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Abstract— The liberalization of the electric sector led to the 

opening of the production and commercialization sectors which 

drastically changed the way energy is transacted. 

While in the wholesale market electricity can be traded on 

organized markets or through direct contracting between through 

recourse to bilateral contracts, in the retail market consumers 

(usually small or medium) can subject to the regulated market or 

they may also use bilateral contracts with their retailer. 

Although the negotiation of bilateral energy contracts is 

typically carried out individually between a buyer and a vendor, 

there are strategies for creating consumers’ coalitions that allow 

them to trade with a stronger position given the volume of business 

they can represent for the seller. 

This article starts with the contextualization of the theme, and 

later define a trading strategy for a retailer to meet the buyer 

profile as well as it also defines a team negotiation model. 

A case study is presented using a simulator of a Multi-Agent 

System with Autonomous Software Agents to prove the benefits of 

consumers’ coalitions and the application of different team 

negotiation strategies for the establishment of an agreement with 

an energy retailer. 

 

Keywords— Bilateral Contracts, Retail Market, Consumers’ 

Coalition, Autonomous Software Agents, Multi-Agent Systems  

 

I. INTRODUCTION 

A. Energy Sector Organization and Road to Liberalization 

lectricity has long become an essential commodity, 

indispensable to the life of the majority of the world's 

population, having been the erection of its production, 

transmission and distribution infrastructures responsibility of 

national governments through traditionally public monopoly 

concessionaires [1]. The electric industry was dominated over 

time by large companies that had being these companies often 

classified as vertically integrated companies. In vertically 

integrated companies, it is difficult to determine the cost of each 

service (generation, transport and distribution), and therefore 

consumers are charged an average regulated tariff based on the 

aggregate costs in a given period. At the beginning of the 

electricity industry, government favoring vertically integrated 

companies led energy markets to become regulated monopolies 

due to two main reasons [2] being the first that the capital 

needed to create infrastructure with the magnitude required by 
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the Power Systems was very high, so it was imperative to find 

a risk-free strategy to attract funding. The second reason was 

that regulation was to necessary ensure that the existence of a 

monopoly did not translated into the exploitation of consumers 

through the tariffs applied. Already before but strongly in the 

1990s, and like other sectors such as telcos and gas, companies 

in the electricity sector have been forced worldwide to 

restructure their method of operation and business plan. This 

change came from the influence of external factors, namely the 

evolution of technology and the necessity of competitive, 

transparent and efficient markets. These factors led to the need 

for a restructuring of the sector, the liberalization. This 

happened through the introduction of policies by governments 

that, at first, created a fully competitive wholesale market by 

allowing more than one company to be free to buy from 

whichever generator it wanted. Finally, in some cases, the 

organization progressed towards a full liberalized sector by 

allowing the final customer to choose their own supplier of 

energy.  

The liberalization of energy markets in Europe began in the 

UK in 1983. In 1990, as a result of this change, the creation of 

the first wholesale market emerged. In 1996, Norway and 

Sweden following Finland and Denmark formed a new market, 

NordPool [3]. In 1998, negotiations between the Portuguese 

and Spanish Governments began in order to establish a new 

regional electricity market, and in November of 2001 emerged 

the "Protocol of collaboration between the Spanish and 

Portuguese administrations for creation of the Iberian 

Electricity Market", MIBEL. 

The management of the Iberian derivatives market is the 

responsibility of the OMIP [4]. The operator in charge of the 

spot market is the OMIE [5].  Both operators own 50% of the 

OMIClear, that manages the clearing platform for the 

derivatives market and acts as central counterparty to all 

operations [6]. There is also a regulator for the Portuguese 

sector,  called ERSE (Energy Services Regulatory Authority), 

whose responsibilities go from the approval of regulations and 

energy prices to the protection of consumer’s rights by 

guaranteeing that the law is fulfilled.    

 

B. Energy Contracting: Bilateral Contracts 

A bilateral contract is no more than an agreement between 

two parties for the transaction of a product or a service. In the 

the program “COMPETE- Programa Operacional Temático Factores de 
Competitividade” 

 

Bilateral Contracting in Liberalized Energy 

Markets: Consumers’ Coalitions 

Filipe Manuel Cabrita Guerra, Instituto Superior Técnico, February 2018, Lisbon, Portugal, 

filipe.c.guerra@ist.utl.pt 

E 



2 

 

case of an energy market, a bilateral agreement is then an 

agreement between a buyer and a seller for the purchase and 

sale of energy, generation capacity rights or other related 

product, all within previously agreed terms such as volume, 

price and deadline. 

Market prices are highly volatile and therefore susceptible to 

sudden fluctuations, being the players therefore subject to 

significant risks. It was with the intention of mitigating this 

volatility that arose, first in the wholesale market, the bilateral 

contracts. In the wholesale market, the pricing of bilateral 

contracts comes from the anticipation of spot market prices. If 

sellers have power in the spot market, this power will be 

reflected in the bilateral contract market, thus making daily 

market dynamics have a major impact on bilateral contracts. 

The larger the number of buyers using this model, the smaller 

the spot selling opportunities on the part of producers, limiting 

their market power and suppressing pool prices, thus 

influencing the prices of bilateral contracts [7]. In the retail 

market, the large share of bilateral contracting translates into 

"Over The Counter" (OTC) contracts. In an OTC market, these 

transactions involve small amounts of energy to be delivered 

according to a standard profile, that is, a standardized definition 

of the amount of energy to deliver during different periods of 

the day and week. This type of contract has lower transaction 

costs and is used by stakeholders to correct their position when 

the delivery time approaches. Moreover, this type of contract 

has the disadvantage of having an associated credit risk, since 

there is no body that supervises the purchase and sale 

operations, there is no guarantee that the conditions of the 

contracts will be fulfilled [8]. 

