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Abstract 

Several countries aim to produce most of the electricity from renewable energy sources by 2050 
to achieve a significant reduction of the greenhouse gas emissions. To make this transition 
possible, it is necessary to increase the flexibility of the energy system, so it can be used to 
compensate renewables variability.  

The recent advances of smart home technologies promise to turn passive and inflexible 
consumers into active and flexible prosumers. The smart home technologies include sensors, 
electric vehicles, smart appliances, photovoltaic systems, and home energy management 
systems equipped with control, communication and monitoring functionalities. These smart 
home technologies can render great financial benefits to prosumers and aggregators since they 
enable aggregators to trade the prosumers’ flexibility in the electricity markets. However, the 
smart home technologies also bring new challenges. One of the main research challenges is to 
transform home automation and information into products to be traded by an aggregator of 
prosumers in multiple electricity market sessions, such as energy, secondary reserve, and 
tertiary reserve markets.  

Under this new paradigm, this PhD thesis proposes a novel set of optimization tools to support 
the participation of an aggregator of prosumers in multiple electricity market sessions. The 
optimization tools are divided into day-ahead and real-time approaches:  

 day-ahead bidding optimization models to define bids for multiple day-ahead market 
sessions. The bidding models consider multiple sources of uncertainty and flexibility in 
the optimization of bids, as well as the economic implications of trading products in both 
day-ahead and real-time market stages. They extend the bidding range to multiple 
market sessions, empowering the aggregator with multiple bidding combination 
options; 

 real-time management algorithms to dispatch the operation of multiple types of 
flexible resources and ensure the reliable delivery of the multiple products traded by 
the aggregator in the day-ahead markets. 

The formulation of optimization algorithms for both day-ahead and real-time stages empowers 
the aggregator with tools to define products for the day-ahead markets and tools to deliver 
products during the real-time stage. This complete set of tools enables the active participation 
of the prosumers in the electricity markets via aggregators. 

This thesis ends discussing economic and environmental aspects related to the optimal 
participation of the aggregator of prosumers in the electricity markets. The discussion is divided 
into two parts. The first part identifies the main characteristics of the prosumers that may 
potentiate the aggregator’s business. The second part discusses direct and indirect societal 
benefits generated by the active participation of aggregators of prosumers in the electricity 
markets. 
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Resumo 

Vários países têm o objetivo de em 2050 produzir a maioria da eletricidade que consomem 
através de fontes renováveis, o que resultará numa redução significativa das emissões de gases 
de efeito estufa. Para tornar essa transição possível é necessário aumentar a flexibilidade do 
sistema energético, para que este possa ser usado para compensar a variabilidade das fontes 
renováveis. 

Os recentes avanços das tecnologias smart home prometem transformar os consumidores 
passivos e inflexíveis em prosumers ativos e flexíveis. As tecnologias smart home incluem 
sensores, veículos elétricos, eletrodomésticos inteligentes, painéis fotovoltaicos e sistemas de 
gestão de energia equipados com funcionalidades de controlo, comunicação e monitorização. 
Estas tecnologias domésticas podem gerar grandes benefícios financeiros para o agregador e 
prosumers, pois permitem que o agregador negocie a flexibilidade dos prosumers nos mercados 
de eletricidade. No entanto, as tecnologias smart home também trazem novos desafios. Um dos 
principais desafios científicos é transformar a automação e informação das smart homes em 
produtos para serem transacionados pelo agregador em múltiplas sessões do mercado de 
eletricidade, como por exemplo nas sessões de mercado de energia, reserva secundária e 
reserva terciária. 

Sob este novo paradigma, esta tese de doutoramento propõe um conjunto de ferramentas de 
otimização para apoiar a participação de um agregador de prosumers em múltiplas sessões do 
mercado de eletricidade. As ferramentas de otimização estão divididas em dois tipos: 

 modelos de otimização para definir ofertas para as múltiplas sessões do mercado do dia 
seguinte. Os modelos de otimização consideram múltiplas fontes de incerteza e 
flexibilidade na otimização das ofertas, bem como as implicações económicas de 
negociar produtos nos dois estágios temporais do mercado de eletricidade (dia anterior 
e tempo real); 

 algoritmos de otimização para gerir vários tipos de recursos flexíveis e garantir a entrega 
dos vários produtos previamente transacionados pelo agregador nos mercados do dia 
seguinte. 

Os algoritmos de otimização capacitam os agregadores com ferramentas para definir produtos 
para os mercados do dia seguinte e para entregar esses mesmo produtos durante o dia de 
operação. Este conjunto de ferramentas torna os prosumers ativos nos mercados de eletricidade 
por intermédio de agregadores. 

Esta tese termina com a discussão de aspetos económicos e ambientais relacionados com 
participação otimizada de agregadores nos mercados de eletricidade. A discussão é dividida em 
duas partes. A primeira parte identifica as principais características dos prosumers que podem 
potenciar o negócio do agregador. A segunda parte discute os benefícios societais que podem 
ser gerados pela participação de agregadores de prosumers nos mercados de eletricidade. 
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Chapter 1 – Introduction 

1.1 Motivation for the Thesis 

The European Union (EU) is aiming to generate most of the electricity from renewable energy 
sources (RES) by 2050. As per directive 2009/28/EC [1], RES generators are receiving priority 
access to the electricity network. This fact, together with the foreseen electrification of the 
transport and heat sectors will impose big technical and economic challenges to the operation 
and planning of the electric power systems [2], [3]. If these targets are reached, it is expected a 
reduction of at least 80 % of the greenhouse gas emissions by 2050. 

In the last decades, the provision of electricity has been characterized by centralized systems 
with overcapacity to ensure security of supply. Following the liberalization of the electricity 
sector, discussions have shifted the focus of security from the supply side. Besides increasing 
generation capacity, demand flexibility should also be exploited.  

Demand flexibility or demand response (DR) is acknowledged as one of the inevitable solutions 
to increase the integration of RES, reduce peak demand, postpone network investments, 
increase market competition and improve the operation of electric power systems [4]–[6]. The 
energy efficiency directive 2012/27/EU [7] represents a significant step towards the 
development of DR in Europe. Article 15.8 states: 

 “member states shall ensure that national regulatory authorities encourage demand 
side resources, such as DR, to participate alongside supply in wholesale and retail 
markets.”; 

 “subject to technical constraints inherent in managing networks, Member States shall 
ensure that transmission system operators (TSOs) and distribution system operators 
(DSOs), in meeting requirements for balancing and ancillary services, treat DR providers, 
including aggregators, in a non-discriminatory manner, on the basis of their technical 
capabilities.”; 

 “member states shall promote access to and participation of DR in balancing, reserves 
and other system services markets, inter alia by requiring national regulatory authorities 
[…] in close cooperation with demand service providers and consumers, to define 
technical modalities for participation in these markets on the basis of the technical 
requirements of these markets and the capabilities of DR. Such specifications shall 
include the participation of aggregators”. 

The requirements of article 15.8 can be broken down into the following three areas:  

 DR should be encouraged to participate alongside supply within the wholesale and 
ancillary services markets;  

 TSOs and DSOs must treat individual and aggregation DR providers in a non-
discriminatory manner and on the basis of their technical capabilities;  
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 regulatory agencies should define technical modalities to enable the participation of 
aggregators in all electricity market sessions. 

The EU countries can be divided into two groups, based on the status of their regulation in 2016, 
regarding the participation of DR resources in the electricity markets [8]. Figure 1-1 shows the 
geographic distribution of the two groups.  

 

Figure 1-1 – Status of the EU countries regulation in 2016, concerning the participation of DR 
resources in the electricity markets [8]. 

The “red” countries did not adjust their regulatory structures to enable the full participation of 
DR resources in the electricity markets. The role of aggregators and other DR providers are not 
defined. There are not means for aggregators to offer DR services, no way to measure, verify or 
pay for the services and no markets in which consumers or aggregators can sell their DR services.  

The “green” countries enable the participation of aggregators and other DR providers in the 
energy and ancillary services markets. These countries adjusted technical modalities (e.g., 
prequalification requirements, baseline methodologies, verification requirements, etc.) and 
market entry requirements to facilitate consumer participation. Nonetheless, only in five 
countries (UK, Belgium, Finland, Ireland, and France), DR is considered a commercially viable 
product [9]. In these countries, almost all of the DR services are provided by large industries and 
big buildings leaving to the residential sector a small percentage of the DR market.  

In the U.S., the DR activity report of the PJM Interconnection [10] (from April 2018) shows that 
18% of DR services are provided by the residential sector, 64% by industries and big buildings, 
and 8% by mining, agriculture, and transportation. This mix is similar in other places that have 
mature DR markets, such as Western Australia, New Zealand or other U.S. interconnections. 

No suitable regulation 

Enabling regulation 

Information not available 



Chapter 1 – Introduction 

33 

The industrial and commercial sectors are already rooted as flexible resources, while small 
players, such as residential prosumers and consumers remain almost untapped. At EU level, 
there are regulatory barriers that must be overcome, in order to facilitate the participation of 
aggregators in the electricity markets, namely: 

 prequalification of market participants: in some markets (e.g., in Austria [9]), the pre-
qualification requirements to participate are only verified at the individual level, instead 
of aggregated pool level. This represents an obstacle to the aggregation of a large 
number of customers since it does not protect small customers from onerous and 
complex technical pre-qualification measures; 

 size of the bids: the bid size should be small in order to open markets to new entrants. 
For instance, in France, the requirement to enter in manual reserve markets is up to 10 
MW rather than a more realistic 1-3 MW or less; 

 duration and availability of the service: extended duration or availability requirements 
are a barrier for small consumers and do not necessarily reflect the technical 
requirements of markets. Therefore, the duration requirement for providers adjusting 
consumption or generation should be as short as possible; 

 symmetric bidding requirements: consumers must increase and decrease consumption 
and generation equally. This represents a significant market barrier to small consumers’ 
participation. For example, symmetric bidding is a requirement in Denmark to 
participate in secondary reserve; 

 frequency of activation: consumers require time to rest between activations. High 
frequency of activations represent a barrier for DR; 

 compensations to retailers for sourcing costs: sourcing cost refers to the energy bought 
by the retailer, which end-users do not consume because they are participating in DR. 
The retailer loses income through their balance responsibilities during a DR activation 
by an aggregator. In this case, the end-users have two contracts, one with the retailer 
and another with the aggregator. For instance in France, the implementation of sourcing 
costs led to the reduction of profits of aggregators and end-users [8]. 

Despite the regulation barriers remaining today, the creation of DR business at small consumer 
level depends on the capability of aggregators leveraging the value of consumers’ flexibility in 
the electricity markets. From the technical point of view, it means that research should develop 
optimization algorithms to transform the flexibility of the consumers into market products to be 
traded in the electricity markets. From the social point of view, it means that innovation should 
develop novel social engagement techniques to maximize the participation of customers in DR 
services. These two aspects are crucial for aggregators since the value of their market products 
depend strongly on the flexibility of the consumers.  

The smart home technologies based on internet-of-things promise to transform inflexible and 
passive consumers into flexible and active prosumers. The smart home technologies include 
sensors, smart appliances and devices networked together to enable automation and remote 
control of the domestic environment. Smart appliances include thermostatically controlled 
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loads (TCLs), electric vehicles (EVs), photovoltaic (PV) systems, washing machines, and dryers. 
Sensors detect environmental factors including temperature, light, motion, and humidity. 
Control functionalities are provided by smart appliances, home energy management systems 
(HEMSs) interfaced with smartphones, computers, and tablets. These new home automation 
functionalities empower the prosumers with the means to manage their consumption and 
generation, and exchange information with aggregators. Therefore, the smart home 
technologies move the prosumers to the center of the energy system transforming it into a 
smart citizen-centered energy system. 

 

Figure 1-2 – Smart home (adapted from [11]). 

The barriers to the participation of the prosumers in the electricity markets are not anymore on 
the side of the home automation solutions. The main research challenge is to transform home 
automation and information into products to be traded by an aggregator of prosumers in the 
electricity markets. This requires developing a new set of optimization algorithms to support the 
participation of an aggregator of prosumers in multiple electricity market sessions, such as 
energy, secondary reserve, and tertiary reserve markets.  

This thesis aims to contribute with this new set of optimization tools. The research work was 
driven by the following research questions:  

 How can home automation and information be transformed into electricity products? 

 Which are the optimization tools needed to support the participation of an aggregator 
of prosumers in multiple electricity market sessions? 

 What are the economic and environmental benefits generated by the optimal 
participation of an aggregator of prosumers in the electricity markets? 

1.2 Objectives of the Thesis 

The general objective of this thesis is to conceptualize and develop a novel set of tools to support 
the participation of an aggregator of prosumers in multiple electricity market sessions. This 
overarching objective is divided into the following subtasks: 



Chapter 1 – Introduction 

35 

 to define a framework for the aggregator of prosumers that includes the necessary 
optimization algorithms, smart home technologies, communication and information 
flows and commercial relations between stakeholders; 

 to formulate bidding optimization models to support the aggregator in the definition of 
bids for multiple day-ahead market sessions, such as energy, secondary reserve, and 
tertiary reserve markets; 

 to formulate real-time management algorithms to dispatch the operation of the flexible 
resources and ensure the reliable delivery of the energy and reserve products traded by 
the aggregator in the day-ahead markets; 

 to study the effects of different uncertainty modeling approaches in the optimization 
results (e.g., scenario-based vs. point forecast). The numerical results should provide 
information about the impact of the different uncertainty modeling approaches in the 
aggregator’s cost;  

 to evaluate the direct and indirect economic and environmental benefits of the optimal 
participation of the aggregator in the electricity market.   

1.3 Contributions of the Thesis 

1.3.1 Research and Innovation 

Under the smart grid paradigm, one of the main research and innovation challenges is to enable 
the active participation of prosumers in the electricity markets. This thesis addresses this 
research challenge and advances the current state-of-the-art in the following points: 

 conceptual contribution: this thesis proposes for the first time to transform home 
automation and information into products to be traded by an aggregator of prosumers 
in multiple electricity market sessions, such as energy, secondary reserve, and tertiary 
reserve markets;  

 mathematical modeling contributions: they are divided into two sets of day-ahead and 
real-time optimization tools: 

o day-ahead optimization models: multi-stage stochastic optimization models to 
support aggregators of prosumers in the definition of bids for multiple day-
ahead market sessions. The bidding optimization models consider multiple 
sources of demand and generation flexibility (EVs, TCLs and PVs) and 
uncertainty (e.g., inflexible load, renewable generation, outdoor temperatures, 
preferences and behavior of the prosumers) in the optimization bids, as well as 
the economic implications of trading energy and/or reserves in both day-ahead 
and real-time market stages. These optimization models extend the bidding 
range of the aggregator to both demand and supply sides of the energy market, 
both upward and downward sides of the tertiary and secondary reserve 
markets, empowering the aggregator with multiple bidding combination 
options; 
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o real-time optimization algorithms: single-level and multi-level model predictive 
control (MPC) algorithms to dispatch the operation of multiple types of flexible 
resources (EVs, TCLs, and PVs) and ensure the reliable delivery of multiple types 
of energy and reserve products sold and bought by the aggregator in the day-
ahead markets; 

 societal contributions and impacts: estimation of the direct and indirect economic and 
environmental benefits generated by the optimal participation of an aggregator of 
prosumers in the electricity markets. 

1.3.2 Publications 

The work presented in this thesis resulted in four journal papers and eight conference papers. 

International Journals (4) 

1. J. Iria, F. Soares, and M. Matos, “Optimal bidding strategy for an aggregator of 
prosumers in energy and secondary reserve markets,” Applied Energy, vol. 238, pp. 
1361–1372, Mar. 2019. 

2. J. Iria, and F. Soares, “A cluster-based optimization approach to support the 
participation of an aggregator of a larger number of prosumers in the day-ahead energy 
market,” Electric Power Systems Research, vol. 168, pp. 324–335, Mar. 2019. 
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1.3.3 R&D Projects 

The work developed in this thesis contributed to the elaboration and development of the 
following U.S., European, and Portuguese R&D projects: 

1. Regulatory project funded by the U.S. Department of Energy (DOE) under the Energy 
Microgrid R&D program 

2. GReSBAS project with reference SmartGP/0003/2015 approved under the framework 
of ERA-Net Smart Grids Plus, [Online]. Available: https://gresbas.eu/gresbas-site/en/ 

3. SusCity project with reference MITPTB/CS/0026/2013 funded by Fundação para a 
Ciência e a Tecnologia de Portugal, [Online]. Available:    http://groups.ist.utl.pt/suscity-
project/inicio/ 

4. AnyPLACE project approved by the EU under the Horizon 2020, [Online]. Available:  
http://www.anyplace2020.org/ 

1.4 Structure of the Thesis 

The work developed within the scope of this thesis is organized into eight chapters (including 
the present one) and three appendices. 

The current chapter discusses the motivation to this thesis and defines the problem under 
research and its main objectives. Chapter 2 is the literature review and covers electricity market 
frameworks and services, aggregator models, and methodologies to support the participation 
of aggregators in the electricity markets. 

Chapter 3 describes several aspects of the proposed aggregator model, such as architectures, 
business models, portfolio definition and management, stakeholders’ roles, bidding and control 
strategies, interactions between different agents, and information and economic flows. 

Chapters 4, 5 and 6 propose original optimization algorithms to support the participation of an 
aggregator of prosumers in multiple electricity market sessions. The optimization algorithms 
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include bidding models and real-time control algorithms. The bidding optimization models 
define offers for multiple day-ahead market sessions. The real-time control strategies ensure 
the reliable delivery of the products traded by the aggregator in the day-ahead market sessions. 
Each chapter has its own results section. 

The participation of the aggregator in the energy market is addressed in chapter 4. Two novel 
bidding optimization models and two novel real-time control strategies are proposed and 
compared. One of the bidding models is deterministic and another is two-stage stochastic. Both 
real-time control algorithms are based on MPC strategies. One of the strategies minimizes the 
energy imbalances of the aggregator (energy MPC) and another minimizes the imbalance costs 
(economic MPC). 

Chapter 5 covers the participation of the aggregator in both energy and secondary reserve 
markets. It proposes two original optimization algorithms: a two-stage stochastic optimization 
model to define energy and band bids for the day-ahead energy and secondary reserve markets; 
and a hierarchal MPC with two levels to deliver the energy traded in the day-ahead energy 
market and dispatch the band sold in the day-ahead secondary reserve market. 

Chapter 6 covers the participation of the aggregator in both energy and tertiary reserve markets. 
It proposes two novel optimization algorithms: a two-stage stochastic optimization model to 
define energy and reserve bids for the day-ahead energy and tertiary reserve markets; and a 
MPC to deliver the energy and reserves traded in the day-ahead markets. 

Chapter 7 discusses economic and environmental aspects related to the optimal participation of 
the aggregator in the electricity market. For this purpose, the optimization algorithms developed 
in chapters 4, 5 and 6 are used to perform a set of analyzes to support the discussion. 

The document ends with chapter 8, where the main contributions and findings from this thesis, 
as well as the topics for future work are described. 

The main document has three appendices. Appendix A presents the case study used to evaluate 
the performance of the optimization algorithms. Appendix B describes the heuristic used to 
compute the number of scenarios adopted by the stochastic bidding models. Finally, appendix 
C describes the Gaussian Copula method. 
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Chapter 2 – Background and State-of-the-Art 

2.1 Introduction 

Current electricity markets do not allow the direct participation of small consumers and 
prosumers. In fact, small customers do not have enough size to participate directly in the 
electricity markets, or even the means to deal with the market complexities. Therefore, they 
require the services of an aggregator. The aggregator is a service provider that gathers and 
manages groups of small consumers and prosumers, in order to buy and sell energy and reserve 
services in the electricity markets. 

This chapter reviews the main state-of-the-art in electricity market frameworks, aggregator 
models, and optimization algorithms to support the participation of aggregators in the electricity 
markets.  

Section 2.2 describes the main characteristics of the electricity spot markets from Europe and 
U.S.. The literature review covers the market mechanisms used to procure energy and ancillary 
services (namely reserves), settle market transitions and remunerate buyers and sellers of 
market products. The market sessions open to the participation of DR resources are described 
in section 2.3. 

Section 2.4 describes the role of the aggregator in the electricity markets. The description covers 
business models, architectures, and energy management systems. A special attention is given 
to the value of aggregators in the electricity markets. Section 2.5 covers day-ahead and real-
time computational algorithms to support the participation of aggregators in the electricity 
markets. The final remarks are presented in section 2.6. 

2.2 Design of Electricity Markets 

The unbundling of the vertically integrated electricity sector lead to the separation of generation 
property from transmission, distribution and retailing activities. From this transformation 
resulted two mechanisms to trade energy (bilateral contacts and pools) and three to trade 
ancillary services (tenders, bilateral contracts, and pools).   

A bilateral contract is an agreement between two parties where one party commits to deliver 
energy or ancillary services and the other to pay for it, at a specified future date (i.e., the delivery 
month), at a particular price. The contracts can either require a physical delivery or have a pure 
financial settlement. Examples of bilateral contracts are forward contracts, futures contracts, 
options contracts and contracts for differences [12]–[14]. The bilateral contracts are used to risk 
hedging. 

Tender is a process where candidate suppliers are invited to submit bids to provide ancillary 
services for a certain period of time. Tender begins with the publication of a contract notice to 
invite ancillary service providers to submit their dossiers. Based on the criteria set out in the 
contract notice, the tender manager selects the best candidates.  
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Power pool is an auction, where participants bid to sell or buy energy and ancillary services for 
a certain period of time. Examples of power pools are the day-ahead, intraday, and real-time 
markets. Power pools are spot markets since energy and ancillary services are traded for 
“immediate” physical delivery. 

Figure 2-1 shows a general framework of an electricity market that will be reviewed in this 
section. A special emphasis will be given to spot markets. 

 

Figure 2-1 – General framework of an electricity market [AS – ancillary services, E – energy] (adapted 
from [15]). 

2.2.1 European Spot Markets 

The European spot markets are divided into two categories: energy and ancillary services. The 
energy markets are managed by the market operator (MO) while the ancillary services markets 
are managed by the TSO1. The energy markets are divided into day-ahead and intraday markets. 

Day-ahead Energy Markets 

The day-ahead energy market is a double-sided auction, where demand agents submit bids to 
buy energy and supply agents submit bids to sell energy. The demand bids are ordered by 
descending price and cumulative quantity, and they form the demand curve.  The supply bids 
are ordered by ascending price and cumulative quantity, and they form the supply curve. The 
point of intersection between the supply and demand curves defines the clearing price. All the 
market agents buy and sell energy at the clearing price.  An alternative auction is a pay-as-bid 
system, where generators sell the cleared quantity at the offered bid price (the same is 
applicable to the demand-side). 

The market agents may present buy and sell hourly bids that cover all 24 hours (or 48 half-hours 
in some markets) of the next day. The market gate closure is normally before noon. Different 
types of bids are possible: a price independent bid with only a price cap and floor; a price 
dependent bid where a stepwise curve is submitted (i.e., different quantities for different 
prices); complex bids that can include inter-temporal constraints of the generation units (e.g., 
ramp constraints) or minimum revenue requirement (e.g., startup and shut down costs); and 

                                                           
1  In the U.S., a different nomenclature is used: Independent System Operator (ISO) and Regional 
Transmission Organization (RTO). Both have the same functions of the TSO and MO in Europe. 
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load reduction bids (i.e., load bids submitted by DR providers in the same exactly way as 
generation bids).  

Once the day-ahead energy market is cleared, the TSO adds the physical bilateral contracts to 
the clearing offers. Afterward, the TSO performs congestion management [16] to generate 
viable daily schedules. In case of being detected any network problem, the TSO can use technical 
or market methods. Technical-based methods consist of adjusting network topology or other 
network elements, such as transformer taps. Market-based methods include countertrade and 
market splitting [17]–[19].  Countertrade consists of constraining off some generators on the 
grid as regard to congestion location and constraining on better-placed generators to manage 
congestion. The market splitting approach divides the market into geographic bidding areas with 
lower and higher prices. Figure 2-2 shows the typical structure of a day-ahead energy market in 
Europe. 

 
Figure 2-2 – Typical structure of a day-ahead energy market in Europe. 

Since 2015, the day-ahead energy prices of 23 European countries are defined by a single price 
coupling algorithm (i.e., market clearing algorithm), known as EUPHEMIA  [20]. The EUPHEMIA 
algorithm is an initiative of seven power exchanges: EPEX, GME, Nord Pool, OMIE, OPCOM, OTE 
and TGE covering the electricity markets in Austria, Belgium, Czech Republic, Denmark, Estonia, 
Finland, France, Germany, Hungary, Italy, Latvia, Lithuania, Luxembourg, the Netherlands, 
Norway, Poland, Portugal, Romania, Slovakia, Slovenia, Spain, Sweden and UK. Figure 2-3 
illustrates the price coupling regions of EUPHEMIA. 

Intraday Energy Markets 

The intraday markets are similar to day-ahead energy markets and the main difference is the 
gate closure. They follow the day-ahead session and work as adjustment markets, i.e. the market 
agents can correct accepted bids from the day-ahead market or from previous intraday sessions.  
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Two structures of intraday energy markets can be found [21]–[23]: 

1. discrete: fixed number of trading sessions with a pre-defined period and with a gate 
closure of one hour before the physical delivery; 

2. continuous: the trading is continuous and starts after the day-ahead market with a gate 
closure of one hour before physical delivery.  

Since June 2018, the intraday energy prices of 14 European countries are defined by a single 
intraday coupling algorithm incorporated in the XBID solution [24]. The XBID solution enables 
continuous energy trading across the following countries: Austria, Belgium, Denmark, Estonia, 
Finland, France, Germany, Latvia, Lithuania, Norway, Netherlands, Portugal, Spain, and Sweden. 
Figure 2-3 illustrates the price coupling regions of XBID. 

 

Figure 2-3 – Price coupling regions of EUPHEMIA and XBID. 

Ancillary Services Markets 

The ancillary services are divided into reserve services and other services (e.g., voltage control, 
black start, interruptible loads). In general, these services are acquired and managed by the TSO.  

Reserve services are used to maintain the balance between generation and load. The reserves 
can be composed of loads and generation units and have upward and downward capacity. The 
upward reserve consists of generation units (or loads) offline or online able to, in a short period, 
increase their generation levels (or decrease their consumption levels). The downward reserve 
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consists of online or offline generation units able to decrease their generation levels or loads 
able to increase or start consuming in a short period. The nomenclature and technical 
characteristics of reserve services are different across Europe.  

The classical reserve categories are defined by the European Network of Transmission System 
Operators for Electricity (ENTSO-E) operational handbook [25] as: 

 primary control reserve maintains the “balance between generation and consumption 
within the synchronous area. By the joint action of all interconnected parties/TSO, 
primary control aims at the operational reliability of the power system of the 
synchronous area and stabilizes the system frequency at a stationary value after a 
disturbance or incident in the time-frame of seconds, but without restoring the system 
frequency and the power exchanges to their reference values […] The time for starting 
the action of primary control is a few seconds after the incident, the deployment time 
for 50 % or less of the total primary control reserve is at most 15 seconds and from 50 
% to 100 % the maximum deployment time rises linearly to 30 seconds”; 

 secondary control reserve “maintains a balance between generation and consumption 
within each control area/block, as well as the system frequency within the synchronous 
area taking into account the control program, without impairing the primary control that 
is operated in the synchronous area in parallel. Secondary control makes use of a 
centralized and continuous automatic generation control (AGC), modifying the active 
power set points/adjustments of generation sets/controllable load in the time-frame of 
seconds up to typically 15 minutes after an incident.”; 

 tertiary control reserve “is usually activated manually by the TSO in case of observed or 
expected sustained activation of secondary control. It is primarily used to free up the 
secondary reserves in a balanced system situation, but it is also activated as a 
supplement to secondary reserve after larger incidents to restore the system frequency 
and consequently free the system-wide activated primary reserve. […] Schedule 
activated tertiary control reserve is activated with relation to the predefined timeframe 
of exchange schedules, e.g., 15 minutes”. 

The classic reserve classification used by the ENTSO-E was recently reviewed in the new network 
code “Guideline on electricity transmission system operation” [26]. Furthermore, there are 
network areas such as the UK and Nordic countries, where the classification is also different. 
Nevertheless, in technical terms, the use of the reserves is rather similar. 

Table 2-1 presents the more common reserve classifications used in Europe. In general, the 
European countries use the classic ENTSO-E nomenclature to classify the majority of their 
reserve services. More detailed information about technical requirements and definitions of 
reserves can be found in [9], [25]–[27]. 

The mechanisms for procuring reserves differ from country to country and from category to 
category. In general, the TSO is responsible for procuring reserve services and different 
mechanisms can be used: monthly or yearly tenders; mandatory and non-remunerated; bilateral 
contracts; and market pools on weekly and daily basis. 
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Table 2-1 – Common reserve classifications in Europe. 

Classic ENTSO-E New ENTSO-E Nordic Countries UK 

- Primary  
  reserve 

- Frequency    
  containment    
  reserve 

- Frequency containment  
   reserve for normal operation  
- Frequency containment  
   reserve for disturbance 

- Firm frequency response  
- Enhanced frequency response 
- Mandatory frequency response 
- Frequency control by demand 
  management 

- Secondary 
  reserve 

- Frequency  
 restoration reserve 

- Automatic frequency    
  restoration reserve 

- Fast reserve 
- Mandatory frequency response 

- Tertiary  
   reserve 

- Frequency  
  restoration reserve 
- Replacement  
  reserve 

- Fast disturbance reserve 
- Balancing reserve 

- Short-term operating reserve 
- Balancing mechanism start up 
- Demand turn up 

In Nordic countries, frequency containment reserves for normal operation and disturbance are 
acquired by the TSO through hourly market pools and tenders [9]. In general, the remuneration 
structure is availability 2  payments. The automatic frequency restoration reserve and fast 
disturbance reserve can be acquired through tenders, bilateral contracts and hourly market 
pools [9].  The remuneration structure is availability and utilization3 payments. In the balancing 
reserve market, agents submit hourly bids to provide manual reserve until 45 minutes before 
the operating hour. The bids are dispatched in real-time by the TSO, based on an economic merit 
order. The dispatched reserve is settled at a marginal price [9]. 

In UK, firm frequency response is acquired by the TSO (National Grid) through a monthly tender 
process [27]. The firm frequency response can assume dynamic and non-dynamic forms. The 
dynamic frequency response is a continuously provided service used to manage the normal 
second-by-second changes on the system while non-dynamic frequency response is typically a 
discrete service triggered at a defined frequency deviation. The remuneration structure includes 
availability and utilization payments, and other three fees related to the tender process. 
Enhanced frequency response is a fast frequency response product, which requires providers to 
supply full frequency response in less than 1 second. This service is traded in a tender process 
and remunerated by availability payments. Mandatory frequency response is only open to 
generation units. Short-term operating reserve is a service manually activated by National Grid 
in case of sudden loss of power in the system. Short-term operating reserve is negotiated in a 
tender process and remunerated by availability and utilization payments [27]. Demand turn up 
pays large energy users and embedded generators to either increase demand or reduce 
generation when there is excess energy on the system. This service is remunerated by utilization 
and availability payments. Finally, balancing mechanism start up is a manual reserve 
remunerated by utilization payments.  

In Portugal and Spain, the primary reserve is mandatory and non-remunerated [28], [29]. The 
secondary reserve is traded in a day-ahead hourly market and remunerated under two concepts: 
band availability and utilization (in both upward and downward directions). The band availability 
is traded under the form of bids, which are selected by an economic merit order, and 

                                                           
2 Availability payments correspond to the fixed costs that a provider incurs to make a certain amount of 
service available.  
3 Utilization payments remunerate the actual delivery of the service. 
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remunerated by the marginal price. The remuneration of the band utilization is valued at the 
marginal price of the tertiary reserve market [28], [29].  

After closing the secondary reserve market, market agents submit hourly bids to the day-ahead 
tertiary market [29]. The market agents can continuously update and modify the bids until one 
hour (in Portugal) and 45 minutes (in Spain) before the operating hour. The TSO dispatches the 
hourly bids by economic merit order, during the operating day, with the objective of handling 
forecast errors and/or replacing secondary reserve. In Spain, there is also a deviation reserve 
market that takes place between intraday sessions and the agents can present bids one hour 
before the time horizon of the corresponding balancing market session [21].  

In Germany, primary and secondary reserves are traded in weekly market pools organized by 
the TSO of each control area [7]. The primary reserve is remunerated by availability payments, 
while secondary reserve is remunerated by availability and utilization payments [30]. The 
tertiary reserve is procured in market pools, on a daily basis, for six four-hour time slots of the 
next day [31]. Tertiary reserve is traded with two prices, one for availability and another for 
utilization.  

In Italy, primary reserve is mandatory and non-remunerated [32]. Secondary and tertiary 
reserves are traded in day-ahead market pools and remunerated at the offered price (pay-as-
bid mechanism) [33]. 

Other types of ancillary services, such as voltage control and black start are normally mandatory 
or acquired via bilateral contracts or tendering processes [34]. 

Market Settlement  

Market participants are paid or charged in the settlement phase for the energy and ancillary 
services sold and bought. In general, the TSO or/and MO manage(s) the following settlement 
procedures [35]: 

 energy settlement: supply agents are paid for the energy sold and demand agents are 
charged for the energy bought. Energy imbalances between delivered energy and day-
ahead/intraday positions are charged or paid to balance responsible parties 4 . The 
energy deviations are valued at imbalance prices. 

 ancillary services settlement: ancillary services providers are paid or charged.  Service 
providers that fail partially or totally to supply ancillary services are penalized. 

There are two settlement mechanisms to value energy imbalances: two-price system; and one 
–price system. The two-price system values energy imbalance according to its direction, i.e. it 
considers one imbalance price for each direction. In Nordic countries, generation imbalances 
that support the system are valued at day-ahead energy price, while generation imbalances that 
put the system off-balance are valued at balancing reserve price [35]. In other countries, such 

                                                           
4 Balance responsible parties are market participants (e.g. suppliers, retailers, large consumers or 
aggregators) financially responsible for keeping their own positions (i.e., sum of their injections, 
withdrawals and trades) balanced over a given timeframe. Typically, balance responsibility parties are 
appointed to transmission network nodes, where energy injections or offtakes are performed.  
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as Portugal and Spain, the two imbalance prices result from complex functions of energy and 
reserve prices [21], [36]. The one-price system values energy deviations at one imbalance price. 
Examples of countries that follow the one-price system are Germany and Belgium [35]. 

Penalties for ancillary services partially or totally not provided can include time-limited or total 
exclusion of the service providers and monetary fines. Typically, the monetary fines are 
proportional to the remuneration prices. In Belgium, the availability penalty for the primary 
reserve is 130% of the remuneration price. In UK, failing to provide at least 90% of the contracted 
capacity of short-term operating reserve results in a reduction of availability payments or 
eventual termination of the contract [9].   

2.2.2 United States Spot Markets 

The U.S. is characterized by ten energy regions [37]:  California ISO (CAISO); Midwest ISO (MISO); 
New England ISO (NE-ISO); New York ISO (NYISO); Northwest; Pennsylvania, Jersey, Maryland 
(PJM); Southeast; Southwest; Southwest Power Pool (SPP); and Texas (ERCOT). Figure 2-4 shows 
the ten energy regions of the U.S.. 

 

Figure 2-4 – Ten energy regions of the U.S. (adapted from [37]). 

The electricity markets from Southeast, Southwest, and Northwest regions are traditional 
wholesale markets characterized by utilities vertically integrated. The utilities own generation, 
transmission, distribution, and retailing businesses. The energy is mostly traded via bilateral 
contracting. The other seven energy regions have day-ahead and real-time spot markets 
managed by the ISO/RTO. The day-ahead market is a forward market in which clearing prices 
are calculated for each hour of the next operating day. The real-time market calculates clearing 
prices every 5 minutes based on security-constrained economic dispatch [38].   

The day-ahead and real-time markets have two fundamental differences compared to European 
markets. First, the calculations of the day-ahead and real-time energy prices are based on the 
concept of locational marginal pricing [38], [39]. The locational marginal prices reflect the buying 
and selling offers, transmission congestion costs and marginal losses. If there are no congestion 
and transmission losses, the prices are theoretically the same for each node. When congestion 
is taken into consideration, the energy prices vary by locations [38], [39]. The second difference 
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is the market-clearing mechanism of the day-ahead and real-time markets. The most common 
market-clearing mechanism co-optimizes energy and reserves [40], i.e. it defines the clearing 
offers and prices of energy and reserves. Co-optimization provides more efficient dispatches 
(from an economic point of view) but is usually proposed to solve complex auctions where 
bidders must declare their units’ technical constraints, such as ramps or minimum start-up 
times. On the contrary, sequential optimization (European market-clearing mechanism) is more 
appropriate for simple quantity-price auctions for both energy and reserves but with less 
efficient dispatches [34,35]. 

Typically, energy imbalances are valued at real-time prices. For instance, the PJM 
Interconnection values positive and negative energy imbalances at real-time locational marginal 
prices and energy traded in the day-ahead market at day-ahead locational marginal prices [41]. 

Reserve Categories 

In the U.S., the reserve nomenclature and categories are different from European countries. 
González et al. [40] identified four types of reserve services that are generally accepted within 
the U.S. markets: 

 regulation reserve “is used to constantly and automatically balance small fluctuations 
in supply and demand in real time. Generation units that are providing regulation 
service must be able to respond to AGC signals from the system operator and change 
their output accordingly on very short time scales, typically on the order of one to 
several seconds.” [42]. Regulation reserve can be provided by generation units and 
loads capable of responding to AGC signals; 

 spinning reserve “is intended to help the system respond quickly to forced outages or 
other contingency events. Spinning reserves are provided by generation units that are 
online but are not generating at full capacity and can, therefore, increase their output 
quickly to provide additional capacity to the system.” [42]. Typically, generation units 
required to be fully available within 10-15 minutes and maintained for 2 hours. This 
reserve service can be provided by DR resources; 

 non-spinning reserve “is intended to help the system recover from unplanned 
contingencies. However, non-spinning reserves can also be provided by generation 
units that are offline, as long as they are able to start up and increase their output to 
the target level within a predefined period of time, usually 10 to 30 minutes, depending 
on the market. Online units with available capacity can also provide non-spinning 
reserves.” [42]; 

 replacement reserve “is intended to substitute faster and more expensive reserves, so 
as to reduce costs and guarantee security against subsequent contingencies, and must 
be supplied within 30 minutes at the latest” [40]. The total sum of spinning, non-
spinning, and replacement reserves may also be collectively referred to as primary 
reserves, supplemental Reserves, or contingency reserves 
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Figure 2-5 shows an approximate correspondence between American and European 
classifications. The European nomenclature presented corresponds to the Classic ENTSO-E 
classification.   

 

Figure 2-5 – Comparison between American and European classifications on reserves (adapted from 
[40]). 

Typically, the remuneration prices of the reserves result from the market-clearing mechanisms 
of day-ahead and real-time markets. Some interconnections also value reserves services based 
on their actual performance. For instance, MISO and CAISO compensate regulation reserve 
through a pay-as-performance mechanism. Pay-as-performance reflects the regulation 
resource’s speed and accuracy in following the AGC signal. The pay-as-performance payment 
results from the multiplication of three terms [43]: actual mileage; mileage price; and 
performance score.  The actual mileage is the up/down movement of the resource to follow the 
AGC signal. The mileage price is set by the market. The performance score is a coefficient that 
evaluates the performance of the resource in terms of following the AGC signal. This mechanism 
allows remunerating aggregated and individual DR resources according to their performance. 

2.3 Participation of Demand Response in the Electricity Markets 

2.3.1 Definition and Types of Demand Response 

The Federal Energy Regulatory Commission defines DR as “changes in electric use by demand-
side resources from their normal consumption patterns in response to changes in the price of 
electricity, or to incentive payments designed to induce lower electricity use at times of high 
wholesale market prices or when system reliability is jeopardized” [4]. In fact, DR includes all 
intentional electricity consumption pattern modifications by end-use consumers that are 
intended to alter the timing, level of instantaneous demand, or total electricity consumption. 

There are three actions by which an end-user response can be achieved [5]. First, the end-users 
may shift some of their consumption from high price periods to low price periods. One example 
of this DR action is shifting household activities, such as clothes washing and drying. Secondly, 
the end-user can reduce his load during periods of high prices without changing their load 
pattern during other periods. This option involves a temporary relaxation of comfort. For 
instance, it can be achieved by changing temporally thermostat settings of TCLs. The third type 
of end-user response is by using onsite generation (e.g., PV systems). Prosumers who generate 
their own electricity may experience no or very little change in their electricity usage pattern. 
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 Reserve

Replacement 
Reserve

Primary Reserve

Secondary 
Reserve

Tertiary Reserve
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However, from the retailer perspective, load patterns will change significantly, and demand will 
appear to be “smaller”. 

DR programs can be categorized into two groups [8], [9]: 

 explicit or incentive-based DR refers to load that competes directly with generation in 
the energy and ancillary service markets through the services of aggregators or single 
large consumers. This is achieved through the control of individual and aggregated loads 
traded in electricity markets. Participants receive direct payments to change their 
consumption upon request (i.e., consuming more or less). Participants can earn from 
their individual flexibility or by contracting with an aggregator or retailer; 

 implicit or price-based DR refers to consumers that accept to be exposed to time-
varying prices or time-varying network tariffs (or both) that partly reflect the cost of 
electricity and/or transmission/distribution in different time periods. These prices are 
always part of the contract between the consumer and retailer.  

The participation in explicit DR does not exclude end-users from engaging in implicit DR or vice 
versa. Many consumers participate in explicit DR through an aggregator, and at the same time, 
they also participate in implicit DR through time-of-use tariffs. The requirements and benefits of 
each are different and build on each other. The two are activated at different times, serve 
different purposes and are remunerated by different mechanisms. Consumers that participate 
in explicit DR receive direct payments or discounts in the electricity bill, while consumers that 
participate in implicit DR through time-of-use tariffs receive lower bills. 

