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Abstract

The liberalization of energy markets brought full competition to the elec-
tric power industry. In the wholesale sector, producers and retailers submit
bids to day-ahead markets, where prices are uncertain, or alternatively they
sign bilateral contracts to hedge against pool price volatility. In the retail
sector, retailers compete to sign bilateral contracts with end-use customers.
Typically, such contracts are subject to a high-risk premium–that is, retailers
request a high premium to consumers to cover their potential risk of trading
energy in wholesale markets. Accordingly, consumers pay a price for energy
typically higher than the wholesale market price. This article addresses the
optimization of the portfolios of retailers, which are composed of end-use cus-
tomers. To this end, it makes use of a risk-return optimization model based
on the Markowitz theory. The article presents a simulation-based study
conducted with the help of the MATREM (for Multi-Agent in Electricity
Markets) system and involving 6 retailer agents, with different risk prefer-
ences, and 312 real-world consumers. The retailers select a pricing strategy
and compute a tariff to offer to target consumers, optimize their portfolio
of consumers using data from the Iberian market, sign bilateral contracts
with consumers, and compute their target return during contract duration.
The results support the conclusion that retail markets are more favourable
to risk-seeking retailers, since substantial variations in return lead to small
variations in risk. However, for a given target return, risk-averse retailers
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consider lower risk portfolios, meaning that they may obtain higher returns
in favourable and unfavourable situations.

Keywords: Electricity retailers, Portfolios of consumers, Risk-return
optimization, The MATREM System, Trading strategies.

1. Introduction

The liberalization of energy markets brought full competition to the elec-
tricity supply industry (see, e.g., [1, 2, 3, 4]). Market participants have
now the possibility to trade electricity in several different types of markets,
notably mediated and bilateral markets [5, 6]. In mediated markets, partic-
ipants can submit bids to electricity pools and/or power exchanges. Such
markets are public, centralized markets, where buyers and sellers can trade
energy indirectly. In bilateral markets, players can sign standard financial or
physical contracts to hedge against the price volatility typical of mediated
markets. Such markets are private, decentralized markets, that typically
provide more flexibility but may be more expensive. Worthy to mention
is also the possibility to sign tailored or customized bilateral contracts, in
non-organized, decentralized markets, where buyers and sellers can privately
negotiate the terms and conditions of the final agreements according to their
own preferences. The trading parties can specify any contract terms they
desire, but this flexibility comes frequently at a price, since negotiating and
writing contracts may be expensive. Also, the network usage resulting from
such contracts need to be approved by the system operator.

In terms of structure, power markets are typically divided into several
sectors (or structural components), notably a wholesale sector and a retail
sector. In the wholesale sector, competing generators offer their electricity
output to retailers and possibly other players. In the retail sector, end-use
customers have the possibility to choose their suppliers from competing elec-
tricity retailers and possibly other market participants [5]. Retailers operate
in both wholesale and retail markets–they buy energy from producers and
sell energy to end-use customers. Specifically, in retail markets, retailers
compete to sign bilateral contracts with end-use customers, to cover their
needs, resulting in a private portfolio to manage. And to satisfy such needs,
retailers participate in wholesale markets, submitting bids to both day-ahead
and intra-day markets, and also signing bilateral contracts with producers
and possibly other market participants.
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Nomenclature

Acronyms and Abbreviations

Agg aggregation
AggRes Agg of residentials
AggSCom Agg of small commercials
CET Central European Time
CfDs Contracts for differences
CH Calinski-Harabasz
CVaR conditional VaR
DAM day-ahead market
DR demand-response
EM electricity market
EROP Equal Return Optimization
ERTMC ER Tariff Market-Costs
ETOMaxR Equal Tariff Optimization at

a Maximum Return
ETOMinR ETO at a Minimum Return
GDP Gross Domestic Product
Ind industrial
LCom large commercial
LMP Locational Marginal Pricing
MATREM for Multi-Agent TRading in

Electricity Markets
MIBEL Iberian market of electricity
MTS Multivariate Time Series
OMIE the Spanish market operator
OMIP the Portuguese market op.
OTC over-the-counter
SMP System Marginal Pricing
TOU Time-of-use
VaR value-at-risk

Symbols

[γ] difference between costs
[w] consumer weight
[Cov] covariance
[r] return

α confidence level

χi, βi, δi regression variables

∆t contract duration

εt error

ηc centroid mean

r̂ expected return

λ risk attitude

µ expected return average

σ standard deviation

Ch retailer’s cost

Clc cluster

Et−1 electricity consumption

I investment

IR intrinsic return

Kh period discriminator

obj k-means objective function

Pt electricity price

qj,h consumer consumption

r real return

r∗ cut-off return

Rf risk free

Ri retailer agent

Rp risk premium

RES%t−1 renewable percentage

Th minimum tariff

Tj,h tariff

Uj consumer’s cost

x centroid of the cluster

Subscripts

c cluster number

h period of the tariff

i period number

j consumer number

t current period

L, M , N lags
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Typically, retailers follow a “business as usual” strategy, meaning that
they offer high tariffs to clients, which are equal for customers with similar
consumption patterns. They usually try to attract as many customers as
possible, signing bilateral contracts with them, and thus defining non-optimal
portfolios of end-use consumers (in terms of risk and return). Also, they
often consider a high risk premium, making the energy part of the tariff
(retail price) substantially larger than the wholesale market price (see, e.g.,
[7, 8, 9]). The risk-premium depends on the attitude towards risk, which can
be characterized as risk-averse, risk-seeking, or risk-neutral.

Risk-averse retailers tend to define stable portfolios, limiting their expo-
sure to risk that might reduce profits significantly below their expectations.
They may be willing to consider “small” risk premiums, allowing them to
propose “reduced” tariffs to consumers. Risk-seeking retailers are, to a cer-
tain extent, the opposite of risk-averse retailers. They usually feel free to
take significant risks in order to secure larger profits, but are not surprised
by occasional large losses. In this sense, they may obtain advantage in re-
tail competition, since a low variation in risk may be associated with a high
variation in the expected return [8]. Risk-neutral retailers tend to focus on
the expected return of portfolios, meaning that they do not care too much
about uncertainty (risk).