With the liberalization of energy markets in different 

geographies, different types of market models and different 

legal frameworks were applied and tested, until it came to the 

conclusion that energy trading should not be restricted to spot 

markets. A mandatory spot model, while seeming more 

transparent, is not infallible, as the energy crisis in the state of 

California in the United States at the beginning of the 21st 

century is an example of. 

The reason behind the crisis was an inadequate legal 

framework. The purchase of energy through a power pool was 

made mandatory in 1998 [9] and there was a belief that the 

prices in the wholesale market were going to decrease due to 

the fully competitive nature of it. Meanwhile, the utility 

companies had their selling prices to customers fixed at a rather 

high price. The predictions pointed out that generation expenses 

would be rather lower than this figure, and this would help to 

promptly compensate the previous costs, after the liberalization 

of retail prices.  

This model worked for a while, but during that time there 

wasn’t a relevant investment in new power plants and the 

demand kept growing. When a particularly hot summer hit 

California in 2000, the demand peaked and there was 

insufficient generation to meet the demand. The rise on the 

wholesale prices meant that utilities had no hedge against the 

spot price and were required to buy energy at very high prices 

and sell it at a fixed price, which made them accumulate debt. 

Ultimately, the government had to intervene and one of the 

measures applied to stabilize the prices was allowing the 

utilities to make long-term bilateral contracts. This case 

highlights the need for the existence of financial instruments 

that, when properly applied, can protect market participants 

from the volatility in prices [10].  

 

C. Multi-Agent Systems 

Of the many objectives that simulation of electricity markets 

can have, the most important and sought is the forecast of 

prices. For the market price forecast, simulation tools have the 

advantage over other methodologies of being able to 

incorporate many characteristics of a real electrical systems as: 

power plants, demand, fuel prices, strategic behavior of the 

companies, between others. In recent years, it has been made 

use of the technology called Multi-Agent Systems in order to 

simulate energy markets. Considered one of the fastest growing 

areas in computer science, multi-agent systems are an artificial 

intelligence tool that use entities called agents, which are 

autonomous entities that are able to control their behavior in 

self-benefit in order to solve complex problems [11]. A multi-

agent system is a network of autonomous agents with divergent 

information or interests, or both, that interact with each other in 

order to solve problems that otherwise would lack the skills and 

knowledge to solve for themselves [12]. The main theoretical 

and practical aspects inherent to the study and development of 

autonomous agents are commonly grouped into three broad 

areas: theories, architectures and languages [13]. According 

[14] the concept of agents can be presented in a “weak” notion 

and a “strong” notion. For the "weak" notion the authors present 

some characteristics possessed by the agents, namely their 

autonomy, reactivity, pro-activity and social capabilities. 

Furthermore, agents can still be seen as a set of three main 

components: the program implemented by the agent, the state 

of the agent and finally its architecture. Regarding this latter 

component, there are three categories by which agents can have 

their behavior classified, Deliberative, Reactive and Hybrid 

[15]. 

Agent technology has been used to solve real-world problems 

in a range of industrial and commercial applications. In order to 

put into practice the mentioned concepts it is necessary the use 

of multi-agent platforms which are computer platforms based 

on agent technology, which allow simplifying the analysis and 

simulation of complex systems, creating infrastructures within 

which the agents interact. There are several existing platforms 

being Java Agent Development Framework (JADE) the one 

used under the scope of this dissertation. JADE is a computer 

platform implemented in the JAVA computational language 

which has relevant characteristics for the development of 

computational agents, such as the realization of different agent 

architectures, agent mobility, and software reuse [16]. Other 

commonly used platform is Open Agent Architecture (OAA) 

[17].  

Nowadays, there is an increasing search for software tools 

that model the power market in order to provide information to 

support decision-making. One of them worth mentioning is the 

Market Complex Adaptive Systems (EMCAS), developed by 

the Argonne National Laboratory in the USA since 2002 and is 

used by universities, and companies with business in 

generation, transmission and distributions. The EMCAS 

includes a wide series of entities of the electrical energy sector, 

and three types of markets including bilateral contracts, pool, 

and ancillary services [18]. In Portugal, there is also a similar 
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software being developed, called MASCEM (Multi-Agent 

Simulator of Competitive Electricity Markets) developed by 

GECAD. MASCEM which uses OAA platform, models the 

dynamics among market players, including their interactions 

and the collection of information and experience. It uses the 

Game Theory model, machine learning techniques, scenario 

analysis and optimization techniques to model market agents 

and to provide them with decision support [19]. 

 

II. ENERGY CONTRACTS AND BILATERAL NEGOTIATION  

Although this dissertation focuses on the behavior and 

benefits of consumer coalitions in bilateral energy contracting, 

an important part of this work is also based on negotiation 

between the selling agent and the mediating agent that bridges 

the coalition and manages their decisions. The negotiation can 

be divided in three different stages [20]. The first one is the pre-

negotiation where the agents prepare and plan and define their 

objectives, negotiation limits and initial offers. This is followed 

by a problem resolution stage characterized by the interaction 

between agents, the use of strategies and the attempt to reach an 

agreement. Finally, and if an agreement is reached, there is an 

implementation phase where the contractual terms are put in 

practice.  

 

A. Bilateral Negotiation Model 

The negotiation model described in this section is based on 

the work done by Lopes et. al (2010 ; 2012) [21] [22]. 

Let 𝐴 = {𝑎1, 𝑎2} be the set of autonomous agents 

participating in the negotiation. Let 𝐼 = {𝑥1, … , 𝑥𝑘} be the 

negotiation agenda that represents the set of issues to be 

discussed during negotiation, and therefore, let 𝐷 =
{𝐷1, … , 𝐷𝑘}  be the domain of the issues set, being that for each 

issue 𝑥𝑘 , there is an interval of acceptable values represented 

by the interval 𝐷𝑛 = [𝑚𝑖𝑛𝑛, 𝑚𝑎𝑥𝑛]. 
As mentioned previously, it is in the pre-negotiation phase 

that agents must plan the negotiation process, preparing 

themselves in such a way that they shall: 

• Prioritize the agenda; 

• Define goals and limits; 

• Select an appropriate negotiation protocol; 

• Specify the preferences. 