Explicit DR provides valuable and reliable products to DSOs and TSOs, adjusting load to resolve 
operational issues. Implicit DR does not allow end-users to participate in energy and ancillary 
services markets. Explicit DR can also be used to reduce energy costs of aggregators and retailers 
in the energy markets. On the other hand, implicit DR does not require typically sophisticated 
equipment (i.e., automation systems to manage loads and generators) and a full engagement of 
the end-users.  Both forms of DR are important for end-users, and allow them to benefit from 
their flexibility.  

2.3.2 European Markets 

The European DR market is still in the early development phase and fragmentation is a result. 
Each country has a different regulatory framework and progress is not similar when it comes to 
opening up electricity markets to consumer participation. This is a problematic development in 
the context of the aimed harmonized European market.  
 
The latest report of the Smart Energy Demand Coalition [9] (from 2017) indicates that Belgium, 
Finland, France, Ireland, UK, and Switzerland are the most advanced European countries, 
regarding the development and implementation of DR. The regulatory framework of these 
countries allows the participation of individual and aggregated loads in ancillary services and 
energy markets, as shown in Table 2-2. Furthermore, these countries present adjusted market 
requirements (e.g., minimum bid limit, maximum number of activations, duration, etc.) and 
attractive remuneration payments. These factors make DR a commercially viable product in 
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these countries. In the opposite side are countries, such as Portugal, Italy or Spain, where the 
regulatory and market structures do not enable the full participation of DR resources in the 
electricity markets.  

The entry of DR providers in the electricity markets is dependent on the satisfaction of a 
prequalification process. The prequalification can be made at an aggregated pool level or 
individual level. In the past, the prequalification of DR resources was only done at the individual 
level. However, the appearance of aggregators led to the extension of the prequalification 
process to the aggregated level (i.e., the pool of loads has to fulfill requirements as a single 
resource). This is an important enabler for the participation of aggregators in the electricity 
markets. Table 2-2 shows that at least 6 countries allow the participation of aggregated loads in 
all energy and reserve markets [9].  

The UK was the first European region to open several of its ancillary services markets to the 
participation of load and aggregators. National Grid (UK TSO) runs two ancillary services 
dedicated to DR:  frequency control by demand management; and demand turn up. Frequency 
control by demand management helps to prevent dramatic falls in frequency by automatically 
shedding consumers that use large amounts of electricity (more than 3 MW) when frequency 
falls below a trigger point of 49.7 Hz. Demand turn up pays large energy users and embedded 
generators to either increase demand or reduce generation when there is excess energy on the 
system (typically overnight and weekend afternoons). Typical providers include water pumping 
stations, some manufacturing loads, cold storage and space cooling.  

France is one of the most forward thinking and active countries in DR. Large consumers and 
aggregators can participate in energy and reserve markets. Different types of aggregation are 
allowed, such as clustering of industries or aggregation of residential and commercial 
consumers. The NEBEF mechanism (Block Exchange Notification of Demand Response) allows 
aggregators and large consumers to participate in the energy markets, in exactly the same way 
as generators [9]. Aggregators can submit load reduction bids to the day-ahead and intraday 
markets. In 2016, 10 GWh of DR services were traded in the day-ahead energy market [9]. All 
the reserve markets are open to the participation of individual and aggregated loads. 

Table 2-2 – Participation of individual and aggregated loads in the European electricity markets. 

 DR participation Aggregated loads 

Day-ahead 
energy market 

Belgium, Finland, France, Denmark, Germany, 
Ireland, Netherlands, Norway, Sweden, 
Switzerland 

Finland, France, Denmark, Germany, Ireland, 
Netherlands, Norway, Sweden, Switzerland 

Intraday 
energy market 

Finland, France, Denmark, Germany, Ireland, 
Netherlands, Norway, Sweden, Switzerland 

Finland, France, Denmark, Germany, Ireland, 
Netherlands, Norway, Sweden, Switzerland 

Primary 
reserve 

Belgium, Finland, France, Denmark, Germany, 
UK, Norway, Slovenia, Sweden, Switzerland 

Belgium, Finland, France, Denmark, 
Germany, UK, Norway, Sweden, Switzerland 

Secondary 
reserve 

Austria, France, Denmark, Germany, UK, 
Netherlands, Norway, Slovenia, Sweden, 
Switzerland 

Austria, France, Germany, UK, Netherlands, 
Norway, Slovenia, Sweden, Switzerland, 
Denmark 

Tertiary 
reserve 

Belgium, Finland, Austria, France, Denmark, 
Germany, Estonia, UK, Netherlands, Norway, 
Slovenia, Sweden, Switzerland 

Belgium, Finland, Austria, France, Denmark, 
Germany, Estonia, UK, Netherlands, Norway, 
Slovenia, Sweden, Switzerland 
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On the opposite side are countries, such as Portugal, Spain, and Italy, where the participation of 
individual DR resources is limited to emergency services, such as interruptible loads. The main 
sources of interruptible load services are cement, wood and chemical industries. 

2.3.3 United States Markets 

In 2008, the Federal Energy Regulatory Commission issued order 719 to improve the 
participation of DR in the electricity markets [44], [45]. The order 719 directs RTOs/ISOs to 
accept bids from DR resources comparable to generators for energy and ancillary services 
markets; enable DR resources to specify limits on duration, frequency, and amount of bids to 
supply energy and ancillary services; and allow aggregators to bid DR on behalf of retail 
customers directly into the market.  

DR programs can be classified as market-based and reliability-based. Reliability DR programs are 
typically out-of-market, i.e. they are not dispatched according to an economic merit order. The 
NYISO and CAISO manage reliability DR programs that involve load reductions under emergency 
conditions [45].  The market-based DR programs comprise the participation of DR resources in 
energy and ancillary reserve markets. Table 2-3 shows the RTOs/ISOs that enable the 
participation of DR resources in energy and reserves markets [45]–[48]. The NYISO, ERCOT, and 
MISO enable the participation of DR resources in all their market sessions, contrarily to the SPP 
and NE-ISO that only allow DR resources participating in the day-ahead and real-time energy 
markets. The ISOs/RTOs follow order 719 and permit load aggregation in all markets open to DR. 

The ISOs/RTOs recognize two ways of reducing load. One is to reduce the consumption at the 
facility level, and another is to increase generation behind-the-meter. With either method, the 
amount of power you take from the grid is reduced. 

Table 2-3 – Participation of individual and aggregated loads in the U.S. electricity markets. 

 DR participation Aggregated loads 

Day-ahead energy market NYISO, ERCOT, MISO, PJM,  
CAISO, SPP, NE-ISO 

NYISO, ERCOT, MISO, PJM,  
CAISO, SPP, NE-ISO 

Real-time energy market NYISO, ERCOT, MISO, PJM,  
CAISO, SPP, NE-ISO 

NYISO, ERCOT, MISO, PJM,  
CAISO, SPP, NE-ISO 

Regulation reserve NYISO, ERCOT, MISO, PJM NYISO, ERCOT, MISO, PJM 
Spinning reserve NYISO, ERCOT, MISO, PJM NYISO, ERCOT, MISO, PJM 
Non-spinning reserve NYISO, ERCOT, MISO, CAISO NYISO, ERCOT, MISO, CAISO 
Replacement reserve NYISO, ERCOT, MISO NYISO, ERCOT, MISO 

 
CAISO allows the participation of two DR resources in the electricity markets [46]: reliability DR 
resource; and proxy demand resource. A reliability DR resource is an individual load, while a 
proxy demand resource is a load or an aggregation of loads capable of being measured and 
verified. Reliability DR resources and proxy demand resources can participate in the day-ahead 
and real-time energy markets. In addition, proxy demand resources can participate in the non-
spinning reserve market. The ISO dispatches DR offers by economic merit order in the day-ahead 
and real-time markets or by reliability purposes in real-time. In 2016, Southern California Edison 
enrolled more than 650,000 DR customers (ca. 1.2 GW) in both DR programs of CAISO.  
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PJM enables the participation of curtailment service providers (i.e., aggregators) in energy, 
regulation and spinning reserve markets [49]. Curtailment service providers may represent an 
individual load or an aggregation of loads. In 2017, curtailment service providers profited c.a. 
2.6 millions of dollars from the participation of 61.6 GWh of DR in the day-ahead and real-time 
energy markets [10]. DR providers offered 69.8 GWh and 1063 GWh of DR in the regulation and 
spinning reserve markets and profited c.a. 1.8 and 3.0 million dollars [10]. The participation of 
DR in regulation reserve increased 800% compared to 2016.  

Most DR services in the U.S. are provided by industrial facilities, such as electrochemical 
processing, oil field equipment, manufacturing, compression, pumping, water/wastewater 
treatment, aluminum smelting, data centers, and cement plants. The last report of PJM (from 
April 2018 [10]) indicates that more than 50% of the energy DR offers are from industrial 
facilities. Nonetheless, the residential sector already represents 18% of the energy DR offers.  
Regarding the regulation reserve offers, 80% are from water heaters. 

2.4 Aggregator 

2.4.1 Definition  

An aggregator is a service provider that manages directly or indirectly groups of consumers and 
prosumers, in order to sell pools of loads and generators as single products in the electricity 
markets. Customers require the services of an aggregator to help them to navigate through the 
market complexities since they do not have the know-how and the technical means to do it 
alone. The aggregator provides backup to individual customers, reducing their risk and 
increasing the reliability of their DR products. The aggregator negotiates agreements with 
industrial, commercial and residential customers to aggregate their capability to reduce, 
increase and shift consumption and/or generation on short notice on short notice. The loads can 
be diverse with varying characteristics. They can include electric heating and cooling systems, 
smelters, water heaters, freezers, EVs, ovens, chillers, grinders, water pumps, etc. Behind-the-
meter generators include PVs, backup generators, small wind turbines, etc. 

2.4.2 Business Models 

Three types of business models for aggregators can be found in the literature [8], [9]:  

 independent aggregator model: the aggregator signs a contract with the customer 
without the necessity to inform the retailer. The services are provided separately from 
the supply contract with the retailer. The aggregator remunerates the customer through 
direct payments. This model is adopted by some aggregators in France and UK; 

 dependent aggregator model: the aggregator is limited to the role of service provider 
to the retailer rather than an independent party providing independent offerings to 
customers. This means that customers do not receive a clear value for their flexibility. 
They receive flexibility revenues bundled with their electricity bills. Nordic countries and 
Germany use this model;  

 retailer model: the aggregator acts as a retailer. 
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A typical retailer forecasts and buys energy in the wholesale market to resell it to smaller 
consumers. In the future, this business model may change. The retailer may become an 
aggregator that clusters and automates end-users’ load in order to reduce energy costs, or even 
to provide ancillary services. The customer may not receive a direct payment but only a lower 
electricity bill. However, there are certain business model factors which can make it difficult for 
many traditional retailers to provide these services. One of them is the potential conflict of 
interests concerning DR. DR disturbs the revenue streams from generation and imbalances. For 
example, retailers who own generation assets may earn an important part of their annual 
returns when prices are high. They also charge the customers for taking on their balancing risk. 
Nonetheless, there are also factors, such as competition with independent aggregators or 
significant difference in energy prices between periods that may do retailers engaging DR.  

2.4.3 The value of Aggregators 

Most consumers do not have the means to participate directly in the electricity markets. They 
need the services of an aggregator to help them to participate. Aggregated participation adds 
value and presents several advantages compared to individual participation, as highlighted 
below: 

 economic: there are high fixed costs associated with the participation in the electricity 
markets, such as registering and acquiring insurance against economic losses. The 
aggregator can reduce these fixed costs due to its centrality in the marketplace and its 
economy of scale in managing information [50]. The aggregator also increases the 
economic value of the DR products due to its capacity to participate in multiple market 
sessions; 

 ICT infrastructure: sophisticated ICTs are required to participate in the electricity 
markets. The aggregator has an ICT system that centralizes all the consumers’ 
information, reducing the investment cost of the consumers in infrastructures. It will be 
more cost-effective to aggregators and consumers to centralize computing power, 
allowing decentralized systems to use only inexpensive computing equipment (e.g., 
HEMS) to receive simple control signals and collect information; 

 market entry requirements: consumers often do not fulfill market entry requirements, 
such as minimum bid size (0.1 – 50 MW) and extended availability [9]. The aggregation 
of consumers helps them to fulfill entry requirements. 

 technical know-how: consumers may have the capability to physically provide market 
services, but may lack the know-how to deliver them effectively [51]. Consumers often 
lack information on available technologies to control consumption, prices of automation 
technologies, methods to forecast flexibility, requirements, and prices of market 
services, etc. The aggregator has technical competencies to fulfill this information gap; 

 electricity market rules: navigating the various rules and codes of the electricity markets 
is a very difficult task for consumers. The aggregator has the know-how to handle the 
complex registration, bidding and settlement processes on behalf of the consumers. 



Chapter 2 – Background and State-of-the-Art 

54 

One of the key benefits of aggregation is the diversity of the aggregated portfolio, which ensures 
that the committed flexibility will be delivered by the aggregator even when some consumer 
fails to deliver. Aggregators enable the participation of consumers in market services closed to 
their individual participation. They have technical competencies to value the flexibility of the 
consumers in the electricity markets, reducing their electricity costs and increasing their 
revenues. The economic gains generated by the aggregators are demonstrated by real world 
case studies and case studies published in several research papers. 

Case Studies of Research Papers 

Table 2-4 describes case studies of research papers that consider the participation of 
aggregators in the electricity markets. The aggregators of these works rely on the remote control 
of DERs to provide DR services. 

Bessa and Matos [52], [53] studied the financial benefits of trading the flexibility of the EVs in 
the day-ahead energy market of MIBEL. They proposed a lower retailing tariff to reward the 
flexibility of the EV’s drivers. The tariff varies with the size and flexibility of the aggregator’s 
portfolio. For a portfolio of 1500 EVs, Bessa and Matos estimated an average reduction of 23% 
in the retailing tariff.  

Chen et al. [54] proposed two compensation mechanisms to value the flexibility provided by 800 
houses with space heating/cooling systems. The first mechanism compensates the household 
with a fixed percentage. For example, the aggregator distributes 80% of the profits by the 
households according to their flexibility and keeps the rest as an administrative fee. The second 
mechanism compensates the households and charges a fixed administrative fee. The 
participation of the aggregator in the day-ahead energy market of the ERCOT generated savings 
of 40 – 106 $/year per household. The financial savings were computed without considering 
administrative fees, i.e. the households kept all the profits.  

Heleno et al. [55] studied the financial benefits of exploiting the flexibility of TCLs in the tertiary 
reserve market of Portugal. The results suggest revenues of 73 €/year per house, for a case study 
of 1500 residential consumers. Each house has three TCLs, i.e. one refrigerator, one electric 
water heater, and one air conditioning system. 

Xu et al. [56] analyzed the potential to reduce electricity costs in the real-time energy market of 
ERCOT, through a hierarchical control strategy. The numerical results suggest savings of 182 – 
193 $/year per EV and 22 – 233 $/year per TCL (air conditioning system).  

Alahäivälä et al. [57] proposed a monetary bonus to reward the aggregator’s customers that 
provide thermal flexibility to be optimized in the day-ahead energy session of Nord Pool. For a 
portfolio of 1000 households, the results suggest savings of 12.8 – 57.6 €/year per house.  
Houses with large building structures and poor insulation tend to receive high monetary 
rewards. This is due to the fact that a massive structure cools down slowly but its heating also 
requires time, i.e., the house is flexible in terms of the heating power. On the other hand, a poor 
insulation level needs high heating power, as a result of which it is able to increase or decrease 
more its power compared to the other households. The households with high-temperature 
bands also tend to receive higher monetary bonuses. 
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Table 2-4 – Case studies of research papers: participation of aggregators in the electricity markets. 

Ref. Markets Market sessions Customers Remuneration of the customers 

[52], 
[53] 

MIBEL (Iberian 
Peninsula) 

Day-ahead energy 
market 

EVs Discount of 23% in the retailing tariff   

[54] ERCOT (U.S.) 
Day-ahead energy 
market 

Houses with 
TCLs 

Savings of 40 – 106 $/year per house 

[56] ERCOT (U.S.) 
Real-time energy 
market 

Houses with 
DERs 

Savings of 182 – 193 $/year per EV 
Savings of 22 – 233 $/year per TCL 

[55] 
MIBEL (Iberian 
Peninsula) 

Tertiary reserve market 
Houses with 
TCLs 

Revenues of 73 €/year per house 

[57] 
Nord Pool’s 
Elspot 

Day-ahead energy 
market 

Houses with 
TCLs 

Savings of 12.8 – 57.6 €/year per 
house 

Real World Case Studies 

Table 2-5 describes real case studies of four aggregators from the UK and U.S.. The Flexitricity, 
GridBeyond, KiWi Power and EnerNOC manage medium and large size consumers from the 
industrial, commercial, education, and healthcare sectors.  

Flexitricity [58] sells the flexibility of commercial and industrial consumers to the National Grid 
(UK TSO), using a fully-automated control and monitoring system. One of the clients of 
Flexitricity is a hospital with two 800 kW backup generators. Through Flexitricity, the backup 
generators produce revenues of 40 £/MW of capacity by supplying short-term operating reserve 
to the National Grid.  

GridBeyond [59] represents mostly industrial consumers with high energy-intensive processes, 
such as paper, wood, glass, and metal manufacturing companies. GridBeyond optimizes and 
automates these industries to provide firm frequency response through load reductions. Firm 
frequency response is one of the most valuable services in the UK and can generate c.a. 70,000 
£/MW/year. For example, in 2016, a paper mill with 6 sites profited £546,000 from selling 7.1 
MW of firm frequency response.  

KiWi Power [60] is an aggregator similar to Flexitricity and GridBeyond. Large corporate buildings 
with controllable air conditioning systems are typical target customers. KiWi Power sells the 
flexibility of the air conditioning systems as short-term operating reserve to the National Grid. 
Annual revenues can reach up to 100,000 £/MW.  

EnerNOC [61] operates on 4 continents: America; Europe; Asia; and Oceania. In the U.S., 
EnerNOC manages different types of consumers. Two of the clients are a cold storage company 
and a school. The cold storage company participates in the spinning reserve market and 
reliability DR program offered by PJM Interconnection. The refrigeration systems are shut down 
remotely by EnerNOC when the DR services are activated. The load reductions range from 0.4 
to 1 MW and generate annual revenues of c.a. 25,000 $. The school participates in the reliability 
DR program offered by PJM Interconnection. The load curtailment strategies include 
temperature and lighting adjustments and generate annual revenues of c.a. 75,000 $.   
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Table 2-5 – Real case studies: participation of aggregators of medium and large size consumers in the 
electricity markets. 

Aggregators Market services ISO/TSO (Buyers) Customers Payments to customers 

Flexitricity [58] Short-term operating reserve National Grid (UK) Hospital 
40 £/MW of capacity 
provided 

GridBeyond [59] Firm frequency response National Grid (UK) Paper mill 70,000 £/MW/year 

KiWi Power [60] Short-term operating reserve National Grid (UK) 
Cooperate 
building 

c.a.100,000 £/MW/year 

EnerNOC [61] 
Spinning reserve; 
Reliability DR 

PJM (U.S.) 
Cold 
storage 

c.a. 25,000 $/year 

EnerNOC [61] Reliability DR PJM (U.S.) School c.a. 75,000 $/year 

Voltalis [62], [63] is a French aggregator of residential end-users. Customers receive free HEMS 
to control their electric heating devices. Voltalis reduces the electric consumption of the heating 
systems when receives an activation signal from the TSO. The dispatch signal is related to the 
security of supply in Brittany (France). Customers do not receive any financial reward when their 
heating device reduces their load, but observe a reduction of their normal electricity bill due to 
those interruptions in consumption. 

Opower [64] and EcoFactor [65] are U.S. aggregators of small consumers, namely residential 
customers. Opower is a behavioral DR company that achieves peak load reductions by 
communicating when and how energy should be saved. Opower estimates that an average 
customer can save 33 $/year (c.a. 2.8 $/month) through behavior changes [50]. EcoFactor 
promotes customer bill savings of c.a. $100/year (c.a. 8.3 $/month) through automated energy 
management programs. These programs include load reductions through automatic control of 
air conditioning systems during DR events.  

Results published in the literature suggests that the use of automation technologies generates 
higher savings in electricity costs than behavior change strategies. Therefore, aggregators 
supported by smart home technologies are the future of an enhanced vision of DR. 

2.4.4 Architectures 

The aggregator acts as an intermediary between electricity end-users, DER’s owners and other 
electricity market participants (e.g., TSOs, ISOs, etc.) who wish to serve these end-users or 
exploit the services provided by DERs.  

Architectures described in R&D Projects and Research Papers 

Peças Lopes et al. [3] proposed an architecture to manage the integration of EVs in the power 
systems, under the framework of the MERGE project [66]. Figure 2-6 describes a centralized 
hierarchical management and control structure to handle two modes of system operation: 

 normal system operation: the aggregator defines and submits bids to the day-ahead 
energy and ancillary services markets, based on information communicated by the EVs’ 
owners. Afterward, the DSOs and TSOs technically check the bids. During the operating 
day, the aggregator controls the EVs, according to the day-ahead market commitments. 
The aggregator is composed of two sub-entities with hierarchical dependence: central 
aggregation unit (CAU); and microgrid aggregation unit (MGAU). These two levels of 
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aggregation decrease communications and computation burden. The CAU 
communicates with the MGAU and the latter with the vehicle controller (VC). The CAU 
controls EV parking lots via clusters of vehicle controllers (CVCs);  

 abnormal system operation or emergency mode: when grid normal technical operation 
is compromised, market management is overridden by the DSO. The distribution 
management system (DMS) of the DSO communicates with the central autonomous 
management controller (CAMC), and the latter with the microgrid central controller 
(MGCC). The CAMC and MGCC adjust the consumption/generation of the EVs connected 
to the CVCs and VCs. 

Later, the REIVE project [67] tested and validated the EV control functionalities, developed 
under the MERGE project, in the Smart Grids and Electric Vehicle Laboratory of INESC TEC [68].  

 

Figure 2-6 – Centralized hierarchical management and control structure to deal with the integration of 
electric vehicles in the electric power system (adapted from [3]). 

The ADDRESS project [69] proposed an architecture to facilitate the participation of aggregators 
of residential consumers in the energy and ancillary services markets. The aggregator submits 
DR offers to the energy and ancillary services markets. The offers are technically checked by the 
DSOs and TSOs. During the operating day, the aggregator sends price-volume (€/kWh) signals to 
consumers, in order to induce and reward load reductions during certain periods of the day. The 
end-users interface with the aggregator through an energy box (i.e., HEMS). The energy box 
controls the flexible resources according to the end-user’s preferences and price-volume signals 
communicated by the aggregator. The conceptual architecture of the ADDRESS project is 
presented in Figure 2-7 and described in detail in works [70]–[72].  

Parvania et al. [73] extended the range of the aggregator to clients of the industrial, commercial 
and agriculture sectors. The aggregator relies on a centralized management and control system 
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to optimize and sell DR products in the electricity markets. The DR products define the flexibility 
of the consumers to reduce consumption during certain periods of the day. 

 

Figure 2-7 – ADDRESS conceptual architecture (adapted from [70]). 

Architectures of Real Aggregators 

The architecture of real aggregators comprises interactions between electricity market players 
(e.g., TSOs, MOs, ISOs), aggregators and end-users of diverse sectors (e.g., agriculture, 
healthcare, residential, industrial and commercial), as shown in Figure 2-8. 

 

Figure 2-8 – Typical architecture of real aggregators. 
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Three market stages can be highlighted. In the first stage, the aggregator investigates and 
negotiates with the end-users the possibility of them providing DR products, days, weeks, 
months before the effective delivery. The aggregator sells DR products directly to system 
operators (e.g., TSOs or ISOs) or submits them to competitive market auctions, such as day-
ahead and real-time energy and ancillary services markets. During real-time, the aggregator 
delivers the traded DR products. The TSOs/ISOs activate DR products via automatic or manual 
control  actions [60], [61]. The end-users may be remunerated days, weeks, months after the DR 
products being delivered.      

2.4.5 Energy Management Systems 

The aggregator interfaces with each customer through an energy management system installed 
at the customer’s site. The energy management system is a smart metering platform with 
management and control functionalities to support active exchange of services between smart 
grid stakeholders, such as end-users, aggregators, and retailers. The energy management 
system emerged from the necessity of enhancing smart meter capabilities, which consist mainly 
of metering and communicating customers’ consumption to retailers. The energy management 
system adds other functionalities [74], [75], such as: 

 submetering of circuits or local appliances/devices installed at the costumer’s site. Local 
devices include EVs, storage units, generators, sensors, smart appliances and other 
medium and large size loads; 

 monitoring and acquiring the state-of-operation of the devices/appliances; 

 configuring provides the means for the end-users setting their system;  

 controlling of local devices through ON/OFF set-points, temperature set-points, power 
set-points or time-duration orders;  

 energy management to optimize the DERs in an economic and efficient manner. This 
functionality enables the provision of DR services through implicit and explicit DR 
programs;   

 communication with stakeholders to enable the exchange of information and services 
between end-users and retailers, aggregators, TSOs, DSOs, manufactures and weather 
service providers;  

 visualization tools to provide feedback to the end-users; 

 end-user engagement functionalities to increase the awareness and consciousness of 
the end-users, inducing them in cost- efficiency behaviors; 

 maintenance and support functionalities to keep the system working in proper 
conditions; 

 security functionalities to keep data and communications secure. 
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Energy management system in the Industrial, Commercial, Agriculture and 
Healthcare Sectors  

KiWi Power [60] offers a modular energy management solution to its customers. Each module 
has a different functionality and aim. The device is integrated with the dispatch center and 
provides dashboard information on energy usage and asset control options, as well as the event 
status of DERs. The client platform gives them access to live and historical metering data, billing 
reports, interactive availability calendar and other features that could be customized for the 
purpose of demand response programs, energy efficiency and monitoring. Figure 2-9 shows the 
modules of the energy management system of the KiWi Power solution. 

 

Figure 2-9 – KiWi Power energy management modules. 

The energy management system can assume diverse designations depending on the 
applications [74], [75]. In the residential sector, the energy management system is typically 
known by home energy management system (HEMS). 

Home Energy Management System 

There are several HEMSs available in the market with diverse characteristics and functionalities. 
Three examples are the re:dy from edp [76], the sunny home manager from SMA [77] and the 
smart home controller from Bosch [78], as shown in Figure 2-10. The three systems have 
common functionalities, such as metering, controlling, monitoring and communication. The two 
main disadvantages of commercial HEMS are lack of interoperability and advanced cloud/local 
energy management algorithms. In many cases, these disadvantages block the active 
participation of consumers/prosumers in the electricity markets. 

 

Figure 2-10 – Re:dy (left side), sunny home manager 2.0 (center) and smart home controller (right 
side). 

Communication Technologies  
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The communication technologies include Ethernet, Zigbee and Wi-Fi [79] to establish a 
communication channel between energy management systems and DERs. Ethernet is a 
widespread communication technology that is commonly used for short-range communications. 
Wi-Fi is a high-speed wireless internet and network communication technology based on the 
IEEE 802.11 standard for wireless local area networks [80]. ZigBee is a low power, open 
standards-based wireless networking technology based on IEEE 802.15.4 standard [81] that 
intends to be simpler and less expensive than other wireless technologies, such as Wi-Fi. 
Applications of ZigBee include wireless switches, meters for a home area network and other 
equipment that requires short-range wireless data transfer at relatively low rates. 

Several devices within the home domain and industrial applications come with Ethernet and Wi-
Fi interfaces. The core module of KiWi Power [60] includes Ethernet and Wi-Fi communication 
options to connect the energy management system to DERs. A variety of publications in the 
literature also consider ZigBee as suitable communication technology to be used by HEMSs and 
smart appliances (e.g., [81] and [82]). For instance, the re:dy solution uses Zigbee to 
communicate with smart plugs and Ethernet to communicate with the Wi-Fi router. 

2.5 Algorithms to Support the Participation of Aggregators in the 
Electricity Markets 

The algorithms to support the participation of aggregators in the electricity markets can be 
divided into four categories: 

 energy markets: day-ahead bidding optimization models to define energy bids and real-
time control strategies to mitigate energy imbalances; 

 primary reserve markets: bidding optimization models to define band/capacity offers 
of primary reserve and real-time control strategies to deliver primary reserve; 

 secondary reserve markets: day-ahead bidding optimization models to define 
band/capacity bids of secondary reserve and real-time control methods to deliver 
secondary reserve; 

 tertiary reserve markets: day-ahead bidding optimization models to define tertiary 
reserve bids and real-time control strategies to deliver tertiary reserve. 

Most of the works covered in this section assume that the aggregator does not have enough size 
to influence the market prices. Therefore, they consider that the aggregator behaves as a price-
taker in the energy and reserve markets. 

2.5.1 Energy Markets 

Day-ahead Bidding Optimization Models 

Table 2-6 summarizes the main characteristics of bidding optimization models used by 
aggregators to define demand bids for the day-ahead energy market.  

In the electric mobility context, Bessa and Matos [52], [53] proposed two deterministic 
optimization models to define demand bids for the MIBEL. The aim is to minimize the cost of the 
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EV aggregator buying energy in the day-ahead market. One of the optimization models considers 
the individual information of the EVs, while the second comprises the aggregated information. 
Both optimization models adopt point forecasts of day-ahead energy prices and driving patterns 
to optimize the charging consumption of the EVs. Kristoffersen et al. [83] added battery wear 
costs to the objective function. The proposed optimization models do not consider the 
stochastic behavior of the EVs in the definition of the energy bids, which increases the possibility 
of the aggregator incurring into real-time energy imbalances. Vagropoulos and Bakirtzis [84] 
proposed a scenario-based two-stage stochastic optimization to model the uncertainty of the 
EV driving patterns. Instead of scenarios, Baringo and Amaro [85] considered confidence bounds 
to model the uncertainty of the mobility patterns. Confidence bounds reduce the computational 
complexity of scenario-based stochastic programming.  

Mohsenian-Rad [86] extended the aggregator’s portfolio to other shiftable loads (SLs), such as 
dishwashers and washing machines. A two-stage stochastic optimization problem was 
formulated to select price and demand bids to the day-ahead energy market and demand bids 
to the real-time energy market. The objective of the aggregator is to minimize the expected cost 
of buying energy in day-ahead and real-time markets of PJM. 

Table 2-6 – Bidding optimization models to support the participation of aggregators in the day-ahead 
energy market. 

Ref. Optimization Objective function Uncertainty modeling  Resources 

[52], 
[53] 

Deterministic 
(LP) 

Min. (day-ahead energy cost) 
Point forecasts: energy prices and 
EV requirements 

EVs 

[83] 
Deterministic 
(QP) 

Min. (day-ahead energy cost 
+ battery wear cost) 

Point forecasts: energy prices and 
EV requirements 

EVs 

[84] 
Two-stage 
stochastic (LP) 

Min. (day-ahead and real-
time energy costs) 

Point forecasts: energy prices 
Scenarios: EV requirements and 
real-time prices 

EVs 

[85] 
Hybrid 
stochastic 
robust (LP) 

Min. (day-ahead expected 
energy cost) 

Scenarios: energy prices  
Confidence bounds: EV 
requirements 

EVs 

[57] 
Deterministic 
(MILP) 

Min. (day-ahead energy cost) 
Perfect information: energy prices 
and outdoor temperatures 

TCLs, inflexible 
load 

[54] 
Stochastic 
(LP) 

Min. (day-ahead expected 
energy cost) 

Scenarios: energy prices and 
outdoor temperatures 

TCLs, inflexible 
load 

[87] 
Two-stage 
stochastic (LP) 

Min. (day-ahead and real-
time expected gas and 
electricity costs + thermal 
comfort penalties) 

Scenarios: imbalance prices, 
outdoor temperatures, hot water, 
dwelling occupancy, inflexible load 

TCLs, inflexible 
load 

[86] 
Two-stage 
stochastic (LP) 

Min. (day-ahead and real-
time expected energy costs) 

Scenarios: day-ahead and real-time 
energy prices 

SLs 

[88] 
Deterministic 
(LP) 

Min. (day-ahead energy cost) 
Perfect information: energy prices 
and load 

TCLs, SLs, 
inflexible load 

[89] 
Two-stage 
stochastic 
(MILP)  

Min (day-ahead and real-time 
expected energy costs) 

Scenarios: energy prices and load  
SLs, TCLs, 
inflexible load, 
generators 

LP – Linear Programming, QP – Quadratic Programming, MILP – Mixed-Integer Linear Programming  

Under the assumption of direct control over TCLs, Alahäivälä et al. [57] proposed a deterministic 
optimization model to define demand bids for the day-ahead session of Nord Pool. The 



Chapter 2 – Background and State-of-the-Art 

63 

aggregator minimizes the cost of procuring energy in the day-ahead market by exploiting the 
flexibility of space heating systems. The demand bids result from the joint optimization of 
inflexible load and space heating consumption. Chen et al. [54] developed a scenario-based 
stochastic optimization to define demand bids, based on the flexibility of space heating/cooling 
systems and inflexible load. The aggregator minimizes the expected cost of buying energy in the 
day-ahead market of ERCOT. Good et al. [87] added to the aggregator’s portfolio combined heat 
and power technologies. The authors proposed a two-stage stochastic model to minimize the 
expected cost of buying electricity and gas in the day-ahead and real-time markets. The demand 
bids result from the joint optimization of TCLs and inflexible load. Scenario-based stochastic 
programming is used to deal with the uncertainties of prices, outdoor temperatures, hot water, 
dwelling occupancy, and inflexible load.  

Ayón et al. [88] proposed a deterministic optimization model to minimize the cost of the 
aggregator buying energy in the day-ahead market. The aggregator exploits the flexibility of 
aggregated demands from buildings with different characteristics, such as shopping malls, 
offices, hotels, and dwellings. Ottesen et al. [89] added an industrial plant with generation units 
to the aggregator’s portfolio, in order to exploit synergies between different types of loads and 
generation resources. 

Real-time Control Strategies   

Table 2-7 summarizes the main characteristics of real-time control strategies used by 
aggregators to set the operation of flexible resources and comply with day-ahead energy market 
commitments. 

Many of the works available in the literature on real-time control strategies are about TCLs. For 
example, Perfumo et al. [90] developed a model-based feedback control strategy to control 
large groups of TCLs. This control strategy can be used by aggregators to reduce energy 
imbalances between day-ahead commitments and real-time realizations. Mathieu et al. [91] 
investigated how various levels of monitoring and communications infrastructure affect the 
aggregated control of TCLs through feedback control strategies. The authors found that it is 
possible to control TCLs with very little information, though tracking performance generally 
degrades as less information is available.  

Zhou et al. [92] proposed a two-level scheduling method to reduce imbalance costs through the 
control of aggregated electric water heaters. This approach considers a deterministic MPC in the 
upper level to set the aggregated demand of the TCLs and a temperature priority list control 
strategy in the lower level to define ON/OFF set-points.  

Bessa and Matos [52], [53] proposed a deterministic MPC to optimize the charging of an EV fleet. 
The aim of the aggregator is to minimize imbalance costs. In each iteration, the MPC defines 
power set-points to charge the EVs, based on the requirements of the EVs’ drivers. Vasirani et 
al. [93] added EVs to a portfolio of wind generators to mitigate day-ahead forecasting errors. 
The authors proposed a deterministic MPC to dispatch the EVs. The aim of the deterministic 
optimization is to maximize the revenue of selling energy in real-time.   
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Table 2-7 – Real-time control strategies used by aggregators to comply with day-ahead energy market 
commitments. 

Ref. Control strategy Objective Uncertainty modeling  Resources 

[90], 
[91] 

Model-based feedback 
control 

Reduce energy 
imbalances 

Perfect information: temperatures 
and other parameters 

TCLs 

[52], 
[53] 

Deterministic MPC (LP) 
Min. (imbalance 
cost) 

Point forecasts: imbalance prices 
Perfect information: EV 
requirements 

EVs 

[93] Deterministic MPC (LP) 
Max. (real-time 
energy revenue – 
imbalance cost) 

Perfect information: energy prices, 
wind generation, EV requirements 

EVs, wind 
generators 

[92] 

Two-level scheduling 
method: 1º level - 
deterministic MPC (LP);  
2º level - temperature 
priority list control 

Min. (imbalance 
cost) 

Perfect information: inflexible load, 
renewable generation, imbalance 
prices 

TCLs, 
inflexible 
load, 
renewable 
generation 

2.5.2 Primary Reserve Markets 

Bidding Optimization Models 

Table 2-8 resumes the main characteristics of bidding optimization models used by aggregators 
to define capacity bids for primary reserve market.  

Biegel et al. [94] demonstrated that an aggregator is capable of optimizing a portfolio of ON/OFF 
flexible devices with the objective of delivering primary reserve. The authors proposed a 
deterministic optimization model to define symmetric capacity bids for the primary reserve 
market. The optimization problem is formulated as a minimization since the objective of the 
aggregator is to minimize the payment to the customers. 

Kilkki et al. [95] proposed a scenario-based stochastic optimization model to support an 
aggregator of residential consumers in the definition of energy and band bids to the day-ahead 
energy and primary reserve markets.  The aim of the aggregator is to minimize the expected net 
cost of the aggregator buying energy and selling primary reserve in the day-ahead markets. The 
optimization is formulated as a quadratic problem and solved using a parallelized formulation 
of the alternating direction method of multipliers. 

Table 2-8 – Bidding optimization models to support the participation of aggregators in the primary 
reserve market. 

Ref. Optimization Objective function Uncertainty modeling  Resources 

[94] 
Deterministic  
(MILP)  

Min (payment to customers) 
Perfect information:  prices and 
load 

ON/OFF flexible 
loads 

[95] 
Stochastic 
(QP) 

Min. (day-ahead expected 
net costs of energy and 
primary reserve) 

Scenarios: energy prices, reserve 
prices, heating load, and 
frequency realizations 

TCLs, energy 
storage systems, 
inflexible load 

Wu et al. [96] proposed a heuristic to define band offers to the day-ahead primary reserve 
market, based on the flexibility of ON/OFF TCLs. The band (or capacity) offers consist of hourly 
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frequency droop curves. In addition, the aggregator also submits to the system operator a 
baseline load, so that deviations from the baseline output can be measured, as primary reserve 
services. The baseline load of the aggregated TCLs is forecasted by a physically-based load 
model, described by Lu [97]. 

Real-time Control Strategies   

Peças Lopes et al. [98] developed a primary frequency control scheme to install in EV local 
controllers. Each local controller sets the charging/discharging rate of the EV, based on the 
summation of two control signals. The first signal consists of a power set-point communicated 
by the aggregator due to its participation in the energy market. The second power signal is 
defined by a frequency droop control scheme. In a later work, Rocha Almeida et al. [99] 
considered a primary frequency control scheme based on the summation of three power signals. 
The authors added a third power signal to emulate inertia. This decentralized control scheme 
enables the provision of primary reserve and inertia emulation services through the control of 
EVs.  

Wu et al. [96] presented a three-level hierarchical architecture to support an aggregator of TCLs 
in the provision of primary reserve services. Three entities participate in this architecture: an 
aggregator in the first level; a central controller in the second level; and local controllers in the 
third level. The aggregator is responsible for activating the central controller when primary 
reserve services are scheduled to be delivered. The central controller assigns the trigger 
frequencies of the local controllers. The local controllers set the ON/OFF status of the TCLs, 
based on the state-of-operation (e.g., temperature, ON/OFF status) and trigger frequencies of 
the TCLs. Each local controller manages one TCL. 

Muhssin et al. [100] and Borsche et al. [101] proposed decentralized control strategies to deliver 
primary reserve through the ON/OFF control of TCLs. Both works only consider local controllers 
to switch ON/OFF the TCLs. Muhssin et al. [100] assigned two trigger frequencies 𝑓  and 𝑓  
to each local controller. The local controllers switch ON/OFF the TCLs according to their trigger 
frequencies and availability. The availability is defined by the customer’s preferences (i.e., 
comfort temperature ranges) and state-of-operation of the TCL. Borsche et al. [101] developed 
a stochastic controller to switch ON/OFF refrigerators according to the frequency of the system 
and availability of the refrigerators. These two decentralized control strategies can be adopted 
by aggregators, being the aggregators responsible for setting the trigger frequencies. 

2.5.3 Secondary Reserve Markets 

Day-ahead Bidding Optimization Models 

Table 2-9 resumes the main characteristics of bidding optimization models used by aggregators 
to define capacity bids for the day-ahead secondary reserve market.  

Bessa and Matos [102] formulated a deterministic optimization model to support the 
participation of an EV aggregator in the day-ahead energy and secondary reserve markets. The 
aggregator defines demand and band bids, based on the forecasted flexibility of an EV fleet. The 
aim is to minimize the net cost of the aggregator buying energy and selling secondary reserve.  
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Vagropoulos and Bakirtzis [84] incorporated the uncertainty of the EV charging requirements in 
the stochastic optimization of demand and secondary reserve bids. The authors proposed a 
scenario-based two-stage stochastic optimization model to minimize the net cost of the 
aggregator buying demand in the day-ahead energy market and selling band in the day-ahead 
secondary reserve market. To support risk-averse aggregators, Yao et al. [103] developed a 
stochastic optimization model, which includes a conditional value-at-risk term in the objective 
function. The optimization problem aims to maximize the expected profit of the aggregator 
selling capacity in the secondary reserve market.  These two works did not use vehicle-to-grid 
(V2G), which was considered by Sortomme and El-Sharkawi [104]. The authors of [104] proposed 
a deterministic optimization model to maximize the revenue of the aggregator buying and selling 
energy, regulation and spinning reserves in the electricity markets. For a case study of 10,000 
EVs, the results showed a maximum profit of 6,000,000 $/year for the aggregator. 

Vrettos et al. [105] proposed a robust optimization to define capacity bids for the day-ahead 
secondary reserve market. The aggregator exploits the flexibility of HVACs to minimize the net 
cost of buying electricity in the retailing market and selling capacity in the secondary reserve 
market. The authors incorporated the uncertainty of reserve activation through polyhedral set 
constraints. In a later work, Vrettos and Anderson [106] proposed a hybrid robust and stochastic 
optimization to define capacity bids for the day-ahead secondary reserve market. The authors 
added to the objective function of [105] a stochastic term to value the expected revenue of 
reserve activation. The results showed that hybrid robust and stochastic formulation increases 
the reserve capacities up to 5% compared to the robust formulation. 