This article addresses the optimization of the portfolios of retailers, which
are composed of end-use consumers. Now, a thorough analysis of the liter-
ature reveals that the majority of existing pieces of work about portfolio
optimization focus on energy producers [10, 11, 12, 13, 14]. There are also
several articles about assets, focusing on optimization models to maximize
profit [15, 16, 17]. And also some articles about the operation of retailers
in energy markets, considering both spot markets and derivatives exchanges.
For instance, Hatami et al. [18] developed a decision model for retailers
that need to buy electricity to serve customers. The goals of retailers in-
clude the maximization of profit and the minimization of risk. The number
of customers is pre-determined and no real consumption data is considered.
Hatami et al. [19] extended this piece of work by considering interrupted
contracts and a matrix that considers different load elasticities on each time-
of-use (TOU) block. Kettenun et al. [20] studied optimal portfolios of for-
ward contracts by considering retailers with different risk attitudes, facing
both price risk and consumption risk. The authors concluded that risk-
neutral retailers tend to be more concerned with price-related uncertainty,
while risk-averse retailers tend to favour forward contracts to hedge against
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spot price volatility, thus being normally more concerned with the associ-
ated risk premium. They assumed, however, a strong correlation between
the spot price and the demand of retailers. Guesmi et al. [21] presented
a model to increase the return of retailers and minimize their price risk by
considering other options than the day-ahead market, such as forward con-
tracts, self-generating facilities and call or put options. Karandikar et al.
[22] presented a strategic evaluation of the acquisition of bilateral contracts
by retailers. Taking into account the market-clearing of day-ahead markets,
the study selects the quantity of power acquired through bilateral contracts
to guarantee a risk-constrained pay-off of an elastic load by quantifying risk
using a “Risk Adjustment Recovery on Capital” methodology. Nojavan et
al. [23] presented a robust optimization approach to minimize the energy
acquisition costs of retailers in day-ahead markets, by considering forward
contracts and demand-response (DR) programs. Results from the case study
show that risk-averse retailers acquire more forward contracts as a risk mit-
igation measure, while the energy acquired from day-ahead markets has a
significant reduction. Sekizaki et al. [24] presented a bi-level model to set
the TOU tariffs that retailers propose to consumers and at the same time
select the markets where they will purchase the energy between day-ahead
and forward markets. The authors concluded that the consumers’ response
to the different blocks of the TOU tariffs is profitable for retailers. Charwand
et al. [25] presented a risk management model where retailers consider mul-
tiple purchasing contracts to maximize their return taking into account the
market price and load uncertainties of the cross-zonal dispatch where they
trade, considering a portfolio draw-down risk over the planning horizon. Faia
et al. [26] presented an optimization model for traders with the goal of maxi-
mizing their return considering their risk preference. The authors considered
an hourly maximum fixed quantity of 10 MW that can be sold or bought
trough day-ahead, balancing, bilateral and smart-grid markets. The authors
concluded that risk-seeking traders have higher returns but also higher risks,
so a balance between risk and return should be achieved.

Furthermore, a discussion about some of the authors own key pieces of
work follows. Algarvio et al. [27] presented a deterministic optimization
model to maximize the profit of a retailer agent, who buys energy in the day-
ahead market and sells it to end-use consumers. The optimization problem
takes into account the day-ahead prices, the consumption levels of consumers
and the tariffs proposed to consumers. The model does not consider uncer-
tainty, so, it is appropriate for risk-neutral retailers or past situations only
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(past periods of time) using observed data instead of forecasts. In [8], the
authors tried to overcome this weakness by considering a model to optimize
portfolios of retailers based on the Markowitz theory [28]. The Markowitz
theory has been created to deal with the uncertainty related to an assets’
portfolio and has been adapted to deal with the uncertainty related to the
retailer’s portfolio of end-use consumers. This piece of work focuses on the
dual objective of maximizing return and minimizing risk, which involves the
selection of specific (types) of customers and the distinction between simi-
lar customers (i.e., of the same type). The model is tested by considering
three case studies and real-world data from the Iberian electricity market.
The end-use customers were, however, hypothetical (clusters of consumers),
belonging to the following specific types: industrial, commercial, residential
and street lightning. Also, the retailer agents were risk-averse agents only,
meaning that the other attitudes towards risk were not considered. Table 1
presents a literature review of models for optimizing the retailers portfolios
of purchasing options and consumers.

Against this background, the purpose of this paper is twofold:

1. To adopt our model [8] and to extend it by considering the following:
(i) a new trading strategy for retailers, (ii) forecast methods to predict
both market prices and customer consumption, with the main objec-
tive of reducing errors, and consequently the differences between the
expected and real returns and (iii) a formal model of retail competition.

2. To test the extended model by considering situations involving real-
world consumers. Specifically, to present a study involving 6 retailers
with different risk-attitudes, real data from the Iberian electricity mar-
ket, and 312 consumers from Portugal.

These consumers are part of the portfolio of a Portuguese retailer (more
information about them can be found at [29]). The time period of the study is
as follows: from January 1, 2012 to December, 31 2013.1 The simulation are
performed with the help of the simulation tool MATREM (for Multi-Agent
TRading in Electricity Markets) [30, 31].

Thus, the work presented here refines and extends our previous work
on portfolio optimization as well as our work on risk management [32, 33].

1The real consumption data set can be found in an online repository in https://

archive.ics.uci.edu/ml/datasets/ElectricityLoadDiagrams20112014#.
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In particular, and as noted, it extends our previous model based on the
Markowitz theory by considering a new trading strategy for retailers, and
also considers practical situations involving real-world consumers. By using
real-world consumers, instead of clusters of consumers, there is possibility
to model consumption uncertainty and analyse how the optimization model
can deal with it in a real-world setting (thus, contrary of what was done in
previous works). Furthermore, the portfolio optimization approach adopted
in this paper focuses on the determination of the best share of consumers, dif-
fering largely from other approaches presented in the literature, which focus
mainly on the determination of the best (sub-)markets to purchase a prede-
fined quantity of electricity to feed a fixed quantity required by consumers
(see Table 1).

The remainder of the paper is structured as follows. Section 2 describes
the main features of the Iberian electricity market. Section 3 presents an
overview of retail competition in electricity markets. Section 4 describes
the extended risk-return optimization model based on the Markowitz theory,
focusing an a trading strategy for retailers and a forecast method to predict
electricity consumptions. Section 5 presents an overview of the MATREM
system. Section 6 describes a simulation study to test the model in a real-
world setting. Finally, concluding remarks are presented in section 7.