In the present dissertation, an alternating offers protocol is 

considered. Two agents or players bargain over the division of 

the surplus of n≥2 distinct issues. The agents determine an 

allocation of the issues by alternately submitting proposals at 

times in Ʈ = {1,2… }. This means that only one offer is 

submitted in each period ʈ ∈ Ʈ, with agent 𝑎𝑖 offering in odd 

periods {1,3, … } and the agent 𝑎𝑗 offering in even periods 

{2,4, … }. Both agents have the possibility to abandon the 

negotiation as a response to an opponent’s proposal.  

The negotiation process starts with agent 𝑎𝑖 submitting a 

proposal 𝑝𝑖→𝑖
1  to agent 𝑎𝑗 in the period ʈ = 1. Agent 𝑎𝑗 receives 

the offer 𝑝𝑖→𝑗
1  and he may answer with one of three options. The 

agent may accept the offer, reject the offer and abandon the 

negotiation, or reject the offer and continue. In the first two 

cases, the negotiation comes to an end. If 𝑝1→2
1  is accepted the 

agreement is implemented. If 𝑝𝑖→𝑗
1  is rejected and 𝑎𝑗 leaves the 

negotiation, then, it ends without an agreement. If the agents 

keep on negotiating, the negotiation goes to period ʈ = 2, where 

𝑎𝑗 submits an counter-offer, 𝑝𝑗→𝑖
2 . The tasks just described are 

then repeated and once an agreement is reached, the agreed-

upon allocations of the issues are implemented. 

Each offer is a vector of issue values sent by an agent 𝑎𝑖 ∈
𝐴 to an agent 𝑎𝑗 ∈ 𝐴 in period ʈ ∈ Ʈ: 

 

𝑝𝑖→𝑗
𝑡 = (𝑣1, … , 𝑣𝑛)                                  (2) 

 

where 𝑣𝑛, 𝑛 = 1,… , 𝑘 is the value of an issue 𝑥𝑘 ∈ 𝐼. 
Each agent should establish their preferences for each item 

in order to evaluate and compare their proposals with the 

counter-proposals they receive. For each issue 𝑥𝑘, the agents 

define a weight 𝑤𝑘, which is a value that represents the agent’s 

preference regarding 𝑥𝑘. Each agent has a multi-issue utility 

function to rate offers: 

 

𝑈𝑖(𝑥1, … , 𝑥𝑛) = ∑𝑤𝑘𝑉𝑘(𝑥𝑘)

𝑛

𝑘=1

                        (3) 

 

where 𝑉𝑘(𝑥𝑘) is the marginal utility function that gives the 

score 𝑎𝑖 assigns to a value of an issue 𝑥𝑘. This additive model 

will rate the offers, where each agent adds the values given to 

each one of the issues depending on their relative weight. An 

offer will be accepted when the utility given to the received 

offer is higher than the utility of the offer that the agent would 

be willing to counter-propose. When there is the possibility of 

unilateral withdrawal from a negotiation, the existence of limits 

is essential for each agent to define the worst possible 

agreement (or minimally acceptable) before deciding to give 

up. Each agent 𝑎 ∈ 𝐴 should thus define its worst acceptable 

agreement as ŝ𝑡 ∈ 𝑆. 

 

B. Concession Strategy 

By definition, conceding in a negotiation involves reducing 

the demands of an agent in order to meet the demands of the 

opposing agent, thereby reducing the benefit to himself. Let 𝐴 

be the set of negotiating agents, 𝐼 the negotiating agenda, Ʈ the 

set of time periods, and 𝑆 the set of possible agreements. Let 

𝑎𝑖 ∈ 𝐴  be a negotiating agent and 𝑇𝑖  its set of tactics. Let 𝑎𝑗 ∈

𝐴 be the other negotiating agent and 𝑝𝑗→𝑖
𝑡−1 the offer that 𝑎𝑗 has 

just proposed to 𝑎𝑖 in period t−1. A concession strategy 𝐶𝑖 is a 

function with the following general form: 

𝐶𝑖 =

{
 
 

 
 
𝑎𝑝𝑝𝑙𝑦 𝑌𝑖  𝑎𝑛𝑑 𝑝𝑟𝑒𝑝𝑎𝑟𝑒 𝑝𝑖→𝑗

𝑡

𝑖𝑓 ∆𝑈𝑖  ≥ 0 𝑎𝑐𝑐𝑒𝑝𝑡 𝑝𝑗→𝑖
𝑡−1 𝑒𝑙𝑠𝑒 𝑟𝑒𝑗𝑒𝑐𝑡, 𝑖𝑓  𝑎𝑗

′𝑠 𝑡𝑢𝑟𝑛 𝑎𝑛𝑑 𝑈𝑖 (𝑝𝑗→𝑖
𝑡−1) ≥ 𝑈𝑖 (ŝ𝑖)

𝑟𝑒𝑗𝑒𝑖𝑡𝑎𝑟 𝑝𝑗→𝑖
𝑡−1 𝑒 𝑑𝑒𝑠𝑖𝑠𝑡𝑖𝑟, 𝑖𝑓  𝑎𝑗

′𝑠 𝑡𝑢𝑟𝑛 𝑎𝑛𝑑 𝑈𝑖 (𝑝𝑗→𝑖
𝑡−1) < 𝑈𝑖 (ŝ𝑖)

𝑜𝑓𝑒𝑟𝑒𝑐𝑒𝑟 𝑝𝑟𝑜𝑝𝑜𝑠𝑡𝑎 𝑝𝑖→𝑗
𝑡 , 𝑖𝑓  𝑎𝑗

′𝑠 𝑡𝑢𝑟𝑛 (𝑡𝑖𝑚𝑒 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡)