Table 2-9 – Bidding optimization models to support the participation of aggregators in the day-ahead 
secondary reserve market. 

Ref. Optimization Objective function Uncertainty modeling  Resources 

[102] Deterministic (LP) 
Min. (day-ahead net costs 
of energy and secondary 
reserve) 

Point forecasts: prices and EV 
requirements 

EVs 

[84] 
Two-stage 
stochastic (LP)  

Min (day-ahead and real-
time expected net costs 
of energy and secondary 
reserve) 

Point forecasts: day-ahead energy and 
reserve prices 
Scenarios: EV requirements, dispatch-
to-contract ratio, and real-time prices 

EVs 

[103] 
Risk-averse 
stochastic (LP) 

Max. (day-ahead and 
real-time expected 
secondary reserve 
revenues) 

Scenarios: reserve capacity of the EVs, 
day-ahead and real-time reserve prices 

EVs 

[104] Deterministic (LP) 
Max. (day-ahead 
revenues of energy and 
secondary reserve) 

Perfect information: prices and EV 
requirements 

EVs 

[105] Robust (LP) Min. (electricity retailing 
cost – day-ahead 
secondary reserve 
revenue ) 

Polyhedral set: reserve activation 
Perfect information: prices, weather, 
and occupancy  

TCLs 
[106] 

Hybrid robust and 
stochastic (LP) 

Real-time Control Strategies   
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Table 2-10 summarizes the main characteristics of real-time control strategies used by 
aggregators to coordinate the operation of flexible resources and deliver secondary reserve 
services. 

Bessa and Matos [102] presented an operational management algorithm to deliver secondary 
reserve through the control of an EV feet. This algorithm is divided into two phases. In the first 
phase, the aggregator runs a deterministic optimization to redefine the baseline and the 
available reserve of the EV fleet. In the second phase, the aggregator runs a deterministic 
optimization to track the AGC requests. This management algorithm is run in continuous mode. 

Vrettos et al. [105], [106] proposed a decentralized approach with two levels to deliver 
secondary reserve through the control of HVAC systems. The decentralized approach is run at 
the building level. In the first level, an MPC determines the HVAC control inputs that minimize 
the electricity retailing cost and ensures delivery of secondary reserve. Two MPC formulations 
are presented: a stochastic formulation [106] that models the comfort preferences through 
chance constraints; and a robust formulation [105] that ensures the comfort preferences for all 
the cases of reserve activation. In the second level, a feedback controller modifies the HVAC 
consumption to track the AGC signal. The MPC is run at every 15 minutes, while the feedback 
controller tracks the AGC signal at every 4-10 seconds.  

Callaway [107] described a control strategy based on physically-based load models to coordinate 
the aggregated behavior of TCLs. The aim is to deliver regulation services through the 
manipulation of thermostat temperature set-points. The results suggest accurate AGC tracking 
levels. In a later work, Hao et al. [108] shown that the aggregated flexibility offered by a 
collection of TCLs can also be modeled by a stochastic battery with dissipation. The authors 
proposed a priority-stack-based control algorithm to track regulation signals. 

Table 2-10 – Real-time control strategies used by aggregators to deliver secondary reserve services. 

Ref. Control strategy Objective Uncertainty modeling  Resources 

[102] 

Management algorithm with two 
phases. The aggregator runs a 
deterministic optimization (LP) in 
each phase. 

Min. (imbalance 
cost) and deliver 
secondary reserve 

Point forecasts: imbalance 
prices 
Perfect information: EV 
requirements 

EVs 

[105] 

Decentralized approach with two 
levels: 1º level - robust MPC (LP);  
2º level -  closed-loop feedback 
control. 

Min. (electricity 
retailing cost) and 
deliver secondary 
reserve 

Polyhedral set: reserve 
activation 
Perfect information: prices, 
weather, and occupancy 

TCLs 

[106] 

Decentralized approach with two 
levels: 1º level - stochastic MPC 
(LP); 2º level -  closed-loop 
feedback control. 

Min. (electricity 
retailing cost) and 
deliver secondary 
reserve 

Polyhedral set: reserve 
activation 
Perfect information: prices, 
weather, and occupancy 

TCLs 

[107] 
Control method based on 
physically-based load models 

Deliver secondary 
reserve 

Perfect information: 
temperature and heat losses 
and gains 

TCLs 

[108] 
Priority-stack-based control 
algorithm 

Deliver secondary 
reserve 

Perfect information: 
temperature and heat losses 
and gains 

TCLs 
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One of the important points highlighted by the authors of [84], [102]–[108] is that TCLs and EVs 
are technically capable of supplying secondary reserve. Gouveia et al. [68] and Vettros et al. 
[109], [110] experimentally demonstrated that EVs and TCLs can effectively follow set-points 
communicated by aggregators or AGC systems. Vettros et al. [109], [110] demonstrated the 
theoretical concepts developed in works [105], [106] in the FLEXLAB of Lawrence Berkeley 
National Laboratory (LBNL). Gouveia et al. [68] conducted their studies in the Smart Grids and 
Electric Vehicle Laboratory of INESC TEC. 

2.5.4 Tertiary Reserve Markets 

Day-ahead Bidding Optimization Models 

Table 2-11 resumes the main characteristics of bidding optimization methods used to support 
the participation of aggregators in manual reserve markets, such as tertiary and non-spinning 
reserve markets.  

Heleno et al. [55], [111], [112] formulated a set of decentralized methods to estimate the 
flexibility of TCLs and define tertiary reserve offers for the day-ahead market. Two phases can 
be identified. In the first phase, the HEMS of each consumer forecasts the flexibility of each TCL 
through a deterministic optimization [111], [112]. In the second phase, the aggregator gathers 
the flexibility of all its customers and defines tertiary reserve offers, based on a bottom-up 
aggregation method [55]. 

Bessa and Matos [113] proposed a deterministic optimization to coordinate the participation of 
EV aggregators in the day-ahead energy and tertiary reserve markets. The deterministic 
optimization defines demand and tertiary reserve bids, based on point forecasts of day-ahead 
prices and EV requirements. In the same context, Shafie-khah et al. [114] formulated a two-
stage stochastic optimization to define energy, spinning and non-spinning reserve bids for the 
day-ahead markets. Scenario-based modeling is used to deal with the uncertainties of prices, EV 
requirements, and reserves activation.  

Table 2-11 – Bidding optimization models to support the participation of aggregators in the day-ahead 
tertiary reserve market. 

Ref. Optimization Objective function Uncertainty modeling  Resources 

[111] 
Decentralized and 
deterministic  

Min. (day-ahead costs of energy and 
tertiary reserve) 

Point forecasts: prices 
and TCL inputs 

TCLs 

[55] 
Bottom-up 
aggregation method 

- 
Point forecasts: load 
flexibility  

TCLs 

[113] Deterministic  
Min. (day-ahead costs of energy and 
tertiary reserve) 

Point forecasts: prices 
and EV requirements 

EVs 

[114] Two-stage stochastic 
Max. (day-ahead and real-time 
expect revenues of energy, spinning 
and non-spinning reserves) 

Scenarios: EV 
requirements, reserve 
activation, prices 

EVs 

Real-time Control Strategies   

Controlling DERs to deliver reserves has aroused interest from the research community, namely 
on the topic of regulation (or secondary) reserve services. The delivery of tertiary (or non-
spinning) reserve has not been studied by many researchers. One of the exceptions was Bessa 
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and Matos [113], who presented a deterministic MPC to coordinate the charging of an EV fleet 
with the objective of ensuring reliable delivery of energy and tertiary reserve traded in the day-
ahead market.  

2.6 Final Remarks 

Most of the electricity markets are open to the participation of DR via aggregators. However, 
some adjustments in the market requirements and rules are required to attract more 
aggregators and improve the economic viability of their business models. Market requirements, 
such as minimum bid sizes, availability and symmetric bidding requirements should be revised. 
The role of the aggregator as a mediator between customers and electricity markets should be 
clarified. In some countries, such as Portugal, Spain, and Italy, the role of the aggregator is 
unclear. The U.S. seems to be the most advanced country in terms of DR regulation and 
implementation. 

Real case studies demonstrate that aggregators are capable of decreasing significantly the 
electricity costs of large/medium size consumers through the control of their flexibility. The 
participation of small size consumers in the electricity markets continues mainly to be a research 
topic. However, the implementation of smart home technologies promises to change the 
current paradigm. 

Several optimization algorithms have been proposed to support the participation of aggregators 
in the electricity markets. The optimization algorithms can be divided into two groups. The first 
group covers bidding optimization models to define bids for specific market sessions (e.g., 
energy) and stages (e.g., day-ahead). Typically, the bidding optimization models consider only 
one type of flexible resource (e.g., EV), market session and stage, i.e. they do not consider the 
joint optimization of different types of load and generation resources for multiple market 
sessions and stages. The second group covers real-time control algorithms to deliver products 
traded in day-ahead market sessions. Typically, these approaches are mainly focused on 
controlling one type of flexible resource and delivering one type of market product. 

Chapters 4, 5 and 6 describe original optimization algorithms to support the participation of an 
aggregator of prosumers in multiple electricity market sessions and stages.  Two sets of 
optimization algorithms for the day-ahead and real-time stages are proposed: 

1. day-ahead stage: bidding optimization models to define bids for multiple day-ahead 
market sessions, such as energy, secondary reserve, and tertiary reserve markets. The 
bidding approaches assume the form of multi-stage stochastic optimization models. 
They advance in the state-of-the-art in 3 points. First, they consider multiple sources of 
demand and generation flexibility (EVs, TCLs, and PVs) and uncertainty (e.g., inflexible 
load, temperatures, renewable generation, preferences and behaviors of the 
prosumers) in the optimization of bids, which increases the reliability and economic 
value of the bids compared to deterministic optimization models and single resource 
optimization approaches. Second, the bidding models consider the economic 
implications of trading energy and/or reserves in both day-ahead and real-time market 
stages, contrarily to single-stage optimization approaches only focused on the day-
ahead market. Finally, the bidding models extended the bidding range of the aggregator 
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to both demand and supply sides of the energy market, both upward and downward 
sides of the tertiary and secondary reserve markets, empowering the aggregator with 
multiple bidding combination options; 

2. real-time stage: single-level and multi-level MPC algorithms to dispatch the operation 
of multiple types of flexible resources (EVs, TCLs, and PVs) and ensure the reliable 
delivery of different types of energy and reserve products sold and bought in the day-
ahead markets by the aggregator. The operation management algorithms go beyond 
the state-of-the-art in 3 points. First, they consider the control of multiple types of 
flexible resources (EVs, TCLs, and PVs), which makes the mathematical formulations and 
the control mechanisms very different compared to single resource optimization 
approaches for real-time operation. Second, the operation management algorithms 
ensure the delivery of multiple types of energy and reserve products, contrarily to 
approaches only focused on delivering a specific product. Third, they enable the 
aggregator to arbitrage between multiple energy and reserve products during the 
operating day. 

The following chapter describes the framework required to enable all the activities of the 
aggregator of prosumers. 
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Chapter 3 – Aggregator Model and Framework 

3.1 Introduction 

The participation of the aggregator in the electricity market follows the rules of MIBEL. MIBEL 
presents a typical European framework based on sequential trading, such as Nord Pool and 
EPEX. In a sequential market, energy is traded first and reserves are contracted afterward. 
Contrarily to European markets, U.S. markets are typically joint, where energy and reserves are 
co-optimized. The aggregator model and framework described in this thesis can easily be 
adapted and applied to any joint or sequential market. 

This chapter covers different aspects of the aggregator model and framework, such as business 
models, portfolio definition and management, architectures, stakeholders’ roles, bidding and 
control strategies, interactions between different agents, and information and economic flows. 

Section 3.2 describes the alternative business models, which can be adopted by the aggregator 
to motivate and engage the prosumers in electricity market services. The different timeframes 
to define and manage the aggregator’s portfolio are described in section 3.3. 

Section 3.4 presents the conceptual architecture of the aggregator and defines the interactions 
between the different stakeholders. Others aspects, such as enabling technologies to maximize 
the flexibility of the prosumers and engage them in market participation are also described.  

Sections 3.5, 3.6 and 3.7 cover the main characteristics of the aggregator´s participation in three 
markets: energy; secondary reserve; and tertiary reserve. These sections include the description 
of the markets, bidding and control strategies, timelines, information, and economic flows and 
settlement mechanisms. The final remarks are described in section 3.8. 

3.2 Business Model 

The aggregator of prosumers assumes the roles of retailer and generator since it buys and sells 
energy and reserve services in the electricity market. The aggregator behaves as a retailer when 
buys energy in the wholesale market to supply the prosumers. On the other hand, the 
aggregator assumes the role of a generator when sells energy and reserve services in the 
wholesale market. Therefore, the roles of an aggregator of prosumers result from the evolution 
of the classic roles of retailers and generators.   

The aggregator signs a contract with the prosumers to automate and exploit their load and 
generation flexibilities in the energy and reserve markets. In exchange, the aggregator may offer 
attractive financial rewards, such as: 

 cheaper retailing tariff: the tariff should reflect the long-term financial benefit (e.g., 
year) of the participation of the aggregator in the energy and reserve markets. For 
example, Bessa and Matos [52] estimated an average reduction of 23% in the retailing 
tariff to reward EV drivers that provide flexibility in the energy market; 
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 discount on the monthly bill: the discount should reflect the mid-term financial benefit 
(e.g., month) of the participation of the aggregator in the electricity market. For 
instance, Heleno et al. [55] estimated a discount of 6 € on the monthly bill to reward 
customers that provide flexibility in the tertiary reserve market; 

 coupons – the rewarding system could also be designed to award prosumers with 
coupons for some leisure activities (e.g., restaurants, concerts, etc.). 

Not all the prosumers/consumers are motivated by financial rewards. Financial motivations 
depend mainly on the socioeconomic status of the prosumers. For instance, the average 
electricity bill in California is 90 $/month [115]. The average salary of a Software Engineer is 100 
k$/year. The electricity bill represents c.a. 1% of the Software Engineer salary. Probably, this 
type of customer is not sensitive to financial rewards. However, he/she can be motivated by 
social and environmental incentives.  

The environmental rewards should promote the “green” values, such as positive feelings 
towards the use of RES or the reduction of CO2 emissions. For instance, the aggregator may 
design services to promote the integration of RES and reduction of CO2 emissions.  

Social incentives can make the services offered by the aggregator more appealing and fun. These 
social incentives can assume the form of social competition and collaboration. Social 
competition could be triggered by enabling prosumers to compare their energy performance 
with another customer of similar household size, with friends and neighbors [116]. Social 
collaboration helps multiple prosumers interact and share information to achieve a common 
goal. For instance, prosumers may gather all the monetary rewards paid by the aggregator to 
fulfill a common altruistic goal, such as funding a social project. The fun part of social 
competition and collaboration is modeled by game elements (i.e., gamification) [116]–[119].  

Therefore, the rewarding mechanism adopted by the aggregator should be “tailor-made”, i.e. 
adapted to the characteristics and preferences of the prosumers. In this thesis, we compute a 
“discount on the monthly bill” to demonstrate the economic advantages for the prosumers of 
market participation via aggregators.  

3.3 Portfolio Definition and Management 

The definition and management of the aggregator’s portfolio can be divided into five-time 
horizons [15]: 

 long-term: horizon greater than one year. The aggregator defines the characteristics of 
the portfolio, i.e. which type and number of prosumers and flexible resources are 
needed to make the business economically viable. The aggregator designs the business 
model to motivate and engage the prosumers. Depending on the business model, the 
aggregator signs contracts with suppliers, such as manufactures of smart home and grid 
technologies; 

 mid-term: ranges from weeks to months ahead. The aggregator defines the position in 
several markets (e.g. energy, reserves) based on the characteristics and behavior of the 
prosumers, and expected market prices. The mid-term management involves the 
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participation in tenders and bilateral contracts, as well as an estimation of which 
sessions from the day-ahead spot markets are more attractive to the aggregator; 

 short-term: horizon up to one day-ahead. The aggregator participates in the day-ahead 
markets to buy and sell energy and reserve services; 

 very short-term: horizon ranges from 1 to 6 hours ahead. The aggregator participates in 
the intraday and real-time markets to buy and sell energy and reserves or adjust the 
day-ahead bids; 

 real-time: horizon ranges from seconds to minutes ahead. The aggregator controls the 
operation of flexible resources, in order to comply with the day-ahead market 
commitments. 

This thesis only covers the short-term and real-time management horizons. The next section 
describes the aggregator’s architecture defined for the short-term (i.e., day-ahead spot markets) 
and real-time management horizons. 

3.4 Architecture 

3.4.1 General Description  

The architecture of the aggregator defines the interactions with prosumers, TSO and electricity 
markets. The aggregator relies on a centralized hierarchical management and control structure 
to optimize and control the participation of the prosumers in the energy and reserve markets. 
Figure 3-1 shows the architecture of the aggregator of prosumers adopted in this work. 

 

Figure 3-1 – Architecture of the aggregator. 

The aggregator of prosumers participates in the following day-ahead spot markets: 
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 energy market: the aggregator submits demand and supply bids to the day-ahead 
energy market. The bids result from the optimization of the net consumption of the 
prosumers. The aim is to buy energy at low prices and sell energy at high prices; 

 secondary (or regulation) reserve market: the aggregator submits capacity (or band) 
bids to the day-ahead secondary reserve market. The capacity bids represent the 
availability of the prosumers to reduce and increase consumption and generation in 
real-time. The buyer is the TSO; 

 tertiary (or non-spinning) reserve market: the aggregator submits upward and 
downward reserve bids to the day-ahead tertiary reserve market. The bids result from 
the optimization of the flexible resources of the prosumers to increase and reduce load 
and generation in real-time.  

 
The aggregator behaves as a price-taker in the day-ahead markets, i.e. the bidding decisions of 
the aggregator do not affect the clearing prices. The aggregator only determines the quantities 
to buy and sell in the energy and reserve markets. The price-taker assumption is only valid when 
the aggregator does not have a large quota of the market. 

The aggregator may participate in multiple day-ahead market sessions, as shown in Figure 3-2. 
It may choose to participate only in the energy market (red), in both energy and tertiary reserve 
markets (blue + red) or in both energy and secondary reserve markets (green + red). As price-
taker, the aggregator submits non-priced energy and reserve bids to the day-ahead markets. 
This means that demand and downward tertiary reserve bids are submitted at market cap price, 
whereas supply, upward tertiary reserve bids, and secondary band bids are presented at zero 
price. 

 

Figure 3-2 – Bidding strategies for an aggregator of prosumers. 

The TSO validates the energy bids and buys secondary and tertiary reserves in the market to 
maintain the balance between demand and generation during real-time. Recent R&D projects 
and papers have studied the possibility of incorporating the DSO in the validation process of 
energy and reserve bids [15], [66], [99], [120]. In this thesis, we assume that the DSO may 
participate in a flexibility market to trade services to solve congestion and voltage problems. 
Such framework was proposed by the EvolvDSO project [121]. 

During the operating day, the aggregator controls the flexible resources of the prosumers, in 
order to deliver the following products traded in the day-ahead market sessions: 

Energy bids Upward tertiary reserve bids
Downward tertiary reserve bids Secondary reserve band bids
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 energy: the aggregator delivers the demand and supply bids offered in the day-ahead 
market. The aim is to minimize the imbalances between day-ahead offers and actual 
net consumption; 

 secondary reserve: the aggregator controls the flexible resources of the prosumers, in 
order to follow the AGC signal. The aim is to deliver a secondary reserve. The AGC signal 
is computed based on the reserve band offered by the aggregator in the day-ahead 
market; 

 tertiary reserve: the aggregator delivers the upward and downward reserve bids 
offered in the day-ahead market. The reserve offers are activated by the TSO. 

Days after the delivery of the products, the TSO and MO settle the market transitions. The 
aggregator pays the energy bought and is remunerated by the energy and reserves sold. At the 
end of the month, the prosumers pay the energy bought and are rewarded by the energy and 
reserves sold.  

The aggregator engages the prosumers on a periodical basis, in order to motivate and induce 
them to participate in electricity market services. User-engagement may include gamification 
mechanisms based on competition and collaboration.  

3.4.2 Interface between Aggregator and Prosumer 

The aggregator interfaces with each prosumer through a HEMS offered by it. The HEMS 
exchanges information with the aggregator, appliances, and prosumer in continuous mode, as 
described in Figure 3-3. During the operating day, the HEMS controls the flexible resources 
according to the set-points communicated by the aggregator. In this framework, the HEMS has 
the following functionalities: 

 metering the consumption and generation of the appliances. The appliances include 
EVs, TCLs, PVs, dishwashers, washers, etc. The EVs, TCLs, and PVs are flexible resources, 
while other loads are inflexible; 

 monitoring and acquiring the state-of-operation of the appliances and devices (e.g., 
state-of-charge (SOC), temperature of the room, etc.). From the state-of-operation is 
possible to derive end-user information, such as house occupancy or availability periods 
to charge the EV; 

 controlling the flexible devices according to the set-points communicated by the 
aggregator. The set-points can assume the form of ON/OFF, power, temperature, start 
orders or time-duration orders; 

 configuring provides the means for the prosumer setting the preferences and 
architecture of the smart home; 

 visualization tools to provide information and feedback to the end-users regarding their 
energy, social, environmental and financial performances; 
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 communicating enables the exchange of information and services between aggregator 
and prosumer; 

 end-user engagement supports the prosumers in the decision-making process, i.e. it 
advises end-users to adopt energy-efficiency behaviors and to participate in electricity 
market services. Typically, the prosumer interfaces the HEMS through a mobile app. 

 

Figure 3-3 – Interactions between aggregator and prosumer. 

3.4.3 Demand and Generation Flexibilities  

This thesis considers three sources of flexibility: TCLs, EVs, and PVs. Table 3-1 describes the main 
characteristics of flexible resources. The EVs are sources of demand and generation flexibility, 
while the TCLs are only sources of demand flexibility and the PV units are sources of generation 
flexibility [122], [123]. Being a source of demand flexibility means that the resource is capable 
of increasing, decreasing and shifting consumption. On the other hand, a source of generation 
flexibility is capable of increasing and decreasing generation. The inflexible load results from the 
operation of non-controlled appliances. 

The flexibility of the resources depends on their physical and technical characteristics and 
prosumer’s preferences. For instance, EVs with larger batteries and longer periods of availability 
provide higher levels of flexibility [124].  

Table 3-1 – Main characteristics of flexible resources. 

Flexible resource Type of flexibility Physical and technical characteristics  Prosumer’s preferences 

EV 
Demand and 
generation (V2G) 

Battery capacity 
Maximum and minimum SOC 
Charging and discharging power values  
Charging and discharging efficiencies 

Periods of availability 
SOC at departure time 

TCL Demand 
Thermal capacity and resistance 
Thermal power 

Range of thermal comfort 
House occupancy 

PV Generation Availability of solar energy - 
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The preferences set the flexibility range that does not compromise the comfort levels of the 
prosumers. For instance, the thermal comfort of the prosumer is defined by the temperature 
range (e.g., [20-22] ℃). 

3.5 Participation in the Energy Market 

3.5.1 Description of the Energy Market 

The day-ahead energy market of MIBEL is a double-sided auction, where market agents submit 
energy hourly bids for the 24 hours of the next day. Market participants submit energy bids to 
the power exchange until the 12th hour. The bid prices can go from 0 up to 180 €/MWh, and the 
bid quantities must be greater than 0.1 MWh. The energy bids of MIBEL and other markets are 
collected and submitted to the EUPHEMIA platform (European market solver [20]). The 
EUPHEMIA clears the offers (MWh) and prices (€/MWh) such that the social welfare is maximal 
and the power flows between the European bidding areas are not exceeded. The clearing prices 
are published at the 13th hour. Afterward, the physical bilateral contracts are added to the 
clearing offers of the day-ahead energy market. Before the 16th hour, the TSO performs 
congestion management to generate viable energy schedules. Market-based or technical-based 
TSO mechanisms can be activated, if network problems are detected. Figure 3-4 describes the 
timeline of the energy market. 

Days after the delivery, the MO settles the energy transitions. The aggregator pays the energy 
bought and charges the energy sold in the day-ahead energy market. The real-time energy 
deviations are settled at imbalance prices. Portugal and Spain use the two-price system to value 
load and generation energy imbalances. The positive and negative imbalance prices of Portugal 
result from a complex function of energy and reserve prices, as described in [36]. In this 
framework, the aggregator assumes the role of balance responsibility party. 

3.5.2 Aggregator’s Timeline 

Before the 12th hour, the aggregator defines and submits the demand and supply bids to the 
day-ahead energy market. During the operating day, the aggregator sets the operation of the 
flexible resources. The optimization algorithms to define energy bids and control the operation 
of the flexible resources are described in chapter 4. 

 

Figure 3-4 – Aggregator’s tasks and market sessions based on the timeline of the energy market. 
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3.5.3 Information Chain 

Figure 3-5 describes the flow of information between the aggregator, TSO, prosumers, and 
electricity market during the day-ahead, real-time and settlement phases. Five day-ahead 
actions are identified, as follows: 

1. definition of the demand and supply bids for the day-ahead energy market. The 
aggregator defines the energy bids through the bidding optimization model described 
in Chapter 4; 

2. submission of the demand and supply bids (MWh and €/MWh); 

3. energy market clearing performed by the EUPHEMIA platform. The MO participates in 
this process; 

4. congestion management executed by the TSO. The exchange of data includes cleared 
energy bids (from the EUPHEMIA) and viable energy schedules (from the TSO); 

5. communication of the viable energy schedules (MWh) and clearing prices (€/MWh); 

During real-time, the aggregator executes three actions in continuous mode, as described 
below: 

6. exchange of data. The data includes state-of-operation of the appliances, behaviors, and 
preferences of the prosumers, end-user engagement information, consumption, 
generation, etc.; 

7. definition of the set-points to control the flexible resources. The aggregator defines the 
set-points through the real-time optimization algorithm described in Chapter 4; 

8. communication of the control set-points. They can assume the form of temperature (℃) 
and power (kW). 

The energy transactions are settled days after the delivery (action 9). The aggregator pays the 
energy bought and charges the energy sold in the day-ahead market. The imbalances between 
day-ahead energy commitments and real-time realizations are also settled.   

 

Figure 3-5 – Participation of the aggregator in the energy market: the flow of information between the 
aggregator, prosumers and electricity market during the day-ahead, real-time and settlement phases. 
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3.5.4 Settlement 

The net cost of the aggregator is defined by equation (3-1). The first term defines the cost of 
buying energy (𝐸 > 0)  and the revenue of selling energy (𝐸 < 0)  in the day-ahead 
market. The second term defines the imbalance cost, due to deviations between day-ahead 
market commitments and real-time realizations of load (𝐸 > 0) and generation (𝐸 < 0). 
A positive imbalance (∆𝐸 > 0) means a surplus of generation or a shortage of demand. A 
negative imbalance (∆𝐸 < 0) means a shortage of generation or a surplus of demand. The 
energy imbalances ∆𝐸  are valued at positive 𝜆 ,  (€/𝑀𝑊ℎ)  and negative 𝜆 ,  imbalance 
prices. The energy bids are valued at the clearing price of the day-ahead energy market 
𝜆  (€/𝑀𝑊ℎ). Typically, 𝜆 , ≥ 𝜆  and 𝜆 , ≤ 𝜆 .  The energy transitions are settled in time 
intervals 𝑡 of 1 hour ∆𝑡. 

𝐸𝑛𝑒𝑟𝑔𝑦 𝑛𝑒𝑡 𝑐𝑜𝑠𝑡 = 𝜆 𝐸 −
𝜆 , ∆𝐸 ,          ∆𝐸 > 0

𝜆 , ∆𝐸 ,          ∆𝐸 ≤ 0
  (3-1) 

∆𝐸 = 𝐸 − 𝐸  (3-2) 

3.5.5 Examples of market participation 

The aggregator can participate in the day-ahead energy market with demand and supply bids. 
Figure 3-6 shows three possible real-time scenarios due to the submission of a demand bid of 2 
MWh to the day-ahead energy market. In the first scenario, the aggregator complies with the 
day-ahead market commitments without any energy imbalance. In the second and third 
scenarios, the realized consumption of the aggregator generates energy imbalances. The energy 
imbalance in the second scenario corresponds to a surplus of demand, while the energy 
imbalance in the third scenario corresponds to a shortage of demand.  

 

Figure 3-6 – Example of three real-time scenarios due to the participation of an aggregator in the 
energy market with a demand bid. 

Figure 3-7 shows three real-time scenarios due to the submission of a supply bid of 2 MWh to 
the day-ahead energy market. In the first scenario, the aggregator delivers the generation sold 
in the day-ahead market. In the second scenario, the realized generation of the aggregator 
produces a surplus of generation. In the third scenario, the realized consumption generates a 
shortage of generation and surplus of demand (i.e., a negative imbalance). 
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Figure 3-7 – Example of three real-time scenarios due to the participation of an aggregator in the 
energy market with a supply bid. Supply bid and generation assume negative values. Consumption 

assumes a positive value. 

3.6 Participation in the Secondary Reserve and Energy Markets 

3.6.1 Description of the Secondary Reserve Market 

The secondary reserve (or regulation reserve in the U.S. markets) consists of loads and 
generators under the direct control of the TSO, via an AGC, for increasing or decreasing 
generation or consumption. The response time is very fast (e.g., <5 s) and is used to restore the 
frequency to its nominal value and to maintain the desired exchanges between neighboring 
control areas. Two examples of market sessions for this type of reserve are the secondary 
reserve market of MIBEL [21] and the regulation market of PJM [42]. The secondary reserve 
market of MIBEL is used as model in this thesis. 

The secondary reserve is remunerated under two concepts: band availability and utilization (in 
both directions). The band availability is traded under the form of bids (MW), which are selected 
by an economic merit order and remunerated by a common marginal price (€/MW). In Portugal, 
the band bids are divided into 2/3 for upward direction and 1/3 for downward direction. Figure 
3-8 describes the market clearing of the secondary reserve market. 

 

Figure 3-8 – Market clearing of the day-ahead secondary reserve market.  

The submission period of the band bids to the day-ahead secondary reserve market is between 
the 19:00 and 19:45 hours of the prior day before delivery. The market clearing is followed by 
the submission period. During the operating day, the AGC dispatches the band bought by the 
TSO in the DA market. The band utilization (MWh) is valued at the marginal price (€/MWh) of 
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the tertiary reserve market of MIBEL. Figure 3-9 shows the timeline of the secondary reserve 
market. 

In the settlement phase, the TSO pays the reserve bought and charges reserve not supplied. In 
this thesis, we assume that the reserve provider is only penalized when it fails to respond with 
adequate reserve power to the AGC signal (based on the PJM regulation and Portuguese 
schemes [29], [41]). For some providers, the Portuguese scheme also requires them to sustain 
the full band sold in the market.  

3.6.2 Aggregator’s Timeline 

The participation of the aggregator in the secondary reserve and energy markets requires the 
submission of energy and band bids to two different market sessions. The aggregator co-
optimizes energy and band bids. Before the 12th hour, the aggregator submits the energy bids. 
The band bids are submitted between the 19:00 and 19:45 hours. During the operating day, the 
aggregator sets the operation of the flexible resources taking into account the set-points 
communicated by the AGC. The optimization algorithms to define bids and control the operation 
of the flexible resources are described in chapter 5. 

 

Figure 3-9 – Aggregator’s tasks and market sessions based on the timeline of the energy and 
secondary reserve markets. 

3.6.3 Information Chain 

Figure 3-10 describes the flow of information between the aggregator, prosumers, TSO, and 
electricity market during the day-ahead, real-time and settlement phases. Eight day-ahead 
actions are identified, as follows: 

1. definition of the energy and band bids for the day-ahead energy and secondary reserve 
markets. The aggregator defines the bids through the bidding optimization model 
described in chapter 5; 

2. submission of the energy bids (MWh and €/MWh);  

3. energy market clearing performed by the EUPHEMIA platform. The MO participates in 
this process; 
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4. congestion management executed by the TSO. The exchange of data includes cleared 
energy bids (from the EUPHEMIA) and viable energy schedules (from the TSO); 

5. communication of the viable energy schedules (MWh) and clearing prices (€/MWh); 

6. submission of the band bids (MW and €/MW); 

7. secondary reserve market clearing. The TSO buys band availability; 

8. communication of the clearing band offers (MW) and prices (€/MW); 

Four real-time actions are executed in a continuous mode, as described below: 

9. exchange of data between the aggregator and prosumers. The data includes state-of-
operation of the appliances, behaviors, and preferences of the prosumers, end-user 
engagement information, consumption, generation, etc.; 

10. communication of the AGC signal (MW) to activate the band sold by the aggregator in 
the day-ahead secondary reserve market; 

11. definition of the set-points to control the flexible resources based on the AGC signal. 
The aggregator uses the real-time optimization algorithm described in chapter 5; 

12. communication of the control set-points. They can assume the form of temperature (℃) 
and power (kW). 

Days after the delivery of the energy and reserve services, the MO and TSO settle the following 
market transactions: 

13. day-ahead energy transitions and imbalances (€);  
 

14. secondary reserve band availability and utilization, and reserve not supplied (€). 

 

Figure 3-10 – Participation of the aggregator in the secondary reserve and energy markets: the flow of 
information between the aggregator, prosumers, TSO, and electricity market during the day-ahead, 

real-time and settlement phases. 
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3.6.4 Settlement 

The total net cost of the aggregator results from the sum of equations (3-1) and (3-3).  Equation 
(3-3) sets the revenue of the aggregator in the secondary reserve market. The first term 𝜆 𝐵  
defines the revenue of selling band availability 𝐵  (𝑀𝑊) at 𝜆  (€/𝑀𝑊) in the day-ahead 
secondary reserve market. The band results from the sum of upward 𝑈  and downward 
𝐷  (𝑀𝑊)  bands (equation (3-4)). The second term 𝜆 𝐷 − 𝜆 𝑈  defines the cost and 
revenue of the AGC mobilizing band in real-time. The utilization components 𝐷  and 
𝑈  (𝑀𝑊) are valued at upward 𝜆  (€/𝑀𝑊ℎ) and downward 𝜆  tertiary reserve prices. The 
third term 𝜆 , ∆𝐵  sets the monetary penalty for reserve not supplied ∆𝐵  (𝑀𝑊) . The 
aggregator is penalized, when does not follow the AGC signal. Note that positive values are costs 
and negative values are revenues. 

𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 𝑟𝑒𝑠𝑒𝑟𝑣𝑒 𝑟𝑒𝑣𝑒𝑛𝑢𝑒 = −𝜆 𝐵 + 𝜆 𝐷 − 𝜆 𝑈 ∆𝑡 + 𝜆 , ∆𝐵  (3-3) 

𝐵 = 𝑈 + 𝐷  (3-4) 

The TSO must audit the reserve delivered, in order to avoid fraud. The upward and downward 
supplied reserves are defined by equations (3-5) and (3-6). These two equations rely on the 
measurement of the realized consumption and generation 𝑃  (𝑀𝑊). The reserve not supplied 
is defined by equation (3-7). The parameter 𝑃  (𝑀𝑊) defines the AGC signal in each control 
interval ℎ ∈ 𝐻  of duration ∆ℎ. For instance, the control interval of the AGC signal is 2 seconds 
in the PJM [41] and 4 seconds in the CAISO [42]. 
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𝑈 = 𝑈 ∆ℎ

∈

,         𝐷 = 𝐷 ∆ℎ

∈

,             ∆𝐵 = ∆𝐵 ∆ℎ

∈

 (3-8) 

The energy imbalances are only accounted when the aggregator is not capable of tracking the 
AGC signal or when the aggregator did not sell band in the DA market. 

3.6.5 Examples of market participation 

The aggregator can adopt multiple day-ahead bidding strategies, which may lead to different 
real-time scenarios. Figure 3-11 shows an example of four possible real-time scenarios due to 
the submission of a demand bid of 2.5 MWh to the day-ahead energy market and a band bid of 
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2.5 MW (2/3 upward and 1/3 downward) to the day-ahead secondary reserve market. In the 
first and third scenarios, the aggregator follows the AGC signal by decreasing (first scenario) and 
increasing (third scenario) the consumption of the prosumers. In the second and fourth 
scenarios, the aggregator is unable to follow the AGC signal, leading to reserve shortage. 

 

Figure 3-11 – Example of four real-time scenarios due to the participation of an aggregator in both 
energy and secondary reserve markets with a demand bid and a band bid. 

Figure 3-12 describes an example of four possible real-time scenarios due to the submission of 
a supply bid of 1 MWh to the day-ahead energy market and a band bid of 4 MW (2/3 upward 
and 1/3 downward) to the day-ahead secondary reserve market.  In the first scenario, the 
aggregator increases generation in order to provide upward reserve. In the second scenario, the 
aggregator supplies partially the reserve requested by the AGC. In the third scenario, the 
aggregator increases the consumption of the prosumers to comply with the AGC. Finally, in the 
fourth scenario, the aggregator is unable of fully providing the power requested by the AGC.  

 

Figure 3-12 – Example of four real-time scenarios due to the participation of an aggregator in both 
energy and secondary reserve markets with a supply bid and a band bid. The supply bid and 

generation assume negative values. Band bid and consumption assume positive values. 

3.7 Participation in the Tertiary Reserve and Energy Markets 

3.7.1 Description of the Tertiary Reserve Market 

Tertiary (or non-spinning in the U.S. markets) reserve is a service manually activated by the TSO 
to handle forecast errors and/or to replace secondary reserve. The mobilization lead-time is 
15/30 minutes and the maximum duration could be up to 1/2 hours. Three examples of market 
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sessions for this type of reserve are the tertiary reserve market of MIBEL [21], the balancing 
reserve market of Nord Pool [125] and the day-ahead market of CAISO [42]. The tertiary reserve 
market of MIBEL is used as a model in this thesis. 

Downward and upward tertiary reserve bids are presented to the TSO until the 21st hour of the 
day prior to the operating day. The market agents can continuously update and modify the bids 
until one hour before the operating hour in Portugal. The reserve bids comprise a quantity (MW) 
and an hourly price (€/MWh). During the operating day, the TSO dispatches the tertiary reserve 
bids by economic merit order, as described in Figure 3-13. Selling downward reserve is 
equivalent to buy energy not produced. The downward and upward reserves are remunerated 
at downward and upward marginal prices.   

 

Figure 3-13 – Market clearing of the tertiary reserve market. 

Days after the delivery of the reserve services, the TSO pays the reserve bought and charges 
reserve not supplied. Figure 3-14 shows the timeline of the tertiary reserve market. 

 

Figure 3-14 – Aggregator’s tasks and market sessions based on the timeline of the energy and tertiary 
reserve markets. 

3.7.2 Aggregator’s Timeline 

The participation of the aggregator in the tertiary reserve and energy markets requires the 
submission of energy and tertiary reserve bids (in both directions) to two different market 
sessions. The aggregator co-optimizes energy and tertiary reserve bids. Before the 12th hour, the 
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aggregator submits the energy bids. The upward and downward tertiary reserve bids are 
submitted between the 20th and 21st hours. During the operating day, the aggregator sets the 
operation of the flexible resources based on the manual set-points communicated by the TSO. 
The optimization algorithms to define bids and control the operation of the flexible resources 
are described in chapter 6. 

3.7.3 Information Chain 

Figure 3-10 describes the flow of information between the aggregator, TSO, electricity market 
and prosumers during the day-ahead, real-time and settlement phases. Six day-ahead actions 
are identified, as follows: 

1. definition of the energy and upward and downward reserve bids for the day-ahead 
energy and tertiary reserve markets. The aggregator defines the bids through the 
bidding optimization model described in chapter 6; 

2. submission of the energy bids (MWh and €/MWh);  

3. energy market clearing performed by the EUPHEMIA platform. The MO participates in 
this process; 

4. congestion management executed by the TSO. The exchange of data includes cleared 
energy bids (from the EUPHEMIA) and viable energy schedules (from the TSO); 

5. communication of the viable energy schedules (MWh) and clearing prices (€/MWh); 

6. submission of the upward and downward tertiary reserve bids (MW and €/MWh); 

During the operating day, five actions are executed in continuous mode, as described below: 

7. exchange of data between the aggregator and prosumers. The data includes state-of-
operation of the appliances, behaviors, and preferences of the prosumers, end-user 
engagement information, consumption, generation, etc.; 

8. tertiary reserve market clearing. The TSO dispatches upward or downward tertiary 
reserve bids; 

9. communication of the set-points (MW) to activate tertiary reserve; 

10. definition of set-points to control the operation of the flexible resources based on the 
manual set-point communicated by the TSO. The aggregator uses the real-time 
optimization algorithm described in chapter 6; 

11. communication of the control set-points. They can assume the form of temperature (℃) 
and power (kW). 

Days after the delivery of the energy and reserve services, the MO and TSO settle the following 
market transactions: 

12. day-ahead energy transitions and imbalances (€);  
 



Chapter 3 – Aggregator Model and Framework 

87 

13. mobilized tertiary reserve and reserve not supplied (€). 

 

Figure 3-15 – Participation of the aggregator in the tertiary reserve and energy markets: the flow of 
information between the aggregator, prosumers, TSO, and electricity market during the day-ahead, 

real-time and settlement phases. 

3.7.4 Settlement 

The total net cost of the aggregator results from the sum of equations (3-1) and (3-9).  Equation 
(3-9) sets the net cost of the aggregator in the tertiary reserve market. The first term 𝜆 𝐷 −

𝜆 𝑈  defines the cost and revenue of the TSO mobilizing downward 𝐷  (𝑀𝑊) and upward 
𝑈  reserves at downward 𝜆  and upward 𝜆  (€/𝑀𝑊ℎ) reserve prices. Mobilizing downward 
reserve 𝐷  represents a cost for the aggregator. The second term 𝜆 , ∆𝑈 + 𝜆 , ∆𝐷  sets the 
financial penalties due to shortages of upward ∆𝑈 (𝑀𝑊) and downward ∆𝐷  reserves. Note 
that positive values are costs and negative values are revenues. 

