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Abstract: The work presented in this article proposes an original method that models the
medium-term market equilibrium under imperfect competition circumstances in multi-area electricity
systems. It provides a system analysis considering multiple market splitting possibilities, where
local market power may appear according to the status of the interconnections. As a result of new
policies and regulations, power systems are increasingly integrating the existing electricity markets
in unified frameworks. The integration of electricity markets poses highly challenging tasks due to
the uncertainty that comes from the agents’ strategic behaviors which depend on multiple factors,
for instance, the state of the interconnections. When it comes to modeling these effects, the purpose
is to identify each strategy by using conjectured-price responses that depend on the different states
of the system. Consequently, the problem becomes highly combinatorial, which heightens its size
as well as its complexity. Therefore, the purpose of this work’s methodology is the reduction of the
possible network configurations so as to ensure a computational tractability in the problem. In order
to validate this methodology, it has been put to the test in a realistic and full-scale two-year operation
planning model of the European electricity market that consists of a group of nine countries.

Keywords: conjectural variations; European internal electricity market; market equilibrium;
multi-area system; optimization models

1. Introduction

Throughout the previous decades, the energy sector has been through a profound liberalization.
As a result, power exchanges have progressively become more popular in several studies and research
works. Moreover, in light of new policies and regulations, power systems worldwide are evolving
towards an integration of the existing electricity markets under a unified framework. Consequently,
economic inefficiencies and the market concentration are expected to decrease. Furthermore, other aspects
of high interest include the improvement of security of supply and the resulting reserve capacity
reduction [1–4]. However, all of these advantages require the coordination of all the involved market
regulators and agents, with an adequate interconnection along with a robust and effective method to
clear congestion.

In this regard, cross-border exchanges play a significant role when it comes to market integration.
Furthermore, the system operation is further limited by network constraints. Transmission capacity
restrictions may cause market segregation, which in turn may allow market participants to exercise
local market power. Consequently, the competition is reduced while electricity prices rise [5,6].
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In these circumstances, models that faithfully simulate electricity market outcomes are of vital
importance for market regulators and participants. Traditionally, one of the well-recognized methods
that analyze generator competition in power exchanges is based on ascertaining the market equilibrium.
This equilibrium is defined as a set of prices, power outputs, transmission line power flows, and cleared
demand that optimizes each participant’s profits while clearing the market [7,8]. Market equilibrium
methods model the market behavior, considering all relevant participants, which makes them the most
adequate procedure for a market power analysis, at least in the medium- to long-term time scopes.

Focusing on the strategic interactions between market agents, there are different approaches
according to the type of game they represent. Within the Cournot-based equilibria, each company
tries to maximize its profits assuming that its production does not affect the decisions of the
competitors [9–13]. Meanwhile, a Stackelberg game represents interactions between large and small
companies over quantities of products [14]. It is usually used with oligopolies with one or two large
dominant companies [15]. Moreover, the Supply Function Equilibrium (SFE) represents companies
that compete in supply functions with different prices for different quantities. It is formulated with a
set of differential equations instead of the usual algebraic ones for Cournot. This approach has the
drawback of being complex and time consuming, which makes it difficult to apply in large power
systems. Finally, under the Conjectural Variations-based approach (CV), companies form a conjecture
about the reaction of their competitors at their own changes of quantities or price. In this way, the
conjectures measure the interdependence among companies.

The results obtained from the classical concepts such as perfect or Cournot competition lack
accuracy for the purposes of decision-making in the medium term. Instead, in the last decade,
the conjectural variation approach has gained prominence and wide acceptance in the literature, as it
allows for analyzing different degrees of competition. The problem of this approach remains in the
difficulty of estimating the behavior of market agents (or the conjectures that characterize it).

The literature has proven that a considerable effort has been made by researchers in studying
market equilibrium models and their application to real power systems. An extensive classification of
market equilibrium models and their applications can be found in References [16,17].