     4 

 

Concession tactics are the set of functions that model the 

behavior of an agent throughout the negotiation. There are 

several criteria that can influence the negotiation tactic of a 

negotiator, beeing through these that it calculates how much 

one is willing to yield. In [23], concession tactics were divided 

into three main types: time dependent, resource dependent, and 

behavior dependent. A formal definition of a generic 
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concession tactic follows.  Let 𝐴 = {𝑎1, 𝑎2} be the set of 

negotiating agents, 𝐼 = {𝑥1, … , 𝑥𝑘} the negotiating agenda, and 

𝐷 = {𝐷1, … , 𝐷𝑘} the set of issue domains. A concession tactic 

𝑌𝑖 : 𝐷𝑘×[0,1] → 𝐷𝑘  of na agent 𝑎𝑖 ∈ 𝐴 for an item 𝑥𝑘 ∈ 𝐼 is 

defined by the following expression: 

 

                      𝑌𝑖 (𝑥𝑘 , 𝑓𝑘) = 𝑥𝑘 − 𝑓𝑘(𝑥𝑘 , −𝑙𝑖𝑚𝑘)                   (5) 

 

where: 

i) 𝑓𝑘 ∈ [0,1] represents the concession factor of 𝑎𝑖 to 𝑥𝑘; 

ii) 𝑙𝑖𝑚𝑘 represente the limit of 𝑎𝑖 to 𝑥𝑘. 

 

C. Concession factor 

There may be several factors shaping the behavior of a 

negotiator during the exchange of proposals. The concession 

factor can be influenced by the time (negotiation round), 

granting more or less at the beginning or end of the negotiation. 

The yield rate may still be only the mirror of the opponent's 

behavior, yielding more when it does the same and vice versa. 

Specifically, in a energy contract there is yet another variable 

that can assume a preponderant role in the concession of a 

negotiator, the energy volume. In the wholesale market, energy 

is traded in twenty-four hours, hourly, whether on the pool 

market or in other market models. In the retail market, for 

contracts with industrial / commercial customers, energy is 

typically traded in four periods (Peak, Mid, Off-peak, Super-

Empty) or in three periods (Full, Empty, Tip). Lopes et. Al 

(2013) are an example in the study of the impact of the volume 

of energy negotiated in a contract, having analyzed the variation 

of the concession factor of a negotiator for each negotiated 

period taking into account the ratio between the volume of 

energy of each period and the total volume of energy contracts 

[24]. 

One of the objectives of this dissertation is to implement a 

concession factor that helps to model the negotiation behavior 

of an energy seller taking into account the volume requested by 

the buyer and to understand its impact on the final price of each 

contracted period. Although it may be a matter of discussion, it 

is assumed that the negotiation of a large volume of energy is 

able to bring benefits in the price of energy for the buyer, being 

the seller more willing to cede in the price for deals with a 

volume higher than usual. 

In negotiating an energy contract, another factor that can 

influence the negotiating behavior of a seller, is the form of the 

buyer's load diagram. A buyer who has a load diagram where 

the maximum power is much higher than the average power 

indicates that it may have a very volatile consumption behavior. 

In a larger scale, for a seller having several buyers with this 

profile, this volatility may imply that the seller has to make the 

purchase of energy through less advantageous contracts, as it is 

required to contract large volumes of energy in small periods of 

time. This situation is less desirable for energy producers, since 

it is summarized in large variations in the production profile. 

Ideally, both a producer and an energy seller look for load 

diagrams as constant as possible to ensure predictability and 

continuity of their production and sales levels. 

Under the scope of this dissertation, it will be used negotiated 

a contract with four periods with volumes 𝑉𝑜𝑙𝑢𝑚𝑒 =

(𝑣𝑜𝑙1, 𝑣𝑜𝑙2, 𝑣𝑜𝑙3, 𝑣𝑜𝑙4). It is assumed that a retailer has 

characterized an average client which represents the average 

energy sold per client. Let 𝑎𝑖 ∈ 𝐴 be a seller agent with an 

average selling volume represented by the vector 

𝑉𝑜𝑙𝑚e𝑑_𝑠𝑒𝑙𝑙𝑒𝑟 = (𝑣𝑜𝑙𝑚𝑒𝑑𝑠_1, 𝑣𝑜𝑙𝑚𝑒𝑑𝑠_2, 𝑣𝑜𝑙𝑚𝑒𝑑𝑠_3, 𝑣𝑜𝑙𝑚𝑒𝑑𝑠_4). 

Let 𝑎𝑗 ∈ 𝐴 be a buying agent aiming to buy a volume of energy 

𝑉𝑜𝑙𝑢𝑚𝑒buyer = (𝑣𝑜𝑙b1, 𝑣𝑜𝑙b2, 𝑣𝑜𝑙b3, 𝑣𝑜𝑙b4). The concession 

factor 𝑓𝑘 of 𝑎𝑖 is modeled bye the exponential function: 

 

           𝑓𝑘(diagram, 𝑗) =  1 − 𝑒
( − 

𝑃𝑜𝑤𝑒𝑟𝑡𝑜𝑡𝑎𝑙_𝑎𝑣𝑒𝑟𝑎𝑔𝑒

𝛼 × 𝑃𝑜𝑤𝑒𝑟𝑝𝑒𝑟𝑖𝑜𝑑𝑠_𝑚𝑎𝑥𝑖𝑚𝑢𝑚_average
 × 

𝑉𝑜𝑙𝑢𝑚𝑒buyer(𝑗)

𝑉𝑜𝑙𝑢𝑚𝑒𝑚𝑒𝑑_𝑠𝑒𝑙𝑙𝑒𝑟(𝑗)
)
       (6) 

