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ABSTRACT

This article proposes an optimization model that maximizes the agent’s returns subject to a risk
preference function to support the hedging decision. The originality lies in the development of
a commercialization decision support model that maximizes the agent’s profits, customized to
a desired level of risk protection, which is a gap in the literature. As this model is tailored to the
agent’s individual risk aversion rather than the market as a whole, this model assists in defining,
in a personalized manner, the optimal hedging strategy given the agent’s specific risk
preferences. It assists the hedging decision maker in selecting the optimal purchasing strategy
based on the level of risk the firm is willing to accept. We assume that the agent has an aversion
to risk and adopt a preference function, considering their willingness to pay the risk premium
and the transaction cost. The case of an agent in the Brazilian electricity sector interested in
defining a hedging strategy for the 2nd semester is analyzed. In their day-to-day business,
agents in the electricity sector may find themselves in a short position in the market. To mitigate
their exposure to this risk, they have the option of entering into fixed-price forward contracts,
either partially or in full. This study contributes to the development of an original decision
support tool for these agents, considering their willingness to pay the risk premium and
transaction costs. In our numerical application, results suggest covering 45.3% of uncontracted
amounts in the 2nd semester. However, if the decision is made quarterly, a 100% hedge is
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recommended for the 3rd quarter and no hedge for the 4th. Sensitivity analyses are performed
to show how the level of risk aversion impacts this decision.
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1. INTRODUCTION

In the 1990s, a broad restructuring of the electricity sector worldwide introduced
competitive electricity markets (Joskow, 2006). In Brazil, this process began with the
implementation of the Restructuring Project of the Brazilian Electricity Sector (Reestruturacéo
do Setor Elétrico Brasileiro), which was coordinated by the Brazilian Ministry of Mines and
Energy. As a result, a free energy market formed by generators, trading companies, and free
energy consumers was established. A free contracting environment (ambiente de contratacéo
livre), where these agents could freely negotiate bilateral contracts for the purchase and sale of
energy under a set of rules and regulations, was also established (Camara de Comercializacédo
de Energia Elétrica [CCEE], 2024).

Due to the high volatility of electricity spot prices, agents typically seek to mitigate
exposure to this price risk by negotiating forward contracts (Luz et al., 2012; Matsumoto &
Yamada, 2021). On the other hand, in some countries, the restructuring of the market led to the
creation of broader free markets and even energy exchanges, where a variety of energy
derivatives are negotiated for hedging purposes (Pelajo et al., 2023).

Agents in the electricity sector, such as generators, traders, and consumers, may at times
find themselves in a short position in the market (Gomes et al., 2010). For hydroelectric power
generators, this may occur due to deficits in power generation as a result of low levels of natural
energy inflow (energia natural afluente), reduction in reservoir levels during periods of
drought, or even delays in the construction of a new power plant (Simdes & Gomes, 2011). For
a wind power generator, this can be the result of a generation shortfall due to lower-than-
expected wind speeds, or for speculative reasons, in the case of a trader. Therefore, these agents
are obligated to resort to future energy purchases in the spot market to fulfill their sales contract
commitments, which exposes them to price risk.

These agents can hedge this risk by entering into forward contracts in which they can
contract part or all of their position at a preset price (Antdnio et al., 2019). If the hedge is only
partial, the non-hedged balance must be settled at the spot price at maturity, which is known as
the price differences settlement (prego de liquidacao das diferencas [PLD]). In this case, the
agent is exposed to variations in energy price. On the other hand, the agent can opt for a full
hedge and eliminate all the risk, but this also eliminates any possibility of gains due to price
movements in the spot market.

In this article, we develop a decision support system that maximizes the agent’s profits
subject to the desired level of risk protection. We assume that the agent has a risk aversion level
that can be measured by o percentiles of conditional value at risk (CVaR). Thus, the contribution
of this study is the development of an original decision support tool for agents that find
themselves in a short position in the electricity market, considering their willingness to pay the
risk premium and the cost of this transaction.
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This article is organized as follows. After this introduction, we present a review of the
related literature in the field. In section 3, we develop a decision-making model on hedge
transactions in electrical energy commercialization. In section 4, we present a numerical
application and discuss the results. Finally, we conclude.