With regard to power system models that comprise several areas, the literature is not that wide.
Among the references found, both References [18] and [19] proposed a conjectured supply function
(CSF) equilibrium model in an electricity market including network constraints. The authors in
Reference [18] compare two different congestion mechanisms for clearing the market in cross-border
transactions: market splitting and explicit auctions, analyzing the market power that market
participants can exercise in each situation. In Reference [19], the analysis states that the conjectures
of price response depend on the status of the networks, following a function of the congestion.
Although the models are applied for the medium term, they only cover systems with two areas.
Furthermore, the iterative algorithm they propose may result in convergence difficulties under certain
circumstances in which reaching the equilibrium is not guaranteed. The same areas are also considered
in Reference [20]: The work proposed a conjectural variation-based (CV) equilibrium model using
Mixed Integer Programming (MIP) and applied to a two-area electricity system using a nodal-pricing
mechanism for congestion. Another noteworthy work in this category is Reference [21]. The authors
of this paper implemented a conjectured supply function equilibrium model (CSF) with network
constraints in which they developed an endogenous approach to estimate the behavior of generators.
This approach is applied to the Iberian electricity market in Reference [22] and to the system of the
Electric Reliability Council of Texas (ERCOT) in Reference [23].

In the scarce literature on market models applied to several areas, other examples include
References [24–29]. While most of the studies have created equilibrium market models, they are
often restricted to few areas with simplified features.

To the best knowledge of the authors, none of the found references proposed a comprehensive,
far-reaching framework that allows the strategic behavior of the market agents in a system with
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multiple areas for the medium term to be modeled efficiently and can be integrated in the normal
operations of market agents and regulators.

Hence, this paper aims at providing a conjectural-variation-based market equilibrium model
to simulate the local market power in a multi-area electricity system for a medium-term horizon.
In particular, this model is applied to the European Internal Electricity Market (IEM) and integrates the
electricity markets already existing in the European countries, incorporating an accurate representation
of the technical and economical characteristics of the system.

The main contributions are outlined below:

• The article proposes a model that allows the market equilibrium in a multi-area electricity system
under non-perfect competition to be computed efficiently.

• An original methodology is implemented. It makes use of an original clustering algorithm,
developed to extract the representative network configurations using hourly prices for each area
in the system.

• The proposed model is applied into a real-size European case, which consists of the Central
Western European (CWE) and Iberian electricity markets.

These contributions represent an extension of a previous work of the authors [30], presented
in the 2017 14th International Conference on the European Energy Market (EEM) in Dreden,
Germany. With respect to the conference paper, the proposed methodology in this article introduces
methodological improvements, particularly in dealing with the representation of the network
configurations. The most noteworthy of these improvements is the addition of new intelligent data
analysis techniques: A novel clustering and classification methods are implemented. Furthermore,
the proposed methodology also incorporates changes in the formulation of the optimization problem
to take into account that market power can be represented simultaneously by a price spread increment
and a conjectured-price response. Lastly, a more detailed analysis of the case study has been carried
out to illustrate the effectiveness of this new approach.

The remainder of the paper is structured as follows: Section 2 describes the proposed market
equilibrium model and the methodology for tackling this problem. Meanwhile, Section 3 analyzes the
application of the presented methodology to the case study presented as well as the results obtained.
Finally, a summary of the conclusions and future work planning is provided in Section 4.

2. Methodology

2.1. Market Equilibrium Model

In this paper, a comprehensive fundamental electricity market model based on conjectural
variations is developed. This model represents the core around which the proposed methodology
is built. According to CV-based models, companies form a conjecture about the reaction of their
competitors at their own changes of quantities or price. In this way, the interrelationships between
companies are determined by the conjectures [31]. There has been numerous studies in the literature
that investigate this approach, such as References [9,19,32,33]. They are characterized for the flexibility
when analyzing different degrees of competition, from perfect competition to Cournot oligopoly.
This is an important feature of CV-based models. Depending on the type of competition present in our
systems, different values of conjectures can be calculated to reflect the reality in a reasonable way.