2. The Iberian Market

The Iberian wholesale market (MIBEL [34]) includes Portugal and Spain
and involves a day-ahead market (DAM), an intra-day market and a deriva-
tives market. The first two markets are managed by OMIE ([35]), the Spanish
electricity market operator. The derivatives market allows private parties to
trade standardized contracts and is managed by OMIP ([36]), the Portuguese
electricity market operator. Also, Spain and Portugal have independent retail
markets, but both countries share the same main retailers.

2.1. The Wholesale market

In the daily Iberian market, players submit hourly bids to trade electricity
until 12:00 (CET time) of the day before the day of operation. Prices and
volumes are computed using EUPHEMIA, a hybrid algorithm currently used
in the European Price Coupling Region [37], based on the marginal pricing
theory (see [38] for a complete overview). The algorithm simulates simple
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and complex bids and takes into account physical constraints of the cross-
zonal capacity [39]. By defining the prices and volumes for each bidding zone,
the algorithm may also define the flows between them. In case of market-
splitting, the prices and volumes are determined for each zone individually.

The intra-day market involves six auction sessions, similar to the DAM,
but with gate-closures between one and five hours ahead of real-time opera-
tion. The liquidity of this market is normally high (when compared to other
European markets, such as Denmark or Germany). It is used by market
participants to satisfy about 10% of the demand [40].

Derivatives market considers various types of standardized products, no-
tably forwards, futures, options and contracts for differences (CfDs). For-
ward contracts are typically contracts subject to physical settlement. The
parties take the obligation to buy or sell energy, in a standardized quantity
and quality, at a predefined date and place, at a price agreed in the present.
To a large extent, forward contracts allow sellers and buyers to financially
hedge their exposure to price risk. However, sellers typically need to produce
(or buy) the energy specified in the contracts at an uncertain future price,
meaning that they still face a considerable price risk.

Futures contracts are similar to forward contracts, although they may
be physical or financial (involving a financial settlement only). The par-
ties define a price in the present (strike price) that during the contract will
be subject to a finance settlement according to the spot index. When the
spot index is higher than the strike price buyers receive the difference be-
tween them, otherwise are sellers who are compensated. Options include
call options or put options. The former are financial contracts where buyers
acquire the right, but not the obligation, to buy energy from sellers consid-
ering a standardized quantity of energy, at a future date, at a price set in the
present. To this end, buyers pay a fee (premium). Similarly, put options are
financial contracts where sellers acquire the right, but not the obligation, to
sell energy by paying a fee (premium).

Contracts for differences involve mainly the negotiation of a strike-price
for a specific quantity of energy during a specified period of time. The parties
may receive or pay the difference between the spot price and the strike price
during that period–that is, the settlement process involves the compensation
of one party to another according to the strike price and the spot price.

Balancing markets in Portugal and Spain guarantee the secure operation
of the power systems. They balance the difference between all physical agree-
ments and real-time consumption and production of electricity [41]. The costs
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of these markets are passed to the players that deviate from their physical
agreements, the balance responsibility parties.

2.2. Retail markets

Retail markets of electricity involve mainly the interaction between retail-
ers and end-use customers with the aim of signing private bilateral contracts.
To this end, retailers typically propose multi-part tariffs to consumers, which
are composed by a fixed term (contracted power) and a variable term (en-
ergy used). They usually consider similar tariffs for consumers with similar
consumption patterns. Such tariffs may involve different prices for different
blocks of time (e.g., two-rate tariffs). Bilateral contracts are characterized
by fixed prices and variable quantities (limited by the contracted power).

In the past, at the beginning of the Portuguese liberalization process,
retailers proposed specific discounts to regulated tariffs. Currently, retail-
ers consider mainly reference prices, and discounts are performed over such
prices, resulting in a final energy price sometimes higher than the price of the
regulated tariff. Also, retailers are essentially profit-seeking agents, follow-
ing a business as usual strategy, meaning that retail prices are substantially
higher than wholesale prices, being their typical markup in Europe around
20% [9, 42], i.e., the retailers charge over the wholesale price.

The retail tariffs currently in place in Portugal are TOU rates. In Spain,
tariffs may be both TOU or real-time pricing rates [43]. The latter are
characterized by variable prices, typically considering the market price as
the reference price, and therefore transferring part of the price risk to end-
use customers.

2.3. The non-organised market

In the non-organised market, depending on the amount of time available
and the quantities to be traded, buyers and sellers can resort to the following
options of bilateral trading [2]: customized long-term contracts and trading
“over-the-counter” (OTC).

Customized long-term contracts are very flexible, meaning that the par-
ties can negotiate the energy quantity, the duration of the contract, and
naturally the price of the energy. Contracts may account for different prices
for different blocks of time (i.e., may consider two-rates, three-rates, etc.). In
case of physical delivery, the seller commits to serve the quantity of electric-
ity required by the buyer, and the buyer commits to pay the price defined in
the contract.
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OTC contracts involve standard and non-standard contracts that are ne-
gotiated privately (without using the Exchanges). These contracts consider
small amounts of energy and are used when sellers and buyers refine their
position as delivery time approaches. The only parameters that commonly
have to be communicated to the market operator is the date (specific day(s)
and hour(s)) for the electricity trading, such as the quantity and the input
and output grid nodes. Then the system operator checks for the feasibility
of the agreement and communicates to players the ratification or not of the
contract.

Bilateral contracts are often considered very important to the efficient
operation of competitive electricity markets. There are, however, several
problems associated with a long-term bilateral contract. Chief among them is
risk asymmetry: buyers face greater risks than sellers if they wait to transact
in spot markets, so sellers can charge a risk premium for bilateral contracts
[44]. Sellers have almost nothing to lose if they wait to transact in spot
markets in which they will face bid-based clearing prices, the potential for
windfall profits, and a very low risk because they cannot be forced to sell
below the prices they offered. As a result, the gap between what buyers
are willing to pay and what sellers are willing to accept, under long-term
contracts, has been too great to bridge in many cases [45].