2. LITERATURE REVIEW

According to De Oliveira et al. (2006), in a competitive electricity market environment,
risk analysis is an important tool to guide investors in the decision-making process, considering
both contract uncertainties and spot market energy prices. In their study, they propose three risk
measures: mean variance, maximum loss, and maximum average loss applied to the problem
of energy commercialization for investment analysis purposes. The results indicate that these
measures complement the techniques presented by Markowitz (1952) and the theories of VaR
and CVaR, improving the quality of the decision in the energy commercialization issue.

Luz (2016) states that in the electric power market, it is necessary to determine
performance and risk measures that may assist in decision making and extract functions from
these measures for the calculation of risk premiums that may serve as a guide for the pricing of
hedge operations. Following this logic, Benth et al. (2008) provide a framework that allows us
to explain how the risk preferences of market players explain the sign and magnitude of the
market risk premium across different forward contract maturities. Considering the German
electricity market, the authors observe that the producer’s market power and the market risk
premium show a term structure that is decreasing as the time to maturity of the forward contract
Increases.

Londofio and Veldsquez (2023) explore risk management in electricity markets,
emphasizing its importance for market participants who face physical and financial risks in the
highly competitive environment. They state that effective risk management encourages active
demand response and improves system performance. In addition, they affirm that companies in
energy markets need hedging strategies to manage system operations, investment portfolios,
and pricing decisions. After conducting a bibliometric analysis and systematic mapping of the
literature on risk management in electricity markets, in which 538 documents were reviewed,
they find that, given the high volatility of electricity prices compared to other commodities,
tools such as futures, forwards, and bilateral contracts are essential for mitigating financial risks
and have become widely used in the electricity market.

Deng and Oren (2006) argue that exposure to energy price risks can generate devastating
consequences for agents in the electricity sector. The authors analyze different types of financial
instruments that allow the sharing and control of these risks through appropriately structured
hedge strategies and conclude that the main challenge in the electricity market is to increase its
liquidity by using derivatives for economic efficiency. On the other hand, Pineda et al. (2010)
analyze a specific financial instrument that is widely used as a risk mitigation tool: insurance
contracts. They evaluate the convenience of signing an insurance contract against unexpected
failures in electric power production units and their impact on contracting decisions through a
stochastic programming model. Their findings indicate that insurance reduces financial risk and
that the greater the risk aversion, the greater the value (premium) that the producer is willing to
pay for a particular insurance contract.

Hanly (2017) estimates and compares optimal energy hedges using a variety of hedging
models and risk measures to capture hedging performance. The author analyzes six energy
products and two investor horizons (weekly and monthly). The results indicate that hedging is
generally effective in reducing not only the variance of the energy hedgers’ underlying position,
but also in terms of reducing both VaR and expected shortfall (ES). In addition, the results show
that there are significant differences in both the hedging strategies and the hedging effectiveness
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of different energy assets, and that the latter increases with the hedge horizon. Better
performance is found for West Texas Intermediate oil and heating oil, while the poorest
performer in hedging terms is natural gas. The author concludes that these differences can be
attributed in part to the higher basis risk inherent in natural gas hedges.

In a similar study, Cotter and Hanly (2015) examine the hedging performance of four
different hedging strategies, focusing on strategies that are optimized based on attitudes towards
risk and return, considering the investor’s utility function. Using utility-based performance
metrics, they evaluate the hedging effectiveness of utility-based hedges and variance-
minimizing hedges. Considering the energy market as a numerical example, their findings show
significant differences between the quadratic and exponential hedge ratios and between each
hedge approach. They conclude that focusing on the role of both utility and risk aversion in the
hedging decision better reflects real-world investor concerns, which encompass both risk and
expected return.

