we finally have all the necessary ingredients, we are ready to build our objective 

function and see what kind of expectations we have for our UC problem. 

 

6.3  Outcome 

Recalling the main parts of a UC optimization problem, we find firstly an objective 

function to be maximized or minimized and second two types of possible restrictions to 

fulfil, local and system-wide. Having now all the ingredients well defined, it’s time to 

combine them and finally make our definitive objective function which will determine 

each of the agent’s actions in our future aggregative game simulation. As we can guess 

from our previous results, this function will adopt the following shape (formula [8]): 

minimize ∑ 𝑝𝑡(x̅𝑡)𝑥𝑖𝑡
𝑇
𝑡=1      [8] 

subject to  ∑ 𝑥𝑖𝑡
𝑇
𝑡=1 = 𝑋𝑖,  𝑥𝑖𝑡 ≥ 0, 𝑥𝑖𝑡 ≤ 𝑥𝑖𝑡,𝑚𝑎𝑥 

where x̅𝑡 =  ∑ 𝑥𝑖𝑡
𝑁
𝑖=1 , and  𝑡 =  1, … ,144 

 

From these previous formulas we can take various pieces of important 

information on how and under which conditions we will perform our simulations from 
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now on. Starting with the objective function, we can see that the value to be 

minimized, just like we have been announcing, is for every agent i, the daily energy bill 

or daily costs coming from the energy bought from the external electricity market. This 

bill for the whole day is as we can see, the sum of all the little bills for each of the 144 

time frames (24h*6 frames/h = 144 frames), and these are at the same time calculated 

by multiplying the price per energy unit for that frame (formula [7]) by the agent’s 

external demand for that same time (𝑝𝑡(x̅𝑡)𝑥𝑖𝑡). 

Secondly, we see in formula [8] that there are three different constraints the 

objective function’s results must fulfil. First, the external energy demand for every agent 

at every time must be positive or equal to zero (𝑥𝑖𝑡 ≥ 0) as demand cannot be negative. 

Second, the external demand for any agent at any time should never be higher than the 

actual demand minus the PV production (𝑥𝑖𝑡 ≤ 𝑥𝑖𝑡,𝑚𝑎𝑥), because then we would be 

buying energy that we don’t need at that time and would be storing it in our batteries 

with a 0,9025-loss rate we already mentioned. 

The third restriction (∑ 𝑥𝑖𝑡
𝑇
𝑡=1 = 𝑋𝑖) will take a little more time to explain. We 

said that for every agent and time frame, if PV production was higher than demand, the 

leftover energy would be transferred to our batteries and obviously there would be no 

external demand needed (what in our model would mean 𝑥𝑖𝑡 = 0). If the opposite 

happened and demand would be higher than production, there would be three options 

to cover the remaining demand difference: just with battery capacity (𝑥𝑖𝑡 = 0), just with 

external demand (𝑥𝑖𝑡 = 𝑥𝑖𝑡,𝑚𝑎𝑥) or with a combination of both (0 < 𝑥𝑖𝑡 < 𝑥𝑖𝑡,𝑚𝑎𝑥). This 

means that for every time frame where production doesn´t cover the power demand, 

the agent, as a smart entity (player), should be able to decide which combination of both 

he wants. 

However, this is not entirely true. As we said, batteries have a limited capacity 

and it shouldn’t be possible in our model to always subtract the energy we need from 

them without consequences. Even if we don’t completely empty our batteries during a 

day, our simulation needs to keep running during the following days and therefore, don’t 

want our battery charging state to fluctuate too much. Because of this, we decided to 

implant a restriction: the battery charging state should have approximately (because 

predicted values never perfectly match reality) the same energy stored at the beginning 

and at the end of the day.  

To accomplish this, there must be a balance during the day between battery 

charging and discharging. Therefore, the energy introduced into the battery when PV 

production is higher than energy demand, hast to match the energy later used to feed 

our demand when PV production doesn’t suffice. To understand this better, we 

illustrated this on figure 36, where we show for a certain imaginary household and day, 

the demand and PV energy production curves. 
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Figure 36: Excel Model 1 

Recalling that the values shown represent electrical power (W), and going back 

to formula [4], we should remember that the areas coloured under our curves represent 

an energy amount (J). Once this is clear, let’s analyse what we see. As the blue curve 

represents the energy demand and the orange the PV production, using the 

explanations from the last paragraphs we should be able to understand that the green-

striped area represents the leftover energy (as production is higher than consumption) 

used to charge our batteries and that the purple-striped area is the regular demand that 

could not be covered by our solar panels for this day.  

Now that we have this visual representation, let’s go back to last page. For the 

green part everything is clear, we just use that energy to charge our batteries. But for 

the purple-striped time frames, were the demand is still not fully covered, as we said, 

there are three options: : to cover it just with battery capacity (𝑥𝑖𝑡 = 0), just with 

external demand (𝑥𝑖𝑡 = 𝑥𝑖𝑡,𝑚𝑎𝑥) or with a combination of both (0 < 𝑥𝑖𝑡 < 𝑥𝑖𝑡,𝑚𝑎𝑥). 

However, because we want to keep a balanced battery energy storage, we said that at 

the end of the day the total daily energy charged into the batteries should be equally 

used to feed our demand when production doesn’t suffice.   

This means that the green-striped area on the graph is not just the energy 

charged into our batteries, but also the energy input from our batteries to feed our 

demand but adjusted to the battery conversion in-and-out losses. If the energy 

uncovered demand is quantified (purple), and the battery input as well (green multiplied 

by efficiencies), that means that the total energy that needs to be bought from the 

external electricity network for the whole day is also determined, and that is 𝑋𝑖. 

• Purple area: daily uncovered energy demand  

• Green area*0,95*0,95: battery input to the daily uncovered energy demand 

• Purple area-green area*0,95*0,95: daily external electricity demand = 𝑋𝑖 

 



52 

This means that for a full day, for the 144 time slots in total, all the demand values 

are totally defined. We know how much energy shortage we’ll have after the whole day, 

how much extra PV production there will be and therefore, how much energy the 

batteries will donate to our consumption, and in the end, how much energy we’ll have 

to buy from the network for the whole day. So, there’s apparently no possible 

optimization to be done and no game theory either to be applied, as there is no decision 

freedom and therefore, no game. 

However, there is freedom in the way we get to these values. As soon as we can 

decide in each of the 144 time frames, for a fixed total demand that has to be reached, 

how much energy we take from the batteries and how much we buy from the network, 

there is a game to be carried out: energy used from the batteries will always cost the 

same, but not the energy bought from the external general network. If we can manage 

to buy the energy from the network at the moment when it’s cheapest and use our 

battery storage when prices increase, we will have minimized our costs and therefore 

our objective function, even though the values for the whole day have stayed the same. 

However, as we already said (formula [7]), this price for the external energy doesn’t 

depend just on our decisions and even though we can know the price for which we buy 

the electricity at a certain time, no one can assure us it will stay the same next day, as 

we also don’t know how the other agents will change their decisions. This means that 

just because of the energy market price, we cannot carry out a normal optimization 

process for a typical UC Smart Grid problem, and need to use other tools, in this case 

Game Theoretic solutions applied to aggregative games. 

But before we finally start working on Game Theory, there are some details or 

possible misunderstandings that need to be clarified. First, we have to make clear that 

this decision freedom that will later allow us to carry out optimization processes through 

Game Theory, is limited. In the example shown in figure 36 everything was fine because 

at every time frame we had clearly the freedom to choose the energy proportion taken 

from battery or external network.  

However, if for example the agent’s energy demand is always higher as its energy 

production (figure 37), there will not be any battery charging time in the whole day (no 

green area), and therefore, to keep the battery storage balanced, no battery donation 

to the demand on that day. This means that the energy demand shortage has always to 

be fully covered by externally purchased electricity (𝑥𝑖𝑡 = 𝑥𝑖𝑡,𝑚𝑎𝑥), and therefore 

looking at formula [8], all 𝑥𝑖𝑡 values would be determined, and no possible game could 

be carried out.  

This model is very common for many self-consumption rooftop PV installations, as it 

doesn’t require any batteries. However, this limits a lot the production possibilities, and 

now that lithium batteries are more affordable than ever, we decided to ignore this 

option and opt to introduce batteries into our agent’s installations. In figure 37 we can 

see a visual representation of this effect, for which we took the same day and agent 

model as in figure 36 but reduced its PV installations size. 
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On the other hand, if PV production is big enough for a certain day so that after the 

whole day the green area multiplied by 0,9025 is bigger than the purple one, this would 

mean that battery energy donation would be enough to cover the demand shortage for 

the whole day without losing the internal balance, and even still increasing the stored 

value. This would require no external demand at any moment during the day (𝑥𝑖𝑡 = 0), 

and obviously consequently, there would be no decision-making and no game either. 

Figure 38 shows graphically this example. This model has the advantage of being a 100% 

self-sufficient, as it doesn’t need to depend on the exterior world, but also requires very 

big installations and batteries that should prevent any unexpected peaks. 

 

 

Figure 37: Excel Model 2 

 

 

Figure 38: Excel Model 3 
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 To conclude this section, we should remember that in our optimization problem 

our initial goal was to minimize the agent’s energy costs. However, if we look at formula 

[8] we only see there the costs related to the electricity purchased from the external 

network and not other investments like the PV installations or the batteries. We decided 

wilfully not to include these costs in our objective function because they are not variable 

with time and don’t require a prediction, so they would only disturb in the equation. 

This doesn’t mean we can ignore these expenses, as they suppose a big capital 

investment for our agent’s economy, but we decided to add these up when analysing 

the end results, so we can directly see there if the investment on these PV installations 

ended to be profitable or not. 

 

7 Game Theory 

7.1  Aggregative Games and Nash Equilibrium 

 After a long process of introducing the UC optimization problem, then defining 

and parametrizing its elements to then come back and define definitively the objective 

function with its restrictions and particularities, we finally understood the reason why 

we introduce Game Theory into this work: to help us solve an optimization UC problem 

that, just because of the energy market price and its dependence on other agents’ 

decisions, ordinary derivative methods cannot reach. We also mentioned at some point 

during our work that our game theoretic approaches would be based on aggregative 

games, so first of all, we should clear what these are. 

An aggregative game is a non-cooperative Nash game in which each player’s 

payoff depends on its actions and an aggregate function of the actions taken by all 

players. Nash Cournot games represent an important instance of such games; here, 

firms make quantity bids that fetch a price based on aggregate quantity sold, implying 

that the payoff of any player is a function of the aggregate sales. The study of such games 

has grown immensely in the last few decades and examples emerge in the form of supply 

function games, common agency games, and power and rate control in communication 

networks (Koshal, Nedi´, & Shanbhag, 2016). 

 As we can see, this definition suits really well the situation we are dealing with 

and the price-defining function developed in formula [7]. The fact that this is a very well-

studied topic, makes it easy to find enough literature to deepen into whilst also being 

able to apply specific conditions of our choice to the problem. In this case, we are 

interested in the situation where agents, from now on also called players, don´t have 

access to the aggregate of all the player´s decisions (x̅𝑡) we are so interested in.  