 

where: 

i) j ∈ N represents the contract period; 

ii) α ∈ R it’s an adjustment factor; 

iii) 𝑃𝑜𝑤𝑒𝑟𝑡𝑜𝑡𝑎𝑙_𝑎𝑣𝑒𝑟𝑎𝑔𝑒  ∈  R represents the average power 

of the buyer’s load diagram; 

iv) 𝑃𝑜𝑤𝑒𝑟𝑝𝑒𝑟𝑖𝑜𝑑𝑠_𝑚𝑎𝑥𝑖𝑚𝑢𝑚_𝑎𝑣𝑒𝑟𝑎𝑔𝑒  ∈  R represents the 

maximum average power between the four negotiated 

periods; 

v) 𝑃𝑜𝑤𝑒𝑟𝑝𝑒𝑟𝑖𝑜𝑑𝑠_𝑚𝑎𝑥𝑖𝑚𝑢𝑚_𝑎𝑣𝑒𝑟𝑎𝑔𝑒 = max{𝑃𝑜𝑤𝑒𝑟𝑎𝑣𝑒𝑟𝑎𝑔𝑒(1),

𝑃𝑜𝑤𝑒𝑟𝑎𝑣𝑒𝑟𝑎𝑔𝑒(2),𝑃𝑜𝑤𝑒𝑟𝑎𝑣𝑒𝑟𝑎𝑔𝑒(3), 𝑃𝑜𝑤𝑒𝑟𝑎𝑣𝑒𝑟𝑎𝑔𝑒(4)}  ; 

III. BILATERAL ENERGY CONTRACTING AND CONSUMERS’ 

COALITIONS 

A. Coalitions 

A coalition is defined as a formal cooperative relationship in 

which the parties involved make available or exchange 

resources to engage in a joint effort, sharing costs and returns. 

Different companies from different branches are often led to 

enter into these cooperative relations with the objective of 

obtaining complementary resources in a fast, flexible and low-

cost way, also assuming the use of this strategy as a way of 

gaining market position, achieving a better performance of the 

which would work in isolation. 

Two or more parties may build an alliance when they have 

mutual interests and objectives in relation to a final purpose 

against an opponent. On the one hand, this opponent may be a 

competitor in their business segment, having the alliance in this 

case, the objective of improving its market position. On the 

other hand, the opponent may be a client or a supplier, having 

the alliance in this case, the objective of maximizing its trading 

results.  

An example of a coalition that is built in order to maximize 

its position facing a supplier is the coalition of energy 

consumers, whose analysis and evaluation of the benefits of 

bilateral energy contracting in liberalized markets is the main 

purpose of this dissertation. Instead of gaining a market position 

vis-à-vis its competitors, this type of coalition clearly sets out 

the purpose of obtaining contracts with more advantageous 

conditions, namely in the price of energy. 

Although there are several benefits, the formation of 

coalitions can also involve some costs, since this cooperation 

implies efforts to manage and administer these relations. These 

costs range from loss of autonomy on the individual control of 

results, conflicts between methods to achieve objectives, 

sometimes critical information sharing and delays in problem 

solving. For a coalition to remain cohesive, it needs to achieve 
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benefits that outweigh these costs. That said, it is somewhat 

possible to specify the objectives of the coalitions as [25]: 

• Reduce transaction costs that increase with increased 

market uncertainty; 

• Achieve higher volumes and maximize market position; 

• Increase the efficiency of the company's activities through 

outsourcing, by reducing the costs of carrying out these 

activities with a view to operating in a competitive market; 

• Maximizing business results. 

 

B. Coalitions formation 

Aggregate energy consumers is a task which does not present 

a unique way to be performed. It depends on the entity that 

manages the aggregation and on the members who form the 

coalition. The composition of these coalitions can vary widely. 

Members of these groups can be selected based on different 

characteristics, such as the market segment, business volume, 

geography, among others. One of the key questions of 

aggregations is to understand the function and purpose of the 

aggregating entity. It can act as an intermediary between buyers 

and sellers, buying energy from producers and selling it to 

coalition members, thus taking on accounting functions. On the 

other hand, the aggregator can simply function as a mediator, 

thus facilitating the negotiation process. 

 The formation of a coalition is not a trivial process and 

requires a high degree of technical and legal knowledge. There 

are, therefore, four tasks that must be considered as crucial in 

forming a coalition for the negotiation of an energy contract: 

• Build buyers group - Natural alliances are made up of parts 

that share common characteristics and goals; 

• Estimate load profiles - A rigorous analysis of the amount 

of energy required by each member of the coalition, and finally 

the coalition itself, is a task that facilitates the availability of the 

sellers to bid on the market, as it helps them adjust their 

production mechanism to the needs of customers. There is yet 

another factor that can be considered crucial, which is the load 

diagram of the coalition. A seller desires a client’s load profile 

as constant and stable as possible, both daily and seasonally. A 

seller gives greater importance to a buyer (individual or 

coalition) who can guarantee a high load factor, an average 

consumption close to load peak, so it is the obligation of the 

aggregator to try to form a coalition that fulfills these 

requirements. 

• Request for proposal - At this stage the aggregator makes a 

request for bidding by the sellers. The terms and conditions of 

the proposal will limit the number of proposals but will also 

ensure the best possible supply. 

• Negotiation of the contract - Although the terms of the 

contract have already been stated in the request for proposal, 

there is always a negotiating margin that allows both parties to 

reach an agreement. At this stage, issues such as the duration of 

contracts, cancellation options and costs of a failure to comply 

with the requested load values, both on the producer and 

consumer side, can be discussed. 

 

C. Team negotiation model 

The team negotiation model used in this dissertation, is based 

on the work elaborated in Sanchez-Anguix et. al (2012) is 

described. This negotiation model applies to trading between an 

alliance of two or more parties and a single opponent. The 

general assumptions that support this type of negotiation, the 

protocols used by the agents and their negotiation strategies will 

be described [26]. 