Although derivatives markets and private bilateral contracts are a form of
risk hedging, they also carry risks, so it is important to compute the potential
risks associated with them. To select the best options to trade electricity,
sellers and buyers have to model their risk attitudes, which will be reflected
on their decisions.

In this work the contracts negotiated between retailers and end-use con-
sumers are private customized long-term contracts.

3. Retail Competition in Electricity Markets

Traditionally, in liberalized electricity markets, retailers persuade con-
sumers by offering discounts to regulated tariffs (see Figure 1). This work
considers retailer agents that follow the same behaviour. However, it also
considers retailers that propose personalized tariffs to key consumers. Ac-
cordingly, consumers can choose the best tariff based on either the expected
cost or the expected utility [46, 47].

Retailers follow a “strategic” process to persuade consumers to choose
their tariffs and therefore to be included in their portfolios (see Figure 2). The
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Figure 1: Retail competition in electricity markets.

Figure 2: Strategic process of retailer agents.
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process starts with a preparation phase, where retailers define the objectives,
select a pricing strategy, and set some important parameters. The objectives
include the selection of the target markets (where to buy and to sell energy),
the definition of the expected return, and in some cases, the definition of
the investment value (budget). The parameters involve mainly the adoption
of an attitude towards risk. In the planning phase, retailers forecast both
the energy price and the energy consumption taking into account the target
markets, and then perform an optimization process to identify (or select)
the key consumers to be included in their portfolios. After that, retailers
basically send specific tariffs to consumers and interact with them with the
main goal of signing bilateral contracts.

In case all consumers accept the proposed tariffs, the process ends with an
agreement. Otherwise, retailers try to modify the composition of their port-
folios. To this end, they perform a “new” optimization process, restricted by
the fact that it takes into account the consumers that have already accepted
the proposed tariffs.

Thus, consumers may either accept or not the proposed tariffs. To this
end, they evaluate the tariffs they receive by computing a score (or utility)
using either an additive or a multiplicative function [46, 47]. They can also
make use of a cost function (and thus, choose the tariff that minimizes their
expected cost). The cost function Uj of a consumer agent j takes the form:

Uj =
H∑

h=1

Tj,h × qj,h (1)

where:

(i) Tj,h is the prices of the tariff charged for consumer j at period h;

(ii) qj,h is the electricity consumption of the consumer j in period h.

In case of choosing the cost function, consumers may choose the tariff
that minimizes their cost. Consumers may either accept a tariff or not. The
acceptance of a tariff leads to a customized (or tailored) bilateral contract,
which may account for different prices for different blocks of time (i.e., may
consider two-rates, three-rates, etc.). Such contract may be considered very
flexible, since the parties may discuss its terms and conditions, notably the
energy price and the energy quantity. Failure to agree with a specific retailer
(by rejecting the proposed tariff) may occur in two ways: (i) a consumer
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receives a better proposal from an opponent (another retailer), or (ii) the
current tariff is better than the received tariff.

4. Risk Management and Portfolio Optimization

Retailer agents should select the best options to trade electricity–that is,
they should select the markets (e.g., the day-ahead market in conjunction
with the derivatives market) and define the bids to submit to each mar-
ket. To this end, they should consider a risk management process, which
typically includes three key phases [48, 49]: (i) risk assessment, (ii) risk char-
acterization, and (iii) risk mitigation. In the risk assessment phase, retailers
recognize the risk factors and identify the main deterministic and stochas-
tic variables. Next, in the risk characterization phase, they make efforts to
measure the risk using one or more methods, such as variance, correlation,
regression, value at risk (VaR), and conditional VaR (CVaR). Finally, in the
risk mitigation phase, they select the best set of products that allow them
to reduce the risk.

4.1. Portfolio Optimization

In previous work [8], an optimization model has been proposed to select
key consumers to be included in the portfolios of retailers, using the afore-
mentioned risk management process. In the first phase, retailers face the
following risk factors: market price volatility and consumption uncertainty
(of customers in the portfolio). In the second phase, retailers consider the
VaR to analyse how the previous risk factors affect the portfolios, which is
given by the following expression:

V aR = −I · r∗ = I(ασ
√

∆t− µ∆t) (2)

where:

(i) I is the investment made by a retailer (price to pay for the energy);

(ii) r∗ is the cut-off return (the percentage of the investment at risk);

(iii) α, σ and µ are the confidence level, the standard deviation and the
average of the expected return, respectively;

(iv) ∆t is the time period under consideration (duration of the contract).
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In the third phase, retailers consider their own risk attitude and the tariffs
proposed to consumers to obtain the point that optimizes their risk-return
ratio (which represents a share of consumers in their portfolio):

[w] = argmax
wj≥0

(
[w]T [γ] [r̂]−

(
λ

2

)
[w]T [Cov] [w]

)
(3)

Subject to

J∑
j=1

wj = 1 (4)

where:

(i) [w] is the matrix containing the weight wj of each consumer j in the
portfolio;

(ii) [γ] is the matrix containing the relative difference between the past (used
data) and a future prediction of the arithmetic cost of electricity for
each consumer j;

(iii) [r̂] is the matrix of the expected return of each consumer j;

(iv) λ is the risk attitude of the retailer;

(v) [Cov] is the covariance matrix that relates the consumption between
every consumer j.

The expected return is computed by taking into account the difference
between the tariffs offered to consumers and the expected cost (for a partic-
ular quantity of electricity required by each consumer). This parameter may
involve some uncertainty in relation to future prices of electricity, notably
for retailers trading energy in day-ahead markets. However, in case retailers
consider mainly forward contracts to buy electricity, the uncertainty is es-
sentially related to the consumption of consumers (that is, the uncertainty
associated with the price is reduced).

The covariance of the consumption of each consumer is important to select
“complementary” consumers in order to avoid a high variation (uncertainty)
in the expected consumption of the entire portfolio. The Markowitz efficient
frontier is obtained by considering the conditions (risk factors) of the mar-
ket(s) defined in the first phase of the risk management process, as well as
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the risk analysis carried out in the second phase and the optimized points
obtained in the third phase. Retailers obtain the efficient frontier from the
different points. It is worth noting that an optimized point is efficient if no
other point can overcome its value in terms of risk (VaR) or return.

4.2. Background

Conceptually, Algarvio et al. [8] concluded that risk-averse retailers us-
ing a profit-seeking strategy may have an advantage in retail markets. The
conclusion was obtained using the Markowitz theory (see Figure 3).