 In our case, as we announced before, each one of the players only knows for 

every time frame, their own external energy demand 𝑥𝑖𝑡 for that period, and the price 

𝑝𝑡 they got back from the central selling entity MP. The aggregate demand of all the 

players (x̅𝑡) for period t would be extremely useful to predict future prices, but is also 

completely unknown to the players, and it´s understandable the MP does also not want 
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the players to know its value. The players however, do know the price-ruling algorithm 

(formula [7]), but not the values of 𝐾1 and 𝐾2, so they still have no clue on how to predict 

the price per energy unit outside of just taking the price from the day before. 

 This specific case inside of aggregative games is studied in Distributed Algorithms 

for Aggregative Games on Graphs (Koshal, Nedi´, & Shanbhag, 2016). In this paper, they 

work on aggregative games wherein the players compete over a network and focus on 

two main points from which we will also develop our work. Here, as we just said, players 

do not have access to aggregate decisions, implying that agents cannot compute their 

payoffs (or their gradients). Accordingly, to overcome this difficulty, agents are allowed 

to build estimates of the aggregate by communicating with their local neighbours and 

consequently calculate a suiting algorithm of aggregative games. 

 This means that the solution proposed by this paper to solve the lack of 

knowledge on global demand is communication. The problem in our model is that agents 

send demands and get back prices every ten minutes but have no way to estimate the 

price evolution during time as they do not have the complete details of the equation nor 

the aggregate demand for all the players in the grid. By allowing the players to 

communicate with each other and share their external demands, each of them will, after 

this communication phase, get closer to the real aggregate demand, and to the right 

price prediction method consequently. For this purpose, the paper provides two 

different communication paths by which information can be shared, understanding as 

communication between agents the moment both players receive the built aggregate 

from the other.   

• Synchronous distributed algorithm: At each iteration, every agent performs a 

“learning step” to update its estimate of the aggregate using the information 

obtained through the time varying states of its neighbours. All agents exchange 

information and subsequently update their decisions simultaneously via a 

gradient-based update.  

• Asynchronous distributed algorithm: In contrast, the asynchronous algorithm 

uses a gossip-based protocol for information exchange. In the gossip-based 

scheme, a single pair of randomly selected neighbouring agents exchange their 

information and update their estimates of both the aggregate and their 

individual decisions. This algorithm would then be a combination of the 

synchronous method with the gossip technique that selects random 

communicators every certain time. 

From the previous proposed communication algorithms, we decided to work with 

the synchronous distributed one. This makes sense, as we know that our agents have a 

very ordered time schedule where, every ten minutes, they need to build its external 

demand, send it to the external market, receive the equivalent demanded electricity for 

a certain price and build an estimate of the total demand out of it. If we put this 

communication phase at the beginning of every iteration, i.e. at the beginning of every 

10-minute frame, it would suit our decision-making chain and would help us send a 

better built demand. 
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 In conclusion, what this distributed synchronous algorithm for aggregative 

games will provide us with, is the tools with which every agent, under an initial total 

uncertainty on how the received external price is generated, will be able to build an 

estimate of the total aggregate external demand through communication with fellow 

agents in the grid. This estimate of the aggregate demand will therefore become, with 

every iteration (its communication phase and later learning step), closer and closer to 

the real aggregate demand depending on how the model, the players’ decisions and the 

learning synchronous algorithms are built.  

However, this process can therefore get to a point where it’s highly probable that 

all players have a very close accurate estimation on what the total external energy 

demand for all players will be for every time frame during the day and consequently will 

be able to predict quite accurately the external energy price evolution during the whole 

next day. If then the agents adapt well enough their decisions through their individual 

objective functions, there is a possibility that the grid comes into an equilibrium point, 

where all players came to an optimal situation and are not interested in changing their 

decisions anymore. In Game Theory, this is called Nash equilibrium, and will be our 

second point of interest in this chapter. 

So, one of the main goals in this work, as we can read in the previous paragraph, 

is the calculation of equilibria and specially for our case, Nash equilibrium, which is an 

application of the equilibrium concept to game-theoretic purposes. Nash Equilibrium 

describes a situation within aggregative games of a game where there is no incentive to 

deviate from the initial strategy (Investopedia, n.d.). More specifically, the Nash 

Equilibrium happens when an individual can receive no incremental benefit from 

changing actions, assuming other players remain constant in their strategies. A game 

may have multiple Nash Equilibria or none at all.  

It is therefore, easy to understand how important it is to prove the existence and 

amount of these Nash Equilibriums in aggregative games. In our case our motivation will 

be in our simulations to see if the agents’ decisions, when interacting with each other, 

can lead to an equilibrium situation. We will develop a model grid containing a certain 

number of agents with their individual characteristics, give them the tools to work out 

their demands and build their estimates and see what happens. After every iteration we 

will see the agents’ predictions and demands for the next round and hopefully, after a 

certain number of iterations, these demands will no longer change from iteration to 

iteration, as this would mean we found a Nash equilibrium for our designed system. 

Nevertheless, there is also the possibility that these Nash equilibria are not 

unique, and even more, that some are better than others for certain players. If our 

modelled grid remained in a certain Nash equilibrium and a player suddenly discovered 

that there’s another Nash equilibrium the grid can converge to with better prospects, 

and even would know what to do to make the whole system leave the current 

equilibrium to start moving towards the other, that would change the game completely. 

This is highly complicated theoretical business, but in the next chapter we will provide 
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some theories that will allow us to demonstrate under which conditions Nash equilibria 

can occur and if these are unique or not. 

 

7.2  Distributed Synchronous Algorithm 

In this section we develop, as we announced, a distributed synchronous 
algorithm (provided by (Koshal, Nedi´, & Shanbhag, 2016)) that relies on agents 
constructing an estimate of the aggregate demand by mixing information drawn from 
local neighbours and making a subsequent projection step. This will help us solve our 
initial UC problem and could lead us as well to an equilibrium computation of the game 
in our grid.  

This algorithm equips each agent in the network with a protocol that mandates 
every agent to exchange information with its neighbours, and subsequently update its 
decision and the estimate of the aggregate decisions, simultaneously. We use therefore 
a synchronous time model which can be compared with a time varying connectivity 
graph. This means that for every iteration the connectivity graph will change randomly 
and so will the communication links between the agents. In figure 39 we can see, 
considering the dots to be the different players in our grid, a possible evolution of the 
connectivity graph for a certain player in two consecutive iterations. 

 

Figure 39: (Koshal, Nedi´, & Shanbhag, 2016) Figure 2 

Consequently, to try to quantify the players’ communication evolution in a time-
varying network, let 𝐸𝑘 be the set of underlying undirected edges between agents and 
let 𝐺𝑘 = (𝑁, 𝐸𝑘) denote the connectivity graph at time k, like the ones shown above 
(figure 39). Then, 𝑁𝑖(𝑘) denotes the set of agents who are immediate neighbours of 
agent i at time k, i.e. the agents with whom agent i shares its information at iteration k. 
Assuming that 𝑖 ∈ 𝑁𝑖(𝑘) for all 𝑖 ∈ 𝑁 and all k ≥ 0, mathematically, 𝑁𝑖(𝑘) can be 
expressed as:  

𝑁𝑖(𝑘) = {𝑗: {𝑖, 𝑗} ∈ 𝐸𝑘}    [9] 
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Now comes the interesting part. Due to incomplete information, at any point an 
agent only has an estimate of the total external demand for the grid, x̅𝑡, in contrast to 
the actual x̅𝑡, so we describe from now how an agent may build this estimate (Koshal, 

Nedi´, & Shanbhag, 2016). Let 𝑥𝑖
𝑘  be the iterate, agent i’s external energy demand at 

iteration k, and 𝑣𝑖
𝑘 be the estimate of the average of the external demands (𝑥1

𝑘…𝑥𝑁
𝑘 ) for 

agent i at the end of the kth iteration. At the beginning of the (k + 1)st iteration, agent i 

receives the estimates 𝑣𝑗
𝑘 from its neighbours 𝑗 ∈ 𝑁𝑖(𝑘 + 1). Using this information, 

agent i calculates its intermediate estimate according to the following rule:   

ṽ𝑖
𝑘 = ∑ 𝑤𝑖𝑗(𝑘)𝑣𝑗

𝑘
𝑗∈𝑁𝑖(𝑘)   ,     [10] 

 

where 𝑤𝑖𝑗(𝑘) is the nonnegative weight that agent i assigns to agent j’s estimate. By 

specifying 𝑤𝑖𝑗 = 0 for 𝑗 ∉ 𝑁𝑖(𝑘) we can write: 

ṽ𝑖
𝑘 = ∑ 𝑤𝑖𝑗(𝑘)𝑣𝑗

𝑘𝑁
𝑗=1    with   𝑣𝑗

0 = 𝑥𝑗
0  for all   𝑗 = 1. . . 𝑁 [11] 

 

So, as we see in formula [11], this new estimate is calculated at the beginning of 
the (k+1)st iteration by comparing our own estimation for iteration k with the ones we 

received from our neighbours during the communication phase. However, we see ṽ𝑖
𝑘 

and 𝑣𝑖
𝑘 are not the same. This is because what we just calculated is, as stated above, an 

intermediate estimate, that will later be transformed into the new 𝑣𝑖
𝑘 as we go further 

in our calculations.  

Another interesting information from formula [11] is the nonnegative weight 
𝑤𝑖𝑗(𝑘). As we understand it, it’s a value between 0 and 1 that agent i assigns to agent’s 

j received estimate 𝑣𝑗
𝑘 after iteration k, apparently related to the importance or 

influence agent i thinks this information might have on the building of his estimate. In 
our model however, we will not make these distinctions and just give the same value or 
importance to all information received from the agents, including ours.  

According to this, and if we want the intermediate estimate ṽ𝑖
𝑘 to keep the same 

magnitude order, it makes sense that the sum of all weights assigned by every agent to 

its information is equal to one (∑ 𝑤𝑖𝑗(𝑘)𝑁
𝑗=1 = 1), and that for every neighbour 𝑗 ∈

𝑁𝑖(𝑘) including i itself, the value 𝑤𝑖𝑗(𝑘) is the same. As the formula states, these weights 

will change after every iteration, as also will the connectivity graph for every player, 
which, like mentioned before, does it randomly. This means that the weights also do, 
and therefore, like we see in figure 40, the way we used in our Excel to assign values to 
every 𝑤𝑖𝑗(𝑘) for every iteration is the following. 

First, creating for the (k+1)st iteration its connectivity graph by assigning 
randomly for every agent its communication connections for that iteration. For this 
purpose, we create a NxN connectivity matrix called N(k) filled randomly with 0s and 1s. 
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If 𝑁𝑖𝑗(𝑘) is equal to 1, that means communication between agents i and j exists and if 

𝑁𝑖𝑗(𝑘) is 0, agents i and j are not connected and therefore, don’t share their information 

with each other during this iteration. Logically, values in the main diagonal (i=j) will 
always be 1, and N(k) is by definition a symmetric matrix (𝑁𝑖𝑗(𝑘)= 𝑁𝑗𝑖(𝑘)). 