A group of agents forms a team 𝐴 = {𝑎1, 𝑎2, … , 𝑎𝑛} whose 

objective is to negotiate a contract with an opponent 𝑂𝑝. 

Although there are dynamic models in which it is possible to 

for an agent to leave or join a team, in this model, it is 

considered that a negotiating team remains unchanged from the 

beginning to the end of the negotiation. Communications 

between the team and the opponent are carried out by an 

intermediary entity called the mediator, 𝑀𝑒𝑑 . The mediator is 

in charge of exchanging information between team 𝐴 and the 

opponent 𝑂𝑝, being opaque to the opponent that negotiation is 

being done with a team. It is also the responsibility of the 

aggregator to manage the wishes of the team members in order 

to achieve the acceptance (or not) of the opponent's proposals. 

The negotiation is composed of 𝑛 ∈ 𝑅 attributes and a 

complete offer is represented by 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛} where 𝑥𝑛 

is the value assigned to the nth attribute. 

The private preferences of each agent, be it a member of team 

or opponent, are represented by linear utility functions. The 

utility function used by each agent is not known by the other 

team members. These utility functions are defined as: 

 

      𝑈𝑖(𝑥1,… , 𝑥𝑛) = 𝑤𝑖,1𝑉𝑖,1(𝑥1) + 𝑤𝑖,2𝑉𝑖,2(𝑥2) + …+ 𝑤𝑖,𝑛𝑉𝑖,𝑛(𝑥𝑛)       (7) 
 

where: 

• 𝑉𝑖,𝑗(𝑥𝑛) is the monotonous (increasing or decreasing) 

utility function that transforms the value of an attribute 

i of an agent j into a value in the interval [0, 1];  

• 𝑤𝑖  represents the weight given by an agent j to an 

attribute i. Weights are normalized so, ∑ 𝑤𝑖,𝑗 = 1
𝑛
𝑗=1 . 

 

Prior to the start of trading, it is established the number of 

rounds that an agent is willing to negotiate. The negotiation 

process is considered a failure when this deadline is exceeded. 

The opponent's private deadline is set to TOp and the team has a 

joint negotiation deadline TA. This information is made 

available to all team members. 

Finally, each negotiating agent has a reserve utility for each 

item. This value translates an agent's ability to negotiate an 

item, this is, the greater the reservation utility of an attribute, 

less the agent is willing to grant in the negotiation. A proposal 

to an attribute that has a utility below its reserve utility is 

rejected. The opponent's reserve utility is defined as RUOp and 

the reserve utility of a member ai of team 𝐴 is defined as RUai. 
 

D. Negotiation protocol within the team 

This dissertation addresses the negotiation between an 

aggregation of consumers and a seller, mediated by an 

aggregator. This means that the aggregator is responsible not 

only for coordinating the exchange of proposals between the 

coalition’s members and the opponent but also for trying to get 

the coalition to reach a unanimous decision through internal 

processes to the team’s bidding and rules of decision-making. 
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Unlike an independent structure in which a negotiator can 

exercise his authority unilaterally, in a team, partners must find 

a strategy to share the rights and duties to monitor and control 

the negotiation. 

One of the phases of a coalition formation is to create an 

internal strategy that defines what, how and when decisions 

should be taken by the coalition. In a pre-negotiation phase, the 

mediator collects from the team members the items they want 

to negotiate (all members negotiate the same items but 

eventually with different values), the weight of each item in the 

business scenario, the desired value for each of the items, and 

the limit by which they agree to negotiate each of the items. 

Finally, the mediator asks for the definition of the individual 

negotiation strategy of each member. After identifying the 

preferences and limits of each team member, it is necessary to 

define how the team's decisions are taken so that the mediating 

agent can decide when a proposal from the opponent is accepted 

by the coalition. 

This dissertation aims as well to analyze how a team's 

decision-making rule influence the result of a negotiation. This 

issue was studied in Sánchez-Anguix et. al (2011) and analyzed 

for this work. Four team decision-making strategies are then 

identified, the results of which are then assessed in the case 

study chapter [27]. 

There are three basic decision-making rules groups: 

representative or autocratic decision, majority or democratic 

decision, and decision by unanimity or consensus. The 

following four rules are the study subject: 

• Representative - Is characterized by the existence of a 

leading member who makes the decisions on the part of 

the group. This decision-making rule is usually chosen 

when there few options, when there is a member with a 

clearly superior negotiating capability, or when the team 

has to make quick decisions. This strategy is the simplest 

and the one which presents least effort in decision making. 

Basically, the lead member takes the position of mediator, 

and since he does not have access to the utility functions 

of his teammates, he makes the decisions based on his own 

utility function, thus deciding whether or not to accept the 

proposals of the opponent and the sending or not of 

counter-proposals to the opponent of the coalition. 

• Simple Majority – This rule is characterized by its 

democratic genesis in which all members have the right to 

vote and their preferences count. Although the percentage 

that establishes the majority can be defined, by default it 

is assumed that the majority corresponds to any value 

above 50% of the votes. The democratic decision can 

become a slow and cumbersome decision-making process, 

but it works well for teams with a large number of 

elements. 

• Similarity Simple Voting – The rule by similar simple 

voting is characterized, likewise to the simple majority, by 

the use of a democratic process of voting within the team. 

This strategy aims at avoiding undesirable results when 

preferences among team members are very different. 

Being based on a voting strategy, it is necessary for the 

mediator to coordinate the votes of the team members. 

Under this rule, the mediator collects all members' votes 

and applies a majority rule selecting the most voted 

proposal, which is sent to the opponent. 