𝑇𝑒𝑟𝑡𝑖𝑎𝑟𝑦 𝑟𝑒𝑠𝑒𝑟𝑣𝑒 𝑛𝑒𝑡 𝑐𝑜𝑠𝑡 = 𝜆 𝐷 − 𝜆 𝑈 + 𝜆 , ∆𝑈 + 𝜆 , ∆𝐷 ∆𝑡 (3-9) 

The upward 𝑈  and downward 𝐷  supplied reserves are defined by equations (3-10) and 
(3-11). These two equations rely on the measurement of the actual generation and consumption 
𝑃  (𝑀𝑊). The reserves not supplied are defined by equations (3-12) and (3-13). The set-points 
𝑈  (𝑀𝑊) and 𝐷 are communicated by the TSO in each control interval ℎ ∈ 𝐻  to increase 
or decrease consumption or generation. 

𝑈 =
min

 

𝐸

∆𝑡
− 𝑃 , 𝑈 ,     𝑈 > 0 ∧

𝐸

∆𝑡
> 𝑃

0,                                                                     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (3-10) 

𝐷 =
min

 
𝑃 −

𝐸

∆𝑡
, 𝐷 ,     𝐷 > 0 ∧

𝐸

∆𝑡
< 𝑃

0,                                                                      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (3-11) 

∆𝑈 =
𝑈 − 𝑈 ,           𝑈 > 0

0,                          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (3-12) 

∆𝐷 =
𝐷 − 𝐷 ,           𝐷 > 0

0,                          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (3-13) 



Chapter 3 – Aggregator Model and Framework 

88 

𝑈 = 𝑈 ∆ℎ

∈

,       𝐷 = 𝐷 ∆ℎ

∈

 (3-14) 

∆𝑈 = ∆𝑈

∈

∆ℎ,       ∆𝐷 = ∆𝐷 ∆ℎ

∈

 (3-15) 

In some situations, the aggregator may contribute with “additional reserve” that helps solving 
system deviations. However, the aggregator is not remunerated by the reserve price. The 
additional reserve is an uninstructed deviation. Thus, the aggregator pays or charges the 
imbalance price. The energy imbalances are computed by equation (3-16). 

∆𝐸 = 𝐸 − 𝐸 + (𝐷 − 𝑈 )∆𝑡 (3-16) 

3.7.5 Examples of market participation  

The participation of the aggregator in the day-ahead energy and tertiary reserve markets may 
generate different real-time scenarios depending on the bidding strategy adopted, as shown in 
Figure 3-16. In this example, the aggregator submitted a demand bid of 2.5 MWh to the day-
ahead energy market and an upward reserve bid of 1.5 MW to the tertiary reserve market. Four 
real-time scenarios are shown. In the first scenario, the aggregator is capable of following the 
manual set-point communicated by the TSO by decreasing generation. In the second scenario, 
the aggregator supplies partially the reserve requested by the TSO. In the third scenario, the 
aggregator provides “additional reserve”, i.e. it provides more “reserve” than the reserve 
requested by the TSO. The “additional reserve” is an energy imbalance that is valued at 
imbalance price. In the fourth scenario, the aggregator fails to provide the upward reserve 
requested by the TSO. 

 

Figure 3-16 – Example of four real-time scenarios due to the participation of the aggregator in both 
energy and tertiary reserve markets with a demand bid and an upward reserve bid.  

Figure 3-17 shows two different examples of bidding strategies and real-time scenarios. In the 
first example, the aggregator submits a supply bid of 1 MWh to the day-ahead energy market 
and a downward reserve bid of 2 MW to the day-ahead tertiary reserve market. During the 
operating day, the aggregator increases consumption by 1 MW to follow the TSO signal. In the 
second example, the aggregator submits a supply bid of 1 MWh to the day-ahead energy market 
and an upward reserve bid of 1 MW to the day-ahead tertiary reserve market. The aggregator 
increases generation by 1 MW to comply with the set-point communicated by the TSO. 
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Figure 3-17 – Two examples of bidding strategies and real-time scenarios due to the participation of 
the aggregator in both energy and tertiary reserve markets. The generation and supply bid assume 

negative values. Consumption and reserve bids assume positive values. 

3.8 Final Remarks 

This thesis adopts a hierarchical control architecture where the aggregator has direct control 
over the flexible resources (TCLs, EVs, and PVs) of the prosumers. This architecture covers six 
key requirements for prosumers participation in the electricity markets: 1) fulfills the minimum 
bid size requirements (e.g., 0.1 MWh for demand bids); 2) enables the participation of the 
prosumers in asymmetric and symmetric reserve markets; 3) enables the participation of the 
prosumers in reserve markets with extended time availability requirements, such as secondary 
reserve; 4) reduces the interactions between prosumers and electricity market’s stakeholders. 
Most of the information flows are handled by the aggregator; 5) provides the prosumers the 
right and suitable technologies (HEMSs) to enable their participation in multiple energy and 
reserve services; 6) enables the reliable delivery of energy and reserve services taking into 
account the preferences of the prosumers. 

An aggregator framework that covers different spot market sessions and stages was defined. 
The following chapters describe the optimization tools to support the participation of the 
aggregator in multiple market sessions at different time scales. The optimization algorithms 
cover short-term and real-time management horizons. The short-term optimization algorithms 
define bids for the day-ahead energy, secondary reserve, and tertiary reserve markets. The real-
time management algorithms ensure the reliable delivery of the energy and reserve services 
sold by the aggregator in the day-ahead spot markets.  
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Chapter 4 – Optimization Algorithms for the Energy Market 

4.1 Introduction 

The aggregator of prosumers buys and sells energy in the electricity market. In the day D – 1, 
the aggregator submits demand and supply bids to the day-ahead energy market. Two novel 
bidding optimization models are proposed, as described in Figure 4-1: 

 a two-stage stochastic model to minimize the net cost of the aggregator buying and 
selling energy in both day-ahead and real-time stages of the energy markets. This 
approach models the uncertainties of the prosumers information through scenarios;  

 a deterministic model to minimize the net cost of the aggregator buying and selling 
energy in the day-ahead market. This approach models the uncertainties of the 
prosumers information through point forecasts. 

 
Figure 4-1 – Chain of optimization algorithms for the day-ahead and real-time stages of the energy 

market.  
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Both bidding optimization models define energy bids. The differences are how the information 
of the prosumers is modeled and the number of market stages considered in the optimization 
processes.  

During the operating day D, the aggregator manages the flexible resources of the prosumers in 
order to comply with the day-ahead market commitments. Two new deterministic MPCs are 
proposed: 

 an energy MPC to minimize the energy imbalances of the aggregator in real-time; 

 an economic MPC to minimize the imbalance costs of the aggregator, i.e. the net cost 
of the aggregator buying and selling energy during the operating day D. 

This chapter covers both day-ahead and real-time optimization stages. The day-ahead bidding 
optimization models are described in section 4.2, while the real-time optimization algorithms 
are described in section 4.3. The case study and results are presented in sections 4.4 and 4.5. 
The final remarks are described in section 4.6. 

4.2 Day-ahead Bidding Optimization Models 

Two day-ahead bidding optimization models are exploited in this thesis: 

 a two-stage stochastic optimization model; 

 a deterministic optimization model. 

4.2.1 Two-stage Stochastic Optimization  

The two-stage stochastic linear optimization model (4-1)-(4-13) defines demand and supply bids 
for the day-ahead energy market. The main characteristics of the optimization model are 
described below: 

1. two-stage: the optimization model defines energy bids for the day-ahead energy 
market, taking into account multiple possible real-time outcomes of generation and 
consumption. The day-ahead market is the first-stage and the real-time phase is the 
second-stage. The optimization models the net cost of trading energy in both day-ahead 
and real-time market stages; 

2. stochastic: the uncertainty of the prosumers information is incorporated in the 
optimization model through a set of scenarios. The scenarios model possible RT 
outcomes of PV generation, consumption, outdoor temperature, behaviors and 
preferences of the prosumers (e.g., house occupancy and plug-in availability of the EV). 

Objective Function  

The two-stage stochastic optimization model is formulated as a minimization problem. The 
objective is to minimize the net cost of the aggregator buying and selling energy in both day-
ahead and real-time market stages. The objective function (4-1) has two terms: 
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1. the first term 𝜆 𝐸  is the net cost of selling and buying energy 𝐸  (𝑘𝑊ℎ) in the day-
ahead market at energy price 𝜆  (€/𝑘𝑊ℎ). Negative values of 𝐸  are selling bids and 
positive values are buying bids; 

2. the second term 𝜆 , ∆𝐸 , − 𝜆 , ∆𝐸 ,  defines the expected imbalance cost, due to 
deviations between real-time realizations and day-ahead market commitments. 
Negative imbalance ∆𝐸 ,  (𝑘𝑊ℎ) means a surplus of demand or a shortage of 
generation. Positive imbalance ∆𝐸 ,  means a shortage of demand or a surplus of 

generation.  Energy imbalances are valued at negative 𝜆 ,  (€/𝑘𝑊ℎ) or positive 𝜆 ,  
imbalance prices;  

The energy bids are first-stage variables, while the real-time variables are second-stage. The bids 
are optimized for the period 𝑇 in time intervals 𝑡 of 1 hour ∆𝑡. The uncertainties are modeled 
through a set of scenarios 𝑗 ∈ 𝐽 with a probability of occurrence 𝜋 .  

𝑀𝑖𝑛 𝜆 𝐸 + 𝜋 𝜆 , ∆𝐸 , − 𝜆 , ∆𝐸 ,

∈∈

 (4-1) 

The energy 𝜆 , negative imbalance 𝜆 ,  and positive imbalance 𝜆 ,  prices are forecasted by the 
aggregator. The detailed description of the forecasting algorithm is available in Appendix A. 

Market Trading and Energy Balance Constraints 

The market trading constraint (4-2) sets the energy imbalances. Constraint (4-3) sets the 
expected net load in real-time equal to the sum of the inflexible load, PV generation, EV load 
and generation, and TCL consumption of all prosumers. The electric power 𝑃 , ,  (𝑘𝑊) of the 

resource 𝑖 ∈ 𝐼 is positive for demand and negative for generation.  

∆𝐸 , − ∆𝐸 , = 𝐸 , − 𝐸 ,                                                                               ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (4-2) 

𝐸 , = 𝑃 , , ∆𝑡

∈∈{ , , , }

,                                                              ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (4-3) 

Thermostatically Controlled Load Constraints 

The TCL consists of a split heat pump with heating capacity. The optimization of the TCL 
operation requires three constraints. Constraint (4-4) limits the electric power 𝑃 , ,  (𝑘𝑊)  
absorbed by the TCL. The physically-based load constraint (4-5) sets the temperature inside the 
room 𝜃 , ,  (℃), according to the electric power 𝑃 , ,  absorbed by the TCL [56], [91], [107].  
Constraint (4-6) ensures the thermal comfort of the prosumer, when the room (or house) is 
occupied.  

0 ≤ 𝑃 , , ≤ 𝑃 ,                                                                          ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (4-4) 

𝜃 , , = 𝛽 𝜃 , , + (1 − 𝛽 ) 𝜃 , + 𝑅 ∙ 𝐶𝑂𝑃 ∙ 𝑃 , , + 𝜗 , , ,  

∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇     
(4-5) 

𝜃 ≤ 𝜃 , , ≤ 𝜃 ,                                                                          ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑂 ,  (4-6) 
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The TCL parameters can be fixed or variable. The variable parameters assume the form of 
scenarios 𝜗 , , 𝜃 , 𝑂 , , ∀ 𝑗, 𝑖  and are computed on a daily basis. The scenario-based 
parameters and sets are described in Table 4-1. 

Table 4-1 – Scenario-based parameters and sets of the thermostatically controlled load. 

Symbol Unit Name Description 

𝜃  ℃ 
Outdoor 
temperature 

The aggregator signs a contract with a weather service provider to acquire 
temperatures for different locations and time horizons (e.g., day-ahead, hour-
ahead. 

𝑂 - 
House 
occupancy 

The HEMS is capable of detecting the occupancy state of the room through 
sensors. The HEMS communicates this information and the aggregator 
computes scenarios through a seasonal naïve forecasting algorithm. 

𝜗 ℃ 
Heat gains and 
losses 

The heat gains and losses result from human activity, solar radiation and other 
loads. They can be estimated by the aggregator on a daily-basis using 
algorithms based on least squares optimization [126], [127]. 

The fixed parameters are described in Table 4-2.  

Table 4-2 – Fixed parameters of the thermostatically controlled load. 

Symbol Unit Name Description 

𝐶 𝑘𝑊ℎ/℃  Thermal capacitance The thermal capacitance and resistance are physical 
characteristics of the room. These two parameters can be 
computed by the aggregator in a weekly-basis using 
estimation techniques based on least squares optimization 
[126]–[128] or Kalman filtering [129].   

𝑅 ℃/𝑘𝑊 Thermal resistance 

𝛽 - Thermal constant 
The thermal constant defines the thermal characteristics of 

the thermal mass and is defined as 𝛽 = 𝑒
∆

. 

𝜃 𝑎𝑛𝑑 �̅� ℃ 
Min. and Max. 
temperatures of comfort 

The range of thermal comfort is set by the prosumer and 
communicated by the HEMS. The range of temperature 
defines the preferences of the prosumer. 

𝐶𝑂𝑃 - 
Coefficient of 
performance The 𝐶𝑂𝑃  and 𝑃  are provided by the manufacturing 

company. 
𝑃  𝑘𝑊 

Maximum electric power 
of the TCL 

Electric Vehicle Constraints 

The optimization of the EV charging and discharging requires five constraints. Constraints (4-7) 
and (4-8) define the range of charging power 𝑃 , ,

∨  (𝑘𝑊) and discharging power 𝑃 , ,
∧ . This model 

does not require the adoption of binary variables to avoid simultaneous charging and 
discharging due to the price structure of the objective function. Constraints (4-9) and (4-10) set 
the SOC (𝑘𝑊ℎ) within its limits. Constraint (4-11) defines the target SOC at departure time 𝑡 , . 
The aim is to ensure the preferences of the prosumer, which are represented by the departure 
time 𝑡 ,  and state-of-charge at departure time 𝑆𝑂𝐶 , . The net power of the EV is given by 

𝑃 , , = 𝑃 , ,
∨ − 𝑃 , ,

∧ . 

0 ≤ 𝑃 , ,
∧ ≤ 𝑃 ,                                                                           ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (4-7) 

0 ≤ 𝑃 , ,
∨ ≤ 𝑃 ,                                                                           ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (4-8) 
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𝑆𝑂𝐶 , , = 𝑆𝑂𝐶 , , + 𝜂 𝑃 , ,
∨ − 𝑃 , ,

∧ 𝜂⁄ ∙ ∆𝑡,                   ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (4-9) 

𝑆𝑂𝐶 ≤ 𝑆𝑂𝐶 , , ≤ 𝑆𝑂𝐶 ,                                                        ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (4-10) 

𝑆𝑂𝐶 , , ,
≥ 𝑆𝑂𝐶 , ,                                                                    ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼  (4-11) 

The EV parameters can be fixed or variable. The fixed parameters are described in Table 4-3. 

Table 4-3 – Fixed parameters of the electric vehicle. 

Symbol Unit Name Description 

𝜂 - Charging and discharging efficiency  

The fixed parameters are provided by the car 
manufacturing company.   

𝑃  𝑘𝑊 Charging and discharging power rate 
𝑆𝑂𝐶 𝑘𝑊ℎ Minimum state-of-charge 

𝑆𝑂𝐶 𝑘𝑊ℎ Maximum state-of-charge 

The variable parameters assume the form of scenarios 𝑡 , , 𝑡 , , 𝑆𝑂𝐶 , , 𝑆𝑂𝐶 , , 𝑇 , , ∀ 𝑗, 𝑖 ,  
and are computed on a daily basis by the aggregator based on the information communicated 
by the HEMS. The aggregator uses a seasonal naïve forecasting algorithm to generate the 
scenarios [124], [130]. Table 4-4 describes the scenario-based parameters and sets of the EV. 

Table 4-4 – Scenario-based parameters and sets of the electric vehicle. 

Symbol Unit Name Description 

𝑡  - Departure time 
The departure time is set by the prosumer when the EV is plugged-in. 
The HEMS communicates the departure time. 

𝑡  - Arrival time The HEMS communicates the arrival time when the EV is plugged-in. 

𝑇  - Availability period 
The availability is defined by the period between the arrival and 
departure times. 𝑇 = [𝑡 , … , 𝑡 ] 𝑎𝑛𝑑  𝑇 ⊂ 𝑇  

𝑆𝑂𝐶  𝑘𝑊ℎ SOC at arrival time The 𝑆𝑂𝐶  and 𝑆𝑂𝐶  are communicated by the HEMS, when the 
EV is plugged-in. The 𝑆𝑂𝐶  is set by the prosumer and is equal to 
the maximum possible value (i.e., the battery capacity). 

𝑆𝑂𝐶  𝑘𝑊ℎ SOC at departure time 

Photovoltaic Generation Constraints 

The optimization of PV generation requires two constraints. Constraint (4-12) defines the PV 
generation 𝑃 , ,  (𝑘𝑊)  according to the scenarios of power generation 𝑃𝑟 , ,  (𝑘𝑊)  and the 

curtailment of PV generation 𝑃 , ,  (𝑘𝑊) . Constraint (4-13) bounds the curtailment of PV 
generation. Note that curtailing generation can make sense in energy markets with negative 
prices.  

𝑃 , , = 𝑃 , , − 𝑃𝑟 , , ,                                                                        ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (4-12) 

0 ≤  𝑃 , , ≤ 𝑃𝑟 , , ,                                                                            ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (4-13) 

The scenario-based parameter is the profile of PV power generation 𝑃𝑟 , , ∀ 𝑗, 𝑖 .  The 
aggregator generates day-ahead scenarios based on numerical weather predictions and PV 
generation readings communicated by the weather service provider and HEMS. 
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Inflexible load 

The inflexible load is modeled through a set of scenarios of power consumption 𝑃𝑟 , , ∀ 𝑗, 𝑖 . 

The inflexible load is given by 𝑃𝑗,𝑖,𝑡
𝐼𝐿 = 𝑃𝑟𝑗,𝑖,𝑡

𝐼𝐿 . 

4.2.2 Deterministic Optimization 

The deterministic optimization model (4-4)-(4-15) defines demand and supply bids for the day-
ahead energy market. The main characteristics of the optimization model are described below: 

1. single-stage: the optimization models the net cost of trading energy in the day-ahead 
market stage; 

2. deterministic: the prosumers information is modeled through point forecasts instead of 
probabilistic information under the form of scenarios. 

Objective Function  

The deterministic model is formulated as a minimization problem. The aim is to minimize the 
net cost of trading energy in the day-ahead energy market. The objective function is given by: 

𝑀𝑖𝑛 𝜆 𝐸

∈

                                             (4-14) 

Constraints 

Constraint (4-15) sets the energy bids equal to the sum of the inflexible load, PV generation, EV 
load and generation, and TCL consumption of all prosumers.  

𝐸 , = 𝑃 , ∆𝑡

∈∈{ , , , }

,                                                                        ∀   𝑡 ∈ 𝑇 (4-15) 

The constraints of the EVs, TCLs and PV systems are given by equations (4-4)-(4-13). The input 
parameters consist of point forecasts of prosumers information. In terms of mathematical 
formulation, this means that only one scenario 𝑗 is considered.  

The detailed description of the methodologies used to compute the prosumers information 
under the form of scenarios and point forecasts can be found in Appendix A (section A-1). 

4.3 Real-time Optimization Algorithms 

During the operating day, the aggregator sets the operation of the flexible resources using a 
MPC algorithm [131], [132].  The sequential steps of the MPC algorithm are illustrated in Figure 
4-2 and described below:  

1. at the beginning of each interval 𝑡, the aggregator updates the prosumers information. 
The HEMS of each prosumer communicates the information described in Table 4-5;  

2. the aggregator dispatches the flexible resources by solving one of the two deterministic 
optimization models described in sections 4.3.1 and 4.3.2 with the new prosumers 
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information. The aggregator forecasts new imbalance prices, if new market information 
is available;  

3. power (EV and PV) and temperature (TCL) set-points are communicated by the 
aggregator to the HEMS, which conveys the set-points to the appliances. This sequential 
process is repeated for the next time interval, 𝑡 + 1 (go to step 1). 

The MPC algorithm runs in continuous mode during the operating day in cycles of 15 minutes. 

 

Figure 4-2 – Energy market: sequential steps of the model predictive control. 

Table 4-5 – Updated prosumers information. 

Resource Parameters Description 

EV 
𝑡 , 𝑡 ,  
𝑆𝑂𝐶 , 𝑆𝑂𝐶  

These four parameters are defined by the prosumer when the EV is plugged-in. 
They are actual values.  

𝑇 ,   𝑆𝑂𝐶  These two actual values are communicated by the HEMS. 

TCL 𝜃 , 𝜗, 𝑂,  𝜃   
The 𝜃  and 𝜗 can assume the form of point forecasts or actual measured values. 
They are updated by the aggregator. The 𝑂  and  𝜃  are actual values 
communicated by the HEMS. 

IL 𝑃𝑟  These two parameters are updated and forecasted by the aggregator. They can 
assume the form of point forecasts or actual measured values. PV 𝑃𝑟  

4.3.1 Economic Optimization Model 

The economic optimization model (4-16)-(4-28) defines the set-points of the flexible resources, 
in order to minimize the net cost of the aggregator buying and selling energy during the real-
time stage.  

Objective Function  

The economic optimization model is formulated as a deterministic minimization problem. The 
objective function (4-16) has two terms: 

1. the first term 𝜆 |
, ∙ ∆𝐸 |

5 is the cost of buying extra demand in real-time or the 

cost of reselling the extra generation sold in the day-ahead market; 

                                                           
5 The symbol ∆𝐸 |  is read as “the variable ∆𝐸  at time interval 𝑡 + 𝑘 predicted at time 𝑡” [132]. 
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2. the second term −𝜆 |
, ∙ ∆𝐸 |  is the revenue of selling extra generation in real-time  

or the revenue of reselling the extra demand bought in the day-ahead market.  

Reselling extra generation or demand represents an additional cost for the aggregator since 
𝜆 , ≥ 𝜆  and 𝜆 , ≤ 𝜆 . The imbalance prices 𝜆 |

,  and 𝜆 |
,  are updated point forecasts. 

Time intervals 𝑡 and 𝑘 of 15 minutes (∆𝑘) are considered.  

𝑀𝑖𝑛  𝜆 |
, ∙ ∆𝐸 | −𝜆 |

, ∙ ∆𝐸 |

∈

   (4-16) 

Market Trading and Energy Balance Constraints 

The market trading constraint (4-17) sets the energy imbalances. The energy bids 𝐸 |  are 

parameters resulted from the day-ahead optimization, instead of decision variables. 

∆𝐸 | − ∆𝐸 | = 𝐸 | − 𝐸 | ,                                                                       ∀ 𝑘 ∈ 𝑇 (4-17) 

Constraint (4-18) sets the consumption and generation of all prosumers’ resources in real-time 
𝐸 | . The electric power 𝑃 , |  is positive for demand and negative for generation.  

𝐸 | = 𝑃 , | ∆𝑘

∈

,

∈{ , , , }

                                                             ∀ 𝑘 ∈ 𝑇 (4-18) 

Thermostatically Controlled Load Constraints 

The scheduling of the TCL requires three constraints. Constraint (4-19) ensures the power limits 
of the TCL. Constraint (4-20) sets the temperature inside the room. Constraint (4-21) ensures 
the preferences of the prosumers when the home/room is occupied. 

0 ≤ 𝑃 , | ≤ 𝑃 ,                                                                                   ∀ 𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇  (4-19) 

𝜃 , | = 𝛽 𝜃 , | + (1 − 𝛽 ) 𝜃 | + 𝑅 ∙ 𝐶𝑂𝑃 ∙ 𝑃 , | +  𝜗 , | ,  

            ∀ 𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇   
(4-20) 

𝜃 ≤ 𝜃 , | ≤ 𝜃 ,                                                                                      ∀ 𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑂  (4-21) 

Electric Vehicle Constraints 

The optimization of the EV charging and discharging requires five constraints. Constraints (4-22) 
and (4-23) define if the EV charges or discharges according to the binary variable 𝜙𝑖,𝑡+𝑘|𝑡 . 

Constraints (4-24) and (4-25) set the SOC within its limits. Constraint (4-26) sets the SOC at 
departure time and ensures the preferences of the prosumer. 

0 ≤ 𝑃 , |
∨ ≤ 𝜙 , | 𝑃 ,                                                                    ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (4-22) 

0 ≤ 𝑃 , |
∧ ≤ 1 − 𝜙 , | 𝑃 ,                                                        ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (4-23) 

𝑆𝑂𝐶 , | = 𝑆𝑂𝐶 , | + 𝜂 𝑃 , |
∨ − 𝑃 , |

∧ 𝜂⁄ ∙ ∆𝑘,         ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (4-24) 

𝑆𝑂𝐶 ≤ 𝑆𝑂𝐶 , | ≤ 𝑆𝑂𝐶 ,                                                               ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (4-25) 
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𝑆𝑂𝐶 , ≥ 𝑆𝑂𝐶 ,                                                                                  ∀ 𝑖 ∈ 𝐼  (4-26) 

Photovoltaic Generation Constraints 

The optimization of the PV generation requires two constraints. Constraint (4-27) defines the PV 
generation. Constraint (4-28) sets the range of curtailment.  

𝑃 , | = 𝑃 , | − 𝑃𝑟 , | ,                                                                    ∀  𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (4-27) 

0 ≤  𝑃 , | ≤ 𝑃𝑟 , | ,                                                                             ∀  𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (4-28) 

Inflexible load 

The inflexible load is modeled through point forecasts or actual measured values of power 
consumption 𝑃 , | = 𝑃𝑟 , | . 

4.3.2 Energy Optimization Model 

The energy optimization model (4-17)-(4-29) defines the set-points of the flexible resources, in 
order to minimize the energy imbalances between the day-ahead market commitments and 
real-time realizations. This optimization model emulates the direct load control methods [90]–
[92], whose objective is to deliver products traded in the day-ahead markets. 

Objective Function  

The energy optimization model is formulated as a minimization problem. The objective function 
(4-29) results from the sum of positive ∆𝐸 |  and negative ∆𝐸 |  energy imbalances. 

𝑀𝑖𝑛  ∆𝐸 | + ∆𝐸 |

∈

   (4-29) 

Constraints 

The constraints of the optimization problem are (4-17)-(4-28). The only difference is the 
objective function. 

4.4 Case study 

The aggregator of prosumers participates in the energy market of MIBEL during the first week 
of December 2015 (from November 30th to December 6th). The portfolio of the aggregator 
includes 1000 prosumers from Porto (Portugal), each one owns 1 PV system, 1 TCL, and 1 EV.   

Data 

The case study data includes prosumers information and electricity prices. The prosumers 
information comprises TCL parameters, EV parameters, inflexible load and PV generation. They 
can assume the form of day-ahead scenarios, point forecasts or actual values. The electricity 
prices include day-ahead and real-time point forecasts and actual values of energy and 
imbalance prices. The prosumers information and electricity prices are described in Appendix A. 

Optimization Algorithms 
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In the day D-1, the aggregator can define energy bids using one of the four bidding approaches 
described in Table 4-6. Perfect and deterministic approaches optimize the energy bids in order 
to minimize the net costs of the aggregator buying and selling energy in the day-ahead market. 
The only difference between these two approaches is the input data. The perfect strategy uses 
perfectly forecasted information, whereas the deterministic strategy considers point forecasts. 
The stochastic strategy optimizes the bids with the aim of minimizing the net cost of buying and 
selling energy in the day-ahead and real-time market stages. The load and generation 
uncertainties are modeled through a set of scenarios. The inflexible strategy does not optimize 
the flexibility of the prosumers, i.e., considers that all net load is inflexible. Typically, this is the 
strategy adopted by retailers. The retailers forecast the net load of the prosumers.  

During the operating day D, the aggregator sets the operation of the flexible resources through 
one of the two real-time control approaches described in Table 4-7. Both approaches consider 
a MPC method. The difference between economic and energy MPCs is the objective function of 
the deterministic optimization model. The economic MPC minimizes the net cost of the 
aggregator buying and selling energy in real-time, while the energy MPC minimizes energy 
imbalances. In addition, an inflexible strategy is considered to simulate a scenario where the 
real-time generation and consumption of the prosumers is not optimized. 

Table 4-6 – Main characteristics of the four day-ahead bidding strategies for the energy market. 

Name Optimization model 
Load and generation 
uncertainties  

Price uncertainty 

Stochastic 
Two-stage stochastic (described 
in section 4.2.1) 

Scenarios*: TCL, EV, IL, and 
PV  

Point forecasts: energy and 
imbalance prices 

Deterministic 
Deterministic (described in 
section 4.2.2) 

Point forecasts:  TCL, EV, IL, 
and PV 

Point forecasts: energy prices 

Perfect 
Deterministic (described in 
section 4.2.2) 

Perfect information: TCL, 
EV, IL, and PV 

Perfect information: energy 
prices 

Inflexible No optimization (load models) 
Point forecasts:  TCL, EV, IL, 
and PV 

- 

*The number of scenarios was selected by a two-step heuristic described in Appendix B. 

Table 4-7 – Main characteristics of the two real-time control strategies for the energy market. 

Name Algorithm  
Load and generation 
uncertainties  

Price uncertainty 

Economic 
MPC 

Economic MPC (described in 
section 4.3.1) 

Actual values: TCL, EV, IL, 
and PV 

Point forecasts: imbalance 
prices 

Energy MPC 
Energy MPC (described in section 
4.3.2) 

Actual values: TCL, EV, IL, 
and PV 

- 

The combination of day-ahead and real-time approaches produces the strategies described in 
Table 4-8. The performance of the day-ahead, real-time and combined strategies is evaluated in 
section 4.5. 

Table 4-8 – Combined day-ahead and real-time strategies for the energy market. 

Combined strategy Perfect Sto_1 Sto_2 Det_1 Det_1 Inflexible 
Day-ahead strategy Perfect Stochastic Stochastic Deterministic Deterministic Inflexible 
Real-time strategy - Economic MPC Energy MPC Economic MPC Energy MPC Inflexible 
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Implementation  

The optimization algorithms were implemented in Python and solved using the LP and MILP 
libraries of the IBM ILOG CPLEXTM 12.7 solver on a server machine with 96 GB RAM and an Intel© 
Xeon™ E-5680 CPU clocked at 3.33 GHz. The execution times and sizes of the day-ahead and 
real-time optimization problems are described in Table 4-9. The execution times are suitable for 
the market timeline.  

The number of scenarios adopted by the two-stage stochastic linear optimization model was 25. 
This number was selected by a two-step heuristic algorithm described in Appendix B. 

Table 4-9 – Size and execution time of the day-ahead and real-time optimizations (average values). 

 Two-stage stochastic Deterministic Economic MPC Energy MPC 

Continuous variables 2,203,119 90,775 228,871 228,871 
Binary variables 0 0 13,118 13,118 
Constraints 1,914,793 104,371 232,835 232,835 
Execution time 181.9 s 1.1 s 19.7 s 191.3 s 

4.5 Numerical Results 

The results are divided into three main sections. Section 4.5.1 compares four day-ahead bidding 
strategies: perfect; stochastic; deterministic; and inflexible. Section 4.5.2 compares two real-
time control strategies: energy MPC; and economic MPC. Finally, section 4.5.3 analyzes the 
financial benefits for the aggregator and prosumers of adopting optimized day-ahead and real-
time strategies. 

4.5.1 Day-ahead Bidding Results 

Placement of the Energy Bids  

Figure 4-3 and Figure 4-4 illustrate the supply and demand bids of perfect and deterministic 
strategies on November 30th (Monday). Positive values are demand bids and negative values are 
supply bids. Both strategies place most of the demand bids in the periods of low prices and the 
supply bids in the periods of high energy prices. Between the 9th and 14th hours, the aggregator 
submits bids on the supply side of the market, because it corresponds to the time of the day 
with the highest PV generation.  At night, the supply bids result from EVs featuring V2G.  

 
Figure 4-3 – Perfect strategy: energy bids on November 30th. Positive values are demand bids and 

negative values are supply bids. 
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Both deterministic and perfect approaches exploit a deterministic optimization model. The only 
difference is in the input data. The perfect strategy considers perfect information, while the 
deterministic uses day-ahead point forecasts. This leads to different placements of energy bids, 
as can be observed in Figure 4-3 and Figure 4-4. 

 

Figure 4-4 – Deterministic strategy: energy bids on November 30th. Positive values are demand bids 
and negative values are supply bids. 

The inflexible strategy places most of the demand bids in the hours of high energy prices, as 
described in Figure 4-5. The supply bids are placed in the periods of forecasted PV generation.   

 

Figure 4-5 – Inflexible strategy: energy bids on November 30th. Positive values are demand bids and 
negative values are supply bids. 

The stochastic approach presents a similar bidding behavior to the other two optimized 
strategies (perfect and deterministic), as described in Figure 4-6. The demand bids are mostly 
placed in the periods of low energy prices and the supply bids in the periods of high energy 
prices. At night, the supply bids result from V2G. 

The stochastic strategy defines the energy bids through a two-stage stochastic model, while the 
deterministic and perfect strategies exploit a deterministic model. The two-stage stochastic 
optimization introduces one additional term in the objective function compared to the 
deterministic optimization, the sensitivity to imbalance prices. The additional term affects the 
definition of the energy bids since it weighs the expected cost of the load and generation 
uncertainties. In addition, the two-stage stochastic optimization models the load and generation 
uncertainties through a set of scenarios, while the deterministic optimization considers point 
forecasts (deterministic strategy) or actual values (perfect strategy). These two differences may 
lead to the placement of different quantities of energy bids. For instance, the deterministic and 
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perfect strategies place ca. 4.6 MWh in the 3rd hour, while the stochastic approach places 4.1 
MWh. 

 

Figure 4-6 – Stochastic strategy: energy bids on November 30th. Positive values are demand bids and 
negative values are supply bids. 

Cumulative Bidding Results 

Table 4-10 presents the cumulative bidding results of the four bidding strategies. The 
deterministic approach presents the lowest bidding cost (5.7 k€) followed by stochastic, perfect 
and inflexible strategies (5.77, 6.25 and 7.18 k€). However, it should be noted that the overall 
performance of the bidding strategies can only be effectively assessed after the real-time 
operation due to the uncertainties of electricity prices, load, and generation. This assessment is 
made in section 4.5.2. 

Table 4-10 – Cumulative day-ahead bidding results for the first week of December 2015. 

 Perfect Stochastic Deterministic Inflexible 

Demand cost (k€) 8.48 8.01 8.41 7.42 
Supply revenue (k€) -2.22 -2.32 -2.71 -0.25 
Expected imbalance cost (k€) - 0.08 - - 
Total cost (k€) 6.25 5.77 5.70 7.18 

Demand bids (MWh) 164.23 158.67 167.97 122.45 
Supply bids (MWh) 33.03 35.96 42.18 3.93 

The stochastic approach places lower quantities of demand and supply bids than the 
deterministic approach, due to its conservative behavior. The positive imbalance cost 

𝜆 , ∆𝐸 > 𝜆 , ∆𝐸  of the stochastic approach suggests that is more profitable for the 
aggregator to present a short position. Figure 4-7 shows the conservative behavior of the 
stochastic approach. The stochastic strategy places lower quantities of demand and supply bids 
than the deterministic strategy almost all days. This behavior is due to two reasons: 

1. the stochastic approach models the uncertainties of the load and generation resources;  

2. the imbalance cost term in the objective function values the uncertainties of the load 
and generation resources.  

The inflexible strategy places low quantities of supply bids since does not exploit the flexibility 
of the EVs to store and inject energy into the grid. 
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Figure 4-7 – Cumulative supply and demand bids for the first week of December 2015. Positive values 
are demand bids and negative values are supply bids. 

Disaggregation of the Cumulative Bidding Results per Type of Resource 

Table 4-11 presents the disaggregation of the cumulative bidding results per type of resource. 
The EV is the main source of load and generation followed by IL and TCL, as sources of 
consumption, and PV as a source of generation. The load and generation values of the four 
bidding optimizations are distinct since they use different forms of prosumers information, such 
as scenarios (stochastic), point forecasts (deterministic and inflexible) and actual values 
(perfect). Furthermore, the charging and discharging cycles of the EVs generate energy losses 
that increase the net load of the optimized approaches compared to the inflexible strategy.  

Table 4-11 – Disaggregation of the cumulative bidding results. 

 
TCL load 
(MWh) 

EV load 
(MWh) 

IL 
(MWh) 

EV generation 
(MWh) 

PV generation 
(MWh) 

Total net load 
(MWh) 

Perfect 34 120 69 63 29 131 
Stochastic 27 117 65 62 24 123 
Deterministic 28 128 67 70 28 126 
Inflexible 28 51 67 - 28 119 

4.5.2 Real-time Control Results 

Energy Imbalances 

Figure 4-8 and Figure 4-9 show the energy imbalances computed through economic and energy 
MPCs on November 30th (Monday). The energy imbalances were computed based on the energy 
bids defined by the day-ahead stochastic strategy (described in Figure 4-6). The positive values 
are positive imbalances and the negative values are negative imbalances. 

The economic MPC optimizes the load and generation of the prosumers, in order to minimize 
the cost of the aggregator buying and selling energy in real-time.  This means that the economic 
MPC produces energy imbalances in the periods more profitable for the aggregator. One 
example of this behavior is the 4th hour when the aggregator increases consumption (∆𝐸 > 0). 
The 4th hour presents the lowest negative imbalance price. The energy MPC minimizes the 
energy imbalances without considering their economic value. The period between 6th and 9th 
hours represents this behavior since the energy MPC increases the net consumption in hours of 
high imbalance prices. However, the economic and energy MPCs may present similar behaviors, 
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when the flexibility of the prosumers is limited, as shown in the period between 17th and 19th 
hours.  

 

Figure 4-8 – Economic MPC: energy imbalances on November 30th. Positive values are positive energy 
imbalances and negative values are negative energy imbalances. 

 

Figure 4-9 – Energy MPC: energy imbalances on November 30th. Positive values are positive energy 
imbalances and negative values are negative energy imbalances. 

Cumulative Real-Time Results 

Table 4-12 shows the cumulative real-time results of the two control strategies for the first week 
of December 2015. The economic MPC presents the lowest imbalance cost (0.6 k€), while the 
energy MPC shows the lowest energy imbalance (11.3 MWh). The aim of the economic MPC is 
to minimize the cost of buying and selling energy in real-time. On the other hand, the objective 
of the energy MPC is to minimize the energy imbalances.  

Table 4-12 – Cumulative real-time energy results for the first week of December 2015.  

 Economic MPC Energy MPC 

Positive imbalances (k€) -0.2 0.0 
Negative imbalances (k€) 0.8 1.0 
Total cost (k€) 0.6 1.0 

Positive energy imbalances (MWh) 3.4 0.0 
Negative energy imbalances (MWh) 9.6 11.3 
Total energy imbalances (MWh) 13.0 11.3 
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Disaggregation of the Cumulative Real-Time Results per Type of Resource 

Table 4-13 shows that the disaggregated results of economic and energy MPCs are similar. They 
are similar because both approaches use actual values of prosumers information. The main 
difference is how the flexibility of distributed energy resources is used to optimize the 
consumption and generation of the prosumers. For instance, the energy MPC curtails 2 MWh of 
PV generation to minimize the energy imbalances. The economic MPC does not curtail any PV 
generation since this control option does not maximize the profit of the aggregator.   

Table 4-13 – Disaggregation of the cumulative real-time results. 

 
TCL load 
(MWh) 

EV load 
(MWh) 

IL 
(MWh) 

EV generation 
(MWh) 

PV generation 
(MWh) 

Total net load 
(MWh) 

Economic MPC 34 114 69 60 29 129 
Energy MPC 36 115 69 59 27 134 

Control Set-Points 

The MPCs define set-points to control the operation of the flexible resources. The set-points can 
assume two different forms:   

1. temperature set-points – define the indoor temperature of the room being air-
conditioned by the TCL. Figure 4-10 shows that the aggregator ensures always the 
preferences of the prosumer. The preferences consist of a range of temperatures 
[20,22] ℃. This interval is only valid when the house/room is occupied;  

2. power set-points – define the charging and discharging power of the EV and the power 
output of the PV unit. The graph on the left side of Figure 4-11 shows that the aggregator 
satisfies the prosumer’s preferences. This means that EV is fully charged at departure 
time (i.e., at the 32sd hour). The graph on the right side of Figure 4-11 shows that the 
aggregator did not curtail any generation. Note that the PV system only follows the set-
points in case of being physically possible. 

 

Figure 4-10 – Temperature set-points communicated by the aggregator to a prosumer. The shaded 
areas represent the interval of thermal comfort when the room/house is occupied. 
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Figure 4-11 – Power set-points communicated by the aggregator to a prosumer. Positive values 
represent EV charging or PV generation. Negative values represent EV discharging. 

4.5.3 Settlement Results 

Aggregator 

Table 4-14 compares the results of the six combined strategies for one week. The cost and 
revenue terms were computed using the settlement equations (3-1) and (3-2). The perfect 
strategy presents the lowest cost for the aggregator (6.25 k€), as expected, since it considers 
perfect information. However, perfect forecasts will never be possible due to the uncertain 
nature of the optimization input information. Therefore, this result should be interpreted, as the 
minimum theoretical cost that the aggregator can obtain. 

Under uncertainty conditions, Sto_1 strategy presents the lowest cost (6.47 k€). Both stochastic 
strategies (Stoc_1 and Stoc_2) outperform the respective deterministic strategies (Det_1 and 
Det_2). The day-ahead stochastic strategies reduce the imbalance cost by 22% compared to the 
day-ahead deterministic strategies. This demonstrates that modeling the uncertainty of the 
prosumers information through a set of scenarios, instead of adopting point forecasts results in 
a better bidding strategy. The economic MPC reduces the imbalance cost by 36% compared to 
the energy MPC. Therefore, real-time price arbitrage reduces the cost of the aggregator.  