Guided by this approach and considering a multi-area electricity market to be non-perfect,
different agents’ strategic behaviors could be observed depending on the state of interconnections.
Congestion, for instance, can allow some market participants to gain market power in certain regions.
In addition, the agents’ strategies may also be influenced by forecasts on renewable generation.
Hence, the objective is to model the local market power from any market agent and their strategies
under different situations with regard to the state of the interconnections. When modeling this effect,
the intention is to characterize each strategy by means of a conjectured-price response or price spread



Energies 2019, 12, 2068 4 of 15

increment as a function of the state of the network [34]. In this context, a conjectured-price response
is defined as the variation of the price in an area’s electricity market relative to the production of
a market agent in its area of influence, whereas a spread increment refers to a price increase applied to
the market agent’s marginal cost function. Accordingly, a major effort must be devoted to estimating
reasonable values of conjectures to reach realistic outcomes.

The remainder of this subsection focuses on a detailed description of the market equilibrium
model. Hereafter, a is used to denote the different areas considered in the problem, p represents the set
of periods of time comprising several system states, e denotes the market agents that participate in the
system. and l is used to define the interconnections of the system. System states are groups of hours
with similar characteristics within a period of time (e.g., weeks or months). They are further described
in Section 2.2.

Parameters:

Da,p demand in area a in period p
Ce,a,p cost function for agent e in area a in period p
Se,a,p price spread for agent e in area a in period p
θe,a,a′ ,p conjectured-price response for agent e in area a in period p, depending on agent e’s

production in area a′

Ha,l matrix where a correspondence between areas and interconnections is defined as follows:

• 1 if interconnection l starts in area a
• −1 if interconnection l ends in area a
• 0 if interconnection l does not correspond with area a

Fl maximum power flow in interconnection l
Pe,a maximum power produced by agent e in area a
Fl minimum power flow in interconnection l
Pe,a minimum power produced by agent e in area a

Decision variables:

Pe,a,p power for agent e in area a in period p
fl,p power flow in interconnection l in period p

The reaction of the competitor’s strategies is modeled either by a conjectured-price response
defined as a function of the supply or by assigning different price spread increments to each agent
depending on the state of the interconnections. Both approaches can be used indistinctly for each
market agent. Following this reasoning and generalizing the formulation to work under both perfect
and non-perfect competition conditions, the market equilibrium problem can be written as the
following equivalent quadratic optimization problem:

min
Pe,a,p , fl,p

∑
e,a,p

(
Ce,a,p(Pe,a,p) + ∑

a′

θe,a,a′ ,p

2
Pe,a,pPe,a′ ,p + Se,a,pPe,a,p

)
(1)

subject to

∑
e

Pe,a,p −∑
l

Ha,l fl,p = Da,p : λa,p ∀a, p (2)

Fl ≤ fl,p ≤ Fl ∀l, p (3)

H(Pe,a,p) ≥ 0 ∀e, a, p (4)
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The price λa,p is the dual variable of the demand balance in Equation (2) and can be stated
as Equation (5) (if the duration of p is 1 h; otherwise, it should be divided by the duration of the
system states).

λa,p =
∂Ce,a,p

(
Pe,a,p

)
∂Pe,a,p

+ ∑
a′

θe,a,a′ ,pPe,a′ ,p + Se,a,p ∀e, a, p (5)

The conjectured-price response θe,a,a′ ,p measures the market power of agent e in area a in period
p. It represents the change in the electricity price λa,p in area a with respect to the agent’s production
Pe,a′ ,p in area a′. It is defined as follows:

θe,a,a′ ,p = −
∂λa,p

∂Pe,a′ ,p
∀e, a, a′, p (6)

Thus, if the interconnection between areas a and a′ is congested, these areas will be separated in
terms of zonal electricity price, and in turn, the value of the conjecture θe,a,a′ ,p will be zero. It is also
worth noting that the assumption of symmetry in the conjectures has been made in this formulation.
Hence, θe,a,a′ ,p = θe,a′ ,a,p , ∀e, a, a′, p.

Equation (4) represents all the technical characteristics of the considered systems, such as the
technical constraints of the operation of all thermal and hydro units (variable costs, emission limits,
maximum and minimum power, efficiency, etc.). A short version of the main constraints formulated is
shown in Reference [9,35,36].