Other studies propose their own risk mitigation strategies. Cotter and Hanly (2010), for
example, develop a generalized autoregressive conditional heteroskedasticity-in-mean model
to estimate a time-varying coefficient of relative risk aversion based on the observed risk
preferences of both short and long energy hedgers. Their empirical results show that, when
explicit risk aversion is taken into consideration, there are large differences in the expected
utility and risk-minimizing hedge strategies. They find that, in general, long hedgers are more
risk-averse than short hedgers. Woo et al. (2001) also develop an innovative tool to solve the
problem of a risk-averse energy trader who offers a fixed-price forward contract to provide
electricity that it purchases from a potentially volatile and unpredictable fledgling spot energy
market. This tool is based on a cross-hedging strategy that reduces the contract’s profit variance
and determines the forward-contract price as a risk-adjusted price.

Oum and Oren (2010) propose a method of mitigating volumetric risk that regulated load-
serving entities (LSEs) and traders of default service contracts face in providing their
customers’ load-following service at fixed or regulated prices while purchasing electricity or
facing an opportunity cost at volatile wholesale prices. They extend the work developed by
Oum and Oren (2009) and present a static hedging strategy for the LSE’s retail positions using
electricity standard derivatives such as forwards, calls, and puts. The authors determine the
optimal hedging strategy based on expected utility maximization and, through several
numerical examples, demonstrate the effect of each price-based financial energy instrument on
portfolio optimization.

Zhang and Wang (2009) affirm that effective risk management fosters well-functioning
electricity markets. A risk-constrained electricity procurement model based on CVaR
methodology shows that hedge contracts, as price protection products, offer customers financial
or physical insurance against their exposure to energy price risk in exchange for the risk
premium they are willing to pay. Since the utility function is a suitable tool to consider the
customer’s preferences regarding decisions under uncertainty, Niromandfam, Yazdankhah, and
Kazemzadeh (2020) adopt principles of the utility function to identify the preferences and
behavior of agents in the electricity sector against different risk hedging contracts. Their results
suggest that the proposed risk hedging mechanism reduces the average market price of
electricity and its fluctuations and allows customers to manage electricity costs properly.

From a renewable energy market perspective, Brigatto and Fanzeres (2022) propose a
risk- and ambiguity-constrained portfolio model to help energy trading companies optimize
trading strategies using forward contracts and call/put options for managing price and volume
risks from variable renewable energy sources (VRES). The objective is to mitigate price and
volume risk due to the uncertain and intermittent production of renewable energy that is
inherent to electricity trading. Lotfipour and Mohtavipour (2024) also highlight the challenges
posed by increasing VRES penetration, such as market instability and the merit order effect,
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where low-cost renewable energy reduces wholesale prices and makes fossil fuel plants
uneconomical. They propose a multi-criteria decision-making model combining the analytic
hierarchy process (AHP) and simple additive weighting methods to address these issues and
improve the integration of renewable energy into electricity markets.

Niromandfam, Choboghloo, Yazdankhah, and Kazemzadeh (2020) discuss how to
improve electricity consumers’ participation in power markets through real-time pricing (RTP)
and insurance mechanisms. RTP helps consumers manage costs by adjusting consumption
based on price signals but faces barriers such as complexity and price volatility. To address
these challenges, the paper introduces two insurance mechanisms. The first is the financial
insurance mechanism, in which consumers select a strike price and if market prices exceed this
threshold, the insurer compensates for the difference. The second is the outage insurance
mechanism, in which consumers specify their desired level of service reliability and pay
premiums to mitigate the risks associated with service outages. By applying utility theory and
modeling consumer risk aversion, the paper designs these mechanisms to provide more flexible
and personalized solutions for managing both price fluctuations and outage risks. This approach
enhances customer participation while reducing market uncertainty.