The Stoc_1 strategy reduces the cost of the aggregator by 1.47 k€ (19%) compared to the 
inflexible strategy. The margin for improvement of Stoc_1 strategy is small (3%, 0.22 k€), based 
on the results of the perfect strategy. However, it is still possible to increase its performance by 
improving the forecasting of the electricity prices and the modeling of the uncertainty of the 
prosumers information.  

Table 4-14 – Settlement of the day-ahead and real-time energy transitions for the first week of 
December 2015. Positive values are costs and negative values are revenues. 

Combined strategy Perfect Sto_1 Sto_2 Det_1 Det_1 Inflexible 
Day-ahead strategy Perfect Stochastic Stochastic Deterministic Deterministic Inflexible 
Real-time strategy - Econ. MPC Energy MPC Econ. MPC Energy MPC Inflexible 
       

Day-ahead cost (k€) 8.48 8.27 8.27 8.69 8.69 7.79 
Day-ahead revenue (k€) -2.22 -2.42 -2.42 -2.83 -2.83 -0.25 
Imbalance cost (k€) - 0.62 1.00 0.82 1.25 0.41 
Total cost (k€) 6.25 6.47 6.85 6.68 7.11 7.94 
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Prosumers  

Figure 4-12 presents the distribution of the weekly cost of the aggregator by the prosumers. The 
results show that the disaggregated costs follow the same trend of the aggregated costs. The 
perfect strategy presents the lowest medium (6.0 €) followed by Sto_1 (6.3 €), Det_1 (6.6 €), 
Stoc_2 (6.7 €), Det_2 (6.9 €) and inflexible strategy (8.1 €). Under uncertainty conditions, Sto_1 
strategy presents the minimum cost (0.91 €). The maximum cost is 16.7 € and results from the 
inflexible strategy. 

 

Figure 4-12 – Distribution of the weekly cost of the aggregator by the prosumers. 

The aggregator may adopt different engagement and remuneration mechanisms to gather and 
promote the participation of prosumers in this flexibility service. One of the mechanisms to 
remunerate the prosumers consists of a discount on the monthly electricity bill. If the inflexible 
strategy is adopted as baseline, the monthly average discounts are 9.1 € with perfect strategy, 
7.8 € with Sto_1 strategy, 6.1 € with Det_1 strategy, 6.9 € with Sto_2 strategy and 5 € with Det_2 
strategy. In this thesis, we assume that the aggregator distributes the totality of the cost savings 
by the prosumers, i.e. the prosumers keep all the savings. The aggregator may charge an 
administrative fee to remunerate its services. 

Under uncertainty conditions, the Sto_1 strategy presents the maximum monthly discount of 
22.4 €, as shown in Figure 4-13. The results also suggest that Sto_1 strategy reduces the 
individual electricity cost of each prosumer. On the other hand, Sto_2, Det_1, and Det_2 
strategies do not generate economic benefits for all the prosumers. These three strategies 
present prosumers with worst economic performances, as follows: Sto_2 – 20 prosumers; Det_1 
– 10 prosumers; and Det_2 – 60 prosumers. 

 

Figure 4-13 – Monthly discounts on electricity bills. 
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4.6 Final Remarks 

In this chapter, two bidding optimization models and two real-time control strategies to support 
the participation of an aggregator of prosumers in the day-ahead and real-time stages of the 
energy market are proposed and compared.  

Both day-ahead optimization models, two-stage stochastic and deterministic, define supply and 
demand bids to the day-ahead energy market. The two main differences are how the prosumers 
information is modeled and the number of market stages considered in the bidding optimization 
processes. The two-stage stochastic optimization models the prosumers information through a 
set of scenarios and minimizes the net cost of the aggregator buying and selling energy in both 
day-ahead and real-time market stages. The deterministic optimization models the prosumers 
information through point forecasts and minimizes the net cost of the aggregator buying and 
selling energy in the day-ahead market. 

Both real-time control strategies, economic and energy MPCs, set the operation of the flexible 
resources (i.e., the operation of the TCLs, PVs, and EVs). The main difference lies in the objective 
function of the deterministic optimization problem of the MPCs. The economic MPC minimizes 
the net cost of the aggregator buying and selling energy in real-time while the energy MPC 
minimizes the energy imbalances. Both approaches model the prosumers information in the 
same way. 

The numerical results are divided into three sections. The first section compares four day-ahead 
bidding strategies: perfect; stochastic, deterministic; and inflexible. Three main conclusions are 
drawn from the results: 

1. the optimized bidding strategies (perfect, stochastic and deterministic) place most of 
the demand bids in the periods of low prices and supply bids in the periods of high 
prices. The inflexible bidding strategy places most of the demand bids in the periods of 
high energy prices; 

2. the stochastic bidding strategy places lower quantities of supply and demand bids than 
the deterministic strategy. The stochastic bidding strategy is conservative; 

3. the EV is the main source of load and generation flexibility followed by the TCL as source 
of demand flexibility and PV as source of generation flexibility. 

The second section compares the two real-time control strategies: energy MPC; and economic 
MPC. Three main conclusions are drawn from the results: 

1. the economic MPC reduces the cost of the aggregator trading energy in real-time. The 
economic MPC generates lower imbalance costs than the energy MPC;  

2. the energy MPC produces lower energy imbalances than the economic MPC; 

3. the preferences of the prosumers are always ensured during the real-time control of the 
flexible resources. 
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The third section of results compares the financial performance of six combined day-ahead and 
real-time strategies. The numerical results lead to the following conclusions: 

1. the perfect strategy presents the lowest aggregator’s cost (6.25 k€), as expected, since 
it considers perfect information of prosumers; 

2. under uncertainty conditions, the Stoc_1 strategy (two-stage stochastic model + 
economic MPC) presents the lowest aggregator’s cost (6.47 k€). The Stoc_1 strategy 
reduces the cost by 19% compared to an inflexible strategy typically used by retailers. 
The improvement margin of Stoc_1 strategy is small (3%, 0.22 k€), based on the results 
of the perfect strategy; 

3. the day-ahead stochastic strategy reduces the average total cost of the aggregator by 
4% compared to the day-ahead deterministic strategy. Therefore, modeling the 
prosumers information through stochastic scenarios provides a better representation 
of the uncertainty than using point forecasts;  

4. the economic MPC reduces the imbalance cost by 36% compared to the energy MPC. 
Therefore, real-time price arbitrage reduces the cost of the aggregator; 

5. the distribution of the aggregator’s savings by the prosumers produces average monthly 
savings of 7.8 €/prosumer with Sto_1 strategy. The results also indicate that Sto_1 
strategy reduces the electricity cost of all prosumers. 

As an overall conclusion, the two-stage stochastic optimization model and economic MPC 
outperform their benchmarks. These two approaches are further developed in the following 
chapters to exploit the possibility of offering and delivering secondary and tertiary reserve bids. 
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Chapter 5 – Optimization Algorithms for the Secondary Reserve 
and Energy Markets 

5.1 Introduction 

The aggregator of prosumers buys energy and sells energy and secondary reserve in the 
electricity market. The participation of the aggregator in both markets requires a chain of 
optimization algorithms to offer and deliver the energy and secondary reserve services, as 
described in Figure 5-1. 

In the day D – 1, the aggregator defines and submits demand and supply bids to the day-ahead 
energy market, and band bids to the day-ahead secondary reserve market. The two-stage 
stochastic optimization model proposed in chapter 4 is extended to include the possibility of the 
aggregator offering secondary reserve power in both upward and downward directions.  

 

Figure 5-1 – Chain of algorithms for the day-ahead and real-time stages of the energy and secondary 
reserve markets.  

Two-stage stochastic 
optimization

First level
Deterministic optimization

Energy bids

Day-ahead energy 
market

Day-ahead (day D-1)

Real-time (day D)

Multiple scenarios:
- TCL parameters
- EV parameters

- Photovoltaic generation
- Inflexible load

Bidding model

Hierarchical 
MPC

Prosumers information

Point forecasts:
- Energy prices

- Imbalance prices
- Band prices

- Secondary reserve prices
- Ratios of utilization to band

Electricity market information 

Electricity market information

Band bids

Day-ahead secondary 
reserve market

Updated point forecasts 
and actual data:
- TCL parameters
- EV parameters

- Photovoltaic generation
- Inflexible load

Updated point forecasts:
- Imbalance prices

- Tertiary reserve prices
- Ratios of utilization to 

band

Prosumers information

Second level
Controller

Actual value:
- AGC signal

Flexibility



Chapter 5 – Optimization Algorithms for the Secondary Reserve and Energy Markets 

112 

During the operating day D, the aggregator manages the operation of the flexible resources and 
delivers the energy and reserve products traded in the day-ahead energy and secondary reserve 
markets. For this purpose, a novel hierarchical MPC with two levels is proposed. The first level 
consists of a deterministic optimization. The aim is to optimize the load and generation of the 
prosumers in a cost-effective way while ensuring that the band sold in the day-ahead market 
can be provided if requested. In the second level, a controller adjusts the consumption and 
generation of the prosumers to the AGC signal. 

This chapter starts by describing the day-ahead bidding optimization model in section 5.2. Then, 
the hierarchical management approach is described in section 5.3. The case study and results 
are presented in sections 5.4 and 5.5. The final remarks are described in section 5.6. 

5.2 Bidding Optimization Model 

The aggregator defines energy 𝐸  (𝑘𝑊ℎ) and band 𝐵  (𝑘𝑊) bids by solving the two-stage 
stochastic linear optimization model (5-1)-(5-34).  

Objective Function  

The two-stage stochastic linear optimization model is formulated as a minimization problem. 
The aim is to minimize the net cost of trading energy and secondary reserve in both day-ahead 
and real-time market stages. The objective function (5-1) has five terms: 

1. the first term 𝜆 𝐸  is the net cost of buying and selling energy 𝐸  in the day-ahead 
energy market. Negative values of 𝐸  are supply bids and positive values are demand 
bids. 𝜆  (€/𝑘𝑊ℎ) is the energy price; 

2. the second term −𝜆 𝐷 , − 𝜆 𝑈 ,  is the revenue of selling band in the day-ahead 
secondary reserve market. The band 𝐵  is divided into upward 𝑈  and downward 
𝐷  directions (𝐵 = 𝐷 + 𝑈 ). 𝜆  (€/𝑘𝑊) is the band price; 

3. the third term 𝜆 , ∆𝐸 , − 𝜆 , ∆𝐸 ,  is the expected imbalance cost. It values deviations 
between day-ahead energy commitments and real-time energy realizations. A positive 
energy imbalance ∆𝐸 ,  (𝑘𝑊ℎ)  represents a shortage of demand or a surplus of 
generation. A negative energy imbalance ∆𝐸 ,  (𝑘𝑊ℎ) represents a surplus of demand 
or shortage of generation. Energy imbalances are valued at 𝜆 , (€/𝑘𝑊ℎ) and 𝜆 , ; 

4. the fourth term 𝜆 ∅ 𝐷 , − 𝜆 ∅ 𝑈 ,  is the expected revenue and cost of mobilizing 
upward ∅ 𝑈 , (𝑘𝑊) and downward ∅ 𝐷 , (𝑘𝑊) bands during the real-time stage. 
The mobilized upward band is valued at upward tertiary reserve price 𝜆  (€/𝑘𝑊ℎ) and 
the mobilized downward band is valued at downward tertiary reserve price 𝜆 . In the 
MIBEL, mobilizing downward reserve ∅ 𝐷 ,  represents a cost for the aggregator. The 
parameter ∅  is the ratio of upward utilization to band and  ∅  is the ratio of downward 
utilization to band. The variable 𝑈 ,  (𝑘𝑊)  is the upward band and 𝐷 ,  is the 
downward band; 

5. the fifth term 𝜆 , ∆𝑈 , + 𝜆 , ∆𝐷 ,  is the expected penalty for reserve band not 
supplied. It values deviations between band bids 𝐷 + 𝑈  and real-time bands 
𝐷 + 𝑈 . Downward ∆𝐷 ,  (𝑘𝑊) and upward ∆𝑈 ,  bands not supplied are valued at 
penalty price 𝜆 , (€/𝑘𝑊). 
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The energy and band bids are first-stage variables and are independent of the realization of any 
specific scenario. The RT variables are second-stage variables and are dependent on the 
realization of scenarios. The scenarios 𝑗 ∈ 𝑆  model possible real-time outcomes of PV 
generation, consumption, outdoor temperature, preferences and behaviors of the prosumers. 
The probability of occurrence of each scenario 𝑗 is defined by 𝜋 . The optimization horizon is 
defined by a set of time intervals 𝑡 ∈ 𝑇 of duration 1 hour ∆𝑡 (ℎ).  

𝑀𝑖𝑛 𝜆 𝐸 − 𝜆 𝐷 , − 𝜆 𝑈 ,

∈

+ 𝜋 𝜆 , ∆𝐸 , − 𝜆 , ∆𝐸 , + 𝜆 ∅ 𝐷 , − 𝜆 ∅ 𝑈 , ∆𝑡

∈

+ 𝜆 , ∆𝑈 , + 𝜆 , ∆𝐷 ,   

(5-1) 

The electricity market information is forecasted by the aggregator and includes energy price 𝜆 , 

negative imbalance price 𝜆 , , positive imbalance price 𝜆 , , band price 𝜆 , upward tertiary 
reserve price 𝜆 , downward tertiary reserve price 𝜆 , ratio of upward utilization to band ∅ , 

ratio of downward utilization to band ∅  and penalty for reserve band not supplied 𝜆 ,  (or 
available). The detailed description of the forecasting algorithms can be found in Appendix A. 

Market Trading and Energy Balance Constraints 

Constraint (5-2) defines the energy balance between real-time and day-ahead market stages. 
Constraints (5-3) and (5-4) define the downward and upward bands not supplied. Constraints 
(5-5) and (5-6) divide the band into upward and downward directions. The MIBEL splits the band 
into 2/3 for upward and 1/3 for downward [102]. The value of 𝜏 is 2 for the MIBEL.  

∆𝐸 , − ∆𝐸 , + 𝐷 , − 𝑈 , ∆𝑡 = 𝐸 , − 𝐸 ,                                            ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (5-2) 

∆𝐷 , = 𝐷 − 𝐷 , ,                                                                                             ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (5-3) 

∆𝑈 , = 𝑈 − 𝑈 , ,                                                                                             ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (5-4) 

𝑈 , = 𝜏𝐷 , ,                                                                                                          ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (5-5) 

𝑈 = 𝜏𝐷 ,                                                                                                                    ∀   𝑡 ∈ 𝑇 (5-6) 

∆𝐷 , , ∆𝑈 , , ∆𝐸 , , ∆𝐸 , , 𝐷 , , 𝑈 , ≥ 0,                                                            ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (5-7) 

Constraint (5-8) sets the expected net load 𝐸 ,  in real-time. The electric power 𝑃 , ,  of the 
appliance 𝑖 ∈ 𝐼  is positive for load and negative for generation. 

𝐸 , = 𝑃 , , ∆𝑡

∈

,

 ∈ { , , , }

                                                            ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (5-8) 

Constraints (5-9) and (5-10) set the upward and downward bands provided by the EVs, TCLs, and 
PVs in real-time. Upward band defines the flexibility of the appliances to increase generation or 
decrease consumption in real-time. Downward band defines the flexibility of the appliances to 
decrease generation or increase consumption in real-time. 
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𝑈 , = 𝑈 , ,

∈

,

 ∈ { , , }

                                                                  ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (5-9) 

𝐷 , = 𝐷 , ,

∈

,

 ∈ { , , }

                                                                  ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (5-10) 

Thermostatically Controlled Load Constraints 

The optimization of the TCL requires six constraints. Constraints (5-11) and (5-13) define the 
ranges of electric power 𝑃 , ,  (𝑘𝑊) , upward band 𝑈 , ,  (𝑘𝑊)  and downward band 𝐷 , , . 

Constraints (5-14) and (5-15) define temporal trajectories of room temperatures 𝜃 , ,  and 

𝜃 , ,  (℃) for the extreme points of the band domain 𝑃 , , − 𝐷 , ,  and 𝑃 , , + 𝑈 , , . 
Constraints (5-16) and (5-17) guarantee that the temporal trajectories (5-14) and (5-15) satisfy 

the thermal comfort of the prosumer 𝜃 , 𝜃  in the periods of house occupancy. In short, the 
four constraints (5-14)-(5-17) ensure that the thermal comfort of the prosumers are satisfied  
for any value of band within the multi-temporal flexibility domain of the TCL. 

0 ≤ 𝑃 , , + 𝑈 , , ≤ 𝑃 ,                                                         ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (5-11) 

𝑃 , , , 𝑈 , , , 𝐷 , , ≥ 0,                                                               ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (5-12) 

𝑃 , , ≥ 𝐷 , , ,                                                                                ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (5-13) 

𝜃 , , = 𝛽 𝜃 , , + (1 − 𝛽 ) 𝜃 , + 𝐶𝑂𝑃 ∙ 𝑅 ∙ 𝑃 , , − 𝐷 , , + 𝜗 , , ,                  

∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇    

(5-14) 

𝜃 , , = 𝛽 𝜃 , , + (1 − 𝛽 ) 𝜃 , + 𝐶𝑂𝑃 ∙ 𝑅 ∙ 𝑃 , , + 𝑈 , , + 𝜗 , , ,                

 ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇    

(5-15) 

𝜃 ≤ 𝜃 , , ≤ 𝜃 ,                                                                         ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑂 ,  (5-16) 

𝜃 ≤ 𝜃 , , ≤ 𝜃 ,                                                                         ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑂 ,  (5-17) 

The TCL parameters can be fixed or variable. The fixed parameters are the following: thermal 

resistance 𝑅  (℃/𝑘𝑊) ; thermal capacitance 𝐶  (𝑘𝑊ℎ/℃);  thermal constant 𝛽 = 𝑒
∆

; 
maximum electric power 𝑃  (𝑘𝑊) ; coefficient of performance 𝐶𝑂𝑃 ; and comfort 

preferences  𝜃  (℃) and 𝜃 . The variable parameters assume the form of scenarios and are the 
following: heat gains and losses 𝜗 ,  (℃); outdoor temperature 𝜃  (℃); and house occupancy 

𝑡 ∈ 𝑂 , . The full description of the TCL parameters is available in section 4.2.1. 

Electric Vehicle Constraints 

The optimization of the EV requires thirteen constraints. Constraints (5-18) and (5-19) set the 
ranges of charging power 𝑃 , ,

∨  (𝑘𝑊) and discharging power 𝑃 , ,
∧  of the EV. This model does not 

require the adoption of binary variables to avoid simultaneous charging and discharging due to 
the price structure of the objective function. The net power of the EV is given by 𝑃 , , = 𝑃 , ,

∨ −

𝑃 , ,
∧ . Constraints (5-20) and (5-21) set the SOC (𝑘𝑊ℎ) within its limits 𝑆𝑂𝐶 , 𝑆𝑂𝐶 . Constraint 
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(5-22) ensures that the SOC at departure time 𝑡 ,  is satisfied. The goal is to ensure the 

preferences 𝑡 ,  and 𝑆𝑂𝐶 ,  of the EV’s driver.  

0 ≤ 𝑃 , ,
∧ ≤ 𝑃 ,                                                                           ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (5-18) 

0 ≤ 𝑃 , ,
∨ ≤ 𝑃 ,                                                                           ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (5-19) 

𝑆𝑂𝐶 , , = 𝑆𝑂𝐶 , , + 𝜂 𝑃 , ,
∨ − 𝑃 , ,

∧ 𝜂⁄ ∙ ∆𝑡,                  ∀ 𝑗 ∈ 𝐽 ,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (5-20) 

𝑆𝑂𝐶 ≤ 𝑆𝑂𝐶 , , ≤ 𝑆𝑂𝐶 ,                                                        ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (5-21) 

𝑆𝑂𝐶 , , ,
≥ 𝑆𝑂𝐶 , ,                                                                    ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼   (5-22) 

The band supplied by the EV is defined by constraints (5-23)-(5-30). The V2G enables the 
provision of downward band by increasing consumption or decreasing generation in real-time, 
and upward band by decreasing consumption or increasing generation in real-time. Constraint 
(5-23) limits the downward band 𝐷 , ,  (𝑘𝑊)  to the available discharging power. Constraint 

(5-24) limits the upward band 𝑈 , ,  (𝑘𝑊) to the available charging power. Constraints (5-25)-
(5-28) ensure that the EV only provides upward or downward bands if the SOC is within the limits 

𝑆𝑂𝐶
𝑖
, 𝑆𝑂𝐶𝑖 . 

0 ≤ 𝐷 , , ≤ 𝑃 − 𝑃 , ,
∧ ,                                                             ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (5-23) 

0 ≤ 𝑈 , , ≤ 𝑃 − 𝑃 , ,
∨ ,                                                             ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (5-24) 

𝑈 , , ≤
𝑆𝑂𝐶 − 𝑆𝑂𝐶 , ,

∆𝑡 ∙ 𝜂
,                                                         ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐿 ,   𝑡 ∈ 𝑇 ,  (5-25) 

𝑈 , , ≤
𝑆𝑂𝐶 , , − 𝑆𝑂𝐶 𝜂

∆𝑡
,                                                 ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐿 ,   𝑡 ∈ 𝑇 ,  (5-26) 

𝐷 , , ≤
𝑆𝑂𝐶 − 𝑆𝑂𝐶 , ,

∆𝑡 ∙ 𝜂
,                                                         ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐿 ,   𝑡 ∈ 𝑇 ,  (5-27) 

𝐷 , , ≤
𝑆𝑂𝐶 , , − 𝑆𝑂𝐶 𝜂

∆𝑡
,                                                 ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐿 ,   𝑡 ∈ 𝑇 ,  (5-28) 

Constraint (5-29) limits the total amount of downward band to the energy required by the 
prosumer to charge the EV (𝑆𝑂𝐶 , − 𝑆𝑂𝐶 , ).  Constraint (5-30) limits the total amount of 
upward band. 

𝐷 , , ∙ ∆𝑡 ∙ 𝜂

∈ ,

≤ 𝑆𝑂𝐶 , − 𝑆𝑂𝐶 , ,                                                    ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼  (5-29) 

𝑈 , , ∙ ∆𝑡 ∙ 𝜂

∈ ,

≤ 𝑆𝑂𝐶 , − 𝑆𝑂𝐶 , ,                                                    ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼  (5-30) 

The EV parameters can be fixed or variable. The fixed parameters are the following: charging 
and discharging efficiency 𝜂 ;  charging and discharging power rate 𝑃  (𝑘𝑊); minimum state-

of-charge 𝑆𝑂𝐶  (𝑘𝑊ℎ);  and maximum state-of-charge 𝑆𝑂𝐶 . The variable parameters and sets 
assume the form of scenarios and are the following: departure time 𝑡 , ; arrival time 𝑡 , ; 

availability period 𝑇 = [𝑡 , … , 𝑡 ]; SOC at arrival time 𝑆𝑂𝐶 , ; and SOC at departure time 
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𝑆𝑂𝐶 , . The variable parameters are forecasted by the aggregator on a daily basis. The complete 

description of the EV parameters is available in section 4.2.1. 

Photovoltaic Generation Constraints 

The optimization of the PV generation requires four constraints. Constraint (5-31) sets the PV 
power generation 𝑃 , ,  (𝑘𝑊) . Constraint (5-32) ensures the limits of the curtailment of PV 

generation 𝑃 , ,  (𝑘𝑊) . Constraints (5-33) and (5-34) set the range of downward 𝐷 , ,  and 

upward 𝑈 , ,  (𝑘𝑊)  bands. The scenario-based parameter is the profile of PV generation 

𝑃𝑟 , , ∀ 𝑗, 𝑖 .  

𝑃 , , = 𝑃 , , − 𝑃𝑟 , , ,                                                                        ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (5-31) 

0 ≤  𝑃 , , ≤ 𝑃𝑟 , , ,                                                                            ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (5-32) 

0 ≤ 𝐷 , , ≤ 𝑃 , , ,                                                                               ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (5-33) 

0 ≤ 𝑈 , , ≤ 𝑃𝑟 , , − 𝑃 , , ,                                                               ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (5-34) 

Inflexible load 

The inflexible load is modeled through a set of scenarios of power consumption 𝑃𝑟 , , ∀ 𝑗, 𝑖 . 

The inflexible load is given by 𝑃𝑗,𝑖,𝑡
𝐼𝐿 = 𝑃𝑟𝑗,𝑖,𝑡

𝐼𝐿 . 

The detailed description of the methodologies used to compute the prosumers information 
under the form of scenarios is available in Appendix A (section A-1). The prosumers information 
includes TCL parameters, EV parameters, inflexible load and PV generation. 

5.3 Hierarchical Model Predictive Control  

During the operating day D, the aggregator runs a hierarchical MPC to set the operation of the 
flexible resources and ensure the delivery of energy and reserve services. The sequential steps 
of the hierarchical MPC are illustrated in Figure 5-2 and described below:  

1. at the beginning of each time interval ℎ , the aggregator updates the prosumers 
information. The HEMS of each prosumer communicates the information described in 
Table 4-5;  

2. the AGC communicates a power control signal to dispatch the aggregated generation or 
consumption of the prosumers;  

3. the aggregator dispatches the flexible resources and ensures the delivery of energy and 
reserve services through a hierarchical approach with two levels. In the first level, a 
deterministic optimization dispatches the flexible resources in a cost-effective way, 
while ensuring that the band sold in the day-ahead market can be provided if requested. 
The deterministic optimization runs in cycles of 30 minutes. In the second level, the 
controller adjusts the consumption and generation of the flexible resources to the AGC 
signal. The feedback control system runs in cycles of 10 seconds. The deterministic 
optimization is described in section 5.3.1, while the controller is covered in section 5.3.2; 
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4. power (EV and PV) and temperature (TCL) set-points are communicated by the 
aggregator to the HEMS, which conveys the set-points to the appliances. This sequential 
process is repeated for the next time interval, ℎ + 1 (go to step 1). 

The hierarchical MPC runs in continuous mode during the operating day in cycles of 10 seconds 
ℎ ∈ 𝐻 . It is assumed that the flexible resources need at least 5 seconds to deliver the requested 
power output. 

 
Figure 5-2 – Secondary reserve and energy markets: sequential steps of the hierarchical model 

predictive control. 

5.3.1 Deterministic Optimization Model 

The deterministic optimization model (5-35)-(5-69) sets the consumption and generation of the 
flexible resources according to the three following objectives: 

1. minimizing the net cost of the aggregator delivering energy and secondary reserve; 

2. ensuring that the band sold in the day-ahead secondary reserve market can be 
provided, if requested by the AGC; 

3. satisfying the preferences of the prosumers.  

Objective Function  

The deterministic optimization model is formulated as a minimization problem. The objective 
function (5-35) has three terms: 

1. the first term 𝜆 |
, ∙ ∆𝐸 | −𝜆 |

, ∙ ∆𝐸 |  defines the imbalance costs. The 

positive energy imbalance ∆𝐸 |  (𝑘𝑊ℎ)  is valued at positive imbalance price 

𝜆 |
,  (€/𝑘𝑊ℎ) . The negative energy imbalance ∆𝐸 |  is valued at negative 

imbalance price 𝜆 |
,  (€/𝑘𝑊ℎ); 

2. the second term 𝜆 | ∙ ∅ | ∙ 𝐷 | − 𝜆 | ∙ ∅ | ∙ 𝑈 |  defines the cost and 

revenue of mobilizing downward band ∅ | ∙ 𝐷 |  and upward band ∅ | ∙ 𝑈 |  

in real-time. The variable 𝑈 |  (𝑘𝑊) is the upward band and 𝐷 |  is the downward 

band. The mobilized upward band is valued at upward tertiary reserve price 𝜆 |  
(€/𝑘𝑊ℎ) and the mobilized downward band is valued at downward tertiary reserve 
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price 𝜆 | . The parameter ∅ |  is the ratio of upward utilization to band and  ∅ |  

is the ratio of downward utilization to band;  

3. the third term λ |
, ∆𝑈 | + ∆𝐷 |  is the penalty for band not supplied in both 

upward ∆𝑈 |  (𝑘𝑊)  and downward ∆𝐷 |  directions. The band not supplied is 

valued at actual price λ |
,  (€/𝑘𝑊). 

The generation and consumption of the prosumers are optimized for a horizon 𝑇  with time 
intervals 𝑡 and 𝑘 of 30 minutes ∆𝑘 (ℎ). 

𝑀𝑖𝑛 

⎣
⎢
⎢
⎡ 𝜆 |

, ∙ ∆𝐸 | −𝜆 |
, ∙ ∆𝐸 | +

𝜆 | ∙ ∅ | ∙ 𝐷 | − 𝜆 | ∙ ∅ | ∙ 𝑈 | ∆𝑘

+λ |
, ∆𝑈 | + ∆𝐷 | ∆𝑘 ⎦

⎥
⎥
⎤

∈

   (5-35) 

The electricity market information is updated by the aggregator and includes negative imbalance 
price 𝜆 |

, , positive imbalance price 𝜆 |
, , upward tertiary reserve price 𝜆 | , downward 

tertiary reserve price 𝜆 | , ratio of upward utilization to band ∅ | , ratio of downward 

utilization to band ∅ |  and penalty for band not supplied λ |
, .  

Market Trading and Energy Balance Constraints 

Constraint (5-36) defines the energy balance between day-ahead market commitments and real-
time realizations. The binary variable 𝜑 |  and big number 𝑀  impose one of the two 
constraints (5-37) or (5-38). The aggregator provides band flexibility (5-38) or generates energy 
imbalances (5-37). Constraints (5-39) and (5-40) define the upward and downward bands not 
supplied. Constraint (5-41) divides the band into upward and downward directions. In the 
MIBEL, the value of 𝜏 is 2. In this formulation, the bids 𝐸 | , 𝐷 |  and 𝑈 |  are parameters 
resulted from the day-ahead optimization, instead of decision variables. 

∆𝐸 | − ∆𝐸 | + 𝐷 | − 𝑈 | ∆𝑘 = 𝐸 | − 𝐸 | ,                         ∀ 𝑘 ∈ 𝑇 (5-36) 

∆𝐸 | + ∆𝐸 | ≤ 1 − 𝜑 | 𝑀,                                                                     ∀ 𝑘 ∈ 𝑇 (5-37) 

𝐷 | + 𝑈 | ≤ 𝜑 | 𝐷 | + 𝑈 | ,                                                         ∀ 𝑘 ∈ 𝑇 (5-38) 

∆𝐷 | = 𝐷 | − 𝐷 | ,                                                                                       ∀ 𝑘 ∈ 𝑇 (5-39) 

∆𝑈 | = 𝑈 | − 𝑈 | ,                                                                                       ∀ 𝑘 ∈ 𝑇 (5-40) 

𝑈 | = 𝜏𝐷 | ,                                                                                                         ∀ 𝑘 ∈ 𝑇 (5-41) 

∆𝐷 | , ∆𝑈 | , ∆𝐸 | , ∆𝐸 | , 𝐷 | , 𝑈 | ≥ 0,                                       ∀ 𝑘 ∈ 𝑇 (5-42) 

Constraint (5-43) sets the consumption and generation of all prosumers’ resources in real-time 
𝐸 ,  (𝑘𝑊ℎ). The electric power 𝑃 , ,  of the appliance 𝑖 ∈ 𝐼  is positive for load and negative for 
generation. Constraints (5-44) and (5-45) define the aggregated band of the prosumers for both 
upward and downward directions. The sources of upward and downward bands are the EVs, 
TCLs and PVs. 
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𝐸 | = 𝑃 , | ∆𝑘

∈

,

∈{ , , , }

                                                           ∀ 𝑘 ∈ 𝑇 (5-43) 

𝑈 | = 𝑈 , |

∈

,

 ∈ { , , }

                                                                  ∀ 𝑘 ∈ 𝑇 (5-44) 

𝐷 | = 𝐷 , |

∈

,

 ∈ { , , }

                                                                  ∀ 𝑘 ∈ 𝑇 (5-45) 

Thermostatically Controlled Load Constraints 

The optimization of the TCL requires six constraints. Constraints (5-46) and (5-47) set the ranges  
of the electric power 𝑃 , |  (𝑘𝑊) , upward band 𝑈 , |  (𝑘𝑊)  and downward band 

𝐷 , |  (𝑘𝑊) of the TCL. Constraints (5-49) and (5-50) define temporal trajectories of room 

temperatures 𝜃 , |  (℃)  and 𝜃 , |  for the extreme points of the band domain. 
Constraints (5-51) and (5-52) guarantee that the temporal trajectories (5-49) and (5-50) satisfy 

the thermal comfort of the prosumer 𝜃 , 𝜃   in the periods of house occupancy. 

0 ≤ 𝑃 , | + 𝑈 , | ≤ 𝑃 ,                                                                ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (5-46) 

𝑃 , | ≥ 𝐷 , | ,                                                                                       ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (5-47) 

𝑈 , | , 𝐷 , | , 𝑃 , | ≥ 0,                                                                    ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (5-48) 

𝜃 , | = 𝛽 𝜃 , | + (1 − 𝛽 ) 𝜃 | + 𝐶𝑂𝑃 ∙ 𝑅 ∙ 𝑃 , | − 𝐷 , |

+ 𝜗 , | ,                                                                     ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 
(5-49) 

𝜃 , | = 𝛽 𝜃 , | + (1 − 𝛽 ) 𝜃 | + 𝐶𝑂𝑃 ∙ 𝑅 ∙ 𝑃 , | + 𝑈 , |

+ 𝜗 , | ,                                                                     ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 
(5-50) 

𝜃 ≤ 𝜃 , | ≤ 𝜃 ,                                                                                    ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑂 ,  (5-51) 

𝜃 ≤ 𝜃 , | ≤ 𝜃 ,                                                                                    ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑂 ,  (5-52) 

Electric Vehicle Constraints 

The optimization of the EV requires ten constraints. Constraints (5-53) and (5-54) define if the 
EV charges or discharges according to the binary variable 𝜙𝑖,𝑡+𝑘|𝑡. Constraints (5-55) and (5-56) 

set the SOC within its limits. Constraint (5-57) sets the SOC at departure time and ensures the 
preferences of the prosumers. 

0 ≤ 𝑃 , |
∨ ≤ 𝜙 , | 𝑃 ,                                                                    ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (5-53) 

0 ≤ 𝑃 , |
∧ ≤ 1 − 𝜙 , | 𝑃 ,                                                       ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (5-54) 

𝑆𝑂𝐶 , | = 𝑆𝑂𝐶 , | + 𝜂 𝑃 , |
∨ − 𝑃 , |

∧ 𝜂⁄ ∙ ∆𝑘,         ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (5-55) 

𝑆𝑂𝐶 ≤ 𝑆𝑂𝐶 , | ≤ 𝑆𝑂𝐶 ,                                                               ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (5-56) 

𝑆𝑂𝐶 , ≥ 𝑆𝑂𝐶 ,                                                                                  ∀ 𝑖 ∈ 𝐼  (5-57) 
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The upward and downward bands of the EV are defined by constraints (5-58)-(5-64). Constraint 
(5-58) limits the downward band 𝐷 , |  (𝑘𝑊) to the available discharging power. Constraint 

(5-59) limits the upward band 𝑈 , |  (𝑘𝑊) to the available charging power. Constraints (5-60)-
(5-63) ensure that the EV only provides upward and downward bands if the SOC is within the 

limits 𝑆𝑂𝐶 , 𝑆𝑂𝐶 . Constraint (5-64) limits the downward band to the residual flexibility 
𝑅𝐹 ,  (𝑘𝑊ℎ). 

0 ≤ 𝐷 , | ≤ 𝑃 − 𝑃 , |
∧ ,                                                               ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (5-58) 

0 ≤ 𝑈 , | ≤ 𝑃 − 𝑃 , |
∨ ,                                                               ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (5-59) 

𝑈 , | ≤
𝑆𝑂𝐶 − 𝑆𝑂𝐶 , |

∆𝑘 ∙ 𝜂
,                                                           ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (5-60) 

𝐷 , | ≤
𝑆𝑂𝐶 − 𝑆𝑂𝐶 , |

∆𝑘 ∙ 𝜂
,                                                           ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (5-61) 

𝑈 , | ≤
𝑆𝑂𝐶 , | − 𝑆𝑂𝐶 𝜂

∆𝑘
,                                                   ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (5-62) 

𝐷 , | ≤
𝑆𝑂𝐶 , | − 𝑆𝑂𝐶 𝜂

∆𝑘
,                                                   ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (5-63) 

𝐷 , | ∙ ∆𝑘 ∙ 𝜂

∈

≤ 𝑅𝐹 , ,                                                               ∀ 𝑖 ∈ 𝐼  (5-64) 

The residual flexibility 𝑅𝐹 ,  defines how much band flexibility the EV can provide. The residual 
flexibility is updated by equation (5-65) at the beginning of each time interval 𝑡 (i.e., at step 1). 
The index 𝑡 represents the actual time interval. 

𝑅𝐹 , = max
 

𝑃 𝑡 − 𝑡 ∆𝑘 − 𝑆𝑂𝐶 − 𝑆𝑂𝐶 ,  , 0  (5-65) 

Photovoltaic Generation Constraints 

The optimization of the PV generation requires four constraints. Constraint (5-66) defines the 
PV generation 𝑃 , |  (𝑘𝑊) . Constraint (5-67) defines the range of the curtailment of PV 

generation 𝑃 , |  (𝑘𝑊). Constraints (5-68) and (5-69) set the range of the downward 𝐷 , |   

and upward 𝑈 , |  bands. 

𝑃 , | = 𝑃 , | − 𝑃𝑟 , | ,                                                                     ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (5-66) 

0 ≤  𝑃 , | ≤ 𝑃𝑟 , | ,                                                                              ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (5-67) 

0 ≤ 𝐷 , | ≤ 𝑃 , | ,                                                                                 ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (5-68) 

0 ≤ 𝑈 , | ≤ 𝑃𝑟 , | − 𝑃 , | ,                                                            ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (5-69) 

Inflexible load 

The inflexible load is modeled through point forecasts or actual measured values of power 
consumption 𝑃 , | = 𝑃𝑟 , | . 

Outputs 
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The outputs of the deterministic optimization are presented in Table 5-1 and include the 
aggregated and individual consumption and generation of the flexible resources, and upward 
and downward bands (i.e., flexibilities). The outputs of the deterministic optimization are 
updated at every interval 𝑡 of 30 minutes ∆𝑘.  

Table 5-1 – Outputs of the deterministic optimization. 

Type Variables 

Aggregated  𝑈  , 𝐷 , 𝑃  
Individual  𝐷 , , 𝑈 , , 𝑃 ,     ∀ 𝑣 ∈  {𝑃𝑉, 𝑇𝐶𝐿, 𝐸𝑉} 

Figure 5-3 shows the visual representation of one possible outcome of the deterministic 
optimization. In the day-ahead market stage, the aggregator sold 3 MW of band 𝐵  (2 MW of 
upward flexibility 𝑈  and 1 MW of downward flexibility 𝐷 ) and bought 4 MWh of energy 
𝐸  (𝑃 ∆𝑘) . In the real-time stage, the aggregator complies with the day-ahead market 
commitments by providing the same level of flexibility sold in the day-ahead market (i.e., 𝐷 =

𝐷  and 𝑈 = 𝑈 ). In the second level of the hierarchical approach, the controller adjusts 
the operating point of the aggregator’s portfolio 𝑃  (𝐸 ∆𝑘⁄ )  to the AGC signal, as is 
described in next section.   

 

Figure 5-3 – Visual representation of the upward and downward flexibilities. 

5.3.2 Controller  

The role of the controller is to adjust the consumption and generation of the flexible resources 
according to the AGC signal. The sequential steps of the feedback control loop are illustrated in 
Figure 5-5 and described below:  

1. at the beginning of time step ℎ, the controller updates the prosumers information (see 
Table 4-5); 

2. the controller updates the value of the AGC signal 𝑃  (𝑘𝑊). Note that the AGC signal 
is computed based on the day-ahead band and energy bids (see Figure 5-4); 

3. the controller updates the outputs of the deterministic optimization (see Table 5-1); 

4. the consumption and generation of the flexible resources are computed by equations 
(5-70) and (5-71) with the objective of adjusting the operating point 𝑃  (𝑘𝑊) of the 
aggregator to the AGC signal (see Figure 5-4). Equation (5-70) defines the activated 
flexibility band 𝜓  (𝑘𝑊) of the aggregator’s portfolio.   
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𝜓 =

min
 

𝑃 − 𝑃 ,   𝑈 ,                         𝑈 + 𝐷 > 0 ∧ 𝑃 ≥ 𝑃

min
 

𝑃 − 𝑃 ,   𝐷 ,                        𝑈 + 𝐷 > 0 ∧ 𝑃 < 𝑃

0,                                                                   𝑈 + 𝐷 = 0                           

 (5-70) 

Equation (5-71) defines the consumption and generation of the flexible resources, based 
on the activated flexibility band 𝜓 .   

𝑃 , =

⎩
⎨

⎧
𝑃 , + min

 
𝜓 𝑈 , 𝑈⁄ ,   𝑈 , ,                     𝜓 > 0 ∧ 𝑃 ≥ 𝑃

𝑃 , − min
 

𝜓 𝐷 , 𝐷⁄ ,   𝐷 , ,                     𝜓 > 0 ∧ 𝑃 < 𝑃

𝑃 , ,                                                                            𝜓 = 0                            

   

∀ 𝑣 ∈ {𝑃𝑉, 𝑇𝐶𝐿, 𝐸𝑉},   𝑖 ∈ 𝐼  

(5-71) 

Note that the 𝑃 = ∑ ∑ 𝑃 ,∈∈{ , , , } . 

 

Figure 5-4 – Visual representation of the AGC tracking system of the controller. 

5. power (EV and PV) and temperature (TCL) set-points are communicated to the HEMS, 
which conveys the set-points to the appliances. This sequential process is repeated for 
the next time interval, ℎ + 1 (go to step 1). 

 

Figure 5-5 – Loop of the feedback control system. 
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5.4 Case Study 

The aggregator of prosumers participates in the energy and secondary reserve markets of MIBEL 
during the first week of December 2015 (from November 30th to December 6th). The portfolio of 
the aggregator includes 1000 prosumers from Porto (Portugal), each one owns 1 PV system, 1 
TCL, and 1 EV.   