2.2. Network Configuration Reduction

In the region of Europe considered in this paper (details in Section 3), there are 13 interconnections
between countries. In this situation, the possible number of states of the interconnections in terms of
congestion (hereinafter referred to as network configurations) is 1060 cases (computed as the number of
feasible partitions of the countries considered in terms of the existence of interconnections). Therefore,
to make the proposed optimization model viable in the decision-making process for a multi-area
market, it is decisive to implement an efficient methodology that reduces the huge number of possible
network configurations and obtains the most usual states of the interconnections without a major loss of
accuracy. For this matter, this study extends and improves significantly the methodology introduced in
Reference [30].

As aforementioned, the procedure implemented in this paper relies on the medium-term
equilibrium model developed in Section 2.1. Moreover, due to the large amount of data present
in models of this size, problem reduction techniques are normally applied. In this case, a reduced
number of system states is used, computed by grouping hours with similar characteristics within
a period of time, to replace the traditional load levels. This framework, introduced in Reference [37],
allows for faster execution times without an important accuracy loss and incorporates the chronological
information between time slots. Hereafter, in order to make the methodology clearer and to avoid
confusion, we will use the term “hourly prices” to refer to the prices per group of hours or prices per
system state and period indistinctly.

The proposed methodology can be summarized in the following steps:

Step 1 An electricity market equilibrium model, under perfect competition, is run to compute hourly
prices per area. For this execution, a compromised number of system states is used that
satisfies both the accuracy of the solution and the computational power necessary to run
the model.

Step 2 A clustering method is applied to the prices obtained in Step 1 to extract the representative
network configurations.

Step 3 With the information of the representatives in Step 2, the user can input a spread per agent
and configuration for each hour throughout the horizon of the problem. These spreads are
defined based on the agents’ expected market behavior.



Energies 2019, 12, 2068 6 of 15

Step 4 The model under perfect competition in Step 1 is run again, this time under normal conditions
in terms of the number of system states (significantly less than the number used in the initial
computation in Step 1), which yield a solution notably quicker. For each hour, the resulting
prices’ configuration is classified into one of the main representatives.

Step 5 Given the relationships spread-configuration (in Step 3) and configuration-hour (in Step 4),
it is now possible to run the model in Step 4 under non-perfect competition.

Diagrams of the different steps of the methodology can be observed in Figures 1 and 2.

Output: hourly prices per area

Extraction of representative 
configurations (clustering)

Representative 
network configurations

- Large number of system states
- Perfect competition

Electricity Market Model

Config. 1

Config. 2

Config. 3

Config. 4

...

Figure 1. A diagram of Step 1 and Step 2 of the methodology.

Output: hourly prices per area

Calculate network 
configuration (matrix form)

- Small number of system states
- Perfect competition

Electricity Market Model

For each hour

Assign to representative 
network configurations 

(classification)

Add spread increments per 
area and configuration

- Small number of system states
- Non-perfect competition

Electricity Market Model

Figure 2. A diagram of Step 4 and Step 5 of the methodology.

2.2.1. Clustering Algorithm

Initially, as noted in Step 1, the equilibrium is found under perfect competition. The outputs
provide hourly prices per area for the entire horizon. These prices will determine the state of the
interconnections for each hour that corresponds to a specific configuration of the network.

In this sense, a network configuration is defined by the state of the interconnections in terms of
congestion, as exemplified in Figure 3. It can be represented as a symmetric matrix N ∈ Rn×n, where n
equals the number of countries studied and each element Naa′ corresponds to the interconnection
between country a and a′ and can be defined as Equation (7).

Naa′ =

{
0 if a = a′ or the interc. a− a′ is congested

1 otherwise.
(7)
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ES PT FR BE NL DE AT LU CH

ES

PT

FR

BE

NL

DE

AT

LU

CH

Congested

Not congested

Not interconnected

Figure 3. An example of a network configuration: The state of the interconnections corresponding to
the representative network configuration 4 in Section 3.