After this, we create a new matrix W(k) whose values 𝑊𝑖𝑗(𝑘) will correspond to 

the estimate weights (𝑤𝑖𝑗(𝑘)) we’re searching for. To fill it, we just have to count for 

every column (or row) in N(k) how many ones there are and then divide each 𝑁𝑖𝑗(𝑘) in 

that column (or row) by that value. In our case, we counted down the ones per row, but 

it’s important that when we calculate ṽ𝑖
𝑘 we also follow the row or column order so that 

the sum of the weights remain equal to 1. Please note that the values assigned in figure 
40 are random and would change for every iteration. 

 

Figure 40: Excel Simulation 1 

 Now that we know how to calculate the intermediate estimate ṽ𝑖
𝑘 and got to 

understand the procedure behind it, its time move towards the next step: using this 
estimate to predict price evolution and with this information, adapt our external 
demand to minimize the objective function. This cannot be done directly in one step as 
prediction never accurately matches reality, so the gradient-based algorithm proposes 
adapting more slowly and checking after each iteration if decisions are moving towards 
the right direction. But first, there are some variables that need to be defined and 
explained before we present the algorithm. 

 Like we said, the algorithm later presented is going to be gradient-based, which 
means the fluctuations in decision making between the different iterations are going to 
be influenced on a gradient. A gradient is basically a multi-variable derivative, so it 
makes sense for this to be a solution for an optimization problem, as these are 
conventionally solved with them. Therefore, we first have to define our gradient to then 
introduce it in the algorithm. In (Koshal, Nedi´, & Shanbhag, 2016) they use as an 
example a general form for the typical optimization problem, so we will use this as well 
during the explanation and later substitute this with our own values. For the following 
optimization problem: 

minimize 𝑓𝑖(𝑥𝑖 , �̅�)     [12] 

subject to  𝑥𝑖 ∈ 𝐾𝑖  

we define the following terminology, to then, in formula [14] give the definitive 
algorithm: 
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 𝐹𝑖(𝑥𝑖 , �̅�) = 𝛻𝑥𝑖
𝑓𝑖(𝑥𝑖 , �̅�)   , and    𝐹(𝑥, �̅�) ≜ ( 𝐹1(𝑥1,�̅�)

....𝐹𝑁(𝑥𝑁,�̅�)
) [13] 

 

  𝑥𝑖
𝑘+1 = ∏ [𝑥𝑖

𝑘 − 𝛼𝑘𝐹𝑖(𝑥𝑖
𝑘 , 𝑁ṽ𝑖

𝑘)]𝐾𝑖
   [14] 

 

 What we show in formula [14] is the secret motivation hidden behind all our 
decisions in our work until now. In an optimization UC problem where, normal derivative 
methods cannot be applied because we have an external depending variable whose 
value we cannot touch nor predict, we came to use Game Theory to solve this puzzle 
and specifically to aggregative game’s solutions where players do not have access to the 
aggregate, to find a way to adapt our derivative methods to this situation.  

And finally, here we have the desired formula: 𝑥𝑖
𝑘+1, the agent i’s external energy 

demand for the next iteration, is calculated by taking the value from last iteration and 
subtracting a certain value that depends on 𝐹𝑖(𝑥𝑖, �̅�), the gradient of our objective 
function that we originally wanted to minimize. This means that, thinking about the 
spatial concept of gradient, for every player starting at a certain external demand, as 
they want to get to the lowest possible point (minimizing), they will, by following the 
steepest path down, iteration after iteration, start descending until, hopefully, if all 
agents appear to be at the lowest possible point at the same time, no one will have any 
reason to move, and will reach what we called Nash Equilibrium. 

Before we continue there are some parts in formula [14] that remain 

unexplained and may lead to confusion. The gradient part  𝐹𝑖(𝑥𝑖
𝑘 , 𝑁ṽ𝑖

𝑘), as we can see, 

depends firstly on its previous demand but, unlike in formula [13], also on 𝑁ṽ𝑖
𝑘  instead 

of �̅�𝑘. This is logical when we think that, as players do not have access to the aggregate 
(�̅�𝑘), they need to use something that resembles this value as much as possible.  

If we recall, ṽ𝑖
𝑘 is the intermediate estimate of the average of the external 

demands, what means that multiplying it by N, the number of players in our grid, this 
will be for player i the best possible information available to estimate �̅�𝑘. To be honest, 
this is also the main original reason why every agent tries to build the estimate of the 
aggregate demand: to approach a value as best as they can to introduce it in formula 
[14]. It is also interesting to think that we can know a system is converging towards a 
certain Nash equilibrium if the aggregates built by the players start also converging 
towards the real aggregate of the demands in that equilibrium.  

The second unfamiliar element we found is 𝛼𝑘. This value, known as step size, is 
a certain value depending on k, that is used to gradually reduce the adjustments made 
on the external demand. If we kept a constant step size, for highly variable inputs the 
game would never converge or settle in any value. By reducing the step size for every k 

increase i.e. every iteration, we reduce gradually the difference between 𝑥𝑖
𝑘+1 and 𝑥𝑖

𝑘, 
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and therefore increase the probabilities the system reaches a Nash equilibrium at some 

point. In our model, we will define our step size as 𝛼𝑘 = (1/𝑘)3/4. 

And last is the ∏ []𝐾𝑖
 operator appearing at the beginning of the equation. This 

denotes the Euclidean projection of what’s contained inside the brackets onto the set 
𝐾𝑖. This basically means that the solution of applying the gradient-based operation to 
the previous demand still hast to fulfil the constraints of the UC problem, marked in this 

case by 𝐾𝑖. Thinking about the spatial meaning of this, 𝑥𝑖
𝑘  is inside of 𝐾𝑖, but when 

applying operations on it we still have to make sure the result stayed inside of the 
margins, and if not, adapt it until it does. 

 There is one last easy step to be carried out. We said that the estimate built at 

the beginning, result of the information exchanges with the neighbours (ṽ𝑖
𝑘), was an 

intermediate estimate, what means that before finishing the iteration, we need to build 
our final valid estimate that we will later, at the beginning of the next iteration, share 
with our fellow agents. Logical as it seems, the new estimate of the aggregate will be: 

 𝑣𝑖
𝑘+1 = ṽ𝑖

𝑘 + 𝑥𝑖
𝑘+1 −  𝑥𝑖

𝑘     [15] 

 

Now that the complete algorithmic process is ready, and everything set and done 
for us to start with our modelling and simulation attempts, it’s time for us to mention 
something really important. During this whole chapter, and specially in the last pages 
when working on the synchronous distributed algorithms, we can notice we still indexed 
the agents with an i, but suddenly stopped using the t we had been using in previous 
chapters to refer to the ten-minute frames we’ve constantly been working with and 
started to use k instead. It easy to think this change happened in Game Theory simply 
to index the iterations with k, but that there is no difference between them as iterations 
and our time frames would coincide. 

 Actually, it makes sense to think this way, as we said that the whole process of 
sending the demand, receiving the energy and price for it, building the estimate and 
exchanging the information would happen once every ten minutes. However, we have 
to make clear k doesn’t correspond to t, and we’ll explain now why. The aggregative 
games for which the optimization algorithm in formula [14] was designed (Koshal, Nedi´, 

& Shanbhag, 2016), are games where 𝑥𝑖
𝑘  doesn’t change much its value between 

iterations. This makes also sense as the algorithm only provides small modifications to 

𝑥𝑖
𝑘  and if the value would vary a lot when advancing through the game, these little but 

valuable adjustments provided by the algorithm would go to waste, as they would have 

little or no effect on the evolution of 𝑥𝑖
𝑘  during the game. 

 Sadly, this happens in our case. If we go back to the last objective function 
chapter and the curves with the purple-striped area (figure 36), we can remember that 
𝑥𝑖, for our case the demand for electricity coming from the external network, would vary 
a lot during the day. It’s true that if the green area would be big enough, we would have 
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more freedom to equilibrate the values, but we cannot take this for granted and in 
almost every model we can consider that 𝑥𝑖  fluctuates quite much all along the 144 
timeslots the day has and that are indexed by t. However, if k and t are not the same, 
how are we supposed to introduce the objective function built in formula [8], in the 
optimization algorithm represented in formula [14]? 

 The answer to this can be found in the example given back in formula [3] (there 
we used an adapted version) and provided by (Koshal, Nedi´, & Shanbhag, 2016). Apart 
from being a typical example of an optimization UC problem for Smart Grids, it is used 
in the paper to explain and give feedback on the gradient-based formula we’ve been 
using lately. In this example, we suppose a set of N firms that compete over L locations. 
These firms are indexed by i like our agents and can however produce and sell their 
products at any location l, being their optimization equations defined by formula [16]. 

minimize ∑ (𝑐𝑖𝑙(𝑔𝑖𝑙) − 𝑝𝑙(s̅𝑙)𝑠𝑖𝑙)𝐿
𝑙=1     [16] 

subject to  ∑ 𝑔𝑖𝑙
𝐿
𝑙=1 ≥ ∑ 𝑠𝑖𝑙

𝐿
𝑙=1  

𝑔𝑖𝑙 , 𝑠𝑖𝑙 ≥ 0  𝑔𝑖𝑙 ≥ 𝑐𝑎𝑝𝑖𝑙  l =  1, … , L 

 

 Where we want to focus on is not the example itself, but on the variable l. This 
variable, the location, doesn’t play any important role in the game, it’s just another index 
like the i. Iterations will come, but the k will not be mistaken with the location l. This, 
and the fact that the objective function from this example is quite similar in concept to 
the objective function for our grid system gave us the idea to act as if our time frames 
were like locations, nothing to do with k and the game’s iterations.  

 This way, thinking of our ten-minute time frames as 144 different locations 

would solve the problem of a demand 𝑥𝑖
𝑘  varying too much throughout the day. If we 

make an iteration every day, this means 𝑥𝑖𝑡
𝑘+1 would be the external energy demand for 

agent i, at the exact same time slot t, but just a day later, in which case we can assure 
the values wouldn’t vary too much, as external demands may vary a lot during the day 
but remain quite similar from one day to the other. However, because there still is a 
variation, we will make a little adjustment that will later be explained during the 
simulation chapter. 

So, to sum it up and make it clear, we would now have 144 time slots that work 
as the independent locations in the example from formula [16], with their own external 
demand values ready to be sent. As the day goes by, every time frame as their turn 
comes, one at a time, and just once a day, sends a demand, gets it back with price, 
communicates with its neighbours by sharing their aggregate just for that time slot, and 
builds its new aggregate. To put an example, at 15:30 the time slot belonging to this 
time gets activated, does all the tasks mentioned above, and at 15:40, when everything 
is done, it deactivates and remains inactive for the rest of the day.  
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This means that, even though we mentioned before that a whole iteration 
process is carried out every ten minutes, it’s always at a different time frame or location, 
what translates into just one daily iteration for each of the frames, what equals one 
iteration a day. During the night however, our system provides us with the predicted 
demand and predicted PV production for the next day already. Then, attending to 
predicted battery charging amounts and other already mentioned processes, our Excel 
assigns for every frame their correspondent external electricity demand, but this time, 
adjusted to the results coming from our synchronous optimizing algorithm from this 
chapter, who should help decrease the total energy cost for the day from the original 
daily decision. 