• Full Unanimity Mediated - This is considered as the 

strategy in which it is more difficult to make a decision, 

since all members have to agree on the solution. When the 

decision is not swift, members face the inconvenience of 

having to devote more time to negotiate. In a large team, 

this strategy may also lead to disagreement among 

members when only one element or a small group of 

elements is against the decision of the remaining elements 

of the group. For a proposal to be considered unanimous, 

the value of the utility of this proposal must be greater or 

equal to the usefulness of all elements of the team. 

 

IV. CASE STUDIES 

A. Software Used and User Interface 

The multi-agent simulator of energy markets used as the 

basis for the simulations of this work was developed as a tool 

to support the decision on the contracting of energy among 

several agents. In the case of study of the present dissertation, 

the simulator allows the negotiation between a seller agent and 

a consumers’ coalition, ranging from two members to five.  

The were performed using JADE (Java Agent Development 

Framework) platform, which is written in Java programming 

language. The multi-agent simulator of energy markets used as 

the basis for the simulations of this work has a graphical 

interface that allows its users to manage the negotiation process 

through the definition of the characteristics of market agents. 

The work was carried out using an earlier version of the 

simulator, which was prepared for the simulation of bilateral 

contracts using coalitions, and which was improved in order to 

include a negotiation strategy with a concession factor that is 

sensitive to the load diagram of the buyer, in this case, a 

coalition. 

B. Assumptions 

The case study focuses the negotiation of a forward contract 

between a coalition of consumers and a retailing agent. The 

agents will negotiate the prices associated with the energy 

volumes for four periods of the day. It is used the weekly cycle 

stipulated by the Portuguese regulator (ERSE) for Medium 

Voltage consumers [28]. 

 

 
Table 1 - Weekly cycle for energy supply 

 Summer time Winter time 

 Monday to Friday 

Peak 09:30 – 12:00 h 

18:30 – 21:00 h 
09:15 – 12:15 h 

Mid 
07:00 – 09:30 h 

12:00 – 18:30 h 

21:00 – 24:00 h 

07:00 – 09:15 h 

12:15 – 24:00 h 

Off-peak 00:00 – 02:00 h 

06:00 – 07:00 h 

00:00 – 02:00 h 

06:00 – 07:00 h 

Extra Off-Peak 02:00 – 06:00 h 02:00 – 06:00 h 

 Saturday 
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Mid 09:30 – 13:00 h 

18:30 – 22:00 h 

09:30 – 14:00 h 

20:00 – 22:00 h 

Off-peak 

00:00 – 02:00 h 

06:00 – 09:30 h 

13:00 – 18:30 h 

22:00 – 24:00 h 

00:00 – 02:00 h 

06:00 – 09:00 h 

14:00 – 20:00 h 

22:00 – 24:00 h 

Extra Off-peak 02:00 – 06:00 h 02:00 – 06:00 h 

 Sunday 

Off-peak 00:00 – 02:00 h 

06:00 – 24:00 h 

00:00 – 02:00 h 

06:00 – 24:00 h 

Extra Off-peak 02:00 – 06:00 h 02:00 – 06:00 h 

 

 

Based on the actual consumption data of five Portuguese 

commercial anonymous consumers, consumption profiles were 

constructed. Due to the consumers’ load diagram, it was 

assumed that these consumers are fed in Medium Voltage, 

hence the defined time periods. To make the case study 

interesting, five consumers were chosen with different energy 

volumes, with the largest consumer having about twice the 

energy consumption of the smallest one. 

Given the proximity between the prices practiced in the retail 

regulated market and retail liberalized market, the prices used 

as reference are the prices stipulated by ERSE for Medium 

voltage customers with a four-period rate in the year 2017. This 

tariff is divided with different prices for two semesters of the 

year, in which each semester is divided into two periods. Period 

I covers the months of January, February, March, and the period 

IV covers the months of October, November and December. 

Period II covers April, May and June and period III covers July, 

August and September. In addition to this division, the tariff for 

MV consumers is also divided according to the utilization factor 

of the contracted power. Table 2 shows the regulated prices of 

2017 for MV consumers with average utilization factor [29]. 

 
Table 2 - Regulated prices for MV consumers 

 

Períods I, IV 

(€/MWh) 

Períods II, IV 

(€/MWh) 

Peak 144,6 150,5 

Mid 112,1 112,2 

Off-peak 77,9 81,8 

Extra Off-Peak 66,5 72,9 

 

Pointing to realistic trading margins in the liberalized retail 

market, each agent was allocated a margin of discount on the 

total price for each period, depending on its own volume. Table 

3 shows the target and limit values of each consumer agent in 

relation to the reference price. 

 

 

 

 

 

 

Table 3 - Negotiation objectives and goals of participating agents 

 

C. Concession factor 

The function used to define the concession factor (of the 

seller agent) to be studied in this dissertation was already 

described but it is necessary to adapt it to the seller’s portfolio 

of clients. 

As previously described, analyzing the function that 

expresses the concession factor, it is possible to perceive that 

there are two factors which maximize it. The first refers to the 

profile of the load diagram and benefits consumers, in this case 

consumers’ coalition, which present more constant diagrams, 

that is, without great disparity between the average 

consumption of a period and the maximum consumption. A 

customer with a constant profile is a more predictable customer 

and therefore more desirable in a market logic for the retailer.  

The second factor, and more importantly, is the total volume of 

transacted energy. Although the profile of a consumer is 

important to the seller, the latter is undoubtedly interested in 

selling as much energy as possible, so he values customers with 

great demand. In order to exploit this factor, it is considered that 

for any retailer there is a standard customer who exemplifies his 

average customer. This customer, is represented by four 

volumes, which model the average consumption per period 

(Peak, Mid, Off-Peak, Extra Off-Peak) of a customer in his 

portfolio. 

The analysis of the load diagrams of the agents involved in 

the simulations (consumers), lead to understand that the ratio 

between the average power and the maximum power of each of 

them, for the two contractual semesters of the year, is in average 

0,8. Therefore, the definition of the adjustment parameter α 

took into account this situation and was determined based on 

this assumption. In order to formulate the desired concession 

factor, the study of possible exponential functions started with 

those in which the value obtained is set in the range [0.03; 0,3], 

which represents a reliable representation of what happens in 

real bilateral negotiations. 