Figure 3: Markowitz curves and frontier

In Figure 3, each Markowitz curve corresponds to a different tariff. Con-
sidering the same share of consumers, for a higher target return of the re-
tailer, then a higher tariff (profit-seeking) will be computed. Each point in
each Markowitz curve corresponds to a portfolio of consumers, obtained us-
ing the optimization problem, taking into account the risk-attitude of the
retailer. So, in each Markowitz curve, a higher risk-seeking attitudes leads
to a portfolio that gives a higher expected return and VaR (risk-seeking).

However, by obtaining the efficient points of all Markowitz curves, there is
the possibility to obtain the Markowitz efficient frontier (black dashed line).
Those points are obtained in the portfolios of moderate risk-averse retailers,
which are composed mainly of high shares of street lightning, moderate shares
of small commercial, and small shares of industrial clusters.
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The case studies of [8] only test the optimization model for a moderate
risk-averse retailer, using clusters of consumers. However, in retail competi-
tion, a risk-seeking retailer can get higher returns by proposing lower tariffs
(i.e., in Figure 3, it is possible to verify that the last point of the first dark-red
Markowitz curve has a higher return than the initial points of all curves).
So, risk-seeking retailers may have an advantage when competing for the
same consumers. Thus, the theoretical advantage of risk-averse retailers in
retail markets should be tested using retailers with different risk attitudes,
by simulating retail competition for real consumers.

4.3. Extensions to the Model: Trading Strategy and Forecast Methods

The model depends on the tariffs proposed to each consumer. Such tariffs
involve a fixed payment for power (contracted capacity fee) and a price per
unit of electricity (variable fee). Both fees are divided into several parts,
but the most important for the return of retailers is the energy part [50].
Accordingly, retailers may set an expected return tax (r̂) for each consumer,
the markup, which is given by the following expression:

r̂ = RF +RP (5)

where RF is the risk-free (deposits) of global markets and RP is the risk-
premium, that depends on several factors, such as the risk associated with
the market prices and the consumption volatility.

Now, the most common tariffs for household consumers include tariffs
that present a flat rate as well as tariffs that account for the value and cost
of electricity in different days (week, weekends and holidays) and periods of
a 24 hour day, such as two-rate tariffs (peak and off-peak), three-rate tariffs
(peak, mid-peak and off-peak), and four-rate tariffs (peak, mid-peak, off-
peak and super off-peak). Commercial and industrial consumers connected
to high voltage or very-high voltage grids may also choose more refined tariffs
(e.g., a hour-wise tariff, involving different prices for each hour).

The model presented in [8] includes several pricing strategies for retailers.
Some of these strategies are adopted in this work, namely the “Equal Return
OPtimization” strategy (EROP), the “Equal Tariff Optimization at a Mini-
mum Return” strategy (ETOMinR), and the “Equal Tariff Optimization at
a Maximum Return” strategy (ETOMaxR). The EROP strategy defines the
minimum price (tariff) that retailers may offer to consumers to receive an
equal return (target) from each of them. The ETOMinR strategy defines the
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minimum price that guarantees to retailers the target return (at least) from
each consumer. And the ETOMaxR strategy computes the minimum price
that at best gives to retailers the maximum target return from each con-
sumer. This paper extends the model with a new pricing strategy, namely
the “Equal Return Tariff based on Market-Costs (ERTMC)”. It reflects the
expected costs of retailers with each consumer (in every period of the day
associated with a particular tariff). This strategy incentives consumers to
respond to TOU tariffs, adjusting their tariff by considering the expected
market prices plus a premium in the blocks of prices proposed to consumers.
So, consumers that have the majority of their consumption during off-peak
periods will be compensated by a reduction in their costs with electricity,
otherwise they can experience an increase in their costs. This strategy is
formally described as follows:

Tj,h =
(r̂ + 1) ·

∑J
j=1

∑H
h=1 qj,hCh∑H

h=1 qj,h
(6)

where:

(i) Tj,h is the prices of the tariff charged for consumer j at period h;

(ii) r̂ is the retailer’s expected return;

(iii) Ch is the retailer’s expected cost per period h;

(v) qj,h is the electricity consumption of the consumer j in period h.

By using the Calinski-Harabasz (CH) criterion, it is possible to obtain the
optimal number of clusters of the real data by considering the consumption
profile of each consumer [51]. It computes the Euclidean distance between
the clusters and compares it with the internal sum of squared errors for each
cluster. Also, by using the k-means clustering algorithm, it is possible to
divide consumers by their consumption segment identified by the CH criterion
and compute their segment typical load profile. This algorithm is a robust
model that minimizes the distance between each point to the centre of its
respective cluster:

obj = min
K∑
c=1

∑
x∈Clc

‖x− ηc‖2 (7)

where:
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(i) obj is the value of the k-means objective function;

(ii) c is the cluster number inside the total number of cluster, K ;

(iii) x is the centroid of the cluster Clc with a mean µc in their points;

To feed the model with a future prediction of the electricity consump-
tion, there is a need to use a forecast method. This method consists in a
multivariate time series (MTS) that uses the electricity consumption (E), the
wholesale prices of electricity (P), and the gross domestic product (GDP).

Êt =
L∑
i=1

χiEt−1 +
M∑
i=1

βiPt−1 +
N∑
i=1

δiGDPt−1 + εt (8)

where:

(i) Êt consists in the forecast of the electricity consumption for year t;

(ii) L, M and K are the lags (number of previous periods);

(iii) χi, βi and δi are regression variables.

(iv) εt is the error from random events.

To compute a future prediction of the arithmetic cost of electricity for each
consumer, a forecast method was adapted from [8]. This method is similar
to the previous one, but uses the share of renewable energy associated with
electricity production (RES%) instead of the GDP, and the retail price of
electricity, instead of the wholesale price.