Throughout the horizon of the problem, there will be multiple configurations and some of them
will probably be repeated for different hours. The objective of this section is to determine which are
the most representative (Figure 1) for the purpose of reducing the dimension of the problem under
non-perfect competition conditions. To this end, a clustering algorithm was developed. In the literature,
a broad range of clustering techniques are available. However, many of these methods result in clusters
of which the centroid does not necessarily equal a configuration present in the sample. Thus, due to
the particular features of this problem, an original algorithm was developed. This procedure groups
the configurations based on their frequency and the similarity between them in the following way:

Let G define the set of m unique configurations extracted, G = X1, X2, ..., Xm, and f (Xi), ∀i =
1, 2, ..., m be the frequency of configuration Xi, that is, the number of hours configuration Xi is repeated
over the horizon of the problem.

Given the two configurations X and Y, it is possible to determine the similarity between them by
means of Equation (8), also known as the weighted hamming distance (when the configurations are
viewed as categorical variables of which the descriptors correspond to the elements of the matrices).
In this way, a weight ωaa′ characterizes each interconnection, assumed as a function of the aggregated
demand of the adjoining countries a and a′.

sim (X, Y) = 1−
n−1

∑
a=1

n

∑
a′=a+1

ωaa′ (Xaa′ ⊗Yaa′) (8)

In Equation (8),⊗ stands for a XOR operation and can be used because all the attributes are binary
(either congested or not).

According to Equation (8), the similarity matrix SM ∈ Rm×m can be formed, defining the similarity
relationship between all the configurations in G:

SM =


sim(X1, X1) sim(X1, X2) · · · sim(X1, Xm)

sim(X2, X2) · · · sim(X2, Xm)
. . .

...
sim(Xm, Xm)

 (9)

where SMii = 1, ∀i = 1, 2, ..., m
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When measuring the similarity between network configurations, a gap of 0.5 e/MWh will be
used. This ensures that interconnections are defined as saturated when the price is bigger than the
mentioned gap. This gap should be high enough to avoid considering small differences resulting from
precision issues as significant.

Considering the similarity matrix SM and the number of main configurations R, predefined by the
user according to the desired accuracy level, the clustering algorithm works as defined in Algorithm 1.

Algorithm 1 Clustering algorithm.

1: while |G| > R do . |G| refers to the cardinality of G
2: Choose configuration XA with lowest frequency, that is:

XA ∈ G| f (XA) = min { f (Xi) , ∀i = 1, 2, ..., m}
3: Choose the most similar configuration to XA, that is:

XB ∈ G|SAB = max
{

SAj, ∀j = 1, 2, ..., m, a 6= b
}

4: Group XA into XB increasing frequency of XB such that f (XB) = f (XA) + f (XB)

5: Remove XA from G and update SM removing the row and column that applies to XA.

6: end while
7: return G (The remaining objects in G correspond to the clusters or representative configurations).

The analysis of the main network configurations will give an outlook of the possible congestion
that may arise between areas and more information about the resulting prices in the different zones.
Thus, for each of the found representative network configurations, it is now possible to assign a price
spread increment for each agent based on conjectured price responses. For instance, in a situation
when an area becomes isolated from the others due to congestion in its interconnections, the strategic
decisions of an agent participating in such area (understood as the local market power) could influence
more significantly the resulting market price.

In contrast to Reference [30], this article presents an original clustering algorithm to select the
representative network configurations. This procedure has a direct impact on the results since very
similar low frequency network configurations can displace the ones with more frequency when
building the clusters. This effect is, however, missing in the conference paper [30].

2.2.2. Classification Procedure

Building on the methodology, according to Step 4, the model is executed under perfect competition
conditions. Subsequently, the network configurations derived from the electricity prices in every area
resulting from this execution are classified into the representative configurations calculated in Step 2,
as represented in Figure 2. In a real situation, this process would be part of the regular activity of the
agents or regulators for decision-making.

The classification procedure initially seeks direct connections between every state of the network
with one of the representative network configurations. By doing so, each set of hourly prices per area
gets identified with one of the main configurations in Step 2. When no direct identification is found,
each state of the network is assigned to the most similar representative; this step is computed with
the similarity measures previously described. Ultimately, when all the assignments have been made,
each hour has an unequivocal match with a representative state of the network.