Data 

The case study data includes information of the prosumers and electricity market. The 
prosumers information comprises TCL parameters, EV parameters, inflexible load and PV 
generation. They can assume the form of day-ahead scenarios, point forecasts or actual values. 
The electricity market information includes day-ahead and real-time point forecasts and actual 
values of energy prices, imbalance prices, tertiary reserve prices, secondary band prices, ratios 
of utilization to band and an AGC signal. The prosumers data and electricity market information 
are described in Appendix A. 

Optimization Algorithms 

In the day D-1, the aggregator uses the bidding optimization model to define the energy and 
band bids for the day-ahead energy and secondary reserve markets. During the operating day 
D, the aggregator uses a hierarchical MPC to set the operation of the flexible resources and 
adjust the operating point of the aggregator to the AGC signal.  

Implementation  

The optimization algorithms were implemented in Python and solved using the LP and MILP 
libraries of the IBM ILOG CPLEXTM 12.7 solver on a server machine with 96 GB RAM and an Intel© 
Xeon™ E-5680 CPU clocked at 3.33 GHz. The execution times and sizes of the bidding 
optimization model (LP) and hierarchical MPC (MILP) are described in Table 5-2. The execution 
times are suitable for the market timeline. 

The number of scenarios adopted by bidding optimization model was 25. This number was 
selected by a two-step heuristic algorithm described in Appendix B. 

Table 5-2 – Sizes and execution times of the bidding optimization model and hierarchical MPC 
(average values). 

 Bidding optimization model Hierarchical MPC 

Continuous variables 4,666,814 289,029 
Binary variables 0 6,686 
Constraints 6,618,902 370,359 
Execution time 62.8 min 19.9 min 

5.5 Numerical Results 

The results are divided into three main sections. Section 5.5.1 describes the day-ahead bidding 
results. Section 5.5.2 discusses the real-time control results. Finally, section 5.5.3 discusses the 
financial benefits of the aggregator and prosumers participating in the energy and secondary 
reserve markets. 
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5.5.1 Day-ahead Bidding Results 

Placement of the Energy and Secondary Reserve Bids 

Figure 5-6 illustrates the energy and bands bids on November 30th (Monday). The energy bids 
are divided into demand and supply offers. The band bids are divided into upward (2/3) and 
downward (1/3) directions according to the splitting rule of the MIBEL. The demand and band 
bids assume positive values and the supply bids assume negative values. The market information 
on November 30th is presented in Figure 5-7. 

 

Figure 5-6 – Energy and band bids on November 30th. Positive values are demand and band bids, and 
negative values are supply bids. 

The bidding model co-optimizes energy and band bids, which empowers the aggregator with 
four possible bidding options. Two of the bidding options consist of participating only in the 
energy market through demand and supply bids. Examples of these two energy placement 
options are the 0th and 20th hours. The other two bidding options consist of coupling energy bids 
with band bids. Examples of these two bidding options are the 4th and 18th hours.  

 

Figure 5-7 – Day-ahead electricity market information on November 30th, 2015. 

-2

0

2

4

6

8

10

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

En
er

gy
/p

ow
er

 (M
W

h/
M

W
)

Hours

Energy bid (        ) Band bid (         )𝐸 𝐵

25
35
45
55
65
75
85
95

0 2 4 6 8 10 12 14 16 18 20 22

Pr
ic

e 
(€

/M
W

h)

Hours
Positive imbalance (        ) Negative imbalance (        )
Energy (     )λ

λ , λ ,

10

15

20

25

30

0 2 4 6 8 10 12 14 16 18 20 22

Pr
ic

e 
(€

/M
W

)

Hours
Penalty for band not supplied (         ) Band (      )λλ ,

0.0

0.1

0.2

0.3

0.4

0.5

0 2 4 6 8 10 12 14 16 18 20 22

Ra
ti

o 
(0

-1
)

Hours
Ratio of upward utilization to band (       )
Ratio of downward utilization to band (       )ϖ

ϖ

20
30
40
50
60
70
80
90

0 2 4 6 8 10 12 14 16 18 20 22

Pr
ic

e 
(€

/M
W

h)

Hours
Upward tertiary reserve (      )
Downward tertiary reserve (      )λ

λ



Chapter 5 – Optimization Algorithms for the Secondary Reserve and Energy Markets 

125 

The aggregator submits most of the demand bids in the hours of low energy prices and the 
supply bids in the hours of high prices (see Figure 5-7). The band bids are submitted to the day-
ahead secondary reserve market when the prosumers have upward and downward flexibilities 
to offer. The band bids tend to be placed in the hours of high band prices 𝜆  and high product 
between upward tertiary reserve prices and ratios of upward utilization to band 𝜆 𝜛 . The 3rd 
and 4th hours are examples of this bidding behavior with band prices 𝜆  of 17.6 and 17.2 €/MW, 
and products 𝜆 𝜛  of 29.8 and 30.0 €/MWh. 

Cumulative Bidding Results 

Table 5-3 compares the cumulative bidding results of three bidding strategies for one week. The 
energy + secondary strategy considers the participation of the aggregator in both energy and 
secondary reserve markets, while inflexible and energy strategies only consider the participation 
of the aggregator in the energy market. The energy and inflexible strategies are described in 
chapter 4. The energy strategy is named stochastic in chapter 4. 

The energy + secondary strategy presents the lowest cost of 4.35 k€, outperforming energy and 
inflexible strategies with costs of 5.77 k€ and 7.18 k€. The revenue from selling band availability 
and mobilized band contributes to reducing the cost of the aggregator by 1.41 k€ (25%) and 2.83 
k€ (39%) compared to the energy and inflexible strategies. The demand cost of energy + 
secondary strategy is high since the aggregator submits high quantities of demand bids to the 
energy market, in order to be able of offering upward band in the secondary reserve market. 
The amount of band bids is high. It represents 48% of the energy offers. This means that the 
aggregator’s portfolio presents a good flexibility range. However, the flexibility is only available 
in some hours of the day, as described in Figure 5-6. In the other hours, selling flexibility in the 
form of band bids is not cost-effective. 

Table 5-3 – Cumulative day-ahead bidding results for the first week of December 2015. Negative 
values are revenues and positive values are costs. 

Bidding strategy Energy + secondary  Energy Inflexible 

Demand cost (k€) 9.42 8.01 7.42 
Supply revenue (k€) -1.86 -2.32 -0.25 
Expected imbalance cost (k€) 0.08 0.08 - 
Band revenue (k€) -1.78 - - 
Expected mobilized band revenue (k€) -1.61 - - 
Cost of the expected band not supplied (k€) 0.10 - - 
Total cost (k€) 4.35 5.77 7.18 

Demand bids (MWh) 181.69 158.67 122.45 
Supply bids (MWh) 28.52 35.96 3.93 
Band bids (MW) 101.22 - - 

Disaggregation of the Cumulative Bidding Results per Type of Resource 

Table 5-4 presents the disaggregation of the cumulative bidding results per type of resource. 
The EV is the main source of load and generation followed by IL and TCL, as sources of 
consumption, and PV as a source of generation. In addition, the EV is also the main source of 
upward and downward bands followed by the TCL and PV. The EVs are responsible for more 
than 80% of the offered band flexibility. This justifies the distribution of the band flexibility along 
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the day. Most of the band bids are placed at the early hours of the day, as described in Figure 
5-6 since it corresponds to a period with high availability to charge and discharge the EV. 

Table 5-4 – Disaggregation of the cumulative bidding results. 

 
Expected load 

(MWh) 
Expected generation 

(MWh) 
Expected upward band 

(MW) 
Expected downward band 

(MW) 

EV 107.9 54.5 46.6 32.3 
TCL 26.8 - 13.0 ~0 
PV - 24.2 5.3 ~0 
IL 64.8 - - - 

Total 199.5 78.7 64.9 32.3 

5.5.2 Real-time Control Results 

Energy Imbalances 

Figure 5-8 shows the energy imbalances on November 30th (Monday). The energy imbalances 
are uninstructed deviations generated by the aggregator to correct day-ahead market positions. 
The energy imbalances are placed in the more economically favorable periods for the 
aggregator. One example of this behavior is the 1st hour when the aggregator increases 
consumption (∆𝐸 > 0). This increase in consumption represents a cost for the aggregator 
valued at the negative imbalance price.  The 1st hour presents a low negative imbalance price, 
as shown in Figure 5-9. Another example of this behavior is the 20th hour, when the aggregator 
increases generation (∆𝐸 > 0) . This increase in generation represents a revenue for the 
aggregator valued at the positive imbalance price. The 20th hour presents a high positive 
imbalance price.  

 

Figure 5-8 – Energy imbalances on November 30th. Positive values are positive energy imbalances and 
negative values are negative energy imbalances. 

The energy imbalances are mostly placed in the periods of no foreseen band activation, as 
shown in Figure 5-8 and Figure 5-10 since one of the main objectives of the aggregator is to 
ensure that band can be provided, if requested. The only exception is the 18th hour, as depicted 
in Figure 5-11. 
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Figure 5-9 – Real-time forecasted imbalance prices on November 30th, 2015. 

Mobilized Secondary Reserve 

The AGC deploys the band sold by the aggregator in the day-ahead secondary reserve market. 
The band can be mobilized in both upward or downward directions. Figure 5-10 shows the 
mobilized downward and upward bands on November 30th. Most of the mobilized band is 
observed at early hours of the day since most of the day-ahead band offers were placed at that 
hours, as shown in Figure 5-6. The mobilized band for upward and downward directions are 4.2 
MWh and 0.3 MWh, respectively. The upward band represents 93% of the total mobilized band. 
The mobilized upward band corresponds to 44% of total upward band sold in the day-ahead 
secondary reserve market (9.5 MW), while the mobilized downward band corresponds to 7% of 
the total downward band sold in the day-ahead secondary reserve market (4.8 MW). 

 

Figure 5-10 – Mobilized band in both upward and downward directions on November 30th. 

At the 16th and 18th hours, the aggregator is not capable of providing the totality of the band 
requested by the AGC, as shown in Figure 5-11. At the 16th hour, the aggregator only supplies 
62% (0.09 MWh) of the total upward band (0.15 MWh) requested by the AGC. At the 18th hour, 
the aggregator fails to provide the totality of the requested upward band. The upward band not 
supplied is due to the lack of flexibility of the aggregator’s portfolio. Note that the aggregator 
fails to provide band when the aggregator is unable to deliver partially or totally the power 
requested by the AGC.  
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Figure 5-11 – Band not supplied in both upward and downward directions on November 30th. 

Cumulative Real-Time Results  

Table 5-5 shows the cumulative financial results for the first week of December 2015. The 
hierarchical MPC generates a revenue of 1.56 k€ that results from the mobilization of reserve 
band (revenue of 1.85 k€) and arbitrate of energy (cost of 0.29 k€). The mobilization of upward 
reserve generates a revenue of 2.06 k€, while the mobilization of downward reserve produces 
a cost of 0.16 k€. The penalty for the band not supplied is low (0.05 k€). 

Table 5-5 – Cumulative financial results for one week. Negative values are revenues and positive 
values are costs. 

 Hierarchical MPC 

Positive imbalances (k€) -0.56 
Negative imbalances (k€) 0.84 
Mobilized upward band (k€) -2.06 
Mobilized downward band (k€) 0.16 
Band not supplied (k€) 0.05 

Total (k€) -1.56 

The cumulative real-time results of energy and reserves for one week are shown in Table 5-6. 
The AGC mobilizes 4.6 more times upward band than downward band. The energy imbalances 
increased with the participation of the aggregator in the secondary reserve market compared 
to the participation of the aggregator only in the energy market (13.8 MWh, see Table 4-12). 
The aggregator uses the flexibility of the prosumers to ensure reserve provision, which reduces 
the flexibility to mitigate energy imbalances.  

Table 5-6 – Cumulative real-time results of energy and reserves for one week. 

 Hierarchical MPC 

Positive energy imbalances (MWh) 11.7 
Negative energy imbalances (MWh) 11.0 
Mobilized upward band (MWh) 26.5 
Mobilized downward band (MWh) 5.8 
Band not supplied (MWh) 2.2 

Disaggregation of the Cumulative Band per Type of Flexible Resource 

The upward and downward bands result from the deterministic optimization. The flexibility 
band provided during the real-time operation is similar to the band sold in the day-ahead 
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market. The aggregator sold 67.5 MW of upward band and 33.7 MW of downward band and 
provided 61.9 MW of upward band and 30.9 MW of downward band (see Table 5-3 and Table 
5-7). The distribution of the band by the type of flexible resource is also similar between the 
day-ahead and real-time stages, as shown in Table 5-4 and Table 5-7. 

Table 5-7 – Disaggregation of the cumulative upward and downward bands. 

 Upward band (MW) Downward band (MW) 

EV 41.0 30.7 
TCL 15.4 0.1 
PV 5.5 0.1 

Total 61.9 30.9 

Tracking of the AGC Signal  

The controller increases and reduces the consumption and generation of the flexible resources 
in order to adjust the operating point of the aggregator 𝑃  to the AGC signal 𝑃 . Figure 5-12 
shows the controller tracking the AGC signal at the 3rd hour of November 30th. The aggregator 
tracks perfectly the power signal communicated by the AGC. The AGC signal falls inside the 
flexibility area defined by the deterministic optimization. The band sold in the day-ahead market 
is provided during the operating hour. 

 

Figure 5-12 – Tracking of the AGC signal at the 3rd hour of November 30th. 

 

Figure 5-13 – Tracking of the AGC signal during the 16th hour of November 30th. 

At the 16th hour, the controller is not capable of tracking the AGC signal due to the lack of upward 
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which corresponds to 60% of the total upward band sold in the day-ahead secondary reserve 
market. Therefore, the lack of band flexibility during real-time is the main reason for the 
shortage of downward and upward reserves requested by the AGC.  

Control Set-Points 

The controller defines the set-points of the flexible resources based on the new power values 
computed to track the AGC signal. The set-points can assume the form of temperature or power. 
The aggregator communicates power set-points to define the operation of the EVs and PV units. 
The EV set-points define the charging and discharging power of the EV while the PV set-points 
define the power output of the PV unit. The temperature set-points define the temperature 
inside the room (or house). 

 

Figure 5-14 – Power set-points communicated by the aggregator to a HEMS of a prosumer. Positive 
values represent EV charging or PV generation. Negative values represent EV discharging. 

The preferences of the prosumers are always satisfied by the aggregator, as shown in Figure 
5-14 and Figure 5-15. The EV is fully charged at departure time and the thermal comfort of the 
prosumer is ensured in the hours of house occupancy. The thermal comfort is defined by the 
range of temperature [20,22] ℃. The aggregator curtails PV generation at the 9th hour to 
provide downward reserve. 

 

Figure 5-15 – Temperature set-points communicated by the aggregator to the HEMS of the prosumer. 
The shaded areas represent the interval of thermal comfort in the hours of house occupancy. 
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Table 5-8 compares the settlement results of three strategies for one week. The energy + 
secondary strategy considers the participation of the aggregator in both energy and secondary 
reserve markets, while the energy and inflexible strategies consider the participation of the 
aggregator in the energy market. Both inflexible and energy (or stochastic) strategies are 
described in chapter 4.  

The cost and revenue terms of the energy and inflexible strategies were computed using the 
settlement equations (3-1) and (3-2), while the revenue and cost terms of the energy + 
secondary strategy were calculated using equations (3-1)-(3-16). 

The energy + secondary strategy presents the lowest cost of 4.71 k€ outperforming energy and 
inflexible strategies with costs of 6.47 k€ and 7.94 k€. The participation of the aggregator in the 
secondary reserve market reduces the total cost in 1.76 k€ (27%) and 3.23 k€ (41%) compared 
to the energy and inflexible strategies.  

Table 5-8 – Settlement of the day-ahead and real-time transitions for the first week of December 
2015. Positive values are costs and negative values are revenues. 

Market stages Cost and revenue terms Energy + Secondary Energy Inflexible 

Day-ahead 
Demand (k€) 9.77 8.27 7.79 
Supply (k€) -1.94 -2.42 -0.25 
Band (k€) -1.55 - - 

Real-time 

Energy imbalances (k€) 0.28 0.62 0.41 
Mobilized upward band (k€) -2.06 - - 
Mobilized downward band (k€) 0.16 - - 
Band not supplied (k€) 0.05 - - 

 Total cost (k€) 4.71 6.47 7.94 

The participation of the aggregator in the secondary reserve market generates a revenue of 3.4 
k€. Selling band in the day-ahead market produces a revenue of 1.55 k€ while mobilizing band 
generates a revenue of 1.84 k€. Mobilizing band produces higher revenues since the upward 
tertiary reserve prices are typically much higher than the band prices.  

Prosumers 

Figure 5-16 shows the distribution of the weekly cost of the aggregator by the prosumers. The 
energy + secondary strategy presents the lowest medium of 4.7 € followed by the energy 
strategy with 6.3 € and inflexible strategy with 8.1 €. The maximum cost is 16.7 € with inflexible 
strategy and the maximum revenue is 2.7 € with energy + secondary strategy. These results 
show that the participation of the prosumers in the secondary reserve market changes the role 
of the prosumers. Instead of paying for the energy consumed, the prosumers are remunerated 
by the energy and reserve sold.  
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Figure 5-16 – Distribution of the weekly cost of the aggregator by the prosumers. Positive values are 
costs and negative values are revenues. 

Figure 5-17 presents the monthly discounts on electricity bills. The inflexible strategy is used as 
baseline to compute the monthly discounts with energy + secondary strategy and energy 
strategy. The medium discounts are 14.8 € with energy + secondary strategy and 7.7 € with 
energy strategy. The maximum discount is 43.3 € with energy + secondary strategy and the 
minimum discount is 0.1 € with energy strategy. The results also suggest that the two optimized 
strategies generate economic benefits for all the prosumers. 

 

Figure 5-17 – Monthly discounts on electricity bills. 

5.6 Final Remarks 

This chapter describes two novel optimization algorithms to support the participation of an 
aggregator of prosumers in both energy and secondary reserve markets. The first methodology 
consists of a two-stage stochastic model to define supply and demand bids for the day-ahead 
energy market, and band bids for the day-ahead secondary reserve market. The second 
algorithm consists of hierarchical MPC to dispatch the operation of the flexible resources and 
deliver the energy and reserve products traded in the day-ahead markets. The hierarchical MPC 
has two levels. In the first level, a deterministic model optimizes the net-load of the prosumers 
in a cost-effective way, while ensuring that the band sold in the day-ahead market can be 
provided if requested. In the second level, a controller adjusts the net-load of the prosumers to 
the AGC signal. 

The numerical results are divided into three sections. The first section discusses the day-ahead 
bidding results. Three main conclusions are drawn from the results: 

1. the bidding model empowers the aggregator with four possible bidding options. The 
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bids) or in both energy and secondary reserve markets (with demand and band bids or 
supply and band bids); 

2. the band bids are placed in the hours of high band prices and high product between 
upward tertiary reserve prices and ratios of upward utilization to band;  

3. the EV is the main source of flexibility band in both upward and downward directions 
followed by the TCL and PV. 

The second section discusses the performance of the hierarchical MPC. Three main conclusions 
are drawn from the results: 

1. the hierarchical MPC is capable of controlling multiple flexible resources and tracking an 
AGC signal;  

2. the controller tracks perfectly the AGC signal when the flexibility band provided by the 
deterministic optimization is sufficient; 

3. the hierarchical MPC satisfies always the preferences of the prosumers even when is 
tracking an AGC signal.  

The third section of results compares the financial performance of three strategies. The 
numerical results lead to the following conclusions: 

1. the energy + secondary strategy presents the lowest aggregator’s cost of 4.71 k€ 

outperforming energy and inflexible strategies with costs of 6.47 k€ and 7.94 k€. The 
energy + secondary strategy reduces the total cost of the aggregator by 1.76 k€ (27%) 
and 3.23 k€ (41%) compared to the energy and inflexible strategies; 

2. the distribution of the aggregator’s savings by the prosumers produces average monthly 
savings of 15.7 €/prosumer with energy + secondary strategy. The results also indicate 
that energy + secondary strategy reduces the electricity cost of all prosumers; 

As an overall conclusion, the participation of the prosumers in the secondary reserve market 
changes the role of the prosumers. The prosumers pass to buy and sell energy and reserve 
services, instead of just buying energy. Therefore, the prosumers become active elements of the 
energy system. 
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Chapter 6 – Optimization Algorithms for the Tertiary Reserve and 
Energy Markets 

6.1 Introduction 

The aggregator of prosumers trades energy and tertiary reserve in the electricity market. The 
participation of the aggregator in both energy and tertiary reserve markets at the day-ahead 
and real-time stages requires the chain of optimization algorithms described in Figure 6-1. 

In the day D-1, the aggregator defines and submits bids to the day-ahead energy market, and 
upward and downward reserve bids to the day-ahead tertiary reserve market. The bidding 
optimization model proposed in chapter 5 is modified, in order to include the possibility of the 
aggregator offering tertiary reserve power in both upward and downward directions. 

 

Figure 6-1 – Chain of optimization algorithms for the day-ahead and real-time stages of the energy 
and tertiary reserve markets.  

During the operating day D, the aggregator controls the operation of the flexible resources and 
delivers the energy and reserve products traded by the aggregator in the day-ahead markets. 
For this purpose, a novel MPC based on deterministic optimization is proposed. The MPC 
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optimizes the consumption and generation of the prosumers in a cost-effective way and ensures 
the reliable delivery of the tertiary reserve manually requested by the TSO. 

This chapter starts by describing the bidding optimization model in section 6.2. Then, the MPC 
is described in section 6.3. The case study and results are discussed in sections 6.4 and 6.5. The 
final remarks are presented in section 6.6. 

6.2 Bidding Optimization Model 

The aggregator defines energy bids 𝐸  (𝑘𝑊ℎ), upward reserve bids 𝑈  (𝑘𝑊) and downward 
reserve bids 𝐷  (𝑘𝑊) by solving the two-stage stochastic optimization model (6-1)-(6-34).  

Objective Function  

The two-stage stochastic linear optimization model is formulated as a minimization problem. 
The aim is to minimize the net cost of trading energy and tertiary reserve in both day-ahead and 
real-time market stages. The objective function (6-1) has five terms: 

1. the first term 𝜆 𝐸  is the net cost of trading energy 𝐸  in the day-ahead energy 
market. Negative values of 𝐸  are supply bids and positive values are demand bids. 
𝜆  (€/𝑘𝑊ℎ) is the energy price; 

2. the second term 𝜆 , ∆𝐸 , − 𝜆 , ∆𝐸 ,  is the expected imbalance cost due to deviations 
between day-ahead energy commitments and real-time energy realizations. A positive 
energy imbalance ∆𝐸 ,  (𝑘𝑊ℎ)  represents a shortage of demand or a surplus of 
generation. A negative energy imbalance ∆𝐸 ,  (𝑘𝑊ℎ) represents a surplus of demand 
or shortage of generation. Energy imbalances are valued at 𝜆 , (€/𝑘𝑊ℎ) and 𝜆 , ; 

3. the third term 𝜆 𝐷 , − 𝜆 𝑈 ,  is the expected cost and revenue of mobilizing 
downward 𝐷 , (𝑘𝑊)  and upward 𝑈 , (𝑘𝑊)  tertiary reserves during the real-time 
stage. The mobilized upward reserve is valued at upward tertiary reserve price 𝜆  
(€/𝑘𝑊ℎ) and the mobilized downward reserve is valued at downward tertiary reserve 
price 𝜆 ; 

4. the fourth term 𝜆 , ∆𝑈 , + 𝜆 , ∆𝐷 ,  is the expected penalty for reserves not supplied 
in both upward ∆𝑈 ,  (𝑘𝑊) and downward ∆𝐷 ,  directions. Reserves not supplied are 
penalized at 𝜆 , (€/𝑘𝑊) and 𝜆 , . 

The optimization horizon is defined by a set of time intervals 𝑡 ∈ 𝑇 of duration 1 hour ∆𝑡 (ℎ). 
The probability of occurrence of each scenario 𝑗 ∈ 𝑆  is defined by 𝜋 . 

𝑀𝑖𝑛 𝜆 𝐸  

∈

+ 𝜋 𝜆 , ∆𝐸 , − 𝜆 , ∆𝐸 ,

∈

+ 𝜆 𝐷 , − 𝜆 𝑈 , + 𝜆 , ∆𝑈 , + 𝜆 , ∆𝐷 , ∆𝑡   

(6-1) 
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The electricity market information is forecasted by the aggregator and includes energy price 𝜆 , 

negative imbalance price 𝜆 , , positive imbalance price 𝜆 , , upward tertiary reserve price 𝜆 , 
downward tertiary reserve price 𝜆 , upward reserve direction 𝜚 , downward reserve direction 
𝜚 ,  penalty for upward reserve not supplied 𝜆 ,  and penalty for downward reserve not 

supplied 𝜆 , . The detailed description of the forecasting algorithms can be found in Appendix 
A. 

Market Trading and Energy Balance Constraints 

Constraint (6-2) defines the energy balance between real-time and day-ahead market stages. 
Constraints (6-3) and (6-4) define the downward and upward reserves not supplied. Constraints 
(6-5) and (6-6) ensure that upward 𝑈  and downward 𝐷  reserves are only offered, when the 
forecasted upward 𝜚  and downward 𝜚  directions are equal to one. Typically, the binary 
parameters 𝜚  and 𝜚  cannot both be one at the same time.  

∆𝐸 , − ∆𝐸 , + 𝐷 , − 𝑈 , ∆𝑡 = 𝐸 , − 𝐸 ,                                            ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (6-2) 

∆𝐷 , = 𝐷 − 𝐷 , ,                                                                                             ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (6-3) 

∆𝑈 , = 𝑈 − 𝑈 , ,                                                                                             ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (6-4) 

𝑈 ≤ 𝜚 ∙ 𝑀,                                                                                                                  ∀   𝑡 ∈ 𝑇 (6-5) 

𝐷 ≤ 𝜚 ∙ 𝑀,                                                                                                                  ∀   𝑡 ∈ 𝑇 (6-6) 

∆𝐷 , , ∆𝑈 , , ∆𝐸 , , ∆𝐸 , , 𝐷 , , 𝑈 , ≥ 0,                                                            ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (6-7) 

Constraint (6-8) sets the expected net load 𝐸 ,  in real-time. The electric power 𝑃 , ,  of the 

appliance 𝑖 ∈ 𝐼  is positive for load and negative for generation. 

𝐸 , = 𝑃 , , ∆𝑡

∈

,

 ∈ { , , , }

                                                            ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (6-8) 

Constraints (6-9) and (6-10) set the upward and downward flexibilities of the resources to 
provide tertiary reserve in real-time. The flexible resources include EVs, TCLs, and PVs.  

𝑈 , = 𝑈 , ,

∈

,

 ∈ { , , }

                                                                  ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (6-9) 

𝐷 , = 𝐷 , ,

∈

,

 ∈ { , , }

                                                                  ∀ 𝑗 ∈ 𝐽,   𝑡 ∈ 𝑇 (6-10) 

Thermostatically Controlled Load Constraints 

The optimization of a TCL requires six constraints. Constraints (6-11) and (6-13) define the ranges 
of electric power 𝑃 , ,  (𝑘𝑊) , upward flexibility 𝑈 , ,  (𝑘𝑊)  and downward flexibility 𝐷 , , . 

Constraints (6-14) and (6-15) define temporal trajectories of room temperatures 𝜃 , ,  and 

𝜃 , ,  (℃) for the extreme points of the flexibility domain 𝑃 , , − 𝐷 , ,  and 𝑃 , , + 𝑈 , , .  The 
flexibility domain depends of the upward and downward reserve direction. Typically, only one 
of the variables 𝐷 , ,  or 𝑈 , ,  is higher than zero. Constraints (6-16) and (6-17) guarantee that 
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the temporal trajectories (6-14) and (6-15) satisfy the thermal comfort of the prosumer 𝜃 , 𝜃  
in the periods of house occupancy.  

0 ≤ 𝑃 , , + 𝑈 , , ≤ 𝑃 ,                                                         ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (6-11) 

𝑃 , , , 𝑈 , , , 𝐷 , , ≥ 0,                                                                ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (6-12) 

𝑃 , , ≥ 𝐷 , , ,                                                                                ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (6-13) 

𝜃 , , = 𝛽 𝜃 , , + (1 − 𝛽 ) 𝜃 , + 𝐶𝑂𝑃 ∙ 𝑅 ∙ 𝑃 , , − 𝐷 , , + 𝜗 , , ,                  

∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇    
(6-14) 

𝜃 , , = 𝛽 𝜃 , , + (1 − 𝛽 ) 𝜃 , + 𝐶𝑂𝑃 ∙ 𝑅 ∙ 𝑃 , , + 𝑈 , , + 𝜗 , , ,                

 ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇    
(6-15) 

𝜃 ≤ 𝜃 , , ≤ 𝜃 ,                                                                         ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑂 ,  (6-16) 

𝜃 ≤ 𝜃 , , ≤ 𝜃 ,                                                                         ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑂 ,  (6-17) 

The TCL parameters can be fixed or variable. The variable parameters assume the form of 
scenarios and are the following: outdoor temperature 𝜃  (℃); heat gains and losses 𝜗 ,  (℃); 
and house occupancy 𝑡 ∈ 𝑂 , . The fixed parameters are the following: thermal resistance 

𝑅  (℃/𝑘𝑊) ; thermal capacitance 𝐶  (𝑘𝑊ℎ/℃);  thermal constant 𝛽 = 𝑒
∆

; maximum 
electric power 𝑃  (𝑘𝑊); coefficient of performance 𝐶𝑂𝑃 ; and comfort preferences  𝜃  (℃) 

and 𝜃 . The full description of the TCL parameters is available in section 4.2.1. 

Electric Vehicle Constraints 

The optimization of the EV requires thirteen constraints. Constraints (6-18) and (6-19) set the 
ranges of charging power 𝑃 , ,

∨  (𝑘𝑊) and discharging power 𝑃 , ,
∧  of the EV. The net power of 

the EV is given by 𝑃 , , = 𝑃 , ,
∨ − 𝑃 , ,

∧ . Constraints (6-20) and (6-21) set the SOC (𝑘𝑊ℎ) within 

its limits 𝑆𝑂𝐶 , 𝑆𝑂𝐶 . Constraint (6-22) ensures that the SOC at departure time 𝑡 ,  is satisfied. 

0 ≤ 𝑃 , ,
∧ ≤ 𝑃 ,                                                                           ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (6-18) 

0 ≤ 𝑃 , ,
∨ ≤ 𝑃 ,                                                                           ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (6-19) 

𝑆𝑂𝐶 , , = 𝑆𝑂𝐶 , , + 𝜂 𝑃 , ,
∨ − 𝑃 , ,

∧ 𝜂⁄ ∙ ∆𝑡,                  ∀ 𝑗 ∈ 𝐽 ,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (6-20) 

𝑆𝑂𝐶 ≤ 𝑆𝑂𝐶 , , ≤ 𝑆𝑂𝐶 ,                                                        ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (6-21) 

𝑆𝑂𝐶 , , ,
≥ 𝑆𝑂𝐶 , ,                                                                    ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼   (6-22) 

The upward and downward flexibilities of the EV are defined by constraints (6-23)-(6-30). 
Constraint (6-23) limits the downward flexibility 𝐷 , ,  (𝑘𝑊) to the available discharging power. 

Constraint (6-24) limits the upward flexibility 𝑈 , ,  (𝑘𝑊)  to the available charging power. 
Constraints (6-25)-(6-28) ensure that the EV only provides upward and downward flexibilities if 

the SOC is within the limits 𝑆𝑂𝐶
𝑖
, 𝑆𝑂𝐶𝑖 . 

0 ≤ 𝐷 , , ≤ 𝑃 − 𝑃 , ,
∧ ,                                                             ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (6-23) 
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0 ≤ 𝑈 , , ≤ 𝑃 − 𝑃 , ,
∨ ,                                                             ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 ,  (6-24) 

𝑈 , , ≤
𝑆𝑂𝐶 − 𝑆𝑂𝐶 , ,

∆𝑡 ∙ 𝜂
,                                                         ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐿 ,   𝑡 ∈ 𝑇 ,  (6-25) 

𝑈 , , ≤
𝑆𝑂𝐶 , , − 𝑆𝑂𝐶 𝜂

∆𝑡
,                                                 ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐿 ,   𝑡 ∈ 𝑇 ,  (6-26) 

𝐷 , , ≤
𝑆𝑂𝐶 − 𝑆𝑂𝐶 , ,

∆𝑡 ∙ 𝜂
,                                                         ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐿 ,   𝑡 ∈ 𝑇 ,  (6-27) 

𝐷 , , ≤
𝑆𝑂𝐶 , , − 𝑆𝑂𝐶 𝜂

∆𝑡
,                                                 ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐿 ,   𝑡 ∈ 𝑇 ,  (6-28) 

Constraints (5-29) and (5-30) limit the total amount of downward and upward flexibilities to the 
energy required by the prosumer to charge the EV (𝑆𝑂𝐶 , − 𝑆𝑂𝐶 , ). Constraint (6-29) limits 
the total amount of downward flexibility to the energy required by the prosumer to charge the 
EV (𝑆𝑂𝐶 , − 𝑆𝑂𝐶 , ).  Constraint (6-30) limits the total amount of upward flexibility. 

𝐷 , , ∙ ∆𝑡 ∙ 𝜂

∈ ,

≤ 𝑆𝑂𝐶 , − 𝑆𝑂𝐶 , ,                                                    ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼  (6-29) 

𝑈 , , ∙ ∆𝑡 ∙ 𝜂

∈ ,

≤ 𝑆𝑂𝐶 , − 𝑆𝑂𝐶 , ,                                                    ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼  (6-30) 

The EV parameters can be fixed or variable. The fixed parameters are the following: efficiency 
𝜂 ;  power rate 𝑃  (𝑘𝑊);  minimum state-of-charge 𝑆𝑂𝐶  (𝑘𝑊ℎ);  and maximum state-of-

charge 𝑆𝑂𝐶 . The variable parameters and sets assume the form of scenarios and are the 
following: departure time 𝑡 , ; arrival time 𝑡 , ; availability period 𝑇 ; SOC at arrival time 

𝑆𝑂𝐶 , ; and SOC at departure time 𝑆𝑂𝐶 , . The variable parameters are forecasted by the 
aggregator on a daily basis. The complete description of the EV parameters is available in section 
4.2.1. 

Photovoltaic Generation Constraints 

The optimization of the PV generation requires four constraints. Constraint (5-31) sets the 
possible PV generation during real-time 𝑃 , ,  (𝑘𝑊). Constraint (5-32) defines the range of the 

curtailment of PV generation 𝑃 , ,  (𝑘𝑊) . Constraints (5-33) and (5-34) set the range of 

downward 𝐷 , ,  and upward 𝑈 , ,  (𝑘𝑊)  flexibilities. The profile of PV generation 𝑃𝑟 ,  is a 

scenario-based parameter (i.e., variable parameter). 

𝑃 , , = 𝑃 , , − 𝑃𝑟 , , ,                                                                        ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (6-31) 

0 ≤  𝑃 , , ≤ 𝑃𝑟 , , ,                                                                            ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (6-32) 

0 ≤ 𝐷 , , ≤ 𝑃 , , ,                                                                               ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (6-33) 

0 ≤ 𝑈 , , ≤ 𝑃𝑟 , , − 𝑃 , , ,                                                               ∀ 𝑗 ∈ 𝐽,   𝑖 ∈ 𝐼 ,   𝑡 ∈ 𝑇 (6-34) 

Inflexible load 
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The inflexible load is modeled through a set of scenarios of consumption 𝑃𝑟 , , ∀ 𝑗, 𝑖 . The 

inflexible load is given by 𝑃𝑗,𝑖,𝑡
𝐼𝐿 = 𝑃𝑟𝑗,𝑖,𝑡

𝐼𝐿 . 

The detailed description of the methodologies used to compute the prosumers information 
under the form of scenarios is available in Appendix A (section A-1). The prosumers information 
includes TCL parameters, EV parameters, inflexible load and PV generation. 

6.3 Model Predictive Control 

During the operating day D, the aggregator runs a MPC to set the operation of the flexible 
resources and ensure the delivery of energy and tertiary reserve services.  The sequential steps 
of the MPC are illustrated in Figure 6-2 and described below:  

1. at the beginning of each time interval 𝑡 , the aggregator updates the prosumers 
information. The HEMS of each prosumer communicates the information described in 
Table 4-5;  

2. the TSO manually activates upward or downward tertiary reserves through power set-
points. The mobilization lead-time can vary between 15 and 30 minutes and the 
duration can go up to 1/2 hours; 

3. the aggregator dispatches the flexible resources and ensures the delivery of energy and 
tertiary reserve through a deterministic optimization model described in section 6.3.1;  

4. power (EV and PV) and temperature (TCL) set-points are communicated by the 
aggregator to the HEMS, which conveys the set-points to the appliances. This sequential 
process is repeated for the next time interval, 𝑡 + 1 (go to step 1). 

The MPC runs in continuous mode during the operating day in cycles of 15 minutes.  

 
Figure 6-2 – Tertiary reserve and energy markets: sequential steps of the model predictive control. 

6.3.1 Deterministic Optimization Model 

The deterministic optimization model (5-35)-(5-69) defines the consumption and generation of 
the flexible resources according to the three following objectives: 

1. minimizing the net cost of the aggregator delivering energy and tertiary reserve; 
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2. ensuring the delivery of tertiary reserve in both upward and downward directions, if 
manually requested by the TSO; 

3. satisfying the preferences of the prosumers.  

Objective Function  

The deterministic optimization model is formulated as a minimization problem. The objective 
function (6-35) has three terms: 

1. the first term 𝜆 |
, ∙ ∆𝐸 | −𝜆 |

, ∙ ∆𝐸 |  defines the imbalance costs. The 

positive energy imbalance ∆𝐸 |  (𝑘𝑊ℎ)  is valued at positive imbalance price 

𝜆 |
,  (€/𝑘𝑊ℎ) . The negative energy imbalance ∆𝐸 |  is valued at negative 

imbalance price 𝜆 |
,  (€/𝑘𝑊ℎ); 

2. the second term 𝜆 | ∙ 𝐷 | − 𝜆 | ∙ 𝑈 |  defines the cost and revenue of 

dispatching downward ∅ | ∙ 𝐷 |  and upward ∅ | ∙ 𝑈 |  tertiary reserves 

during the real-time stage. The variables 𝐷 |  and 𝑈 |  (𝑘𝑊) can represent the 
dispatched downward and upward reserves or the downward and upward flexibilities. 
The upward reserve/flexibility is valued at upward tertiary reserve price 𝜆 |  
(€/𝑘𝑊ℎ) and the downward reserve/flexibility is valued at downward tertiary reserve 
price 𝜆 | ;  

3. the third term λ |
, ∙ ∆𝑈 | + λ |

, ∙ ∆𝐷 |  defines the penalties for upward 

∆𝑈 |  (𝑘𝑊)  and downward ∆𝐷 |  reserves/flexibilities not supplied. The 

reserves/flexibilities not supplied are valued at λ |
,  and λ |

,  (€/𝑘𝑊ℎ). 

The generation and consumption of the prosumers are optimized for a horizon 𝑇  with time 
intervals 𝑡 and 𝑘 of 15 minutes ∆𝑘 (ℎ). 

𝑀𝑖𝑛 𝜆 |
, ∙ ∆𝐸 | −𝜆 |

, ∙ ∆𝐸 |

∈

+ 𝜆 | ∙ 𝐷 | − 𝜆 | ∙ 𝑈 | + λ |
, ∙ ∆𝑈 | + λ |

,

∙ ∆𝐷 | ∆𝑘  

(6-35) 

The electricity market information is updated by the aggregator and includes negative imbalance 
price 𝜆 |

, , positive imbalance price 𝜆 |
, , upward tertiary reserve price 𝜆 |  and 

downward tertiary reserve price 𝜆 | . 

Market Trading and Energy Balance Constraints 

Constraint (6-36) defines the energy balance between day-ahead market commitments and real-
time realizations. The binary variable 𝜑 |  and big number 𝑀  impose one of the two 
constraints (6-37) or (6-38). The aggregator delivers upward flexibility/reserve and/or generates  
positive energy imbalances (6-38) or delivers downward flexibility/reserve and/or generates 
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negative energy imbalances (6-37). In this formulation, the bids 𝐸 | , 𝐷 |  and 𝑈 |  are 
parameters resulted from the day-ahead optimization, instead of decision variables. 

∆𝐸 | − ∆𝐸 | + 𝐷 | − 𝑈 | ∆𝑘 = 𝐸 | − 𝐸 | ,                            ∀ 𝑘 ∈ 𝑇 (6-36) 

∆𝐸 | + 𝐷 | ≤ 1 − 𝜑 | 𝑀,                                                                          ∀ 𝑘 ∈ 𝑇 (6-37) 

∆𝐸 | + 𝑈 | ≤ 𝜑 | 𝑀,                                                                                      ∀ 𝑘 ∈ 𝑇 (6-38) 

Constraints (6-39) and (6-40) define the upward and downward reserves not supplied based on 
the power set-points communicated by the TSO. The parameters 𝑈 |  and 𝐷 |  (𝑘𝑊) define 

the power set-points communicated by the aggregator. The set 𝑇  defines the period of 
reserve mobilization. Here, the variables 𝐷 |  and 𝑈 |  represent the dispatched reserves.  

∆𝐷 | = 𝐷 | − 𝐷 | ,                                                                                   ∀ 𝑘 ∈ 𝑇  (6-39) 

∆𝑈 | = 𝑈 | − 𝑈 | ,                                                                                   ∀ 𝑘 ∈ 𝑇  (6-40) 

Constraints (6-41) and (6-42) define the upward and downward flexibilities not supplied. Here, 
the variables 𝐷 |  and 𝑈 |  represent the downward and upward flexibilities of the 
prosumers. At this stage, the aggregator does not know if the TSO will mobilize tertiary reserve 
in the time interval 𝑇\{𝑇 }. In short, these two constraints ensure that the aggregator has 
enough flexibility to supply reserve, if requested by the aggregator. 