Hanly et al. (2018) examine the effectiveness of futures hedging as a risk management
strategy for managing electricity spot price exposures in three major European electricity
markets: Nordpool, APXUK, and Phelix. The study focuses on weekly and monthly hedging
horizons and evaluates hedging performance using variance and VaR. Their key findings are
that futures can manage risk effectively for longer hedging horizons (monthly), but this strategy
is less effective for shorter weekly horizons. They conclude that while futures hedging can be
a useful risk management tool for electricity markets, its effectiveness varies significantly
depending on the market and the hedging horizon.

In a study closer to ours, Cotter and Hanly (2012) emphasize that a key issue in estimating
energy hedges is the hedgers’ attitude towards risk based on their utility function. They test
three different utility functions: quadratic, exponential, and log, where the risk aversion
parameters were derived from DJSTOXX Oil & Gas Producers Index data. Their results show
significant differences between the hedge strategies depending on the risk attitudes of energy
hedgers as represented by different utility functions.

Like these authors, we address the issue of how an agent exposed to variations in energy
prices in the electricity sector can optimally hedge her commercialization decision. Unlike
Cotter and Hanly (2012), however, we extend the literature in this field by proposing a decision
support tool tailored to the particular risk aversion level of the agent rather than to the market
as a whole.

3. MODEL

We propose a model based on a preference function that allows modeling the risk aversion
of an agent, where risk is defined as a function of the VaR, CVaR or ES measures. According to
Jorion (1996), the CVaR, is the expected loss beyond the VaR,, which was proposed as the
maximum risk at a confidence level of a. Despite its popularity, the VaR is criticized for not being
additive and for focusing more on the center of the distribution, which may lead to excessive risk-
taking.

The definitions of VaR,and CVaR,, are shown respectively in Egs. 1 and 2, considering their
absolute values. It should be noted that, in many cases, their definitions are presented with their
values in modulus, as it is assumed from the beginning that they are negative values since they
represent losses.

VaR,(X) = inf{m|P[X —m > 0] < a} @
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where @ € [0,1[ and m € R.
CVaR,(X) = E[X|X < VaR,] = — JUOR e (x)dx =— [, Var,(X)du  (2)

We adopt the preference function proposed by Luz (2016), which allows modeling the
variation of the risk aversion level of an agent considering different preference bands as defined in
Eq. 3:

N
ECP_G = E[U(X)] = A,E[X] + z _ AnCVaRy, (X) ®)

where A; = 0 is the measure of investor risk aversionand };; 4, = 1,i € [0, N].
Considering that the agents are in a short position in the electricity market, the financial
position X can be expressed by Eq. 4:

X =Xt = &) — 6 + )ven] )

where & represents the percentage of the purchase decision of the hedge transaction, m: is the spot
energy price (R$/megawatt-hour [MWh]), ¢ is the future price estimated by the forward energy
price curve R$/MWh, y is the energy selling price of a long-term contract opportunity cost
R$/MWAh, vt is the uncontracted amount (MW), and n is the number of hours in month t.

From the utility function developed by Luz (2016), we can define the certainty equivalent
() and the risk premium (y), which are presented, respectively, in Egs. 5 and 6. The certainty
equivalent reflects the agent’s indifference to hedging or exposure to energy price risk. On the other
hand, the risk premium is the difference between the average financial position X and the certainty
equivalent, representing the premium required by the hedge transaction.

0 = UM EUGOD = U (AEIX] + Y AnCVaRe, (X)) ©)

n=1

y=E[X]-o (6)

Since the utility function is linear by parts (a convex combination of expectation and tail risk),
its inverse is trivial and equivalent to the expression itself.