On the other hand, price spread increments or conjectures have been estimated for every
agent in each area according to the main representative configurations. The previous association
hour-configuration combined with information of the estimated conjectures provide all the information
to assign a conjectured-price response to all the market agents in every area and for all the periods
considered in the problem.

At this point, all the necessary information is gathered to be able to execute the model considering
market power at a later stage.
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It is worth pointing out that the information of the main network configurations is not part
of the optimization model itself but of the whole methodology. Therefore, the size of the problem,
that is the number of variables and equations, remains constant when increasing the number of
representative network configurations. In turn, the execution time is not directly related with the
number of representative configurations extracted through the clustering algorithm.

Rather than dealing with the execution time, the problem raised by increasing the number of
representative configurations is related to the estimation of the conjectures. The more representative
configurations, the more conjectures need to be estimated. The process of estimating reasonable values
of these conjectures constitutes a difficult task.

Otherwise, the efficiency in terms of execution time is achieved through the resolution approach
proposed in the methodology.

All in all, this methodology allows for a model of a multi-area power system considering imperfect
competition to be computed. Furthermore, it makes simulations of the local market power in such
large systems viable.

3. Case Study and Results

This section presents a case study where the proposed methodology is implemented. In Section 3.1,
the electric power system used in this case study is described. Moreover, the implementation of the
methodology is explained in Section 3.2. Finally, Section 3.3 gives the results after executing the model
under non-perfect competition. Note that the data and assumptions in this section should not be construed
as a real representation of the system. They are used as an illustrative example of the application of the
methodology.

3.1. System Description

For this case study, the countries which belong to the Iberian and CWE electricity markets were
considered. Those include Portugal, Spain, France, Switzerland, Austria, Luxembourg, Belgium,
Germany, and the Netherlands, as shown in Figure 4.

Figure 4. The European countries considered in the case study in Section 3.
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If taken individually, each separate country is typically represented as a single-price market model,
characterized by not considering network constraints initially and, consequently, the market price
being the same country-wide. In these systems, congestion is managed through additional mechanisms
aimed at resolving technical requirements. The main assumption in single-price models is that they do
not internalize the effects of network congestion on generators’ strategic behavior [38]. This behavior,
but taken among countries, is precisely the objective of study when integrating each separate area
into the complete system. The resulting system constitutes a zonal pricing market in which should
congestion be ignored, the price will be the same in the whole system.

The selected horizon ranges from February 2016 to December 2017, since the model is geared to the
planning and analysis of operations for decision making in the medium term. This scope is adequate to
represent the medium-term evolution of the market in the considered European countries. Moreover,
the model incorporates all the information regarding the technical and economical characteristics of
each of the electricity markets considered in the system.

3.2. Network Configurations Methodology Implementation

After the model inputs are set up and following the methodology explained in Section 2.2, a perfect
competitive model was computed using 80 system states of net demand by month. Consecutively,
the resulting electricity prices for the horizon considered were gathered. The larger the number of
system states chosen, the closer the temporal framework to hourly resolution and, as a consequence,
the higher the accuracy of the results. The selection of 80 system states was found to be a good trade-off
in terms of the accuracy of representation of the data and the computational requirements for the
computer used: Intel R© Xeon R© CPU E5-2660 v3 @2.60 GHz with 40 logical processors and 144 GB of
installed RAM memory running 64-bit Windows Server 2012 R2 (Figure 5a). As a result, it allows for
the capture of a wider range of prices while not ensuing in a very time-consuming process. Under such
conditions, the execution led to an optimization problem with 15.3 million variables and 7.6 million
equations, which required a maximum memory of 16 GB and a total execution time of 1169 s.
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Figure 5. (a) The trade-off curve between the number of system states used in the model against
the RAM required for execution. (b) The trade-off curve between the number of main network
configurations against the accumulated error.