Figure 4 presents the complete optimization model of each retailer. It
uses the historical electricity wholesale and retail market prices, consumption,
renewable share in the electricity mix, and the GDP to compute the expected
wholesale market prices and the consumers’ consumption. Next, considering
the target return and the risk attitude, the retailer computes the expected
costs with each consumer and selects a pricing strategy that computes the
tariff to offer to each consumer. Then, the retailer enters into the retail
competition phase by offering the computed tariffs to the target consumers
indicated by the portfolio optimization. If all consumers accept the suggested
tariffs, the process ends with the signature of bilateral contracts. Otherwise,
consumers who reject their tariffs, are removed from the optimization process,
and the others sign bilateral contracts with the retailer, entering into the
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Figure 4: Retailer’s optimization model

portfolio with their respective weight. In the end, the retailer enters into
an iterative process until all target consumers accept the tariffs or no one
remains to be part of the portfolio.

5. The MATREM System: An Overview

MATREM is a simulation tool based on intelligent agents for analysing
the behaviour and outcomes of electricity markets. The tool supports a day-
ahead market, a short-term market (an intra-day market) and a balancing
market. Also, the tool supports a futures market for trading standardized
bilateral contracts. Furthermore, it supports a marketplace for negotiating
tailored (or customized) bilateral contracts. A detailed description of the
system is presented in [31]. A classification of the system according to various
dimensions associated with both electricity markets and intelligent agents can
be found in [5]. This section gives an overview of MATREM.

The day-ahead market (DAM) is a central market where the entire Iberian
electricity generation and demand can be traded on an hourly basis. Accord-
ingly, a market operator agent collects all bids for a given hour h and sorts
them according to the price (see, e.g., [43]). Next, the aggregated supply
and demand curves are defined. The supply and demand are then matched
by adding up all volumes. The market price is determined by the last unit
necessary to satisfy the demand. The traded volume is determined as the
sum of all demand bids that are satisfied at the market clearing price.
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The intra-day market is a short-term market and typically involves several
auction sessions. It is used to make adjustments in the positions of partic-
ipants as delivery time approaches. Both the day-ahead and the intra-day
markets are based on the marginal pricing theory. Two pricing mechanisms
are supported: system marginal pricing (SMP) and locational marginal pric-
ing (LMP).

The balancing market is a market for primary, secondary and tertiary
reserves. For the particular case of tertiary reserve, a system operator agent
determines the needs of the power system, collects the bids from the market
participants, and determines the market prices by considering a simplified
version of the system marginal pricing algorithm. Two computer simulations
are performed, one for determining the price for up-regulation, and another
for computing the price for down-regulation.

The futures market is an organized market for both financial and physical
products, that may span from days to years. Typically, such products hedge
against the financial risk (i.e., price volatility) inherent to day-ahead and
intra-day markets. Market participants enter orders involving either bids
to sell or buy energy in an electronic trading platform. The platform then
matches the bids likely to interfere with each other

The tool also allows to negotiate tailored (or customized) long-term bilat-
eral contracts, specifically forward contracts and contracts for difference(see,
e.g., [33]). The terms and conditions of such contracts are flexible and can
be negotiated privately to meet the objectives of two parties. To this end,
the agents are equipped with a negotiation model that handles two-party
and multi-issue negotiation. The negotiation process involves basically and
iterative exchange of offers and counter-offers. We also wish to highlight
that MATREM supports coalitions of end-user customers. In this way, two
or more customers can intentionally form a coalition to strengthen their bar-
gaining positions. The coalition may then interact and negotiate with a
retailer agent in search for superior outcomes [52].

The target platform for the MATREM system is a 32/64-bit microcom-
puter running Microsoft Windows. The system supports generating compa-
nies, retailers, aggregators, coalitions of consumers, traditional consumers,
market operators and system operators. All market entities are modelled as
software agents.
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6. Case Study

This section presents a study involving 6 retailers and 312 consumers from
Portugal, corresponding roughly to 5% of the total demand of the country.
The retailers want to invest in the Iberian electricity market. Their target
are the 312 real-world consumers, that are connected to the mid voltage grid.

The study is conducted with the help of the MATREM system, meaning
that the retailers and the consumers are modelled as software agents–that is,
computer systems capable of autonomous action and able to meet their design
objectives. The retailer agents are equipped with the portfolio optimization
model described in section 4. The study period has the duration of 24 months:
from January 1, 2012 to December 31, 2013.2

By using the Calinski-Harabasz criterion and the k-means clustering al-
gorithm in Matlab, it is possible to divide the data set in five classes of
consumption: aggregation of residentials (AggRES), aggregation of small
commercials (AggSCom), large commercials (LCom), industrials (Ind) and
others (aggregation of different types of consumers).

The study consider data from 2012–2013 and assumes that retailers start
operating in the Portuguese market in 2013, meaning that in the planning
phase they use real data from MIBEL and active consumers up to 2012
[35]. Then, after obtaining the optimized portfolios, retailers get the real
results from 2013. Table 2 presents the main characteristics of retailers. In
particular, for each retailer, Ri, i=1,...,6, the table shows the attitude towards
risk, λ, the return, the price strategy, the type of tariff, and the possibility to
perform a selective choice of consumers–that is, whether or not a particular
retailer considers different types of tariffs to persuade specific consumers.

Most retailer agents consider a 3-rate tariff, which is defined for a 24 hour
day as follows:

• Peak price: from 9 a.m. to 12 a.m. and from 6 p.m. to 9 p.m.;

• Mid-peak price: from 7 a.m. to 9 a.m., from 12 a.m. to 6 p.m., and
from 9 p.m. to 12 p.m.;

• Off-peak price: from 12 p.m. to 7 a.m.

2This data set can be found in an online repository in https://archive.ics.uci.

edu/ml/datasets/ElectricityLoadDiagrams20112014#.
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Table 2: Retailers Characteristics

Retailer Risk λ Minimum Maximum Pricing Tariff Portfolio Different
Preference Return (%) Return (%) Strategy Type Optimization Tariffs