To determine the optimal value of the hedge ratio 6* € [0,1], we formulate an optimization
problem in which the objective is to minimize the certainty equivalent (), subject to a price target
constraint imposed by the forward energy price (¢¢). This constraint reflects the market condition
that the risk-adjusted position must be at least as attractive as the opportunity cost embedded in the
futures curve. The optimization problem is given by Egs. 7-9:

N
in ¢ (8) = u-t (AOE[X(S)] + anlxlnCVaRan (x (6))> (")
subject to:
0(6) < ¢ )

The optimal hedge ratio &* is obtained by discretizing the decision space in steps of 0.001
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and selecting the minimum value & that satisfies the constraint:
6" =min{6 € [0,1] | p(6) < ¢} 9)

This approach ensures that hedge level respects the economic viability imposed by the market
while offering the best possible trade-off between mean return and downside risk, as defined
through the preference function.

4. NUMERICAL APPLICATION

We apply our model to the case of an agent in the Brazilian electricity sector who will
make a hedging decision for the next semester. We assume that this decision can be made in
two ways: (a) a hedge decision in late June to cover the agent’s exposure for the next quarter
and another hedge decision in late September to cover the agent’s exposure in the final quarter
of the year; or (b) a hedge decision in late June to cover the agent’s exposure throughout the
full second half of the year. The objective is to define the optimal hedge level that maximizes
the agent’s profits, conditioned on a certain level of risk protection in each of these quarters
(July to September; October to December; and July to December).

We first consider a fixed selling price equal to 201.00 R$/MWh and the following values
presented in Table 1.

Table 1
Model input values
Month v ¢ n
July 35.44 325.00 744
August 61.30 325.00 744
September 66.51 325.00 720
October 92.54 310.00 744
November 75.90 310.00 720
December 59.32 310.00 744

v = uncontracted amount (megawatt [MW]); ¢= forward price R$/MWh; 7 = number of hours.
Source: Elaborated by the authors.

The proxy for energy prices in the spot market is assumed to be the PLD determined by
CCEE. Thus, we use the monthly simulation data of the National System Operator (Operador
Nacional do Sistema Elétrico) for the year 2021 for the energy market of the Southeast/Center-
West of Brazil, which is the energy sales submarket with the greatest demand and liquidity in
the National Integrated System (Sistema Interligado Nacional). Table 2 summarizes the data
adopted in this application.
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Table 2
Summary data
Blocks Start End i SD(m) v

1 July September 350.05 175.36 54.42

2 October December 230.72 162.67 75.92

3 July December 290.39 179.34 65.17
T = average spot energy price in each block (R$/megawatt-hour [MWh]);

SD(mr) = standard deviation of the distribution of spot energy price R$/MWh; v = average of
the uncontracted amount in each block (MW average).
Source: Elaborated by the authors.

Next, we establish two target levels, one representing the intermediate risk and the other
the extreme risk. We assume that the intermediate risk is the expected outcome of the worst
30% of scenarios, and the extreme risk is the worst 5%. That is, we consider that the
intermediate risk is the expected value of the negative results, and the extreme risk is the
expected value of the results smaller than the maximum bearable loss. In this way, we obtain
the following values: N =2, a1 = 70%, and a2 = 95%. These values can be used to tailor the risk
preference function to the particular case of the agent, which, due to the relative size of her
hedging needs compared to her wealth, may be different from the market average. Using typical
industry data, we adopt the values of Ao = 61.33%, A1 = 30.34%, and 1> = 8.33% for the agent’s
risk aversion and perform sensitivity analysis over the range of these parameters for comparison
purposes.

Eq. 5 is then optimized to estimate the percentage of the purchase decision of the hedge
transaction in each of the blocks under analysis. The certainty equivalent, the risk premium,
and the value that the agent is willing to pay for the hedge in each of the blocks are then
determined through Egs. 5 and 6. Table 3 presents the main results.