On the collected prices, an analysis of the network configurations present in each hour was
carried out. As the model is run for a medium-term horizon, it is quite frequent that the same
network configurations are repeated for different periods. In fact, there are configurations more
representative than others. The previous instruction led to 87 unique states of the interconnections.
Consecutively, a secondary analysis based on the clustering algorithm in Section 2.2.1 was performed.
After the evaluation, eight main representatives were chosen as a good compromise between the error
(computed as the aggregated dissimilarity in the clustering process) against the number of clusters
used (Figure 5b).
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From the original sample of 1060 possible network configurations, the clustering process has
been able to reduce it to just eight. In this situation, the estimated conjectured-price response will be
input for each extracted representative network status. This will favor a trustworthy and accurate
representation of the outcome of the system.

Withal, the strategic behavior of market agents is clearly influenced by the demand or wind
conditions and forecasts. Therefore, the number of main network configurations will depend to a great
extent on the data contemplated as well as on the values of the inputs subject to uncertainty, such as
demand and wind. In this paper, however, only a deterministic version of the model was developed to
better communicate the core of the model and the importance of the methodology proposed.

In Figure 6, the eight representative network configurations are shown, accompanied with the
percentage of hours following this pattern. Many factors, either in terms of regulatory changes,
technical modifications of the system, or others, can make prices change significantly over time. That
is why a calculation of the representatives must be made not only once but also from time to time as
markets evolve.

(a) Config. 1: 25.2% (b) Config. 2: 21.4% (c) Config. 3: 20.5% (d) Config. 4: 17.6%

(e) Config. 5: 5.2% (f) Config. 6: 3.8% (g) Config. 7: 3.1% (h) Config. 8: 3.06%

Figure 6. Eight representative network configurations (The different patterns show different prices in
the corresponding areas.).

As part of the procedure, the next step consisted of computing the model in perfect competition
with 10 system states per month. The selection of 10 system states meets the desired level of precision
intended for this case study. However, the optimal number of states that meet the requirements
set in commercial applications for decision-making is usually bigger for a better accuracy of the
results. On these bases, the resulting model consisted of a problem with 2 million variables and
1 million equations that consumed 1.6 GB of memory and took 218 s to complete, considerably lower
than the first part of the methodology and thereby more suitable for a more frequent execution of the
model. This time may be extended significantly when, instead of a single execution, we are dealing
with Monte Carlo simulations. This situation is precisely where the efficiency of the methodology
gains much more importance.

Continuing with the methodology, the network status corresponding to the output electricity
prices per hour are classified into one of the eight main representatives. For this matter, the classification
procedure developed in Section 2.2.2 will be used. After the classification was established, about 80%
of the resulted configurations were directly matched to one of the eight representatives. Meanwhile,
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the rest were assigned using the similarity measure defined in Section 2.2.1. This assignment will
allow for the execution of the model under non-perfect competition with the estimated conjectures per
market agent in every state of the network defined by the representative configurations.

3.3. Model under Non-Perfect Competition

In pursuit of simplicity and comprehensiveness, the following analysis is focused on one area
(Belgium) and one month within the horizon of the problem (March 2016). Only one company for
each area has been modeled. In addition, the reaction of the competitors’ strategies is modeled just
by assigning different price spreads to each agent depending on the state of the interconnection.
As a consequence, the resulting model’s objective function is modified, becoming a linear problem
rather than a quadratic one. It would be equivalent to using a conjectured-price response as a function
of the supply. Both approaches could even be included simultaneously and, depending on the market
agent and area, one way or another would be applied. The approach taken in this section may help to
perceive the price response in a more intuitive way.

To put the analysis in context, Belgium is linked to its neighbor countries by three interconnections:
with France, the Netherlands, and Luxembourg, with descending cross-border capacities respectively.
It is worth noting that, as its neighbors are greatly interconnected with Germany, the electricity prices
in this country have a great impact in Belgium too.

Looking at the main network configurations obtained in Figure 6, the only ones where none of
the mentioned interconnections are congested are configurations 1 and 8 (Figure 6a,h respectively).
Additionally, in configuration 7 (Figure 6g) only the interconnection with Luxembourg is congested.
In these cases, it is assumed that the configurations of the network do not enable the market agent of
Belgium to exercise any sort of market power, and consequently, the spread increment will be zero.