Now that we have cleared that k and t are not the same, we obviously cannot 
directly apply our own developed objective function to the synchronous algorithms 
provided in this chapter, so we have to adapt them. In this case, it’s easier as it seems, 
as we just have to inject a new index t into every variable. This would imply that, if for 
each of these variables in the explanations we had to imagine them as a N-size vector 
with a value for each of the agents, now they have been transformed into a Nx144 size 
matrix, with a value per agent and time frame.  

Luckily again, we have Excel at our disposal and these arithmetical operations 
can be easily carried out when these big matrixes are put in the right order, one next to 
the other. Finally, if we also substitute some already available values (formula [7] and 
formula [8]), the list of all the equations we introduced during this chapter and that we’ll 
use from now during the simulation chapter would look like in formula [17]. Remember 
the prime denotes the first derivative. 

 

 ṽ𝑖𝑡
𝑘 = ∑ 𝑤𝑖𝑗(𝑘)𝑣𝑗𝑡

𝑘𝑁
𝑗=1         [17] 

 

 𝐹𝑖𝑡(𝑥𝑖𝑡 , �̅�𝑡) = 𝛻𝑥𝑖𝑡
𝑓𝑖𝑡(𝑥𝑖𝑡, �̅�𝑡) = 𝑝𝑡(x̅𝑡) + 𝑝𝑡′(x̅𝑡)𝑥𝑖𝑡 

   = 𝐾1 + 𝐾2�̅�𝑡 + 𝐾2𝑥𝑖𝑡 

 

 𝑥𝑖𝑡
𝑘+1 = ∏ [𝑥𝑖𝑡

𝑘 − 𝛼𝑘𝐹𝑖𝑡(𝑥𝑖𝑡
𝑘 , 𝑁ṽ𝑖𝑡

𝑘 )]𝐾𝑖𝑡
   

  = ∏ [𝑥𝑖𝑡
𝑘 − (𝐾1 + 𝐾2𝑁ṽ𝑖𝑡

𝑘 + 𝐾2𝑥𝑖𝑡
𝑘 )/𝑘3/4]𝐾𝑖𝑡

 

 

 𝑣𝑖𝑡
𝑘+1 = ṽ𝑖𝑡

𝑘 + 𝑥𝑖𝑡
𝑘+1 −  𝑥𝑖𝑡

𝑘   



64 

8 Model and Simulation 

8.1  Model 

Now that we have all the necessary ingredients of our UC problem well defined 

and the tools provided by Game Theory to solve it, it is finally time to create our own 

Grid. When we started designing it and the different possibilities it might have, we still 

didn´t know what results would be like, but we could already imagine through the 

prediction task, for example, what kind of features should mainly define the agents. 

We mentioned in both the demand and production prediction tasks, that the 

time-related variations should be fixed with the algorithms we developed in their 

respective chapters, and that the remaining characteristics should be later defined 

during the modelling, so we could directly appreciate their influence in the result. 

Later, in the Game Theory chapter, we decided the iterations would take place 

every day, which meant that after each of the turns, i.e. at night, the players would 

create their predictions using their algorithms for demand and production for the next 

day and adapt them later with the results coming from the synchronous algorithm. This 

last part will be later explained during the simulation process, but what we need to make 

clear is that our work until now can only provide us with a day-ahead prediction of the 

demand and irradiation and nothing else. 

To be able to define a useful model for our later calculations, we need to define 

now the rest of the variables that are not time-related, and we just mentioned. This will 

be our main task during this chapter, to identify these variables that will complete our 

model into a competent one and index them in a clear way so that we can hopefully see 

their direct influence in the results. The concrete values to the variables will be assigned 

later on during the simulation and results. 

The remaining variables we are searching for will hopefully complete, together 

with the previous work done in the prediction chapter, the model that will later define 

the rules of the “game” carried out during the simulation. To be more precise, they will 

allow each one of the players to make a full prediction for their energy demand and 

production at the beginning of the day i.e. the iteration to later, just like we wanted. 

Then, with is information and the added results coming from the day before, each player 

would develop an energy balance strategy for the course of the day that would hopefully 

tend to a minimum bill to the energy market. But first, let’s focus on the model. 

First of all, we will start with the variable necessary for the demand, but before 

we start, we should mention an important decision we made at this point. If we recall 

what we did back during the demand data chapter, we remember that the values from 

the energy demand where an original adaptation from the global power demand on the 

Spanish peninsula. Starting from the base of a regular household average daily 

consumption and integrating all throughout the day, we got a proportional curve that, 
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however, kept the same shape, which meant that the consumption habits stayed 

proportional as of the total power demand in the Spanish peninsula. 

 However, if we deepen a bit further and go back to figure 8, we can see that for 

this average Spanish consumption habits, following the purposes of the energy 

consumption, we can differentiate three big groups: household, services and industry. 

This separation is not only interesting because we took before as a reference for our 

calculations that household consumption represented 20% of the total consumption, 

but also because the curve evolution of these three groups is very different throughout 

the day: in industry machines often keep running at night, with services consumption 

often adapts to human life rhythm, and households have very marked peak valley hours. 

 This introduces our previous prediction work into a dilemma. We took as a 

reference or consumption unit, an average blend of consumption entities that would 

match the national average, and therefore, where 20% of the total consumed energy 

would come from a single household. However, if the bundle of consumer wouldn’t 

match the average, which would be the consequences? 

 If we look at figure 36, the energy demand curve has a direct impact on the green 

and purple area, and therefore on each of the players decisions. It’s not only important 

the absolute value of the energy consumed after the whole day, but also the relation 

with the production curve throughout the day, and there the characteristics of the 

energy consumers inside of every microgrid are fundamental.  

 Because of this, we decided we would not only just work with a model of a 

national average typical consumption, but also with the two available extreme 

possibilities: a grid of the same size but formed just by industrial consumers, and the 

same grid but in this case, full of households. The three grids might have consumed the 

same amount of energy at the end of the day, but the evolution of the curve and thus, 

from the external energy demand, will be very different. This opens a very big bracket 

of possibilities for our game to be carried out, as every situation can be now analysed 

from many perspectives.  

 Once this is understood, now just the size of the consumption units needs to be 

decided now that the curve shape is completely defined. The demand prediction 

provided us with an energy demand value for every 10-minute frame of a certain 

average consumption unit. Now that we defined the behaviour of these units, just the 

amount of them needs to be fixed. For this reason, the remaining variable we were 

looking for was the consumption size of the grid, that together with the type of 

consumption habit (model, household or industry), it will finally allow us to create a 

complete day-ahead prediction of the energy demand for each of the players. 

 The second and last value that needs to be completely defined is the PV energy 

production of our grid. If we recall, what the demand prediction chapter provided us 

with is, it is just a prediction for the solar irradiation on our grid for each of the time 

frames. So now, what we need to find are tools what will lead us from the solar 
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irradiation to the PV production, i.e. the variables we defined back in the day as not-

time-related. 

 The first one would be easy to guess. If the prediction provides us with solar 

irradiation (W/m2), one factor should be an area equivalent whose multiplication would 

just leave us just with power units (W). Therefore, and without being necessary to 

explain it too much, one of the variables that needs to be defined during the modelling 

is the number of square meters of PV panels that each one the players have installed. 

We take for granted that every player uses them under the same conditions: same 

irradiation, and optimal orientation and inclination. 

 However, the PV installation area is not sufficient to define the PV production. If 

we stopped right now and decided to take as production the result of the previous 

operation, we would be saying that all the solar irradiation energy absorbed by the solar 

panels would be entirely transformed into electricity, or what is the same, that solar 

panels would have an efficiency equal to one. 

  This is obviously not true, as we saw in previous chapters that even the best 

performing solar PV cells would only reach efficiencies under lab conditions of 0,27. In 

reality, efficiencies are even lower because cheaper materials are used and because of 

many other reasons (degradation, dust, not optimal temperature conditions…). 

Therefore, even though we could have chosen a certain material and used its theoretical 

performance, we preferred to take statistical data and calculate a relation, like we did 

in other chapters, in this case, between the solar irradiation a PV panel receives and the 

amount it is able to transform into electricity. 

 Therefore, we compared information from different sources and determined 

that the relation should be the one shown on figure 33. This relation of 0,099 might 

seem at first a bit low, but as we said, there are a lot of factors altering the original PV 

cell performance and we’d rather be more conservative than assuming high unrealistic 

standards. We also assume that all layers use the same technology, under the same 

circumstances, and therefore, apply the same factor to their calculations.  

 Now that all the non-time-related variables are already defined as we promised, 

it is time to represent the model and see the results visually. The way we thought it best 

to represent the model and make it optimal for later applying changes to it during the 

simulation was to gather all these grid related variables into a table so we can quickly 

see each of the players characteristics at one sight. This was also the original idea: solar 

irradiation and demand habits per consumption unit are all the same for all players for 

a certain day, what makes the difference between each of them are the grid 

characteristics we defined in this chapter. An example can be seen in figure 41.  

As we can see in the previous image, we first point out the day for which we want 

our predictions to be carried out. With this information our Excel can already provide us 

with the predictions for that day of solar irradiation and average unitary energy demand. 

For this case we also made an assumption: we assumed the demand would be like the 
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typical blend we’ve been often talking about (model) and calculated the other two 

starting from there.  

 

Figure 41: Excel Model 4 

We additionally assumed industry’s consumption will be 60% of the total 

consumed energy at the end of the day, and would remain constant throughout eternity, 

and the rest would be a mixture of services and household consumption (from now on 

just called household). This way we assure that the sum of the industry and household 

demands will always add up to the model demand. This is the reason why we can see in 

the table that the PV installation is separated in two parts. Should we want to calculate 

the PV production for the whole model, we would just have to add both values in m2 

before multiplying by the other factors.  

In images from figure 42 to figure 45, we show the results of the modelling we’ve 

been describing and defining during this short chapter. First, we have the table, where 

on the left we can see the predictions on irradiation and demand made for October 18th. 

With these values (time-related) and the grid defining values shown on figure 41, we 

can now define our model, just like we promised. Multiplying them we have first, the 

demand values for model, industry and household; represented by the blue curve in 

figure 43, figure 44 and figure 45 respectively; and the same for PV production, for the 

orange curves. 

 

Figure 42: Excel Model 5 

 As we can see in the following images, the PV curves have pretty much the same 

evolution, but the demand (represented by blue), is very different in each of the three 

cases. This is what we were talking about some pages ago: taking the average 

consumption together with the two most extreme cases (only industry and only 

household) will let us make very interesting comparisons later when carrying out the 

simulations and gathering the results. 
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Figure 43: Excel Model 6 

 

Figure 44: Excel Model 7 

 

Figure 45: Excel Model 8 



69 

8.2 Simulation 

 Now that the model is completely defined, we can finally start running our 

simulation, what in our case means, start to run the game where each of the players in 

the grid, using the tools we’ve provided them with during the previous chapters, will 

interact with each other in order to get closer with time to their interests. This 

simulation has a lot of steps to be followed and it is important to understand all of them 

as our whole work lies behind it and it can get tricky. 