R1 High aversion 90 3.6 EROP 3-rate Yes Yes

R2 Moderate aversion 70 3.6 12 ETOMaxR 3-rate Yes No

R3 Small aversion 40 7.2 EROP Single Yes Yes

R4 Small seeking 20 7.6 ERTMC 3-rate Yes Yes

R5 Moderate seeking 5 4 ETOMinR 3-rate Yes No

R6 High seeking – 6 ETOMinR 3-rate No No

The consumers are grouped into five groups. Each group contains the fol-
lowing consumers: Ind (10 consumers), LCom (11 consumers), AggSC (189
consumers), AggRes (71 consumers), and other (31 consumers). The study
involves two main parts. The first part is devoted to computing the optimized
portfolios of the retailer agents as well as the tariffs to propose to consumers
(see next subsection). To this end, the retailers make use of the aforemen-
tioned forecast methods to get predictions of both the market prices and the
consumer consumptions. Armed with this information, and equipped with
the portfolio optimization model, the retailers then determine the optimized
portfolios, define the tariffs, and compute the value at risk and the expected
return (for the year 2013). The second part of the study analyses the results
obtained with the optimization model (see subsection 4.1). Specifically, the
retailer agents consider both the real market prices published by MIBEL and
the real consumption data for the 312 consumers. By taking into account
this information, and also considering the optimized portfolios and the tariffs
to propose to consumers, obtained in the first part of the study, they then
determine the “real” return (for the year 2013). In a next step, a system-
atic comparison is made between the expected return and the “real” return.
Finally, some conclusions are drawn from the simulations performed.

6.1. Optimal Portfolios of Retailers

As indicated earlier, the retailer agents propose specific tariffs to end-
use customers with the main aim of signing bilateral contracts with them.
The tariffs include two main terms: a fixed term, related to the contracted
power, and a variable term, associated mainly with the energy consumed,
but considering also the grid access and the global use of the system. Apart
from the energy consumed, the other parts of the tariffs are fixed and set by
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decision of the Government, typically in strict accordance with the Regulator.
Accordingly, this work considers that the part of the tariffs that can be
negotiated is only the energy part. Table 3 presents the reference energy-
part of the tariff in the retail market for each level of grid connection in
2013 [53]. Consumers accept the best tariff according to a cost function
that computes their expected cost with electricity, considering the tariff that
have been proposed to them and their expected consumption, as described
in section 3.

Table 3: Energy part of the Portuguese reference tariff in 2013

Voltage Tariff (e/MWh)

Level off-peak mid-peak peak

High voltage 46.75 65.10 76.40

Medium voltage 48.85 67.90 80.10

Low voltage commercial 55.00 73.00 83.60

Low voltage residential 58.20 73.00 84.10

Figure 5 presents the market prices published by MIBEL in 2012 and 2013
[35]. The price of the energy in the day-ahead market was highly volatile,
meaning that price risk is indeed a key risk faced by retailers. The other key
risk is the consumption uncertainty of the target consumers.

(a) (b)

Figure 5: Daily Iberian market prices published by MIBEL in the years 2012(a) and
2013(b).

Now, prior to the definition of the optimized portfolios, the retailer agents
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analyse the price volatility in the day-ahead market as well as the reference
tariff in place in the retail market. The energy part of the Portuguese ref-
erence tariff during 2013 is shown in Table 3. In this year, this part of the
tariff corresponded roughly to 40% of the variable term.

As noted above, retailers consider predictions of both market prices and
energy consumptions in the computational simulations. A preliminary analy-
sis of the results obtained with the forecast methods outlined in subsection 4.3
indicates a decrease around 4.83% in market prices, and an increase of 0.36%
in energy consumption. A subsequent comparison of the real data in the
years 2012 and 2013 indicates, however, a decrease of 9.2% in wholesale mar-
ket prices and a decrease of 1.37% in energy consumption. Thus, from the
point of view of retailers, this is an interesting situation, since they predicted
a lower decrease in wholesale market prices. Accordingly, the return resulting
from the simulations is expected to be lower than the “real” return.

Tables 4 and 5 summarize the results of the first part of the study. Table 4
shows the various consumers in the portfolios of the 6 retailers and the value
at risk. The portfolios of retailers R1 to R5 were computed by making use of
the optimization model. For instance, the optimized portfolio of retailer
R1 includes 5 consumers, leading to a VaR of 3.18%. The portfolios of
retailers R2, R3, R4 and R5 include 22, 13, 32 and 13 consumers, respectively.
Retailer R6 proposed high tariffs to consumers, and as a result, it managed all
consumers not included in the portfolios of retailers R1 to R5. Accordingly,
its portfolio includes 228 consumers, a rather high value (when compared to
the number of consumers in the other portfolios).3

The obtained portfolios can be considered optimal taking into account
the available consumers and their choice in the retail competition. High
return-seeking and risk-averse retailers propose higher tariffs to consumers,
which can decrease portfolio efficiency, in the sense that consumers are likely
to accept the tariffs proposed by other retailers, decreasing the efficiency
of their portfolios. All the tariffs proposed by the first two retailers were
accepted by consumers, although the other retailers also compete for those
consumers. The consumers in the initial portfolio of retailers R3 and R4(the
most efficient) reject the proposals, while retailer R5 signs a contract with one

3The initial (optimal) and final portfolios of all retailers are presented in [54], an on-line
repository. For each retailer, the first column corresponds to the optimal portfolio, while
the second column corresponds to the final portfolio.
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Table 4: Portfolios and expected return and VaR of each retailer.

Final Portfolio R1 R2 R3 R4 R5 R6

AggRes 3 3 1 65

AggSCom 3 9 10 25 10 131

Ind 3 2 3

LCom 1 1 2 9

Others 2 6 4 20

Expected Return (%) 3.75 3.95 7.54 7.93 7.79 9.95

VaR (%) 3.42 3.78 3.99 4.13 4.19 4.59

Table 5: Portfolio of R1: the tariffs and the energy share of each consumer.

Consumer Type Tariff (e/MWh) Energy

off-peak mid-peak peak share (%)

c3 Other 37.17 63.18 79.61 1.80

c81 Other 34.09 57.96 73.03 27.14

c83 AggSCom 31.74 53.96 67.99 4.65

c289 AggSCom 31.03 52.75 66.46 36.11

c299 AggSCom 30.99 52.68 66.37 30.03
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of the consumers indicated in the initial portfolio. Naturally, R6 only signs
contracts with consumers that are not approached by the other retailers,
since it is the retailer that proposes higher tariffs.

To some extent, Table 4 shows that retailers tend to not choose both
residential consumers (since the uncertainty associated with their consump-
tion is high) and large commercial consumers (because their consumption
patterns are similar to the ones of small commercial consumers, which typi-
cally increase the risk inherent to portfolios). The table also indicates that
risk-averse retailers–that is, retailers R1 to R3–tend to define portfolios with
a reduced number of consumers, involving a low value at risk.