∆𝐷 | = 𝐷 | − 𝐷 | ,                                                                           ∀ 𝑘 ∈ 𝑇\{𝑇 } (6-41) 

∆𝑈 | = 𝑈 | − 𝑈 | ,                                                                           ∀ 𝑘 ∈ 𝑇\{𝑇 } (6-42) 

∆𝐷 | , ∆𝑈 | , ∆𝐸 | , ∆𝐸 | , 𝐷 | , 𝑈 | ≥ 0,                                          ∀ 𝑘 ∈ 𝑇 (6-43) 

Constraints (6-44) and (6-45) define the upward and downward flexibilities of the prosumers. 
The sources of upward and downward flexibilities are the EVs, TCLs, and PVs. Constraints (6-46) 
and (6-47) set the flexibility of the prosumers equal to zero in the periods of reserve activation 
𝑇 . The provided tertiary reserve is defined by 𝐷 |  and 𝑈 | . 

𝑈 | = 𝑈 , |

∈

,

 ∈ { , , }

                                                      ∀ 𝑘 ∈ 𝑇\{𝑇 } (6-44) 

𝐷 | = 𝐷 , |

∈

,

 ∈ { , , }

                                                      ∀ 𝑘 ∈ 𝑇\{𝑇 } (6-45) 

𝑈 , |

∈

= 0,

 ∈ { , , }

                                                                        ∀ 𝑘 ∈ 𝑇  (6-46) 

𝐷 , |

∈

= 0,

 ∈ { , , }

                                                                        ∀ 𝑘 ∈ 𝑇  (6-47) 

Constraint (6-48) sets the consumption and generation of all prosumers’ resources in real-time 
𝐸 ,  (𝑘𝑊ℎ), i.e. the operating point of the aggregator. The electric power 𝑃 , ,  of the appliance 

𝑖 ∈ 𝐼  is positive for load and negative for generation.  
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𝐸 | = 𝑃 , | ∆𝑘

∈

,

∈{ , , , }

                                                             ∀ 𝑘 ∈ 𝑇 (6-48) 

Thermostatically Controlled Load Constraints 

The optimization of the TCL requires six constraints. Constraints (6-49) and (6-50) set the ranges  
of the electric power 𝑃 , |  (𝑘𝑊), upward flexibility 𝑈 , |  (𝑘𝑊) and downward flexibility 

𝐷 , |  (𝑘𝑊) of the TCL. Constraints (6-52) and (6-53) define temporal trajectories of room 

temperatures 𝜃 , |  (℃)  and 𝜃 , |  for the extreme points of the flexibility domain. 

Constraints (6-54) and (6-55) guarantee that the temporal trajectories (6-52) and (6-53) satisfy 

the thermal comfort of the prosumer 𝜃 , 𝜃   in the periods of house occupancy. 

0 ≤ 𝑃 , | + 𝑈 , | ≤ 𝑃 ,                                                            ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (6-49) 

𝑃 , | ≥ 𝐷 , | ,                                                                                   ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (6-50) 

𝑃 , | , 𝐷 , | , 𝑈 , | ≥ 0,                                                                ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (6-51) 

𝜃 , | = 𝛽 𝜃 , | + (1 − 𝛽 ) 𝜃 | + 𝐶𝑂𝑃 ∙ 𝑅 ∙ 𝑃 , | − 𝐷 , |

+ 𝜗 , | ,                                                                     ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 
(6-52) 

𝜃 , | = 𝛽 𝜃 , | + (1 − 𝛽 ) 𝜃 | + 𝐶𝑂𝑃 ∙ 𝑅 ∙ 𝑃 , | + 𝑈 , |

+ 𝜗 , | ,                                                                     ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 
(6-53) 

𝜃 ≤ 𝜃 , | ≤ 𝜃 ,                                                                                    ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑂 ,  (6-54) 

𝜃 ≤ 𝜃 , | ≤ 𝜃 ,                                                                                    ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑂 ,  (6-55) 

Electric Vehicle Constraints 

The optimization of the EV requires ten constraints. Constraints (6-56) and (6-57) define if the 
EV charges or discharges based on the value of the binary variable 𝜙𝑖,𝑡+𝑘|𝑡. Constraints (6-58) 

and (6-59) set the SOC within its limits. Constraint (6-60) sets the SOC at departure time and 
ensures the preferences of the prosumers. 

0 ≤ 𝑃 , |
∨ ≤ 𝜙 , | 𝑃 ,                                                                    ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (6-56) 

0 ≤ 𝑃 , |
∧ ≤ 1 − 𝜙 , | 𝑃 ,                                                        ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (6-57) 

𝑆𝑂𝐶 , | = 𝑆𝑂𝐶 , | + 𝜂 𝑃 , |
∨ − 𝑃 , |

∧ 𝜂⁄ ∙ ∆𝑘,         ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (6-58) 

𝑆𝑂𝐶 ≤ 𝑆𝑂𝐶 , | ≤ 𝑆𝑂𝐶 ,                                                               ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (6-59) 

𝑆𝑂𝐶 , ≥ 𝑆𝑂𝐶 ,                                                                                  ∀ 𝑖 ∈ 𝐼  (6-60) 

The flexibility of the EV is defined by constraints (6-61)-(6-67). Constraint (6-61) limits the 
downward flexibility 𝐷 , |  (𝑘𝑊) to the available discharging power. Constraint (6-62) limits 

the upward flexibility 𝑈 , |  (𝑘𝑊) to the available charging power. Constraints (6-63)-(6-66) 
ensure that the EV only provides upward and downward flexibilities if the SOC is within the limits 

𝑆𝑂𝐶 , 𝑆𝑂𝐶 . Constraint (6-67) limits the downward flexibility to the residual flexibility 
𝑅𝐹 ,  (𝑘𝑊ℎ). 
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0 ≤ 𝐷 , | ≤ 𝑃 − 𝑃 , |
∧ ,                                                               ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (6-61) 

0 ≤ 𝑈 , | ≤ 𝑃 − 𝑃 , |
∨ ,                                                               ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (6-62) 

𝑈 , | ≤
𝑆𝑂𝐶 − 𝑆𝑂𝐶 , |

∆𝑘 ∙ 𝜂
,                                                           ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (6-63) 

𝐷 , | ≤
𝑆𝑂𝐶 − 𝑆𝑂𝐶 , |

∆𝑘 ∙ 𝜂
,                                                           ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (6-64) 

𝑈 , | ≤
𝑆𝑂𝐶 , | − 𝑆𝑂𝐶 𝜂

∆𝑘
,                                                   ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (6-65) 

𝐷 , | ≤
𝑆𝑂𝐶 , | − 𝑆𝑂𝐶 𝜂

∆𝑘
,                                                   ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇  (6-66) 

𝐷 , | ∙ ∆𝑘 ∙ 𝜂

∈

≤ 𝑅𝐹 , ,                                                               ∀ 𝑖 ∈ 𝐼  (6-67) 

The residual flexibility 𝑅𝐹 ,  defines how much flexibility the EV can provide. The residual 
flexibility is updated by equation (6-68) at the beginning of each time interval 𝑡 (i.e., at step 1).  

𝑅𝐹 , = max
 

𝑃 𝑡 − 𝑡 ∆𝑘 − 𝑆𝑂𝐶 − 𝑆𝑂𝐶 ,  , 0  (6-68) 

Photovoltaic Generation Constraints 

The optimization of the PV generation requires four constraints. Constraint (6-69) sets the PV 
generation 𝑃 , |  (𝑘𝑊) . Constraint (6-70) defines the range of the curtailment of PV 

generation 𝑃 , |  (𝑘𝑊). Constraints (6-71) and (6-72) set the range of the downward 𝐷 , |   

and upward 𝑈 , |  flexibilities. 

𝑃 , | = 𝑃 , | − 𝑃𝑟 , | ,                                                                     ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (6-69) 

0 ≤  𝑃 , | ≤ 𝑃𝑟 , | ,                                                                              ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (6-70) 

0 ≤ 𝐷 , | ≤ 𝑃 , | ,                                                                                 ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (6-71) 

0 ≤ 𝑈 , | ≤ 𝑃𝑟 , | − 𝑃 , | ,                                                            ∀ 𝑖 ∈ 𝐼 ,   𝑘 ∈ 𝑇 (6-72) 

Inflexible load 

The inflexible load is modeled through point forecasts or actual measured values of power 
consumption 𝑃 , | = 𝑃𝑟 , | . 

6.4 Case Study 

The aggregator of prosumers participates in the energy and tertiary reserve markets of MIBEL 
during the first week of December 2015 (from November 30th to December 6th). The portfolio of 
the aggregator includes 1000 prosumers from Porto (Portugal), each one owns 1 PV system, 1 
TCL, and 1 EV. 

Data 
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The case study data includes information of the prosumers and electricity market. The 
prosumers information comprises TCL parameters, EV parameters, inflexible load and PV 
generation. They can assume the form of day-ahead scenarios, point forecasts or actual values. 
The electricity market information includes day-ahead and real-time point forecasts and actual 
values of energy prices, imbalance prices, tertiary reserve prices, and tertiary reserve direction. 
The prosumers data and electricity market information are described in Appendix A. 

Optimization Algorithms 

In the day D-1, the aggregator uses the bidding optimization model to define energy bids for the 
day-ahead energy market, and upward and downward bids for the day-ahead tertiary reserve 
market. During the operating day D, the aggregator uses the MPC to set the operation of the 
flexible resources.  

Implementation  

The optimization algorithms were implemented in Python and solved using the LP and MILP 
libraries of the IBM ILOG CPLEXTM 12.7 solver on a server machine with 96 GB RAM and an Intel© 
Xeon™ E-5680 CPU clocked at 3.33 GHz. The execution times and sizes of the bidding 
optimization model (LP) and MPC (MILP) are described in Table 6-1. The execution times are 
suitable for the market timeline. 

The number of scenarios adopted by the bidding optimization model was 25. This number was 
selected by a two-step heuristic algorithm described in Appendix B. 

Table 6-1 – Sizes and execution times of the bidding optimization model and MPC (average values). 

 Bidding optimization model  MPC 

Continuous variables 4,666,814 569,601 
Binary variables 0 13,158 
Constraints 6,618,026 729,204 
Execution time 48.8 min 3.3 min 

6.5 Numerical Results 

The results are divided into four main sections. Section 6.5.1 discusses the day-ahead bidding 
results. Section 6.5.2 presents the real-time control results. Finally, section 6.5.3 discusses the 
financial benefits of the aggregator and prosumers participating in the tertiary reserve and 
energy markets. 

6.5.1 Day-ahead Bidding Results 

Placement of Energy and Tertiary Reserve Bids 

Figure 6-3 illustrates the energy and tertiary reserve bids on November 30th. The tertiary reserve 
offers are divided into upward and downward bids. The energy bids are divided into demand 
and supply offers. The demand and tertiary reserve bids assume positive values and the supply 
bids assume negative values. 
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The bidding model co-optimizes energy and tertiary reserve bids, which empowers the 
aggregator with six bidding options. Two of the bidding options consist of participating only in 
the energy market through demand and supply bids. Examples of these two energy placement 
options are the 15th and 12th hours. The other four bidding options consist of coupling energy 
bids with tertiary reserve bids. The 3rd and 7th hours are examples of coupling demand bids with 
upward and downward reserve bids. The other two bidding options include coupling supply bids 
with upward and downward reserve bids. Examples of these two bidding options are the 19th 
and 20th hours. 

 

Figure 6-3 – Energy and tertiary reserve bids on November 30th. Positive values are demand bids and 
tertiary reserve bids in both upward and downward directions. Negative values are supply bids. 

 

Figure 6-4 – Day-ahead electricity market information on November 30th, 2015. 

The aggregator submits most of the demand bids in the hours of low energy prices (see Figure 
6-4). The upward and downward bids are submitted to the day-ahead tertiary reserve market 
when the prosumers have flexibility and the forecasted reserve directions are equal to 1. Most 
of the upward bids are placed in the hours of high upward reserve prices. The 0th and 3rd hours 
are examples of this bidding behavior with upward prices of 68 €/MWh and 67 €/MWh. The 
downward bids are mostly placed in the hours of low downward reserve prices. The 22sd and 
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23rd hours are examples of this bidding behavior with quantities of 2.3 MW and 1.4 MW and 
downward prices of 36.1 €/MWh and 32.7 €/MWh. 

Cumulative Bidding Results 

Table 6-2 and Table 6-3 compare the cumulative bidding results of four bidding strategies for 
the first week of December 2015. The energy + tertiary strategy considers the participation of 
the aggregator in both energy and tertiary reserve markets while the energy + secondary 
strategy comprises the participation of the aggregator in both energy and secondary reserve 
markets. The energy and inflexible strategies are only focused on the participation of the 
aggregator in the energy market. The inflexible strategy considers that the consumption and 
generation are inflexible.  

The energy + tertiary strategy presents the lowest bidding cost of 4.16 k€, outperforming energy 
+ secondary, energy and inflexible strategies with costs of 4.35 k€, 5.77 k€ and 7.18 k€. However, 
it should be stressed that the overall performance of the bidding strategies can only be 
effectively assessed after the real-time operation due to the forecasting errors of the electricity 
market information and prosumers data. This assessment is made in section 6.5.3 

Table 6-2 – Cumulative financial results for the first week of December 2015. Negative values are 
revenues and positive values are costs. 

Market Revenue and cost terms 
Energy + tertiary 

strategy 
Energy + secondary 

strategy 
Energy 

strategy 
Inflexible 
strategy 

Energy  
Demand (k€) 9.05 9.42 8.01 7.42 
Supply (k€) -3.07 -1.86 -2.32 -0.25 
Expected imbalance (k€) 0.08 0.08 0.08 - 

Secondary 
reserve  

Band (k€) - -1.78 - - 
Expected mobilized band (k€) - -1.61 - - 
Expected band not supplied (k€) - 0.10 - - 

Tertiary 
reserve 

Expected upward reserve (k€) -3.85 - - - 
Expected downward reserve 
(k€) 

1.58 - - - 

Expected upward reserve not 
supplied (k€) 

0.17 - -  

Expected downward reserve not 
supplied (k€) 

0.20 - - - 

 Total cost (k€) 4.16 4.35 5.77 7.18 

The energy + tertiary strategy reduces the bidding cost of the aggregator by 1.61 k€ (28%) and 
3.02 k€ (42%) compared to energy and inflexible strategies. The participation of the aggregator 
in the secondary reserve market generates a higher revenue (3.29 k€) than the participation of 
the aggregator in the tertiary reserve market (1.90 k€). However, the energy + secondary 
strategy produces a higher energy cost (7.64 k€) compared to energy + tertiary strategy (6.06 
k€). The secondary reserve market has more demanding entry requirements than the tertiary 
reserve market, which reduces the flexibility range of the aggregator and increases the energy 
bidding costs.  

The quantities of upward and downward bids are high, as described in Table 6-3. They represent 
45% of the energy offers. This shows that the aggregator’s portfolio presents a good flexibility 
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range. Nonetheless, the flexibility traded in the form of upward and downward bids is only 
available when the forecasted upward and downward reserve directions are equal to 1. 

Table 6-3 – Cumulative bidding results for the first week of December 2015.  

Market Bids 
Energy + tertiary 

strategy 
Energy + secondary 

strategy 
Energy 

strategy 
Inflexible 
strategy 

Energy  
Demand (MWh) 178.9 181.69 158.67 122.45 
Supply (MWh) 48.8 28.52 35.96 3.93 

Secondary 
reserve  

Band (MW) - 101.22 - - 

Tertiary 
reserve 

Upward reserve (MW) 56.0 - - - 
Downward res.  (MW) 46.5 - - - 

Disaggregation of the Cumulative Bidding Results per Type of Resource 

Table 6-4 presents the cumulative bidding results per type of resource. The EV is the main source 
of upward and downward reserves followed by the TCL and PV. The EVs generate ca. 90% of the 
total offered reserves. The distribution of the reserves along of the day also shows that most of 
the upward and downward bids are placed in the hours of EVs’ availability (see Figure 6-3). The 
EV is also the main source of load and generation followed by IL and TCL, as sources of 
consumption, and PV as a source of generation.  

Table 6-4 – Disaggregation of the cumulative bidding results. 

 
Expected load 

(MWh) 
Expected generation 

(MWh) 
Expected upward 

reserve (MW) 
Expected downward 

reserve (MW) 

EV 100.3 48.0 45.4 44.1 
TCL 26.9 - 9.2 0.1 
PV - 24.0 0.1 0.0 
IL 64.8 - - - 

Total 192.0 72.1 54.6 44.2 

6.5.2 Real-time Control Results 

Mobilized Tertiary Reserve and Energy Imbalances 

During the operating day, the TSO mobilizes manually the upward and downward reserves 
offered by the aggregator in the day-ahead tertiary reserve market. The aggregator dispatches 
the operation of the flexible resources, in order to cope with the TSO set-points. 

 

Figure 6-5 – Mobilized upward and downward reserves on November 30th. 

0.0

0.5

1.0

1.5

2.0

2.5

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Po
w

er
 (M

W
)

Hours

Mobilized downward reserve Mobilized upward reserve



Chapter 6 – Optimization Algorithms for the Tertiary Reserve and Energy Markets 

149 

Figure 6-5 shows the mobilized reserves on November 30th. The upward and downward reserves 
are mobilized in the hours of offered reserves (see Figure 6-3). The amounts of mobilized 
reserves are 7.2 MWh and 2.5 MWh for upward and downward directions.  They represent 90% 
and 37% of the total mobilized upward and downward reserves, respectively. In the day-ahead 
stage, the aggregator offered 8 MW of upward reserve and 6.8 MW of downward reserve. 

Figure 6-6 shows that only 0.4 MWh of upward reserve was not supplied due to the lack of 
flexibility of the aggregator´s portfolio. The aggregator was unable of supplying the totality of 
the upward reserve requested by the aggregator at the 18th and 19th hours. The aggregator 
delivered 12% (0.03 MWh) and 50% (0.14 MWh) of the total upward reserves requested by the 
aggregator at the 18th and 19th hours. 

 

Figure 6-6 – Upward and downward reserves not supplied on November 30th. 

Figure 6-7 shows the energy imbalances on November 30th. The energy imbalances are mostly 
placed in the hours characterized by forecasting errors of reserves’ direction. This means that 
the TSO did not mobilize reserves in the directions forecasted by the aggregator. The hours 
wrongly forecasted are the 5th hour in the upward direction, and the 7th, 8th, 9th, 21st and 22nd 
hours in the downward direction. At the 21st and 22nd hours, the aggregator submitted supply 
bids to the day-ahead energy market and downward bids to the day-ahead tertiary reserve 
market. The forecasting errors lead to the decrease of generation in both hours and 
consequently to the production of negative energy imbalances.  

 

Figure 6-7 – Energy imbalances on November 30th.  
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upward) leading to energy deviations characterized by shortages of generation and excess of 
demand. It is more cost-effective for the aggregator to produce negative energy imbalances. 

A significant share of downward reserve is not mobilized due to forecasting errors of reserve 
direction, as shown in Figure 6-8. The amounts of downward and upward reserves not mobilized 
due to forecasting errors of reserve directions are 63% (4.3 MWh) and 5% (0.4 MWh) of the total 
offered reserves. 

 

Figure 6-8 – Upward and downward reserves not mobilized on November 30th. 

Cumulative Real-Time Results 

Table 6-5 shows the cumulative financial results for the first week of December 2015. The MPC 
generates a revenue of 1.02 k€ that results from the mobilization of upward and downward 
reserves (revenue of 0.76 k€) and energy arbitrage (revenue of 0.26 k€). Mobilizing upward 
reserve generates a revenue of 2.29 k€ while mobilizing downward reserve produces a cost of 
1.47 k€. The penalty for reserves not supplied is low (0.06 k€). 

Table 6-5 – Cumulative financial results for one week. Negative values are revenues and positive 
values are costs. 

 Model predictive control 

Positive imbalance (k€) -1.29 
Negative imbalance (k€) 1.02 
Mobilized upward reserve (k€) -2.29 
Mobilized downward reserve (k€) 1.47 
Upward reserve not supplied (k€) 0.06 
Downward reserve not supplied (k€) 0.00 

Total (k€) -1.02 

The cumulative real-time results of energy and reserves for one week are shown in Table 6-6. 
The total mobilized downward reserve (39.2 MWh) is higher than the amount of mobilized 
upward reserve (25.6 MWh), despite the amount of upward reserve offered (56 MW) in the day-
ahead market being higher than the offered downward reserve (46.5 MW). This difference 
between offered and mobilized reserves is due to forecasting errors of reserve directions. The 
forecasted reserve directions present accuracy and precision metrics of 65% and 46% for upward 
direction, and 71% and 85% for downward direction (see Table A-12). The downward reserve 
direction presents a good performance while the upward reserve direction presents a low 
performance. The low performance of forecasted upward reserve direction leads to the 
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generation of a large amount of positive energy imbalances compared to the amount of negative 
energy imbalances (2.6 times more). 

Table 6-6 – Cumulative real-time results of energy and reserves for one week. 

 Model predictive control 

Positive energy imbalance (MWh) 31.5 
Negative energy imbalance (MWh) 12.0 
Mobilized upward reserve (MWh) 25.6 
Mobilized downward reserve (MWh) 39.2 
Upward reserve not supplied (MWh) 0.4 
Downward reserve not supplied (MWh) 0.0 

The total reserve not supplied is very low (0.4 MWh). This shows that the aggregator’s portfolio 
has a good flexibility range capable of handling with the mobilization of reserves in both upward 
and downward directions.  

Disaggregation of the Cumulative Tertiary Reserve per Type of Flexible Resource 

Table 6-7 presents the cumulative reserves per type of flexible resource for one week. The real-
time results present the same trend of the disaggregated day-ahead results (see Table 6-4). The 
EV is the main source of upward and downward reserves followed by the TCL and PV.  

Table 6-7 – Disaggregation of the cumulative upward and downward reserves. 

 Mobilized upward reserve (MWh) Mobilized downward reserve (MWh) 

EV 20.1 39.1 
TCL 5.5 0.1 
PV 0.0 0.04 

Total 25.6 39.2 

Tracking of the TSO set-points  

The aggregator dispatches the operation of the flexible resources, based on the TSO set-points 
and preferences of the prosumers. Figure 6-9 shows the aggregator tracking the set-points 
communicated by the TSO. The aggregator perfectly delivers the reserves requested by the TSO 
during the 0th, 1st, 2nd, 3rd, 4th, 6th, 17th, 20th and 23rd hours. The only two exceptions are the 18th 
and 19th hours when the aggregator provides partially the reserves requested by the TSO. 

 

Figure 6-9 –  Aggregator tracking the TSO set-points during November 30th.  
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Control Set-Points 

The aggregator dispatches the flexible resources of the prosumers through power and 
temperature set-points. The power set-points define the operation of the EVs and PV units. The 
EV set-points define the charging and discharging power of the EV. The aggregator ensures that 
the EV is fully charged at departure time, as shown in Figure 6-10. The EV set-points ensure 
always that the preferences of the drivers are satisfied. The PV set-points define the operating 
point of the unit. In this case, no generation curtailment is verified. 

 

Figure 6-10 – Power set-points communicated by the aggregator to a HEMS of a prosumer. Positive 
values represent EV charging or PV generation. Negative values represent EV discharging. 

The temperature set-points set the temperature inside the room (or house), as shown in Figure 
6-11. The thermal comfort of the prosumer is always satisfied in the hours of house occupancy. 
The thermal comfort of the prosumer is defined by the range of temperature [20,22] ℃.  

 

Figure 6-11 – Temperature set-points communicated by the aggregator to the HEMS of the prosumer. 
The shaded areas represent the thermal comfort range in the hours of house occupancy. 

6.5.3 Settlement Results 

Aggregator 

Table 6-8 compares the settlement results of four strategies for one week. The energy + tertiary 
strategy considers the participation of the aggregator in both tertiary reserve and energy 
markets while energy + secondary reserve strategy contemplates the participation of the 
aggregator in both secondary reserve and energy markets. Both energy and inflexible strategies 
are only focused on the participation of the aggregator in the energy market. 
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The cost and revenue terms are computed by the following settlement equations: energy and 
inflexible strategies – equations (3-1) and (3-2); energy + secondary strategy – equations (3-1)-
(3-16); and energy + tertiary strategy – equations (3-1)- (3-2) and (3-16)-(3-14). 

The energy + secondary strategy presents the lowest cost of 4.71 k€ outperforming energy + 
tertiary, energy and inflexible strategies with costs of 5.12 k€, 6.47 k€ and 7.94 k€. The energy + 
secondary strategy reduces the total cost of the aggregator in 0.41 k€ (8%), 1.76 k€ (27%) and 
3.23 k€ (41%) compared to energy + tertiary, energy, and inflexible strategies.  

Table 6-8 – Settlement of the day-ahead and real-time transitions for the first week of December 
2015. Positive values are costs and negative values are revenues. 

Market 
stages 

Cost and revenue terms 
Energy + 
tertiary 

Energy + 
secondary 

Energy Inflexible 

Day-ahead 
Demand (k€) 9.36 9.77 8.27 7.79 
Supply (k€) -3.22 -1.94 -2.42 -0.25 
Band (k€) - -1.55 - - 

Real-time 

Energy imbalances (k€) -0.26 0.28 0.62 0.41 
Mobilized upward band (k€) - -2.06 - - 
Mobilized downward band (k€) - 0.16 - - 
Band not supplied (k€) - 0.05 - - 
Mobilized upward reserve (k€) -2.29 - - - 
Mobilized downward reserve (k€) 1.47 - - - 
Upward reserve not supplied (k€) 0.06 - - - 
Downward reserve not supplied (k€) - - - - 

 Total cost (k€) 5.12 4.71 6.47 7.94 

The energy + tertiary strategy presents the lowest expected bidding cost of 4.16 k€ (see Table 
6-2). However, the settlement cost is quite higher (5.12 k€) due mainly to forecasting errors of 
the reserves’ direction. The forecasting errors contribute to increasing the settlement cost of 
the aggregator in two terms:  

1. the aggregator increases the amount of demand bids offered in the day-ahead energy 
market bids in order to offer upward reserve. If the upward reserve bids are not 
mobilized, the aggregator needs to sell the excess of energy bought at a positive 
imbalance price. The positive imbalance price is typically lower than the energy price. 
The aggregator loses money by increasing unnecessarily its cost in the day-ahead energy 
market; 

2. the forecasting errors reduce the expected revenue of selling upward reserve in 1.57 k€ 
(41%). 

Prosumers 

Figure 6-12 shows the distribution of the weekly cost of the aggregator by the prosumers. The 
energy + secondary strategy presents the lowest medium of 4.7 € followed by the energy + 
tertiary strategy with 5.0 €, energy strategy with 6.3 € and inflexible strategy with 8.1 €. The 
maximum cost is 16.7 € with inflexible strategy and the maximum revenue is 2.7 € with energy 
+ secondary strategy.  The maximum revenue of energy + tertiary strategy is 1.5 €. The energy + 
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secondary strategy presents 16 prosumers with revenues and the energy + tertiary strategy 
presents 5 prosumers with revenues. 

 

Figure 6-12 – Distribution of the weekly cost of the aggregator by the prosumers. Positive values are 
costs and negative values are revenues. 

Figure 6-13 compares the monthly discounts of three strategies. The inflexible strategy is used 
as baseline to compute the monthly discounts. The medium monthly discounts are 14.8 € with 
energy + secondary strategy, 13.0 € with energy + tertiary strategy and 7.7 € with energy 
strategy. The maximum discount is 43.3 € with energy + secondary strategy and the minimum 
discount is 0.1 € with energy strategy.  

 

Figure 6-13 – Monthly discounts on electricity bills. 

6.6 Final Remarks 

This chapter proposes two novel optimization algorithms to support the participation of an 
aggregator of prosumers in both energy and tertiary reserve markets. The first optimization 
algorithm is a two-stage stochastic model to define supply and demand bids for the day-ahead 
energy market, and upward and downward bids for the day-ahead tertiary reserve market. The 
second algorithm is a MPC to dispatch the operation of the flexible resources and deliver the 
energy and reserve products traded by the aggregator in the day-ahead markets. The MPC 
optimizes the consumption and generation of the prosumers in a cost-effective way and ensures 
the reliable delivery of the upward and downward reserves manually mobilized by the TSO. 

The numerical results are divided into three sections. The first section discusses the day-ahead 
bidding results. Three main conclusions are drawn from the results: 

1. the bidding model empowers the aggregator with six possible bidding options. The 
aggregator may choose to participate only in the energy market (with demand or supply 
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bids) or in both energy and tertiary reserve markets (with demand and upward bids, 
demand and downward bids, supply and upward bids or supply, and downward bids); 

2. the placement of upward and downward bids is mainly constrained by the flexibility of 
the prosumers and forecasted direction of the reserves. Within this context, the upward 
reserve bids tend to be placed in the hours of high upward reserve prices and the 
downward bids in the hours of low downward reserve prices; 

3. the EV is the main source of tertiary reserve in both upward and downward directions 
followed by the TCL and PV. 

The second section discusses the performance of the MPC. Four main conclusions are drawn 
from the results: 

1. the MPC is capable of managing the flexible resources of the prosumers in a cost-
effective way while ensuring that the tertiary reserve manually mobilized by TSO is 
delivered;  

2. the MPC ensured the delivery of 63% of the total offered tertiary reserve. Only a small 
share of the tertiary reserve was not supplied due to the lack of flexibility of the 
aggregator’s portfolio (0.1%). The forecasting errors of reserves’ direction were the 
main reason for the non-mobilization of 36% of the total offered reserve;  

3. forecasting errors of reserves’ direction increase the energy imbalances. Therefore, 
poor forecasts of reserves’ direction can result in lower percentages of dispatched 
reserves and high amounts of energy imbalances; 

4. the MPC always satisfies the preferences of the prosumers even when is tracking the 
power set-points communicated by the TSO.  

The third section of results compares the financial performance of four strategies from the 
aggregator and prosumers perspectives. The numerical results lead to the following conclusions: 

1. the energy + secondary strategy presents the lowest aggregator’s cost of 4.71 k€ 

outperforming energy + tertiary, energy and inflexible strategies with costs of 5.12 k€, 
6.47 k€ and 7.94 k€. The energy + secondary strategy reduces the total cost of the 
aggregator by 0.41 k€ (8%), 1.76 k€ (27%) and 3.23 k€ (41%) compared to energy + 
tertiary, energy, and inflexible strategies; 

2. the forecasting errors of reserves’ direction increase the cost of the aggregator by 
reducing the revenue of selling tertiary reserve and increasing the cost of trading 
energy; 

3. the distribution of the aggregator’s savings by the prosumers produces average monthly 
savings of 13.8 €/prosumer with energy + tertiary strategy.  

In short, the participation of the aggregator in both energy and tertiary reserve markets is 
profitable. However, the participation of the aggregator in both energy and secondary reserve 
markets shown to be more profitable for both aggregator and prosumers. 
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Chapter 7 – Economic and Environmental Aspects  

7.1 Introduction 

The previous chapters cover the participation of an aggregator of prosumers in multiple 
electricity market sessions. Chapters 4, 5 and 6 propose two types of optimization algorithms: 
bidding optimization models to define energy and reserve bids for the day-ahead markets; and 
real-time optimization algorithms to deliver the energy and reserve products traded by the 
aggregator in the day-ahead markets. 

This chapter discusses economic and environmental aspects related to the optimal participation 
of the aggregator in the electricity market. For this purpose, the optimization algorithms 
developed in the previous chapters will be used to perform a set of analyzes to support the 
discussion. Figure 7-1 describes the economic and environmental analyzes performed in this 
chapter.  

 

Figure 7-1 – Assessment of the environmental and economic impacts. 

This chapter has three sections. Section 7.2 covers the impact of the prosumers’ characteristics 
in the economic performance of the aggregator. Section 7.3 discusses the economic and 
environmental impacts of the optimized strategies. The final remarks are presented in section 
7.4.  

Energy (or stochastic) 
strategy

(Chapter 4)

Energy + secondary strategy
(Chapter 5)

Energy + tertiary strategy
(Chapter 6)

Inflexible strategy
(Chapter 4)

Optimized strategies 

Environmental impacts: 
- CO2 emissions (section 7.3)

- Integration of renewable energy sources (section 7.3)

Assessment of the economic and environmental impacts

Economic impacts:
- Network and generation reinforcement investments (section 7.3)

- Preferences and behaviors of the prosumers (section 7.2)
- Characteristics of the flexible loads (section 7.2)
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7.2 Characteristics of the Aggregator’s portfolio 

The performance of the aggregator is influenced by the characteristics of its portfolio. This 
section identifies the main factors that affect the economic value of the energy and reserve 
services sold by the aggregator in the electricity markets. Two factors are identified: 
characteristics of the flexible loads (section 7.2.1); and the preferences and behaviors of the 
prosumers (section 7.2.2). 

7.2.1 Characteristics of the Flexible Loads  

This thesis considers two types of flexible loads: TCL and EV.  The EV is a source of demand and 
generation flexibility while the TCL is only a source of demand flexibility. A source of demand 
and generation flexibility is able of increasing, decreasing and shifting consumption and 
generation. On the other hand, a source of demand flexibility is only able of increasing, 
decreasing and shifting consumption. 

Electric Vehicles 

The economic value of the EV changes with the strategy adopted by the aggregator, as shown 
in Table 7-1. The energy + secondary strategy presents the highest average revenue of 0.7 
€/month followed by the energy + tertiary strategy with the lowest average cost of 1.1 €/month, 
energy and inflexible strategies with average costs of 7.8 and 13.9 €/month. The adoption of the 
energy + secondary strategy reduces the average cost of an EV driver in 14.6 €/month (105%) 
compared to the inflexible strategy. The energy + secondary strategy is the best strategy for EV 
drivers. 

Table 7-1 – Individual metrics for a portfolio of 1000 electric vehicles. Negative values are revenues 
and positive values are costs.    

Strategy Energy + tertiary Energy + secondary Energy Inflexible 

Maximum net cost of 1 EV (€/month) 25.9 26.4 33.6 49.4 
Average net cost of 1 EV (€/month) 1.1 -0.7 7.8 13.9 
Minimum net cost of 1 EV (€/month) -22.8 -33.6 -9.8 3.5 

The optimized strategies transform EVs from sources of costs to sources of revenue, as shown 
in Figure 7-2. The energy + secondary strategy presents the highest transformation ratio of 52% 
followed by the energy + tertiary strategy with a transformation ratio of 44% and energy strategy 
with a transformation ratio of 7%. 

 

Figure 7-2 – Number of electric vehicles per type of economic source. 
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The discharging and charging rate of the EV affects the economic value of the energy and 
reserves traded by the aggregator in the electricity market, as shown in Figure 7-3. The increase 
of the charging and discharging rate from 3.7 kW to 7 kW reduces the net cost of the EV. The 
participation in the secondary and tertiary reserve markets increases the cost reduction. The 
energy + secondary and energy + tertiary strategies offer net cost reductions of 9.1 and 8.5 
€/month with the increase of the charging and discharging rate from 3.7 kW to 7 kW, while the 
energy strategy presents a cost reduction of 2.0 €/month. The power rate of 7 kW increases the 
flexibility of the EVs and consequently increases the economic value of the energy and reserve 
products traded by the aggregator in the electricity market. Under the inflexible strategy, the 
cost of the EV is similar for both charging and discharging rates since the aggregator does not 
exploit the flexibility of the EVs. 

 

Figure 7-3 – Average net cost per electric vehicle and charging/discharging rate. Positive values are 
costs and negative values are revenues.  

Thermostatically Controlled Loads 

The optimized participation of the aggregator in the energy and reserve markets reduces the 
cost of the TCL, as shown in Table 7-2. The optimized reserve strategies present the lowest 
average costs of 9.1 €/month followed by energy and inflexible strategies with average costs of 
9.2 and 9.5 €/month. The energy + tertiary strategy presents the lowest cost of 2.3 €/month 
while the inflexible strategy presents the highest cost of 21.8 €/month.  

The adoption of the optimized reserve strategies reduces the average cost of a TCL in 0.4 
€/month (3%) compared to the inflexible strategy. Both optimized reserve strategies are good. 
However, the TCLs’ owners should adopt the energy + secondary strategy instead of the energy 
+ tertiary strategy, if they have EVs (see Table 7-1). 

Table 7-2 – Individual metrics for a portfolio of 1000 thermostatically controlled loads.  

Strategy Energy + tertiary  Energy + secondary  Energy  Inflexible  

Maximum cost of 1 TCL (€/month) 21.5 21.4 21.5 21.8 
Average cost of 1 TCL (€/month) 9.1 9.1 9.2 9.5 
Minimum cost of 1 TCL (€/month) 2.3 2.5 2.6 2.8 

The potential to reduce costs with optimized strategies is higher for houses/rooms with large 
areas, as shown in Figure 7-4. Large rooms have higher thermal mass, which increases the 
flexibility of the aggregator to reduce, increase and shift consumption. The increase of flexibility 
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contributes to raise the value of the energy and reserve products traded by the aggregator in 
the electricity market.  

 

Figure 7-4 – Average savings per thermostatically controlled load and area. 

7.2.2 Preferences and Behaviors of the Prosumers 

The behaviors and preferences of the prosumers affect the value of the energy and reserve 
products traded by the aggregator. Three types of behaviors and preferences were identified: 

1. availability period of the electric vehicle; 

2. temperature range of thermal comfort; 

3. hours of house occupancy. 

The first parameter affects the charging and discharging behavior of the EVs while the second 
and third parameters constrain the operation of the TCLs. 

Availability Period of the Electric Vehicle  

The adoption of long availability periods by the EV drivers reduces the net cost of the EVs, as 
shown in Figure 7-5. The availability of the EVs only affects the performance of the aggregator 
under the optimized strategies. The inflexible strategy is not affected by the availability of the 
EV drivers since inflexible strategy does not optimize the operation of the EVs. 

 

Figure 7-5 – Average net cost per electric vehicle and availability period. Positive values are costs and 
negative values are revenues.  

Under the optimized strategies, the increase of the availability period saves money to the 
aggregator and EV drivers. The increase of 1 hour of availability generates savings of 1.9 €/month 
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under the energy + secondary strategy, 1.1€/month under the energy + tertiary strategy and 0.4 
€/month under the energy strategy. The highest savings are generated for an increase of 4 hours 
of availability, as described in Figure 7-6. 

 

Figure 7-6 – Average savings per electric vehicle and increase of availability period. 

Temperature Range 

Table 7-3 shows that the operating cost of the TCL for the winter season is affected by the two 
factors highlighted below: 

1. length of the temperature ranges: the increase of the length of the temperature range 
reduces the cost of the TCL;   

2. minimum value of the temperature ranges: the adoption of a lower minimum for the 
temperature range decreases the cost of the TCL.  

The energy + secondary strategy presents the lowest average cost of 8.4 €/month for a TCL with 
a temperature range of [19, 23] ℃. The inflexible strategy presents the highest average cost of 
10.1 €/month for a TCL with a temperature range of [20, 22] ℃. 

Table 7-3 – Average cost per thermostatically controlled load and temperature range.  

Temperature 
range (℃) 

Length 
(℃) 

Energy + tertiary  
strategy (€/month) 

Energy + secondary 
strategy (€/month) 

Energy strategy 
(€/month) 

Inflexible 
strategy (€/month) 

[20, 22] 2 9.7 9.8 9.8 10.1 
[20, 23] 3 9.6 9.7 9.7 10.0 
[19, 22] 3 8.7 8.7 8.8 9.0 
[19, 23] 4 8.4 8.3 8.6 8.9 

In addition, Table 7-3 shows that the performance of the optimized strategies is affected by the 
length and minimum value of the temperature range, while the inflexible strategy is only 
affected by the minimum value of the temperature range. 

The increase of 1 ℃  of the temperature range reduces the average cost of the TCL in 0.6 
€/month (6%) under the tertiary + energy strategy, 0.7 €/month (8%) under the secondary + 
energy strategy and 0.6 €/month (6%) under the energy strategy. 
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The cost of the TCL is higher for houses with more hours of occupancy, as depicted in Figure 7-7. 
The TCL only ensures the thermal comfort of the prosumer in the hours of house occupancy, 
which increases the electricity consumed by the TCLs with more hours of house occupancy.   

 

Figure 7-7 – Average cost per thermostatically controlled load and hours of house occupancy.  

The adoption of optimized strategies saves more money to prosumers with short periods of 
house occupancy than to prosumers with long periods of house occupancy, as shown in Figure 
7-8. The savings are computed using inflexible strategy as benchmark. 

The flexibility of the TCL is constrained by the thermal comfort of the prosumer in the hours of 
house occupancy. In the hours of non-occupancy, the flexibility of the TCL increases, which raises 
the value of the energy and reserve products traded by the aggregator. 

 

Figure 7-8 – Average savings per electric vehicle and hours of house occupancy. 

7.3 Optimized Strategies  

Several countries aim to produce most of the electricity from RES in order to fulfill the emissions 
targets of the Paris climate agreement. To make this transition possible, it is necessary to 
increase the flexibility of the energy system, so it can be used to compensate renewables 
variability. The optimized strategies proposed in this thesis increase the flexibility of the energy 
system. As consequence, the optimized strategies facilitate the integration of RES and the 
reduction of CO2 emissions. 

The next two sections discuss the impact of the energy arbitrage and reserve services provided 
by the optimized strategies in the integration of RES, reduction of CO2 emissions, reinforcement 
of the network and generation system. 
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7.3.1 Provision of Energy Arbitrage Services 

The optimized strategies place most of the energy consumption of the prosumers in the periods 
of low energy prices and the generation in the periods of high prices, as shown in Figure 7-9. On 
the other hand, inflexible strategy places most of the consumption in the periods of high prices. 
The three optimized strategies are energy + tertiary, energy + secondary and energy.  

 

Figure 7-9 – Consumption and generation of the prosumers on November 30th, 2015. The consumption 
is positive and the generation is negative. 