 First of all, we have to make clear that, whilst the model we created is unique for 

all our work, we will be running three types of simulations in this work. We already 

mentioned before that our grids will always be composed by four players, a number, we 

thought, perfect, as it makes it possible to create a decent number of interactions whilst 

also allowing a clear analysis of future results. This will remain constant in all three 

simulations.  

 The difference between the three types of simulations will be the energy 

consuming habits the players will have in each of them. In one simulation all players will 

be formed 100% by industry, in another, completely by households; and in the third, by 

the blend we previously described as model. This will allow us later, when watching the 

results, to hopefully appreciate better differences between the games and get 

interesting conclusions. 

 However, apart from the energy demand curve predicted by each player at the 

beginning of the day, the steps and procedures to be followed during the simulation are 

the same, so we’ll describe them all at once for the industrial case, as it has the easiest 

demand curve. To describe and run the other two simulations (model and household), 

we would just have to substitute the demand curve for each of the iterations and 

players, although in Excel we created an apart sheet for each one to keep it neat. 

 Now that this is made clear, just like we did back when modelling, we created a 

small table that would define the characteristics of the grid and of each of its players 

(figure 46). This table is a bit different though, as it just focuses on one energy 

consumption type (industry in this case), and because we describe the four players all at 

one in the same table (mg stands for microgrid, which are the players in the grid). This 

will allow us to change anything at the table and see directly the results in the simulation 

after an update, which was really valuable when testing. 

 However, it also includes something new. If we remember when we described 

the exchange markets to later define the external energy price function (formula [7]), 

this function included two factors, K1 and K2, that described the linear variation of the 

energy price per kWh. Usually these values remain quite standard in real life (normally 

the price per kWh would vary between 0,1€-0,25€), but we found it interesting to be 

able to alter the values easily as they have a huge impact on the game’s rules and 

changing speed, even though we usually keep them at standard situations. 
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Figure 46: Excel Simulation 2 

Now, if we go back a few chapters, we may remember that we collected data 

from REE in order to build our prediction algorithms until October 17th, day from which 

we said, we would start simulating. It is true we also got data from later on, but only to 

back up the simulation process and verify its quality. This means that all our future 

simulations will start on October 17th, the first iteration and step from which we will 

start to explain our procedure. 

So, to start with, we have to explain the first two columns of the simulation, with 

whom we are already familiar with. If we recall the time when we developed the 

objective function and drew for the first time the demand and production line, we said 

that the difference between them would define the decision of the player at every time 

frame.  

In figure 36, if for a certain time frame the demand was higher than the 

production, the area was colored purple and it meant that the production was not 

sufficient, and that energy needed to be taken either from batteries or from the 

network.  If on the contrary, the production was higher than the demand at that time, 

the area would be colored green which meant that too much energy was being produced 

and the leftover would go to the batteries. Because we wanted batteries the remain 

more or less constant in their charging state after the day, this leftover was then used 

at another moment to feed the demand when the production didn’t suffice. 

This meant that, at the beginning of every day when carrying the predictions, 

every player would also predict more or less successfully how much energy they would 

need, how much would be fed from the batteries and how much should be bought from 

the external market. Later, when the game advances, it is for the players and their 

synchronous algorithms to decide when to draw upon each one of the resources, but at 

the end of the day, the total energy would be the same. 

Now, after we defined our model, looking at images from figure 43 to figure 45, 

we can see that our predictions together with the grid’s features defined at the table 

above, can already provide us with everything we need to calculate the aforementioned 

values. We have the blue and orange curve and therefore, the purple and green area at 

our disposal, which are the first steps every player should take at the beginning of the 

day before making a decision, and therefore, the first step in our simulation.  

The column energy diff calculates for each one of the four players the difference 

between demand and production and energy demand cuts the negative values out, so 

that, combining both of them and adding the 144 time slots, we can have for every 
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iteration the actual demand value summed up for every player in a table. In figure 47we 

have an example for a randomly selected grid configuration. 

 

 

Figure 47: Excel Simulation 3 

 If we look at the table above and compare it with the discussion we made about 

figure 36, we will see that the first row corresponds to the purple area for each one of 

the players i.e. the total amount of energy that needs to be provided to each of them 

during the whole day. The second row equals to the green area (multiplied by the 

batteries efficiency rate), as it is the total energy amount the batteries will provide to 

the grids after the whole day.  

We can see that for players 1 and 2 this value is zero, which means that in their 

cases and following their predictions, the PV production will never surpass the demand 

at any moment of the day. The third row finally is the difference between the two 

previous ones, the difference between the purple and green area. This equals also to 

the energy amount each player is expected to acquire from the external market after 

one day. 

It has to be made clear that these values, once they are calculated at the 

beginning of the day, they have to remain constant when the day is over. Now matter 

how many changes we make in our decisions or the impact the game-theoretic 

algorithms have in the decision making, we have to make sure that when adding 

everything up at the end of the day, we still have the same results. Not doing so would 

mean that at some point there wasn’t enough energy in the grid for example, which 

makes this a top priority. 

The next step after this would be to program for each of the time frames the 

amount of energy each player is going to buy from the external energy market. This is 

the decision a big part of our work has been focused on: to decide, from the energy we 

will be needing for a certain time, how much will be taken from the batteries and how 

much from the network. As we said, at the end of the day the sum of both should match 

the fixed value shown on img47, but the distribution during the day is what makes the 

game possible.  

However, because this is the first day, there is no algorithm to be carried out as 

there was still no information exchange with the other players, so for this first day, we 

will just calculate proportionally and start by withdrawing for every frame the same 

proportion of the needed energy from the network. This will be our starting point form 

where we will start playing. In our Excel, the external demand is shown as Xilk, where, 

as we remember, i represents agent, l the time frame and k the iteration. 
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After the external demand has been programmed for every frame, the day starts, 

and every player starts collecting the real values adapting to it when the is a difference 

with the prediction. When the time comes, every player sends a demand request at the 

beginning of the frame to the centralized energy market, and they automatically get 

their requested amount of energy back with a certain price attached to it. They still don’t 

know how to possibly predict this price as it is still the first day, but they hopefully will 

as days go by. 

At the end of the day, before starting with the next iteration, every player needs 

to update their estimate, that, as we may remember, is the estimation every player 

builds on how big the total demand was for every frame. This is represented in our Excel, 

just like on our Game-Theoretic formulas (formula [17]), as Vilk, with the same indexing 

rules as for Xilk. Because this is the first day, the players may only build their estimate 

with the information they have from their own, as now communication has been made 

yet. This way, the first day has ended and in figure 48 we can a screenshot to show us 

the main steps we carried out. 

 

 

Figure 48: Excel Simulation 4 

 Of course, this iteration, which we called iteration 0, is not an ordinary one, as it 

didn’t include any of the steps we mentioned during the game theory chapter. However, 

it was necessary to explain it in order to introduce the main ground rules from where 

the game will start. The structure we see above will however be the same for every 

iteration for each of the simulations we will run. On the left we see the time axis, that 

separates our well-known 144-time frame pattern; and above, the clearly differentiated 

steps the players will be following during the game. Under it, the day we are working at 

and then the four players listed from mg1 to mg4. Every step will have this aspect. 

 Now this is understood, it is time to describe the first real iteration of the game, 

corresponding to October 18th. This iteration will be in this case the basic iteration type 

that will be repeated all along the simulation, where only the numbers will change. This 

goes forth until December 11th, the day I stopped collecting real REE data from its 

website, so we have in total 56 iterations that must be shown all at once in the same 

sheet as the results from each one of them depend on the one before. This results in a 

huge Excel sheet, so we decided to make a clear separation between iterations (or days), 

where also the main features would be displayed (see figure 49).  
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Figure 49: Excel Simulation 5 

 This table shown above is the introduction we developed for the beginning of 

every day or iteration, where we also show the values of some of the general features 

that will define the game during the day. First, we show the day we are at and together 

with it the iteration number. α depends solely on k, so we can also calculate it and 

display it here as we will later need it. Under it, something we already saw. N(k) shows 

us the connectivity graph between the players for this day and W(ij) the weight this 

information sharing has.  

 Now that these values are already fixed for the course of the day, we will start 

with the first step of the day, which also is the first part of the synchronous algorithm 

we developed back in formula [17]. It is important we follow closely these formulas as 

the next steps will be based on them. So, first of all, comes the communication step. 

Now that the communication lines were defined, the first thing to be done at the 

beginning of the iteration is to share the estimate with the neighbors before starting to 

apply the algorithm.  

As we know, the last step of the previous iteration for every player was a 

calculation of the estimate of the average demand. Now that we have the 

communication lines and the weight each player must give to the information of its 

neighbors, we just have to multiply the weight column (Wj) by each of the respective 

estimates of the last iteration. This estimate, as we remember, is not complete, as it 

used the demand of the day before, so we call it the intermediate estimate, represented 

by ṽ𝑖𝑡
𝑘 , necessary for the calculations coming next. 

What comes next are the calculations related to the synchronous algorithm 

developed for the optimization problem. These will be carried out in multiple steps, so 

we though it convenient to show the formulas again to have the variables we’ll be 

working with, visible. If we pay attention, we can see that now that we calculated the 

intermediate estimate, that we have all the ingredients to calculate 𝐹𝑖𝑙. 
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𝐹𝑖𝑙(𝑥𝑖𝑙
𝑘 , 𝑁ṽ𝑖𝑙

𝑘 ) = 𝐾1 + 𝐾2𝑁ṽ𝑖𝑙
𝑘 + 𝐾2𝑥𝑖𝑙

𝑘
 

𝑥𝑖𝑙
𝑘+1 = ∏ [𝑥𝑖𝑙

𝑘 − 𝛼𝑘𝐹𝑖𝑙(𝑥𝑖𝑙
𝑘 , 𝑁ṽ𝑖𝑙

𝑘 )]𝐾𝑖𝑙
     (formula [17]) 

 So, the next step in our iteration would be to calculate 𝐹𝑖𝑙  for every player and 
time frame. We have both price-related constants, N equals the number of players, we 
just obtained the intermediate estimates and we have the external demand values of 
the day before, so this would just be a simple arithmetical operation. However, now it’s 
when it gets a little bit tricky. 

 When we look at the second formula, we see that the external demand build by 
the players for the course of the day is basically the value of the day before modified by 
a gradient-based operator that changes every day. However, this assumes that the 
situation for every day remains the same and that therefore just our optimization 
algorithm is needed to obtain an improvement, and in our game, situations change every 
day as so do the irradiation and demand prospects from day to day.  

 This means that we cannot entirely use this formula for our interests, or in other 
words, just the optimization part (preceded by a minus sign) is useful for us. To calculate 
the remaining part, instead of taking the external energy demand from the day before 

(𝑥𝑖𝑙
𝑘), we will apply the same rule as in iteration zero: use the proportion between 

external energy and total energy demand that needs to be fulfilled at the end of the day 
and apply this to every time frame. But first we need to calculate the so-called 
subtraction part, that from now on will be expressed as ΔX (formula [18]): 

ΔX𝑖𝑙
𝑘 = −𝛼𝑘𝐹𝑖𝑙(𝑥𝑖𝑙

𝑘 , 𝑁ṽ𝑖𝑙
𝑘 )       [18] 

 

This differential is the key to all our optimization and game-theoretic work until 

now. Without this, every player would just always choose the average option in the 

balance between battery support and external network energy and there would be no 

game to carry out. This differential is the result of giving the players a certain 

“intelligence” and motivation to not just work on the average values and try figure out 

how they can decrease their bill at the end of the day.  