With regard to the remaining configurations, the interconnection with Germany (indirectly
through the Netherlands) is congested in every case. This situation will facilitate the agents in
Belgium to increase the market power in their area, which in turn, will raise Belgium’s electricity price.
Furthermore, in configuration 6 (Figure 6f), the interconnection with France is congested too. In this
case, the Belgium–The Netherlands system finds itself completely isolated, since the interconnection
between the Netherlands and Germany is congested too. In such a case, the price in Belgium deviates
from the others and the market power increases, thus giving rise to a greater spread increment.

Empirically observing the electricity market in Europe, reasonable values of spread increments
per day and configuration have been adjusted and introduced in the model for the Belgium agent in
March 2016 (Table 1). If the objective was to represent a real situation accurately, the estimation of the
spread increments is of great relevance. There are complex ways to estimate these values: by means
of historical values [32,39,40] or fundamental variables as wind, nuclear, etc. [21]. In Reference [41],
an overview of the main methods to calculate these conjectures was presented. However, this case
study is meant to serve as an example to illustrate the power of the proposed methodology to simulate
the local market power and its impact on the outputs of the system.

Table 1. The distribution of hours in March 2016 across the main configurations.

Network Number Mean Spread Increment
Configuration of Hours (ce/kWh)

Config. 1 297 0
Config. 2 0 -
Config. 3 58 0.23
Config. 4 79 0.35
Config. 5 0 -
Config. 6 310 1.14
Config. 7 0 -
Config. 8 0 -
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Once the model has been executed for non-perfect competition, Table 2 provides the average
electricity price in Belgium for March 2016 under non-perfect competition compared with the results in
perfect competition. As can be drawn from Table 2, the results differ significantly from one execution
to another. Furthermore, the model has been correctly calibrated, since the monthly baseload price is
similar to the real spot price for that month (27.13 e/MWh).

Table 2. The average Belgium electricity price in March 2016 for perfect and non-perfect
competition executions.

Perfect Competition Non-Perfect Competition

24.52 27.05

To further describe this effect, the net income of the studied agent has also been calculated for the
considered month. As reasonably expected, this market agent, represented in Table 3, increases its
return when market power is exercised. Consequently, this methodology allows us to capture a more
realistic impact that strategies of market agents have in their economic position in each area.

Table 3. The net income for the Belgium agent in March 2016 for perfect and non-perfect
competition executions.

Perfect Competition Non-Perfect Competition

133.40 147.57

4. Conclusions

The methodology presented in this work is novel since it proposes an innovative and efficient
approach to represent a market that is run under non-perfect competition conditions and is comprised
of large individual markets that are grouped within a unified framework, considering several market
splitting possibilities.

This methodology has been put to the test on a real, full-scale case study of the European electricity
market, and it has proved useful, significantly reducing the possible conditions of the interconnections
and thus reducing computational burden and ensuring tractability as well as maintaining accuracy.
In the light of the recent development of the Internal Electricity Market in Europe, this research field
may provide a much needed insight for generator companies and system operator entities as a result of
the full representation of the whole European market provided by this work’s proposed methodology.
Furthermore, this allows them to emulate local market power in such a large and complex system.

Although the focus of this research involves a case study in Europe, the proposed methodology
can be adapted to other systems with multiple areas, such as some parts of the United States,
Latin-American countries, and even Italy, all of which are characterized by the presence of nodal-price
regions. Therefore, this interesting research field features a significant potential.

As for the next future steps, it would be appealing to analyze the application of this work’s
proposed methodology within the traditional operation of a market agent in their decision-making
process, for instance, a Monte Carlo simulation that reflects the uncertainty of the risk variables
pertaining to the medium term framework. Among the possible outcomes, more realistic results may
be provided in significantly less time, assuming the estimation of the conjectures that truly reflect the
market participants’ behavior is adequately performed. Furthermore, this methodology would yield
an efficient and robust means to analyze the consequences of regulation foresight as well as changes in
the operation of the power exchange at a European level.
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