Figure 7-10 and Figure 7-9 show that the optimized strategies place most of the consumption in 
the periods of low energy prices and high non-dispatchable renewable generation. Typically, the 
periods of high non-dispatchable renewable generation are characterized by low energy prices 
in the MIBEL due to their remuneration mechanism. The actual remuneration mechanism is 
based on feed-in tariffs, which leads to the submission of supply bids at 0 price. This reduces the 
market price at the hours of high integration of non-dispatchable renewable generation. 
Therefore, the optimized strategies may contribute to increasing the integration of RES. 

 

Figure 7-10 – Non-dispatchable renewable generation on November 30th, 2015 (Portugal). 

The load profile of the Portuguese control area is characterized by a valley period (usually 
between the 1st and 6th hours) and a peak period (usually between 18th and 21st hours), as shown 
in Figure 7-11. The optimized strategies may contribute to make the load profile flatter by 
placing demand in the valley hours and generation in the peak hours, as shown in Figure 7-9. 
The flattening of the load profile produces economic and environmental benefits, such as: 

1. postponing (or even avoiding) investments on network reinforcements;   

2. avoiding investments in generation capacity and flexibility. 
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Figure 7-11 – Generation and load profiles of Portugal on November 30th, 2015. 

Network planning is characterized by the increase of the network capacity to guarantee supply 
for any point of operation of the system. The network reinforcement studies typically analyze 
extreme points of operation, such as scenarios of peak load [133]. The optimized strategies 
reduce the peak load of the system by placing generation in the hours of peak load (see Figure 
7-9 and Figure 7-11). Therefore, the optimized strategies may contribute to postpone (or even 
avoid) the reinforcement of the network capacity.  

The generation expanding problem identifies the most adequate investment schedule of 
generation plants together with their sitting, sizing, and technology to supply the demand. One 
of the studied scenarios is the peak load. Another scenario studied is the duck curve (see Figure 
7-12). The duck curve stresses the generation system since imposes large and fast generation 
ramps to inflexible generators. The optimized strategies mitigate these problems by reducing 
the peak load and increasing the valley load (see Figure 7-9). This energy placement behavior of 
the optimized strategies may contribute to postpone investments in new generation units to 
increase generation capacity and in energy storage systems to increase the flexibility of the 
system.  

 

Figure 7-12 – Illustrative example of the duck curve. The duck curve is a characteristic of systems with 
high integration of solar generation (e.g., CAISO). 
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investments, and consequently reducing CO2 emissions. In addition, two of the three optimized 
strategies also exploit the prosumers’ flexibility to provide reserve services. The participation of 
the prosumers in reserve services can contribute to reduce the use of expensive and 
environmentally unfriendly fuel generators, as will be shown next. 

The secondary and tertiary reserve services in Portugal are supplied by hydro, pumping, gas and 
coal power stations, as shown in Figure 7-13. In 2015, the hydropower plants supplied 67% (330 
GWh) of the total secondary reserve and 38% (739 GWh) of the total tertiary reserve. The fossil 
fuel power plants supplied 33% (163 GWh) of the total secondary reserve and 36% (702 GWh) 
of the total tertiary reserve. The pumping stations provided 519 GWh of tertiary reserve (36 %) 
[134].   

 

Figure 7-13 – Mobilized secondary and tertiary reserves in 2015, Portugal.  

The provision of secondary and tertiary reserves generated ca. 389,041 t CO2, as detailed in 
Figure 7-14. The gas power stations generated 64% of the total emissions and the coal power 
stations 36%. The emission rates of the coal and gas power stations are 916 and 351 g CO2/kWh, 
respectively [135]. The coal power stations are more “dirty” than the gas power stations. 
However, the gas power stations present the highest CO2 emissions since they provide 4.7 more 
reserves than the coal power stations. Regarding the pumping stations, we assume that they 
absorb only energy from RES. 

 

Figure 7-14 – CO2 emissions due to the provision of secondary and tertiary reserves in 2015, Portugal.  
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A portfolio of 1,000 prosumers is capable of supplying 32.3 MWh/week of secondary reserve 
and 64.8 MWh/week of tertiary reserve, which corresponds to 1.7 GWh/year of secondary 
reserve and 3.4 GWh/year of tertiary reserves. The reduction of CO2 emissions is small, around 
1% for secondary reserve and 0.5% for tertiary reserve.  However, the 1,000 prosumers 
represent a very small percentage of the number of houses in Portugal. Portugal has more than 
3 million houses, which is more than enough to reduce CO2 emissions to zero, as shown in Figure 
7-15. 

 

Figure 7-15 – Avoided CO2 emissions due to the participation of aggregators of prosumers in the 
provision of reserve services.  

The participation of aggregators of prosumers in reserve services generates additional benefits, 
such as avoiding investments in dedicated energy storage systems and new generation units to 
support the integration of RES. 
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3. houses with larger areas have more margin to reduce electricity costs. It may be easier 
for the aggregator to attract prosumers with bigger houses; 

4. the behaviors and preferences of the prosumers significantly affect the cost of both 
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flexible preferences, such as longer EV availability periods or larger temperature ranges 
to reduce costs. 
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The second part discusses the direct and indirect impacts of the aggregator’s optimized 
strategies. The analysis suggests that the implementation of the optimized strategies may 
produce the following economic and environmental benefits: 

1. increasing the integration of non-dispatchable renewable generation; 

2. postponing (or even avoiding) network reinforcement; 

3. avoiding investments in generation capacity and flexibility; 

4. reducing the use of expensive and environmentally unfriendly fuel generators in 
frequency control services; 

5. avoiding investments in dedicated energy storage systems to compensate the variability 
of RES; 

6. avoiding investments in dedicated energy storage systems to store excess of renewable 
generation at residential level; 
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Chapter 8 – Conclusions and Future Research 

This chapter summarizes the main contributions and findings of this thesis and identifies 
possible follow-up research paths for future work. 

8.1 Main Contributions  

This thesis addresses an important research challenge of the future energy system, which is to 
enable the active participation of prosumers in the electricity markets. Such a paradigm shift will 
transform the actual system into a smart citizen-centered energy system. The research 
contributions presented next are an important step towards this transformation. 

The first contribution is conceptual and proposes to transform home automation and 
information into products to be traded by an aggregator of prosumers in multiple electricity 
market sessions, such as energy, secondary reserve, and tertiary reserve markets. 

The second contribution is the conceptualization of a technical framework to enable all the 
activities of the aggregator of prosumers. This concept guided all the developments of this work 
and resulted directly in three theoretical contributions: 

1. an architecture to enable the participation of the aggregator in multiple electricity 
market sessions. This architecture defines all the interactions between the electricity 
market stakeholders including information and economic flows during the day-ahead, 
real-time and settlement stages; 

2. characterization of the smart home technologies adopted to enable the participation of 
prosumers in the flexibility services offered by the aggregator. The smart home 
technologies include sensors, HEMSs and flexible appliances (EVs, TCLs, and PVs); 

3. identification of the relevant prosumers information and related uncertainty.  

The third contribution is a novel set of optimization models to support the aggregator in the 
definition of bids for multiple day-ahead market sessions. These bidding models consider 
multiple sources of flexibility (EVs, TCLs, and PVs) and uncertainty (e.g., inflexible load, 
renewable generation, outdoor temperatures, preferences and behaviors of the prosumers) in 
the optimization of bids. The new bidding optimization models are the following:  

1. a two-stage stochastic optimization model to define supply and demand bids for the 
day-ahead energy market. The bidding model minimizes the net cost of the aggregator 
trading energy in both day-ahead and real-time stages of the energy markets. This 
approach models the uncertainties of the prosumers information through a set of 
scenarios;  

2. a deterministic optimization model to define supply and demand bids for the day-ahead 
energy market. The bidding model minimizes the net cost of the aggregator trading 
energy in the day-ahead stage. This approach models the uncertainties of the prosumers 
information through point forecasts; 
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3. a two-stage stochastic optimization model to define demand and supply bids for the 
day-ahead energy market, and band bids for the day-ahead secondary reserve market. 
The bidding model minimizes the net cost of the aggregator trading energy and 
secondary reserve in both day-ahead and real-time market stages. This approach 
models the uncertainties of the prosumers information through a set of scenarios;  

4. a two-stage stochastic optimization model to define demand and supply bids for the 
day-ahead energy market and upward and downward bids for the day-ahead tertiary 
reserve market. The bidding model minimizes the net cost of the aggregator trading 
energy and tertiary reserve in both day-ahead and real-time market stages. 

The proposed bidding optimization models extend the bidding range of the aggregator to both 
demand and supply sides of the energy market, both upward and downward sides of the tertiary 
and secondary reserve markets, empowering the aggregator with multiple bidding combination 
options. 

The fourth contribution is a novel set of real-time management algorithms to dispatch the 
operation of multiple types of flexible resources (EVs, TCLs, and PVs) and ensure the delivery of 
multiple types of energy and reserve products sold and bought by the aggregator in the day-
ahead markets. The real-time management algorithms are the following: 

1. an energy MPC to deliver the energy bought and sold by the aggregator in the day-ahead 
market. The energy MPC minimizes the energy imbalances of the aggregator in real-
time; 

2. an economic MPC to deliver the energy bought and sold by the aggregator in the day-
ahead market. The economic MPC minimize the imbalance costs of the aggregator, i.e. 
the net cost of the aggregator buying and selling energy during real-time; 

3. a hierarchical MPC with two levels to deliver the energy and band traded by the 
aggregator in the day-ahead energy and secondary reserve markets. The first level of 
the MPC optimizes the net-load of the prosumers in a cost-effective way while ensuring 
that the band sold in the day-ahead market can be provided if requested. In the second 
level, a controller adjusts the net-load of the prosumers to the AGC signal; 

4. a single-level MPC to deliver energy and reserve products traded and offered by the 
aggregator in the day-ahead energy and tertiary reserve markets. The MPC optimizes 
the net-load of the prosumers in a cost-effective way, taking into account the set-points 
communicated by the TSO to manually activate tertiary reserve. 

The fifth contribution is to estimate the economic impact of different uncertainty modeling 
approaches for the prosumers information. Three uncertainty modeling approaches are 
analyzed: scenario-based; point forecast; and perfect information. 

Another contribution of this thesis is a discussion about the economic and environmental 
aspects related to the participation of the aggregator in the electricity markets. The discussion 
covers two topics: 
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1. identification of the main characteristics of the prosumers that may potentiate the 
aggregator business; 

2. estimation of the economic and environmental benefits generated by the optimal 
participation of the aggregator in the energy and reserve markets. 

8.2 Main Findings 

The evaluation of the proposed day-ahead optimization models and operational management 
algorithms resulted in a set of conclusions divided by aggregator’s strategies for market 
participation. 

From the participation of the aggregator in the day-ahead energy market, the following 
conclusions were obtained: 

1. day-ahead bidding optimization models: perfect, stochastic and deterministic 
strategies place most of the demand bids in the periods of low prices and supply bids in 
the periods of high prices. The inflexible bidding strategy places most of the demand 
bids in the periods of high energy prices;  

2. real-time management algorithms: the energy MPC generates lower energy imbalances 
than the economic MPC. However, the economic MPC produces the lowest imbalance 
cost. Therefore, real-time price arbitrage reduces the cost of the aggregator; 

3. combined day-ahead and real-time optimization algorithms: the perfect strategy 
presents the lowest aggregator’s cost since it models the uncertainty of the prosumers 
information through perfect forecasts. Under uncertainty, the Stoc_1 strategy 
(stochastic bidding strategy + economic MPC) presents the lowest aggregator’s cost. The 
improvement margin of Stoc_1 strategy is small compared to the perfect strategy; 

4. flexibility: the EV is the main source of load and generation flexibilities followed by the 
TCL as source of demand flexibility and PV as source of generation flexibility; 

5. modeling of the prosumers information: modeling the prosumers information through 
stochastic scenarios provides a better representation of the uncertainty than using point 
forecasts. The case study results show that the day-ahead stochastic strategy reduces 
the average total cost of the aggregator by 4% compared to the day-ahead deterministic 
strategy; 

6. remuneration of the prosumers: the optimized participation of the prosumers in the 
energy market generates average monthly savings of 7.8 €/prosumer with Sto_1 
strategy for the analyzed case study. Sto_1 strategy reduces the electricity cost of all 
prosumers. 

Regarding the participation of the aggregator in both energy and secondary reserve markets, 
the following conclusions were derived: 

1. day-ahead bidding optimization model: the bidding model empowers the aggregator 
with four bidding options. The aggregator may choose to participate only in the energy 
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market (with demand or supply bids) or in both energy and secondary reserve markets 
(with demand and band bids or supply and band bids). The band bids are preferably 
placed in the hours of high band prices and high product between upward tertiary 
reserve prices and ratios of upward utilization to band; 

2. real-time management algorithm: the hierarchical MPC dispatches multiple flexible 
resources and tracks the AGC signal while ensuring that the preferences of the 
prosumers are always satisfied. The controller (in the second level of the MPC) tracks 
perfectly the AGC signal when the flexibility band provided by the deterministic 
optimization (in the first level of the MPC) is sufficient;  

3. combined day-ahead and real-time optimization algorithms: the energy + secondary 
strategy reduces the total cost of the aggregator compared to the energy (i.e., Sto_1) 
and inflexible strategies; 

4. flexibility: the EV is the main source of band in both upward and downward directions 
followed by the TCL and PV; 

5. remuneration of the prosumers: the optimized participation of the prosumers in both 
energy and secondary reserve markets produces average monthly savings of 15.7 
€/prosumer for the analyzed case study;  

6. role of the prosumers: the energy + secondary strategy transforms some of the 
prosumers into sources of revenue, i.e. the net-revenue of the prosumers is positive. 

From the participation of the aggregator in both energy and tertiary reserve markets, the 
following conclusions were drawn: 

1. day-ahead bidding optimization model: the bidding model empowers the aggregator 
with six bidding options. The aggregator may choose to participate only in the energy 
market (with demand or supply bids) or in both energy and tertiary reserve markets 
(with demand and downward bids, demand and upward bids, supply and downward 
bids or supply and upward bids). The downward bids are preferably placed in the hours 
of low downward reserve prices and the upward bids in the hours of upward reserve 
prices; 

2. real-time management algorithm: the single-level MPC dispatches multiple flexible 
resources in a cost-effective way while ensuring that the tertiary reserve manually 
mobilized by TSO is delivered;  

3. combined day-ahead and real-time optimization algorithms: the energy + tertiary 
strategy outperforms energy and inflexible strategies with a lower aggregator’s cost. 
However, the energy + secondary strategy outperforms energy + tertiary strategy by 
reducing the total cost of the aggregator; 

4. forecasting errors: poor day-ahead forecasts of reserves’ direction reduces the revenue 
of selling tertiary reserve and increases the energy costs; 
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5. flexibility: the EV is the main source of tertiary reserve in both upward and downward 
directions followed by the TCL and PV; 

6. remuneration of the prosumers: the active participation of the prosumers in both 
energy and tertiary reserve markets produces average monthly savings of 13.8 
€/prosumer for the analyzed case study. The best strategy for both prosumers and 
aggregator is the energy + secondary strategy; 

7. role of the prosumers: the energy + tertiary transforms some of the prosumers into 
sources of revenue, as the energy + secondary strategy. 

From the discussion about the characteristics of the prosumers that may potentiate the 
aggregator’s business, the following guidelines were drawn: 

1. business model: the aggregator should persuade the prosumers to participate in both 
energy and reserve services, in order to maximize the value of their flexibility; 

2. electric vehicles: one of the top priorities of the aggregator should pass for attracting 
EV drivers (preferably EVs with large charging and discharging rates) since the EV is the 
main source of flexibility and revenue; 

3. thermostatically controlled loads: it may be easier for the aggregator to attract 
prosumers with bigger houses since houses with larger areas have more margin to 
reduce electricity costs; 

4. preferences of the prosumers: the aggregator should persuade prosumers to adopt 
more flexible preferences, such as longer EV availability periods or larger temperature 
ranges to reduce electricity costs. 

The discussion about the economic, social and environmental benefits related to the optimal 
participation of an aggregator of prosumers in the electricity markets produced the following 
conclusions: 

1. economic benefits: postponing (or even avoiding) network and generation capacity 
reinforcements and investments; avoiding investments in dedicated energy storage 
systems to compensate the variability of RES and store excess of renewable generation 
at residential level; 

2. environmental benefits: increasing the integration of non-dispatchable renewable 
generation; and reducing the use of expensive and environmentally unfriendly fuel 
generators in frequency services; 

3. social benefits: empowering the end-users of the energy system, transforming them 
into active users aware of their social and environmental responsibility. 

As an overall conclusion, the active participation of prosumers in the electricity markets via 
aggregators generates several societal benefits, contributing for a smarter, greener and more 
cost-efficient energy system.   
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8.3 Perspectives for Future Work 

The following research topics, related to the electricity market sessions, were identified for 
future work: 

1. participation of the aggregator in the energy, secondary and tertiary reserve markets: 
extending the proposed bidding optimization models and real-time management 
algorithms to enable the participation of the aggregator in three market sessions;  

2. tertiary reserve market: extending the real-time optimization algorithm to update the 
reserve bids (increase or decrease) or present new bids during the operating day. This 
upgrade may allow reducing energy imbalances due to day-ahead forecasting errors of 
reserve direction and prosumers information; 

3. intraday and real-time markets: extending the real-time optimization algorithms to 
include the intraday market sessions. Theses trading sessions are useful to update day-
ahead energy bids and obtain profit from price arbitrage between day-ahead and 
intraday market sessions; 

The following mathematical formulation aspects were identified, as future work: 

1. price-taker assumption: in this thesis, the aggregator is assumed to be a price-taker. 
This assumption is reasonable since the size of the aggregator is small compared to the 
market size. However, in a future scenario, the aggregator may become a price-maker. 
This new assumption requires changing the formulation of the day-ahead bidding 
optimization models since the energy and reserve prices are affected by the size of the 
bids. Therefore, future work consists of developing bidding optimization models for 
price-maker aggregators; 

2. scalability aspects: in the case study of this thesis, the aggregator manages 1000 
prosumers with 3000 flexible resources. The day-ahead and real-time computation 
times for this portfolio’s size are suitable. However, increasing the portfolio’s size from 
thousands to millions may increase the execution times making them unsuitable for the 
market timeline. Therefore, future research work consists of developing approaches to 
reduce the size of the optimization problems for portfolios with millions of flexible 
resources. Initial findings were already discussed by Iria and Soares in Ref. [136]; 

3. uncertainty of the electricity market information: in this thesis, the electricity market 
information in the day-ahead stage is modeled through point forecasts. Alternative 
approaches, such as probabilistic scenarios, may be used to mitigate the effects of point 
forecasting errors. For instance, the forecasting errors of tertiary reserve direction 
significantly impact the economic performance of the aggregator; 

Another topic for future work is the definition of tailor-made remuneration (or rewarding) 
mechanisms. The remuneration mechanisms should ensure the profitability of the aggregator, 
and at the same time attract prosumers. This involves developing new planning methods and 
engagement techniques, such as long-term optimization methods for portfolio definition and 
gamification tools to engage prosumers. 
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Appendix A – Case Study Data 

This appendix section presents the case study data used to test the optimization algorithms 
described in chapters 4, 5 and 6. Two different sets of data are described: 

 A-1 – prosumers information; 

 A-2 – electricity market information. 

The two sets of data are referent to the first week of December 2015 (from November 30th to 
December 6th). 

A-1 – Prosumers Information  

Four types of prosumers information are considered: TCL parameters; EV parameters; inflexible 
load; and photovoltaic generation. The prosumers information is referent to 1000 houses from 
Porto, Portugal. Each prosumer owns 1 TCL, 1 EV and 1 PV.  

A-1.1 – Thermostatically Controlled Loads Parameters 

The TCL parameters can be fixed or variable. The fixed parameters are the physical 
characteristics of the room, technical characteristics of the TCL and prosumer’s preferences. The 
variable parameters are outdoor temperature, house occupancy, heat gains and losses. In the 
day D-1, the variable parameters can assume the form of point forecasts or scenarios depending 
on the bidding optimization model adopted. In the day D, the variable parameters are actual 
measured values. 

Physical characteristics of the rooms 

The physical characteristics of the rooms are the thermal resistance 𝑅 (℃/𝑘𝑊) and the thermal 
capacitance 𝐶 (𝑘𝑊ℎ/℃). Figure A-1 shows the distribution of the rooms’ characteristics of the 
1000 prosumers (each TCL heats one room). The thermal resistance and capacitance of the 
rooms were computed based on areas of the rooms and physical characteristics of Portuguese 
buildings [137], [138]. The areas of the rooms range from 20 to 60 m2. 

 

Figure A-1 – Physical characteristics of the rooms. 
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Technical parameters 

The technical parameters of the TCL are the coefficient of heating performance 𝐶𝑂𝑃 and the 
maximum electric power 𝑃 (𝑘𝑊). Table A-1 presents the technical parameters of 8 split inverter 
heat pumps [139]. The split inverter heat pumps were randomly selected according to the area 
of the rooms. 

Table A-1 – Technical parameters of split inverter heat pumps. 

Model 1 2 3 4 5 6 7 8 
COP 4.4 4.6 4.7 4.9 4.3 4.4 4.4 3.9 
𝑷 (𝒌𝑾) 0.9 0.9 0.9 1.1 1.3 1.3 1.5 1.5 

Area (𝒎𝟐) [20,30[ [20,30[ [30,40[ [30,40[ [40,50[ [40,50[ [50,60] [50,60] 

Temperature ranges 

The temperature ranges define the thermal comfort of the prosumers  𝜃, 𝜃 . Table A-2 presents 
the ranges of thermal comfort randomly selected for the prosumers. 

Table A-2 – Ranges of thermal comfort. 

Preferences [19,22] [19,23] [20,22] [20,23] 
Number of prosumers 266 255 271 208 

Outdoor Temperature 

The outdoor temperature can assume the form of point forecasts, scenarios or actual measured 
values, as described in Figure A-2. The point forecasts were downloaded from the MeteoGalicia 
website [140]. The scenarios were generated by the Gaussian Copula method (described in 
Appendix C) using point forecasts, as explanatory variable [120]. The actual temperatures were 
collected from a weather station.  

 

Figure A-2 – Outdoor temperatures in the first week of December 2015, Porto (25 day-ahead 
scenarios, day-ahead point forecasts, and actual values). 

House Occupancy 

The house occupancy can assume the form of scenarios, point forecasts or actual values, as 
described in Figure A-3. The point forecasts and scenarios were computed by a seasonal naïve 
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forecasting algorithm. For instance, the point forecasts for Wednesday are equal to the actual 
values observed in the last Wednesday. The same logic is applied to generate scenarios. 

 

 

Figure A-3 – House occupancy on November 30th (25 day-ahead scenarios, day-ahead point forecasts, 
and actual values). A bar means that the household is occupied. 

The inputs of the seasonal naïve forecasting algorithm were annual synthetic time series of 
house occupancy. The time series were computed based on the daily routines of the Portuguese 
families described in Figure A-3.  

Table A-3 – Profiles of house occupancy of Portuguese families. 

Profile Weekday Weekend day Probability of occurrence 

1 0h – 9h | 19h-23h 0h – 9h | 19h-23h 10% 
2 0h – 23h 0h – 23h 30% 
3 0h – 12h | 20h-23h 0h – 23h 5% 
4 0h – 8h | 18h-23h 0h – 8h | 18h-23h 10% 
5 0h – 8h | 19h-23h 0h – 23h 5% 
6 0h – 7h | 21h-23h 0h – 9h | 17h-23h 5% 
7 0h – 9h | 17h-23h 0h – 23h 15% 
8 0h – 8h | 20h-23h 0h – 11h | 18h-23h 10% 
9 0h – 9h | 19h-23h 0h – 9h | 18h-23h 5% 

10 0h – 9h | 18h-23h 0h – 23h 5% 

Heat gains and losses 

The heat gains and losses can assume the form of scenarios (day D-1) or point forecasts (day D 
and D-1). The scenarios and point forecasts for the days D and D-1 were generated by a Gaussian 
white noise process 𝜗 ~ 𝑁 (0, 1 ∙ 10 ) ℃𝑠 ⁄ . 
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A-1.2 – Electric Vehicle Parameters 

The EV parameters can be fixed or variable. The fixed parameters are the technical 
characteristics of the EV. The variable parameters include plug-in availability, SOCs at departure 
and arrival times. In the day D-1, the variable parameters can assume the form of point forecasts 
or scenarios depending on the bidding optimization model adopted. In the day D, the variable 
parameters are equal to the actual values. 

Fixed Parameters  

The fixed parameters of the EV include charging and discharging efficiency 𝜂 , charging and 

discharging power rate 𝑃 (𝑘𝑊), minimum state-of-charge 𝑆𝑂𝐶 (𝑘𝑊ℎ) and maximum state-of-
charge 𝑆𝑂𝐶 (i.e., battery capacity). Table A-4 describes the technical parameters of the EVs. The 
charging and discharging power rates were randomly selected by choosing one of two values: 
3.7 or 7 kW [141]. The battery capacity of the EVs was defined according to a truncated normal 
distribution 𝑆𝑂𝐶~𝑁(33.3, 146.5) and 15 ≤ 𝑆𝑂𝐶 ≤ 70.4 𝑘𝑊ℎ [142], [143]. 

Table A-4 – Technical parameters of electric vehicles. 

𝜼  𝑷 (𝒌𝑾) 𝑺𝑶𝑪 (𝒌𝑾𝒉) 𝑺𝑶𝑪 (𝒌𝑾𝒉) 

0.93  3.7 or 7 0.1 ∙ 𝑆𝑂𝐶 𝑆𝑂𝐶~𝑁(33.3,   146.5)  15 ≤ 𝑆𝑂𝐶 ≤ 70.4 

Variable Parameters  

The variable parameters can assume the form of scenarios, point forecasts or actual values, as 
described in Figure A-4 and Figure A-5. The state-of-charge at departure time 𝑆𝑂𝐶  is equal to 
the maximum possible value (i.e., battery capacity of the EV). The availability of the EV  is defined 
by the period between the arrival 𝑡  and departure 𝑡  times 𝑇 = [𝑡 , … , 𝑡 ].  

 

Figure A-4 – State-of-charges at arrival and departure times of one electric vehicle on November 30th 
(25 day-ahead scenarios, day-ahead point forecasts [PF] and actual values [AV]). 

The point forecasts and scenarios were computed by a seasonal naïve forecasting algorithm. The 
inputs were annual synthetic time series of EV mobility patterns generated by a discrete-time-
space Markov chain. Detailed information about the discrete-time-space Markov chain can be 
found in [15], [142], [143].   
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Figure A-5 – Availability of one electric vehicle on November 30th (25 day-ahead scenarios, day-ahead 
point forecasts, and actual values). A bar means that the electric vehicle is available and plugged-in. 

A-1.3 – Inflexible Load 

The inflexible load 𝑃𝑟  (𝑘𝑊)  can assume the form of scenarios, point forecasts or actual 
values, as described in Figure A-6. The day-ahead point forecasts were computed using the 
gradient boosting algorithm [144] from the python package “scikit-learn” [145]. The day-ahead 
scenarios were generated by the Gaussian Copula method (described in Appendix C). The 
historical data consists of hourly load of LV consumers from Portugal, hour, month and season 
for the period of two years (2014-2015). The last three variables were used as explanatory. 

 

Figure A-6 – Inflexible load of one prosumer in the first week of December 2015 (25 day-ahead 
scenarios, day-ahead point forecasts, and actual values).  

The average daily consumption of a Portuguese household in 2015 was 8.1 kWh (BTN type 
client), according to the Portuguese energy regulatory agency [146]. 
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A-1.4 – Photovoltaic Generation 

The photovoltaic generation 𝑃𝑟  (𝑘𝑊) can assume the form of scenarios, point forecasts or 
actual values, as described in Figure A-7. The scenarios were generated by the Gaussian Copula 
method (described in Appendix C). The point forecasts were computed by the gradient boosting 
algorithm [144]. The historical data consists of normalized hourly solar power measurements 
and numerical weather predictions for the period of one year (2015). The numerical weather 
predictions were collected from the MeteoGalicia website [140] and used as explanatory 
variables. The numerical weather predictions include outdoor temperature, cloud covers and 
surface downwelling shortwave flux.  

 

Figure A-7 – Photovoltaic generation of a PV unit of 1 kWp for the first week of December (25 day-
ahead scenarios, day-ahead point forecasts, and actual values). The PV unit is located in Porto. 

Two different PV units were distributed by the prosumers: 630 prosumers have a PV unit of 1 
kWp; and 370 prosumers have a PV unit of 1.5 KWp. 

A-2 – Electricity Market Information  

The market information of MIBEL is divided per type of electricity market: energy market; 
secondary reserve market; and tertiary reserve market.  

A-2.1 – Energy Market 

The participation of the aggregator in the energy market requires the forecasting of the 
following prices: energy prices 𝜆 ; positive 𝜆 ,  and negative 𝜆 ,  imbalance prices. In the day-
ahead stage, the aggregator forecasts the energy and imbalance prices. During the operating 
day, the aggregator updates the forecasts of imbalance prices. 

The energy and imbalance prices for 36 hours ahead were forecasted using the gradient 
boosting algorithm [144] from the python package “scikit-learn” [145].  Table A-5 describes the 
explanatory variables used to forecast the energy and imbalance prices for each market stage. 
The historical data was collected from the ENTSO-E transparency platform [147], [148]. 

Figure A-8 shows the day-ahead point forecasts of energy and imbalance prices. The energy and 
imbalance prices are always positive. In fact, the energy prices only can assume positive values, 
while the imbalance prices can be positive or negative. The average values of energy, positive 
imbalance, and negative imbalance prices are 59.1 €/MWh, 48.7 €/MWh and 69.9 €/MWh, 
respectively. Typically, 𝜆 , ≥ 𝜆  and 𝜆 , ≤ 𝜆 . 
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Table A-5 – Explanatory variables used to forecast energy and imbalance prices. 

Market stage Prices Explanatory variables 

Day-ahead 
 (day D-1) 

Energy price 
Portugal and Spain: forecasted demand; forecasted wind 
generation; and forecasted solar generation.  
Timestamp. 

Positive imbalance price  Portugal: forecasted demand; forecasted wind generation; and 
forecasted solar generation. 
Timestamp. 
MIBEL: forecasted day-ahead energy prices.  

Negative imbalance price 

Real-time  
(day D) 

Positive imbalance price  Portugal: forecasted demand; forecasted wind generation; and 
forecasted solar generation (updated forecasts). 
Timestamp. 
MIBEL: energy clearing prices. 

Negative imbalance price 

 

Figure A-8 – Day-ahead point forecasts of energy and imbalance prices for the first week of December. 

Table A-6 describes the average values of the mean absolute error (MAE), Spearman's rank 
correlation and root mean squared error (RMSE) of the energy and imbalance prices for the first 
week of December 2015. The MAE and RMSE measure the accuracy of the forecasted prices, 
while the Spearman's rank correlation measures the prices ranking quality. The most important 
metric is the Spearman’s rank correlation to participate in the energy market [149]. The 
performance of the energy price is good, the average of the rank correlation is 0.92, MAE is 2.97 
€/MWh and RMSE is 3.67 €/MWh. The forecasted imbalance prices present a low performance 
for both market stages. The forecasting of the imbalance prices has margin for improvement. 

Table A-6 – Performance metrics of energy and imbalance prices for the first week of December 2015. 

Market stage Prices MAE (€/MWh) Spearman’s rank correlation RMSE (€/MWh) 

Day-ahead (day D-1) 
Energy 2.97 0.92 3.67 
Negative imbalance  8.43 0.57 10.38 
Positive imbalance 7.89 0.44 9.94 

Real-time (day D) 
Negative imbalance 6.85 0.57 8.56 
Positive imbalance 8.92 0.47 11.29 

A-2.2 – Secondary Reserve Market 

The participation of the aggregator in the secondary reserve market requires the forecasting of 
the following prices and parameters: band prices 𝜆 ; upward 𝜆  and downward 𝜆  tertiary 
reserve prices (the tertiary reserve prices correspond to the utilization prices); financial penalties 

for band not supplied 𝜆 , ; ratios of upward 𝜛  and downward 𝜛  utilizations to band. In the 
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day-ahead stage, the aggregator forecasts the 𝜆 , 𝜆 , 𝜆 , 𝜆 , , 𝜛  and 𝜛 .  During the 
operating day, the aggregator updates the forecasts of 𝜆 , 𝜆 , 𝜛 and 𝜛 . 

The band prices and ratios for 36 hours ahead were forecasted using the gradient boosting 
algorithm.  Table A-7 shows the explanatory variables used to forecast the band prices and ratios 
for each market stage. The historical data was collected from the ENTSO-E and Portuguese TSO 
websites [134], [147]. 

Table A-7 – Explanatory variables used to forecast the band prices and ratios. 

Market stage Price and ratios Explanatory variables 

Day-ahead 
 (day D-1) 

Band price 
Portugal: forecasted demand; and forecasted wind generation. 
MIBEL: forecasted day-ahead energy price.  

Ratio of upward 
utilization to band  Portugal: forecasted demand; and forecasted wind generation. 

Timestamp. Ratio of downward 
utilization to band 

Real-time  
(day D) 

Ratio of upward 
utilization to band 

Portugal: forecasted demand; and forecasted wind generation 
(updated forecasts). 
Timestamp. 

Ratio of downward 
utilization to band 

Figure A-8 shows the day-ahead point forecasts of band prices and upward and downward 
ratios. The Portuguese TSO sets the penalty for band not supplied 𝜆 ,  equal to 1.5 ∙ 𝜆  [29]. 
The average values of band price, upward and downward ratios are 17.0 €/MW, 0.3 and 0.09, 
respectively. 

 

 

Figure A-9 – Day-ahead point forecasts of band price and ratios for the first week of December. 
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Table A-8 describes the average values of the MAE and RMSE of the band price, upward and 
downward ratios for one week. The forecasting performance of the band price is good. The 
upward and downward ratios present a low performance. There is margin for improvement.  

Table A-8 – Performance metrics of band price, downward and upward ratios for the first week of 
December 2015. 

Market stage Price and ratios MAE  RMSE  

Day-ahead (day D-1) 
Band price (€/MW) 1.88 2.19 
Ratio of upward utilization to band (0-1) 0.19 0.23 
Ratio of downward utilization to band (0-1) 0.13 0.18 

Real-time (day D) 
Ratio of upward utilization to band (0-1) 0.19 0.23 
Ratio of downward utilization to band (0-1) 0.13 0.18 

During the operating day, the AGC system dispatches the band sold by the aggregator in the 
day-ahead market. Figure A-10 depicts an AGC signal of PJM for 24 hours in time steps of 2 
seconds and normalized between -1 (upward) and 1 (downward) [150]. The AGC signal of PJM 
was used since there was not any AGC signal available from the Portuguese system. 

The AGC signal is sent by PJM for each resource owner assigned to supply regulation reserve 
(i.e., secondary reserve). For instance, when a reserve resource receives a negative signal, it 
means that the resource needs to provide upward reserve. On the other hand, a positive signal 
means the provision of downward reserve. If the signal is equal to 0, it means that the resource 
needs to stay at its predefined operating point (i.e., no reserve provision). 

 

Figure A-10 – AGC signal for the 24 hours of December 30th (Monday). The AGC signal is normalized 
between -1 (upward) and 1 (downward). 

A-2.3 – Tertiary Reserve Market 

The participation of the aggregator in the tertiary reserve market requires the forecasting of the 
following prices and parameters: downward 𝜆  and upward 𝜆  tertiary reserve prices; penalties 
for upward 𝜆 ,  and downward 𝜆 ,  reserves not supplied; upward 𝜚  and downward 𝜚  

reserve directions. In the day-ahead stage, the aggregator forecasts the 𝜆 , 𝜆 , , 𝜆 , 𝜆 , , 𝜚  
and 𝜚 . During the operating day, the aggregator updates the forecasts of 𝜆 , 𝜆 , , 𝜆  and 

𝜆 , . 

The tertiary reserve prices for 36 hours ahead were forecasted using the gradient boosting 
algorithm.  Table A-9 shows the explanatory variables used to forecast the reserve prices for 
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each market stage. The historical data was collected from the ENTSO-E and Portuguese TSO 
websites [134], [147]. 

Table A-9 – Explanatory variables used to forecast the tertiary reserve prices. 

Market stage Prices Explanatory variables 

Day-ahead 
 (day D-1) 

Upward reserve price 
Portugal:  forecasted demand; forecasted solar generation; and 
forecasted wind generation. 
MIBEL: forecasted day-ahead energy price. 
Timestamp. 

Downward reserve price 

Real-time  
(day D) 

Upward reserve price 
Portugal:  forecasted demand; forecasted solar generation; and 
forecasted wind generation (updated forecasts). 
MIBEL: energy clearing price. 
Timestamp. 

Downward reserve price 

Figure A-11 shows the day-ahead point forecasts of tertiary reserve prices and penalties for 
reserve not supplied. The penalties for reserves not supplied 𝜆 , and 𝜆 ,  result from the sum 
of the energy price 𝜆  to the reserve prices 𝜆  and 𝜆 , respectively. The average values of 
upward reserve, downward reserve, penalties for upward and downward reserves not supplied 
are 77.3 €/MWh, 37.2 €/MWh, 136.3 €/MWh and 96.2 €/MWh, respectively.  

 

 

Figure A-11 – Day-ahead point forecasts of tertiary reserve prices and penalties for reserves not 
supplied for the first week of December. 

Table A-8 describes the average values of the MAE and RMSE of the tertiary reserve prices for 
one week. The forecasting errors of the tertiary reserve prices are high. This shows that irregular 
time series with high variability are difficult to forecast and alternative forecasting algorithms 
should be exploited in future work.  
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Table A-10 – Performance metrics of tertiary reserve prices for the first week of December 2015. 

Market stage Prices MAE (€/MWh) RMSE (€/MWh) 

Day-ahead (day D-1) 
Upward reserve price 16.5 26.6 
Downward reserve price 8.0 11.8 

Real-time (day D) 
Upward reserve price 15.9 26.7 
Downward reserve price 8.0 11.7 

Three different classification algorithms were used to compare the forecasting of tertiary 
reserve direction: logistic regression of the family of generalized linear models; gradient 
boosting; and naïve Bayes [144]. The classification algorithms are available in the python 
package “scikit-learn”. 

Table A-11 shows the explanatory variables used to forecast the tertiary reserve direction for 36 
hours ahead. The tertiary reserve direction is divided into upward and downward directions. 
One year of data was collected from the ENTSO-E and Portuguese TSO websites [134], [147]. 

Table A-11 – Explanatory variables used to forecast the tertiary reserve direction. 

Market stage Reserve direction Explanatory variables 

Day-ahead 
(day D-1) 

Downward  
Portugal:  forecasted demand; forecasted solar generation; and 
forecasted wind generation. 
Timestamp. 

Upward 

Portugal:  forecasted demand; forecasted solar generation; and 
forecasted wind generation. 
Timestamp. 
Forecasted downward reserve direction 

Table A-12 presents the performance results of the three classification algorithms for one week. 
The results show that the naïve Bayes outperforms the other two algorithms. The performance 
metrics are computed, as follows: 

 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = ∙ 100% 

 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = ∙ 100% 

where TP are the true positives, FP the false positives, TN the true negatives and FN the false 
negatives. The precision metric evaluates the possibility of the aggregator incurring in energy 
imbalances due to forecasting errors of reserve direction.  

Table A-12 – Performance metrics of the tertiary reserve direction for the first week of December 
2015. 

Reserve direction Classification algorithm Accuracy  Precision 

Upward 
Logistic regression 65% 39% 
Gradient boosting 61% 32% 
Naïve Bayes 65% 46% 

Downward 
Logistic regression 64% 85% 
Gradient boosting 63% 83% 
Naïve Bayes 71% 85% 
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Appendix B – Definition of the Number of Scenarios 

The number of scenarios was set by a two-step heuristic algorithm. First, the scenario-based 
bidding optimization problems were solved for a number of scenarios from 5 to 50. Second, the 
number of scenarios was selected based on the MAE and computation time. The MAE measures 
the differences between the bids computed considering [5, … ,45] scenarios and 50 scenarios.  

The increase in the number of scenarios, after 25, does not improve significantly the MAEs for 
the three bidding strategies, as shown in Figure B-1, Figure B-2 and Figure B-3. Beyond this value, 
the increase in computation time does not justify the improvement in uncertainty 
approximation through a larger set of scenarios. Therefore, the number of scenarios was set to 
25. The computation times for 25 scenarios satisfies the market timeline of the energy, 
secondary reserve and tertiary reserve markets of MIBEL.  

 
Figure B-1 – Energy market: computational times and MAEs.  

 
Figure B-2 – Secondary reserve and energy markets: computational times and MAEs.  

 
Figure B-3 – Tertiary reserve and energy markets: computational times and MAEs.  
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Table B-1 describes the performance metrics of the energy and reserve bids for 25 scenarios. 
The MAEs are very low compared to the average sizes of the energy and reserve bids. 

Table B-1 – Performance metrics of the energy and reserve bids for 25 scenarios. 

Bidding markets Bids Average bid size (kWh or kW) MAE (kWh) 

Energy market Energy 1126 12.5 

Secondary reserve and 
energy markets 

Energy 1180 14.3 
Band 799 7.4 

Tertiary reserve and 
energy markets 

Energy 1241 17.4 
Upward reserve 992 7.7 
Downward reserve 554 6.3 
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Appendix C – Gaussian Copula Method 

The Gaussian copula method [151], [152] generates 𝐽 scenarios (or temporal trajectories) of PV 
generation, outdoor temperature and inflexible load. The Gaussian copula method presents the 
following sequential steps: 

1. generates 𝐽 random vectors 𝑍 from a multivariate Gaussian distribution with zero mean 
and Pearson’s covariance matrix estimated from a learning sample of past observations; 

2. transforms 𝑍 with equation (C-1) to obtain a random vector 𝑌[ ] (i.e., set of scenarios), 

             𝑌[ ] = 𝐹 Φ 𝑍[ ]                (C-1) 

where 𝐹  is the inverse of the cumulative distribution function interpolated from the 
forecasted quantiles (computed by the gradient boosting algorithm [144]) and Φ is the 
distribution function of a standard normal random variable.  

 