Working with differentials, and applying them to the average, what they are 

doing is orienting them slowly towards a maximum profit point. The difference in the 

first day will be difficult to see, but after many iterations this differential will build up 

and become big enough to see the difference. This would be the next step, to calculate 

the sum of all previous ΔX𝑖𝑙
𝑘 , which is the value we will actually be applying to the 

external demand predictions (formula [19]). This value will increase with every day 

which could later carry out problems, but we’ll see now how to deal with it.  

ΔXt𝑖𝑙
𝑘 =  ∑ ΔX𝑖𝑙

𝑘𝑘
1         [19]  



75 

The problem we are facing is simple. If we look closely on how this differential is 

calculated, we’ll see that their value is always negative, as energy prices should always 

be positive. This means that if we apply this to the average external demand calculated 

from the energy diff, all the values will be reduced. However, we should remember that 

the energy provided by batteries and external markets should always remain the same, 

before and after optimization, which is logical, as reducing the amount of bought energy 

to reduce the bill is obviously not a valid solution, as the algorithm proposes. 

 However, the differential is not equal for every time frame as it increases 

whenever the price-related gradient gets bigger. Whenever the algorithm “feels” we 

paid too much money for the energy the day before in a certain time frame, it will 

propose to reduce the amount of demanded energy to the market on that exact frame 

harder as for other frames. This means that the information is given by the size of the 

differentials, which means that the solution is calculating the differential average for the 

whole day and then adding the corresponding differential in each of the frames.  

This means that for the previous case, as the differential was big, it would remain 

negative; but for a small differential bellow average, it would turn positive. This would 

add on all through the day, and as a consequence, with this solution, after applying the 

optimization results the total energy values would remain the same just like we wanted. 

This means we can already apply the total differential to the adapted energy diff, and 

therefore, obtain the external energy demand (Xilk) programmed for our new iteration. 

A proof of it can be seen in figure 50, where we can always check if we are fulfilling the 

requirements: total external demand stays the same before and after optimization. 

 

 

Figure 50: Excel Simulation 6 

 

 However, now we are facing quite a bigger problem. The fact that in iteration 

zero and in every future iteration we started from the base that the external demand 

should follow the proportion between external and total is not only because it seems 

like a good starting point, but also because this way we guarantee that the external 

demand for every time frame would always fulfil the systems constraints. If we go back 

to formula [8] (we copied it here again to have it better visible), the objective function 

we developed during a big part of this work had three clear constraints the system and 

therefore, the game should fulfil so that our results can be valid:  
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∑ 𝑥𝑖𝑡
𝑇
𝑡=1 = 𝑋𝑖,  𝑥𝑖𝑡 ≥ 0, 𝑥𝑖𝑡 ≤ 𝑥𝑖𝑡,𝑚𝑎𝑥  (formula [8]) 

  

The first one has already been solved with the adaption we made to the 

optimization results to always match the total external energy demand, i.e. if energy is 

needed, it should always be available, no matter the source. The second implies that 

energy should always be taken from the market, not given, as we didn’t consider this 

possibility in our game rules. The third, implies that we shouldn’t buy more energy from 

the market that what we actually need at that moment, as it wouldn’t turn to unplanned 

leftovers that would have to be stored in the batteries, what would turn into losses. 

These last two constraints, as we mentioned, were fulfilled by the original 

distribution, however, when applying the results of the differentials these constraints 

are no longer guaranteed, as our algorithm knows no limits in its calculations. An 

example would be that for a time frame when production is higher than demand (thus, 

x is equal to zero), when applying the optimization step, the value could turn negative, 

which breaches the second constraint as we can see.  

A solution is not that simple, because if we want to put every value that exceeds 

the constraints back into the borders, the first constraint would be no longer fulfilled. 

The solution we found for it is composed by two steps: first, after applying optimization, 

to check for every time frame, which ones breach the second constraint, which ones the 

third one, which are inside of the borders fulfilling both of them, and which are equal 

zero, as both are on the border of both the second and the third constraints and cannot 

be altered because of this. 

If we represent the values inside the borders as “ok”, the zeros with a zero and 

the values outside of the border with their distance to this same border, we can add all 

these distances and that add them equally in the next step to all the values marked with 

an “ok”. This way all the values that were originally out of bounds are now safe at the 

border, whilst we keep fulfilling the first constraint as the sum of the external demand 

stays always the same. 

There is only one downside to this. All values that were out of bounds return this 

way to a safe zone by applying their distances to the values that were “ok”. However, 

there is a risk to take into account: some of the “ok” frames, when adding to them the 

distance accorded in the previous step, could go themselves out of bounds because of 

this. This is true, and can sadly not be avoided, but this system is still worth using as it 

reduces drastically both the number of out of bound values and their distance to the 

borders. This can be verified by an extra “out of bounds” step (called out of bounds +1 

in our Excel) that shows that the new external demand (Xilk ϵ Kil) can be practically 

considered to fulfil the constraints. In figure 51 and figure 52 we show some examples. 
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Figure 51: Excel Simulation 7 

 

Figure 52: Excel Simulation 8 

As we can see in the first image (figure 51), the “out bounds” step first assigns a 

label to each time frame depending on how they fulfil the system’s constraints and then 

counts for every microgrid how many zeros we have, how many oks and therefore, how 

many are out of bounds, as the sum of the frames is always 144. Then, adding all the 

distances to borders and dividing by the number of oks where we will spread this value, 

we have the average differential (avrg on the image) that need now to be added, just to 

the values inside the borders. 

By applying this rule, we have a new Xilk as we can see in the next image, where 

not only the optimization procedure has been applied but that also has been modified 

to fulfil the system’s constraints with a very littler error. This is finally the external energy 

demand plan each of the players will apply during the course of the day and to build 

their estimates with. As we can see in figure 52, total external demand after the day still 

remains the same (constraint 1) and the number of “rests” i.e. frames out of borders 

together with the average have significantly decreased in comparison with the previous 

value (constraints 2 and 3). 

Now that the external demand has bet settled, just one last task needs to be 

done. At the beginning of the iteration we calculated the intermediate estimate, a result 

of the sharing of previous estimates among the different players, but that needed to be 

updated with the actual value of the player’s demand for that date before sharing it 
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again with the rest of the players at the beginning of the next day. This value is called 

the estimate, is represented by 𝑣𝑖𝑙
𝑘, and forms the last step of an iteration. 

And so, the simulation of the game has been completely described. Many more 

iterations will come (up to 56), but the same rules and steps are applied to them as for 

the first one. The values and situations will change, but the more the game advances the 

more the information has been shared among them, and the fact that only four players 

coexist in this game makes that after so many days, their estimates start getting really 

close to reality. This makes that players adapt themselves better and better with time 

to the market prices, and the more time passes, the bigger the total optimization 

differential gets (although α shrinks more and more). 

Before we start watching the results it is important to make clear again that even 

though we just described one simulation, the explanations apply to all three types of 

consuming habits and their respective independent simulations. So, when we discuss 

the results later and mention the simulation process that happened before, we should 

already know which one of three simulation protocols is being mentioned. After this 

long and tedious chapter, it is time to discuss the results. 

 

9 Results and Conclusions 

9.1  Results 

Just like in the previous chapter, before we start explaining the results of this 

work, we have to make clear that even though we will be just describing here one Results 

Excel sheet, in reality we have been working with three of them. The reason is the same 

as for the simulations: we’ve been carrying a single result analysis for each one of the 

energy consuming habits we considered a while ago: model, industry and household.  

Again, just like last time, we will be initially working with the industry results 

while we explain the different steps, as it has the easiest demand evolution. Only later, 

when seeing the actual results and graphs, we will work with all of them simultaneously. 

Another reason for us to do this, is that in these result sheets we have been mostly 

working with values coming directly from the simulations, so if there are three 

simulations going on, it makes sense there is a results sheet for each one of them. 

The idea of using for the results an apart Excel sheet was just to have clearer 

access to the graphs and therefore, allow an easier comparison among them. We could 

have displayed the graphs and prices during the simulation, but it would have resulted 

in an even bigger sheet where visualization wouldn’t have been easy. For this reason, 

even though the description process to describe this chapter’s structure and steps will 

be similar to last time, we will notice some of the steps are just a copy of the equivalent 

simulation happening parallel to it. 

For example, the table describing the grid’s non-time related characteristics for 

each of the players is identically the same as for the simulations (figure 46), where we 
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can define the consuming size, PV installation size and price-ruling function values. Also, 

the first three steps are taken from the simulation iteration steps: energy diff, energy 

demand, and specially, the external energy demand already adapted to the constraints. 

This makes sense as in the simulation the rest of the steps were just tools to help us 

calculate this external demand. 

This however means that the game has already been carried out and the external 

electricity demand already been predicted and calculated. What is then the purpose of 

this chapter, when the results are already there? The purpose is to present these results 

but not just in a graphical way to make them clearly visible, but also in comparison with 

other variables we have not yet taken into account such as the batteries and their 

charging states. We will also get in touch with prices to later make a global economic 

analysis that will hopefully provide us with information about the rentability of these 

microgrid systems.  

 However, first we need to describe the steps or tools that will allow us to make 

these analyses. First, after the external electricity demand is shown we have to calculate 

the energy bill each player pays for its energy at every time frame. As we said, when 

every player sends a demand request to the central exchange market every 10 minutes, 

the energy comes back with a price. Of course, at the beginning of the game the players 

have no way to anticipate this price, but they do know how much they must pay. Adding 

up the values for the 144 time slots, we have the total energy bill for the day, value each 

player obviously wants to minimize as much as possible. 

 Related to this is the price of the energy for a certain time frame. As we said, this 

is known by players when they receive their requests back, and is also the same for all 

the players, as the price only depends on the total demand and two constants. To 

calculate it we add the demands of all players and introduce them into the price 

equation, an operation that players couldn’t carry out as they never have access to the 

true aggregate. The price is represented at the end of each iteration, expressed as price 

and measured in €/kWh. 

 The next two are related to the battery system and try to offer us a view on how 

the simulation may affect the batteries and its features. The first step is what we called 

“battery support” which is basically the energy the battery systems provide to each of 

the microgrids per time frame. This is easy to calculate, as it is always the difference 

between the energy demand for that frame minus the programmed external demand 

from the network (energy diff – Xilk on Excel). We have to mention we still don’t know 

how big i.e. how much capacity the battery systems will have, so from now we are 

assuming the capacity is big enough to provide the microgrid with energy every time the 

player demands it. We should also remember that the sum of all the battery supports 

during the day should match the green area multiplied by the batterie’s efficiency rates, 

back in our model chapter. 

 The last step to be described is the battery charging state. If we know from the 

battery support how much energy is emptied or charged into the batteries at every time 
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frame, we can know the charging state of the battery system. However, there is one 

important piece of information missing: we still don’t know the size of the battery 

installation yet. For the measuring we will carry a one-time iteration process.  