Figure 1 shows the various functions that were considered to 

obtain the concession factor, according to the energy volume 

profile. The functions represented vary from one another, with 

the value of α ranging from 10 to 40 in increments.  

 

 

  Consumer 

 Seller A B C D E 

Goal 100% 93% 92% 91% 93% 94% 

Limit 94% 97% 96% 96% 96% 97% 
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After analyzing the various factors, it was considered that the 

most appropriate exponential function has the following form: 

 

    𝑓𝑘(diagram, 𝑗) =  1 −  𝑒
( − 

𝑃𝑜𝑤𝑒𝑟𝑡𝑜𝑡𝑎𝑙_𝑎𝑣𝑒𝑟𝑎𝑔𝑒

𝛼 × 𝑃𝑜𝑤𝑒𝑟𝑝𝑒𝑟𝑖𝑜𝑑𝑠_𝑚𝑎𝑥𝑖𝑚𝑢𝑚_average
 × 

𝑉𝑜𝑙𝑢𝑚𝑒buyer(𝑗)

𝑉𝑜𝑙𝑢𝑚𝑒𝑚𝑒𝑑_𝑠𝑒𝑙𝑙𝑒𝑟(𝑗)
)
       (8) 

 

Knowing the load profiles of the consumers involved in the 

negotiations, the following simulations will resort to this 

function and the possible range of the seller concession factor 

is [0.033; 0.18], with a grant factor of 0.04 for an agent with the 

profile of an average client. 

 

D. Simulations and results analysis 

Thirty-two simulations were carried out, sixteen for Periods 

I and IV and sixteen for Periods II and III. These simulations 

were designed to test the four rules for team decision-making, 

namely Simple Majority (SM), Simple Voting (SV), Full 

Unanimity Mediated (FUM), and Representative (R). In each 

of these decision rules four coalitions with two, three, four and 

five elements were tested as shown in Table 4. The coalitions 

were made starting by allying elements with smaller dimension 

and going successively colligating with elements of greater 

dimension. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The energy volume traded in annual periods I and IV was of 

approximately 0,9 times up to 4 times the volume of the average 

customer (per hourly period), while in the annual periods II and 

III was approximately 1,2 to 4,2 times the volume of the 

average customer (per hourly period). 

 
Table 5 - Results (discounts) of simulations for Periods I and IV 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 - Concession factor with the variation of alfa 

Figure 2 - Graphic of concession factor function 

Table 4 - Simulation scenarios 
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Table 6 - Results (discounts) of simulations for Periods II and III 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

The numbers allow to verify that although the price decreases 

with the increase of the coalition’s size for any of the strategies 

used, a volume that quadruples an average customer is 

compensated with a rounded discount of 4%, while a volume 

equal to the average customer get a round discount of 3%. This 

shows that even though the volume of energy is valued, the 

objective and limit prices of the seller are preponderant in the 

negotiation success of the buyer. In a reality, such as MIBEL, 

where retailers are increasingly less profitable in energy sales 

and increasingly relying on energy-related services, the 

negotiation flexibility is far to be proportional to the sales 

volume. 

Although in principle, unanimity strategies, whether by votes 

counting (SV), by majority (SM with majority value to be 

defined) or unanimously, may indicate more advantageous 

results for a coalition, since they are the result of negotiation 

and agreement among its members, in the case of this work, the 

representative strategy presented itself as the best one to use in 

negotiation. In these simulations, the leading member was the 

one with better negotiating position, namely with the more 

ambitious price targets and the narrower price limits. Analyzing 

the final data, it is possible to conclude that this strategy has led 

to successive results that are more advantageous for the agents, 

in relation to the negotiation with the same conditions but with 

different rules for team decision, and it is possible to conclude 

that the results were better with more simple decision rules. 

It should be noted that the negotiating flexibility of each period 

varies according to its criticality for each of the agents. It is 

possible to conclude that in the majority of cases, Mid and Peak 

periods were the ones suffering lower discounts (albeit with 

very low differences), precisely because those are the ones 

whose product volume per price involve the greater amounts of 

money. 

V. CONCLUSIONS 

It is possible to draw some interesting conclusions from the 

results. A first conclusion is, as would be expected, the growth 

of the size of the coalition in purchasing volume by adding new 

members brings clear benefits in the results of the negotiation 

process. Although price decreases with increasing coalition 

size, for any of the strategies tested it is possible to see that a 

coalition with quadruple the volume of an average customer is 

compensated with a rounded discount of 4%, while a volume 

equal to the customer can get a discount of around 3%. These 

results are the result of a rigorous simulation based on current 

market conditions where the retail agent has very low trading 

margins, often already using parallel services to sell energy to 

improve the performance of its business. A second conclusion  

is that, it is found to be important for team members to define 

teams in which their individual load diagrams complement each 

other, so as to result in a smooth total load diagram thereby 

meeting the marketer's objectives. Although it makes sense to 

build coalitions of commercial consumers by appealing to 

members with identical business lines, it is not to discard the 

construction of coalitions with disparate business branches, as 

this may result in the said complementarity of load diagrams. A 

third conclusion is that, although the profile of consumption 

takes a fundamental position in the obtained results, the rule of 

team decision defined has a great influence in the results of the 

obtained contract. If we consider the decision-making rules, it 

is possible to conclude that the benefit increase with the 

decrease of unanimity level. The representativeness strategy 

leads to greater simplicity, which represents less effort in 

decision making. The team leader's decision-making based on 

his utility function, and his more ambitious goals and 

boundaries, coupled with the purchasing volume of the 

coalition, results in a better negotiating position culminating in 

better results. 
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