Table 5 shows the tariff proposed by the retailer agent R1 to the five
consumers of the portfolio.4 This agent offers the cheapest tariff. In practical
terms, the tariffs offered by all agents are interesting and competitive, since
they are more attractive than the reference tariff proposed by the Regulator.
The most expensive tariff is offered by the agent R2, which involves the
following prices: 48.69 e/MWh (off-peak price), 62.11 e/MWh (mid-peak
price) and 67.05 e/MWh (peak price).

6.2. Return of Retailers

Table 6 and Figure 6 summarize the results of the second part of the
study. The table shows that the expected return of the retailer agents is
lower than the “real” return. As indicated above, this is an expected result,
since the decrease of both wholesale market prices and energy consumption
was higher than predicted. The analysis of Tables 4 and 6 shows that the
expected return increases with the VaR. For instance, the VaR of retailer R1

is 3.18%, and the expected return is 3.75%, and the VaR of retailer R6 is
4.59%, and the expected return 9.95%. Interestingly, the “real return” does
not follow a similar pattern. Indeed, the expected return of retailers R5 and
R6 is higher that the expected return of retailers R3 and R4, respectively,
but the same is not true for the “real” return.

Tables 4 and 6 show that the difference between the expected and the
“real” return tends to decrease with the VaR–for retailers R1 and R6 the
absolute value of this difference is 3.07 and 1.63, respectively (see Figure 6).

4The tariff of retailer R1 is the most attractive to customers, meaning that the tariffs
of the other retailers present higher rates. Since the portfolios of these retailers involve
a rather large number of consumers, we present the tariff of R1 only. The tariffs of the
other retailers can be seen in the online repository previously mentioned.
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Table 6: Expected and real return of each retailer in 2013 and consumption variability in
relation to 2012.

Retailer Expected “Real” Intrinsic variation of Consumption
Return (%) Return (%) Return (%) Variability (%)

R1 3.75 6.82 81.87 -5.43

R2 3.95 7.25 83.54 -8.76

R3 7.54 10.84 43.77 -4.84

R4 7.93 11.85 49.43 -7.50

R5 7.79 9.28 19.13 -6.75

R6 9.95 11.58 16.38 -2.22

There is an exception, however, which is the case of retailer R4. We believe
this is due to the composition of the portfolio of this retailer, particularly to
the (relatively high) number of small commercial consumers (of type AggSC).
For each retailer Ri, we have computed the intrinsic variation of return IR,
considering the real return, r, and expected return, r̂, as follows:

IR =
r − r̂
r̂
× 100 (9)

Figure 6: Retailers expected and real returns.

Figure 6 summarizes the main results of the study. From Table 6 and
Figure 6, the reader may observe a tendency between the risk preference and
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the increase in return of retailers. While high risk-aversion retailers substan-
tially increase their return, small risk-aversion retailer and risk-seeking retail-
ers moderately increase their return, and high risk-seeking retailers slightly
increase their return. Risk-seeking retailers may have advantage in retail
competition by offering more competitive tariffs, but risk-aversion retailers
may have better outputs in case of favourable and not favourable situations.
Indeed, it was proven that in case of wholesale market prices higher than
expected, which is not good for retailers, the return of risk-averse retailers
has small losses [8]. Furthermore, the presented article also proven that in
case of wholesale market prices lower than expected, which is good for retail-
ers, risk-averse retailers have substantially higher increases in their return
when comparing with risk-seeking retailers. Risk-averse retailers that use
strategies to obtain moderate returns can offer more competitive tariffs than
profit-seeking retailers with a risk-seeking preference, and at the same time
having more stable portfolios.

Figure 7 presents the cash flow of retailer R1 during 2013 (a) and the
corresponding cumulative cash flow (b). For this agent, the value of the cash
flow is negative in 2895 hours (about 33% of the total number of hours),
meaning that there is a large potential to consider demand response pro-
grams. Also, the cumulative cash flow is negative during the first months of
the year and, at the end of the year, there is a considerable loss for R1.

(a) (b)

Figure 7: Cash flow (a) and cumulative cash flow (b) of retailer agent R1 during 2013

Overall, actual competitive retail markets seem to be more favourable to
risk-seeking retailers. However, for a given target return, risk-averse retail-
ers can take some advantage from actual markets, since their portfolios are
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stable, limiting their exposure to risk, and thus enabling them to get a high
profit when pursuing a profit-seeking strategy.

7. Conclusion

This article presented an overview of the optimization model described
in [8] and extended it by considering: (i) a new trading strategy for retailers,
(ii) forecast methods to predict both market prices and customer consump-
tion, and (iii) a formal model for retail competition. The extended model
was tested in a real-world setting, involving 6 retailers with different risk-
attitudes, real data from the Iberian electricity market, and 312 consumers
from Portugal. The simulation study was conducted with the help of the
MATREM system. The scenario is positive from the point of view of retail-
ers, since the real wholesale market prices were lower than the predictions
obtained with the forecast method. Specifically, the study involved an ex-
pected decrease around 4.83% in market prices, when the real decrease was
about 9.2%. Accordingly, we found an expected return for retailer agents
lower than the “real” return.

The results indicated that actual competitive retail markets seem to be
favourable to risk-seeking retailers, who can typically offer lower tariffs to
target consumers, and sign mutually advantageous bilateral contracts with
them (probably overcoming retail competition). However, for a given tar-
get return, risk-averse retailers have more stable portfolios, so if they pursue
profit-seeking strategies, they will get higher returns in both favourable and
unfavourable scenarios. Furthermore, substantial variations in return lead to
small variations in risk, so the retail market of electricity is favourable for
profit-seeking retailers. To conclude, while risk-seeking retailers may have
advantage in retail competition by proposing better tariffs, risk-averse retail-
ers will have better returns from their portfolios in (positive and negative)
unexpected situations.

At present, the main risk factors faced by retailers operating in competi-
tive retail markets are the pool price volatility and the consumption variabil-
ity (of the clients that compose their portfolios). Accordingly, the mitigation
of these risk factors allows retailers to propose more competitive tariffs to
target consumers. Also, encouraging consumers to enrol in demand response
programs in strict collaboration with retailers will help improve the efficiency
and reliability of retail markets.
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