We know that for lithium batteries their charging state shouldn’t be lower that 

20% of their capacity, in order not to reduce drastically its life. We also think we should 

take some margin so that we never have to face the situation of wanting to supply the 

system, and the batteries are empty or the opposite, to want to charge when the 

batteries are full. For this reason, we carried out the simulation for the 56 programmed 

days and chose the day when the total battery support was the biggest as a worst-case 

scenario. Because we chose it that way, we know that if the battery support that day 

was that big, it is because it was equally charged at some moment.  

  Choosing this worst-case scenario to be the maximum fluctuation the batteries 

would have to face, and adding to them some extra security margins, we thought it 

convenient that the worst-case scenario should measure the battery installation being 

that total fluctuation of 20%, starting form an average of 60%. This means that in this 

worst case, the charging state would start the day with 60%, at some point charge itself 

up to 80% and then down to 40%, without risking at any moment facing an edge 

situation like the ones we mentioned.  

 

 

Figure 53: Excel Results 1 

 

Figure 54: Excel Results 2 

In images figure 53 and figure 54 we show the steps we just described, with 

values for a certain grid model. On the picture below, we can see also to the left the 
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total bill for each of the players for that day, and to the right, the lowest recommendable 

battery capacity. This is for the first iteration, but every day this value is compared with 

the one from the day before and kept the highest one so that on the 56th day, we will 

have the real value to measure our battery installation. 

Now that all the calculations for each of the iterations have been defined, we 

have at our disposal all the tools we need to display the charts we had in mind. First, we 

want to represent a graph for every player of the relation between external demand and 

battery support for a certain day. We already saw many times the graph showing energy 

demand a and PV production during a day, but now that we also calculated the external 

energy demand, we can draw a new chart displaying which part of the difference 

between demand and production will be covered by the batteries and which will be 

bought from the network. 

In figure 55 we can see an example of it, in this case for an industry simulation 

i.e. all players are completely formed by industrial consuming units and therefore, 

consume energy at a steady and constant pace. Here, the blue line shows the evolution 

of the energy demand, the difference between demand and production or, to be clearer, 

the amount of energy microgrid 3 needs to be provided with at any time frame. This 

energy can be supplied by the batteries (green line) or the external network (orange 

line), what means that the sum of both always equals the blue line. 

The fact that all lines are for a long time horizontal is because the consumption 

is industrial and there is no production at night. When the sun comes up, the grid starts 

producing and demand goes down until a point when production surpasses demand and 

no supply is needed, and instead, batteries start charging. When night come, the 

opposite process takes place. The fact that the external demand keeps always the same 

proportion to the other two is because we are at day one (October 17th). 

 

Figure 55: Excel Results 3 

 This means that, as the game hasn’t started yet, we are still at the starting point 

where the external demand is calculated as a regular proportion for each of the time 
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frames. Once the game starts, the players will try to adapt to the circumstances and try 

to avoid high pool prices, which will deviate the curve from the proportion on the long 

term. Industry simulations are not a good example however to observe these deviations, 

as players have it here very difficult to manoeuvre between the constant values and 

midday. 

 We also might have noticed in the image the evolution of the battery capacity 

drawn in the background. Once the total capacity is measured and calculated, we can 

display its evolution throughout the day just like any other value. It is an interesting 

addition to the chart as its comparison with the battery support gives us a beautiful 

insight on the matter. When the green line is positive, we can appreciate how the 

batteries empty themselves, when we reach midday and production exceeds demand, 

we see how the battery capacity rises, and last of all, how the capacity decreases again 

in the evening to arrive at midnight at the same point as in the beginning of the day. 

 This chart, in conclusion, sums up perfectly our work during the last chapters and 

shows it in a visual and very clear way. The example we showed above is also a very 

small part of the countless possibilities we have to display infinite grid models that we 

can’t possibly describe here in this work. Not just the industry, household and model 

types, but also the changes that can be introduced in the size and production of the 

players or on the price equation.  

It even changes depending on which iteration we display the information from. 

For commodity, we displayed for all three simulations, the results for the first three 

simulations, and then for every ten days to finally end on 55, on December 11th. 

However, before we give concrete examples on interesting cases to be analysed, we 

want to introduce first other charts and tables that can provide us with more interesting 

information for our later analyses. 

The next one would be a joint energy bill analysis for all the players at once for a 

certain date. An example for a, in this case, household simulation is shown on figure 56. 

We can clearly see the difference with the previous example just by looking at how the 

curves fluctuate, even though we are treating with bills and not directly demands. This 

chart might not be as easy to catch as the other, but it gives us also really valuable 

information if we watch closely.  

First, we have the evolution of the energy bills throughout the day for each of 

the microgrids, values that are directly related both to the price per energy unit at the 

time and to the player’s external demand, two crucial variables in our game. On the right 

axis and represented by the green curve, we have additionally the price per kWh, also 

very important for us to observe. Its evolution will not only show us how the total 

demand changes throughout the day, but also at what time energy is cheapest, and 

therefore, where the players will try to swift their demands in the following days. This 

chart does not only tell us about the price evolution for a certain day, but also how the 

game will change during the following ones. 
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Figure 56: Excel Results 4 

 

 The last interesting analysis to be described before we can actually observe real 

examples is the economic analysis. Here is where we take a panoramic view of the grid 

and try to take into account all the possible costs related to this UC Smart Grid problem. 

These calculations are far being accurate and more research would be necessary to carry 

out a complete and trustworthy analysis on the matter, but we believe this is not the 

main objective of the work and think that the insight we will now be taking will probably 

suffice for what we want: a clear and general look at the profitability of certain grid 

models when sharing the market with other players. 

 For this purpose, we developed for each of the simulations a table to contain 

some general values that will allow us to calculate fast the costs involved for each of the 

players per consuming unit. The table has the same general structure for the three 

available consuming cases and is represented in figure 57, filled with values we won’t 

be paying attention to for now. First, we have the average daily bill for each of the 

players which is calculated from the average of the 56 iterations or days our game has 

been carried out for.  

It is true that in during late autumn more energy is daily consumed than on a 

yearly average, but we also didn’t consider that as the game develops, the players turn 

smarter and therefore, should on the long term be able to reduce their energy bills, so 

we consider in this case thing to be even. To obtain the estimate bill for network 

electricity of the next 20 years, we just have to multiply this value by 20 times 365 days. 
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Figure 57: Excel Results 5 

 The fact that we chose 20 years as a reference for our calculations is only due to 

the average expected life of the technology we are using. Until now we have only 

considered as costs the time-varying payments which are mainly the bills coming from 

the network acquired electricity, but now it is time to also consider long time 

investments such as solar panels or batteries, that also have an important role in the 

player’s bills. PV panels have usually an average life of 20 years, whilst lithium batteries 

have an acceptable efficiency until 10 years. 

 Next up come the battery installation costs. First, we need to know the exact 

amount of batteries that need to be purchased to match the minimum capacity size 

calculated before. To do this, first we need to choose a certain model from the LG Resu 

Series shown on figure 34, and because we are working with bigger grids as just 

household size consumption habits, we will always opt for the biggest model available, 

as they are also the cheapest per energy capacity unit.  

Therefore, for the industry cases we will pick the RESU 10H, as it offers industry 

range voltages, and for the model and household cases, the RESU 10, the more domestic 

version. Both models have a maximum capacity of 9,8 kWh, so we just have to divide 

the required capacity by it to know how many of these batteries we’ll need. By 

multiplying the number of batteries by the correspondent retail prices and by 2, as their 

life span is as we said of 10 years, we’ll have the expected battery investment for each 

of the players for the upcoming 20 years. 

Last are the PV panel related prices. For these calculations we used as sources 

the Fraunhofer report (Fraunhofer Institute for Solar Energy Systems, ISE, 2018) and 

(Sotysolar, n.d.), some of which information was already presented before during this 

work. Looking up at prices, we saw that nowadays (prices are sinking every year) the 

price of a typical PV installation including panel, converters and workforce is of 

1140€/kWp. Together with the data that for the average technology, 8m2 of solar panels 

need to be installed to obtain 1 kWp, we just have to combine these values with the 

total area of our PV installation to get the total costs. 

Combining all three separate costs into one, we will have the global costs for 

every player to normally spend on their energy for the next 20 years. Even more 

interesting is the last row, where we can see this total amount divided by the consuming 
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size each microgrid has, what allows us to compare eye-to-eye the price each player 

pays on average for their energy. Considering this as a game, we could say the player 

who is winning is the one who pays less for its energy on average than the other three 

players at stake. This situation can be altered, as these values not only depend on the 

individual players but also on the decisions of the others.  

Sadly, the rather small amount of iterations we used, the always changing 

imposed conditions like irradiation and the strict ruling price function, make it very 

difficult for our simulations to ever come close to a Nash equilibrium. We can possibly 

assume an equilibrium may appear in the future, and even altering some variables in an 

unrealistic way (prices per kWh up to 5€, for example), would help us get closer to it, 

but the truth is, the way our game is build, there is no prospect on being able to point 

out one, whatever the conditions we apply. 

However, after more than fifty days, we can already see the effects of the 

synchronous algorithm for some of the cases that may appear in reality. Now that 

everything is defined and that we have all the calculation and graphical tools at our 

disposal, it is time to run some simulations that may offer us some interesting readings. 

As we said before, there are countless possibilities of games to be carried out in our 

Excel, and we could spend our making interesting observations about many different 

situations, so we have to choose just some of them to give us an idea.  

An interesting idea would be for example, to run a simulation for each of the 

three consuming types, proposing for each certain grid conditions, and to watch and 

comment the outcome using the graphs and tables we just described. First we will fill in 

the grid feature table, and then observe the graphs. For the cases where it’s worth 

mentioning, we can also offer graphs from different iterations to see if there has been a 

clear evolution made by the optimization algorithm. We start the industrial simulation 

and the following characteristics: 

Example 1: Industrial Simulation 

 

Figure 58: Excel Results 6 

 In this first example we chose all microgrids or players to have the same 

consuming size, for two reasons. First, because it would let us make a clear analysis of 

the profitability of the different production possibilities, and because applying this in in 

the industry simulation would let us appreciate these differences even better, as the 

demand curve is really easy to understand. Whilst the consuming size remains constant, 

the PV installation grows from player 1 to 4, going from a microgrid with no self-

production to an almost self-sufficient grid model. The price related constants are kept 

into standard values. 
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Figure 59: Excel Results 7 
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 In figure 59 we can see the demand evolution for each of the players for the 

conditions we applied before. First of all, we have to mention that these graphs display 

the demand curves for the first day, where no communication has been made yet. This 

might sound absurd, as an important part of our work is to see how players learn and 

try to move towards a more profitable situation, but we also said before that in the 

industry simulation the players had very little margin to improve, so it made little sense 

to show the evolution. We will, however, in the next ones. 

 In the first two images we can see how the market demand equal at all times the 

energy demand, meaning the network always covers 100% the microgrid’s needs. The 

players 2 however, has solar panels, but because the production never surpasses the 

demand there is never an occasion to charge the batteries, and thus, no reason to buy 

them. For these two players, there is no game to be carried out, as they just have to buy 

the energy they need from the central market. 

 However, for players 3 and 4 their bigger PV installations require them to buy 

batteries and therefore, there is a decision to me made. The market demand decreases 

when the PV installation grows, and while for player 3 the battery support is rather 

short, for player 4 it is even bigger than the network supply. This also affects the battery 

size as we can see on the right axis. The bigger the battery support, the bigger the 

battery total capacity has to be, what also carries higher costs. However, in both cases 

we can see how they empty themselves, then load during midday, to empty again in the 

evening and come back to their original state. 

  

 

Figure 60: Excel Results 8 
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 The observations made about the model can also be seen in the image shown 

above. As we can guess, the bigger the PV installation, the lower the energy bill will be 

at the end of the day, but it will also affect for example, the players who don’t have own 

production as they will notice how prices go down. This happens because we are in a 

grid with just four players, so the decisions of one of them will affect directly the other. 

An example of this is that player 1 pays less for its energy during midday hours, not 

because of its decisions, but because other players consume less or not at all at that 

time. We can also see the price fluctuation going from a stable 0,18€ per kWh to a low 

point of 0,13€ per kWh, prices maybe too expensive for real market values. 

  

 

Figure 61: Excel Results 9 

 Now, it’s finally time for the economic analysis. It is easy to see that the more PV 

production we have, the lower the average energy bill is, but also bigger the investments 

in panels and batteries. At the end it’s all a game of pros and cons, but we can clearly 

see that the best solution for this grid’s characteristics is the one used by player 2: using 

a reduced PV installation so that no batteries are necessary. Surprisingly, not far away 

in energy profitability is player number 1, who’s energy investment is expected to be 

cheaper without producing its own energy compared to player 3 and specially player 4. 

Unlike many would have thought, more PV doesn’t always mean cheaper energy, as 

player 4 pays more than twice as much as player 1 for its energy. 

 

Example 2: Household Simulation 

 

Figure 62: Excel Results 10 

 In this case, when working with household consumption standards, we decided 

it would be best to compare the case when a player, let’s say player 1, is the only player 

to produce energy in its grid. If, additionally the production is big enough to assure the 

use of batteries it will be not only the player to produce energy, but also the only one to 
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be able to modify its strategy from during the course of the game. In this case, we also 

introduced the situation that the size of the player who owns PV installations is tiny 

when compared to the total grid size, so we can consider that its decisions have almost 

no effect on the price evolution. Let’s see the charts.  
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Figure 63: Excel Results 11 

 In this case, we took the charts from the demand curves on December 6th, a day 

were the values for player 1 were clearly visible, and far enough in the game (iteration 

50) to be able to appreciate some changes due to the optimization algorithm. The graphs 

for players 2 to 4 don’t need much explanation, as in none of them there is any 

production, and all the energy demand is provided by the network, so they all look pretty 

much the same. These players also lack decision making, so we won’t mention much 

more about them. 

 However, there is more to mention about player 1. As we can see, for the PV 

installation we proposed, there is apparently enough leftover production at midday to 

require the use of batteries for the grid. This installation is not really big, and for the day 

we are working at, the battery support is not really big compared to the energy demand, 

so the market covers almost all of it. This will not allow a lot of adaptation from the 

player as the game goes further, but we can still appreciate in the graph that the orange 

line gets closest to the blue line when the prices are the lowest (figure 64), and further 

when they are high. This, finally, is a result of our game-theoretic optimization solution. 

 

Figure 64: Excel Results 12 
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 We can finally now prove that our game-theoretic optimization method for 

aggregative games has brought profits for one of the players in the game. As we can see, 

the green line shows the price evolution in the image above, and the player, using the 

gradient based solution, modified with time it’s decision chain to buy more energy from 

the market when it is cheapest and adapt the rest with the battery supply. 

 Now, at last, comes the economic research on the model. In figure 65, we can 

see how the only player investing in batteries and PV panels is player 1, and how he 

manages to pay less for its energy as the fellow players. Here we show as a result, that 

unlike in the previous example, not always investing in battery installations turns into 

losses. In this case, player 1 found a way to save 2000€ per consuming unit in the next 

20 years by installing a self-production system in his grid. 

 

 

Figure 65: Excel Results 13 

 

9.2 Conclusions 

  The conclusions to this work are difficult to define as the working areas have also 

been many. First, we worked on the nature of the UC problem to be solved and its 

characteristics as a Smart Grid optimization problem, then, we defined each of the parts 

of the objective function and developed for both energy demand and PV production 

customized day-ahead prediction algorithms.  

 Once the optimization bracket was complete, we deepened into Game Theory to 

find a solution from the price grid-wide dependency in the area of aggregative game 

variables. This allowed us to develop a game were information would be shared 

between players, and therefore, everyone would have the tools to carry out their 

optimization solutions on their own. For this purpose, we created different model grids 

and ran different simulations to see the results of the player’s decision-making after 

many days of using the “intelligence” or mechanisms we allowed them to use. 

 And now, after all this has been done, we are at a standing point from where we 

can see the work that lies behind us and judge for ourselves until which degree our 

hopes for this thesis have been fulfilled. This can be measured by looking back to the 
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motivation chapter an analysing the objectives there exposed. As we announced back 

then, we created our own Smart Grid model and defined our agents as complex entities 

to pursue through an optimization mechanism the lowest possible costs. Therefore, we 

designed the objective function and faced the real challenge of predicting the energy 

demand and production on a day-ahead scale. 

 Finding a solution for this took us quite some time, as we first tried analytical 

solutions supported with mathematical programs, and then had trouble in fitting the 

ten-minute mindset and the unmeasurable day-to-day variations into the game-

theoretic solutions proposed by (Koshal, Nedi´, & Shanbhag, 2016). It’s needless to say 

that the prediction algorithms could have been more accurate but using REE data and 

adapting it to a user scale grid was already in the first place a practical solution that, in 

the end, gave us surprisingly satisfying results.  

 The next point where we had real difficulties was when facing the nature of the 

game theoretic solutions. As we already mentioned, these methods were designed for 

variables under the total control of the players, and this is hardly the case for our grids, 

where the depend on many external factors. This forced us to use the differential and 

then the “out of bounds” step during the simulation to mitigate an error that cannot be 

erased. This also kept us from proving the existence of equilibria and from ever getting 

close to one in our simulations. 

 I consider this to be the one failure of the work, related to the discrete working 

method inherited since we started using REE data. However, this brought us to 

possibilities we wouldn’t have imagined at the beginning of this work. Starting to work 

with huge amounts of discrete values made us use Excel in the first place, and from then 

on, we carried out our whole work in this platform. However, we haven’t really profited 

from its advantages until the simulation phase. 

 The fact that we used discrete values and that we left out the players’ features 

to be defined just before running the game, allowed us to see the direct impact on the 

results of any applied changes to the grid within a click. This opens up a world of 

possibilities that wasn’t planned when starting the work and that cannot be fully shown 

in this work. We just represented two examples of this, but countless interesting 

situations can be created and observed just by modifying the box, and I believe this is 

the biggest achievement of this work. 

 Regarding specific results, I think the success of this thesis lies more on the 

descriptive side of the subject than in the realistic accuracy of the results shown, but 

one hidden motivation in this work was also to prove that self-consumption powered by 

photovoltaic technology can be a profitable alternative in a realistic energy network, and 

we showed in both of the displayed examples that this is possible.  

 We showed evidence during good part of the work on how PV technology is 

destined to be the energy source of the future, as no renewable source harms less the 

environment, has similar future prospects for lower prices and is based in such an 

inexhaustible raw material as sand. This, together with its suitability to be installed in 
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every flat surface available and the drastic fall of lithium battery prices, makes it not only 

the energy source of the future, but also the best option, also today, for self- 

consumption. 

 Working on such an actual and trendy subject as Smart Grids are, and having to 

work with some energy production sources, this was the perfect opportunity to deepen 

into the photovoltaic technology and giving it the weight in our work that it deserves. 

Therefore, if the big success of this work was the visibility of results for any possible grid 

configuration and situation, even better it is if thereby it can show the suitability and 

profitability photovoltaic electricity production can provide for realistic Smart Grid 

situations. 

 

10 Budget 

 In this final chapter, we will analyse for how much we could sell this bachelor 

thesis for, if it were part of a research for an external consulting company, for example. 

This would happen if, hypothetically, an external company would ask us to develop a 

work on the defined subject and to deploy it after half a year. Once the work is done and 

handed out, our duty would be to calculate a budget containing the price and value of 

the project, so now, we will see which factors may alter this value.  

 First of all, we can easily guess that one of the main sources for costs in this work 

will be the devoted time by the author of the thesis together with the meetings arranged 

with the supervisors. Of course, their time is also valuable, so, in order to have 

everything well organised and to be able to quantify time in a clear way, we will use for 

this purpose a Gantt diagram: 

 

 

 

 Here, we can see the devoted time by Juan Roos, the author of the thesis, for the 

different tasks that were part of the work and its distribution over the last months, and 

the amount and frequency of the meetings with the two supervisors of the thesis. Taking 

into account that during most of the time the dedication to the thesis was part-time (15-
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20 hours a week) as most of the time the working overlapped with classes and exams at 

university, we can consider that the total working time by the author was of 350 hours.  

  To this we’d have to add the four meetings at the TU Darmstadt with Tatiana 

Tatarenko, that lasted 90 minutes on average and the two meetings with Jesús Oliver in 

Madrid that lasted on average 60 minutes. During the first months of the work, I was 

still living my last months in Darmstadt as part of my Erasmus and developed all the 

research part there. This happened in close collaboration with Tatiana, my supervisor 

there, who also worked parallelly on the subject, so, to also consider this, we can say 

that for every meeting we had, she spent three times as much time working on her own. 

Once I came back to Madrid, I developed all of my work and writing on my own. 

Jesús´s input to the work was more as a supervisor, so we can consider the meeting 

times as sufficient. Now that we have all the time-related costs defined and quantified, 

we just have to know how much the time of each of the implicated actors is worth.  If 

we take as valid the following assumptions, then the costs would be as following: 

• Juan Roos – Engineering Student – 20€ per hour 

350+4*1,5+2*1 = 358 hours * 20€ per hour = 7160€ 

 
• Tatiana Tatarenko – PhD Student and Thesis Supervisor – 35€ per hour 

(4*1,5)*4 = 24 hours * 35€ per hour = 840€ 
 

• Jesús Oliver – Professor in Electronics – 50€ per hour 

2*1 = 2 hours * 50€ per hour = 100€ 
 

 However, although most of the costs as we can see are time-related, there are 

also other minor investments that need to be made, mostly related with working tools: 

• Laptop: assuming a 5-year life span for a six-month project: 150€ 

• Microsoft Office Licence (yearly subscription): 70€ 

• Transports: if we assume a cost for each person of 20€ per meeting: 240€ 

If we now put all the costs together and add them, we would have the total costs for 

the project. However, if we would want to sell it, we would have to pay taxes for it (we 

assume 21%) and probably would also want to make some profit, of let’s say, 20%. This, 

adding up all together would leave us with a total selling price of: 

Total costs: 7160 + 840 + 100 + 150 + 70 + 240 = 8560€ 

After taxes (+21%): 10357,6€ 

 

Project selling price: 12429€ 
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