Table 3
Results
Blocks
Results 1 2 3
d % 100% 0% 45%

Mean R$x1,000 -14863 -6,435 -27,845

CVaR7o%s R$x 1,000 -14,863 -37,309 -55,185
CVaRgsy R$ x 1,000 -14,863 -58,621 -71,286
ECP G R$ x 1,000 -14,863 -20,149 -44,987

- R$/MWh -124 -120 -138
R$ x 1,000 -14,863 -19,022 -37,789

¢ R$/MWh  -124  -113  -131

y R$/MWh 0 75 35

1) R$/MWh 350 306 325
CVaR7oy% = average loss incurred in the 30% worst-case scenarios of the financial position X;
CVaRgsy = average loss incurred in the 5% worst-case scenarios of the financial position X;
ECP_G = preference function defined in Eg. 3, in two units of measurement — R$ x 1,000 and
R$/megawatt-hour (MWh); mean = average of the financial position X, presented in Eq. 4; 6=
optimal percentage of the purchase decision of the hedge transaction; y = risk premium; ¢ =
certainty equivalent defined in Eq. 5, in two units of measurement — R$ x 1,000 and R$/MWh; @
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= value that the agent is willing to pay for the hedge, which is defined as the sum of the average
spot energy price and the risk premium.
Source: Elaborated by the authors.

4.1 Sensitivity Analysis

First, a sensitivity analysis was performed to verify how the optimal percentage of the
purchase decision of the hedge transaction (5) varies with changes in the measures of investor
risk aversion (Ao, A1, and A2). Yellow circles represent full hedging (100%), while dark red
circles indicate no hedging. By varying Ao, 41, and A2 from 0% to 100%, considering intervals
of 10%, we show first the impact of the sensitivity analysis on the hedging decision for Block
1, which covers the months of July to September (Figure 1). For Block 1, the model suggests
hedging 100% of the uncontracted amount regardless of the decision maker’s risk aversion
level. This occurs because, in this case, the forward price is much more attractive than the spot
energy price in the 3rd quarter. Only in the case where the agent is fully risk-seeking (4o = 0%,
A1 = 0%, and A> = 100%) is it optimal not to hedge at all, as the agent is willing to
take on any risk. The highlighted dark circle indicates the optimal hedge level for the set A
adopted in the numerical example (4o = 61.33%, A1 = 30.34%, and 1> = 8.33%).

—T 1.0

r0.8

r0.6

0.4

0.2

0.0

1.0 1.0

Figure 1 Effect of different levels of risk aversion on the hedging decision for Block 1.
Source: Elaborated by the authors.

Figure 2 illustrates the sensitivity analysis on the hedging decision for Block 2, which
covers the months of October to December. Unlike the previous sensitivity, the result for the
4th quarter changes depending on the decision maker’s level of risk aversion. We can observe
that the greater the level of risk aversion, the less willing the decision-maker is to be exposed
to the spot energy price and, consequently, the greater the need to contract a higher percentage
of hedge. For the set of A parameters adopted in the numerical application, the optimal decision
IS not to hedge at all, that is, a 0% of hedge, as demonstrated by the highlighted dark circle.
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r0.8

r0.6

0.4

0.2

0.0

1.0 1.0

Figure 2 Effect of different levels of risk aversion on the hedging decision for Block 2.
Source: Elaborated by the authors.

Finally, Figure 3 shows the impact of the sensitivity analysis on the hedging decision for
Block 3, which covers the second semester of 2021 (July to December). As in the previous
analysis, we can also verify evidence that the greater the decision maker’s risk aversion level,
the greater the amount of hedge. However, in this case, the variation in the hedge decision is
smaller as it includes the 3rd quarter, where the forward price is much more attractive than the
spot energy price. For the set of A4 parameters adopted in the numerical application, the optimal
decision is to hedge 45.3% of the uncontracted amount for the period, as represented by the
highlighted dark circle.
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r0.8

- 0.6

0.0

1.0 1.0

Figure 3 Effect of different levels of risk aversion on the hedging decision for Block 3.
Source: Elaborated by the authors.

Another sensitivity analysis was performed to verify how the variation in the percentage
of the hedge transaction purchase decision (3) impacts the financial results of each block studied
in this research, that is, the average of the financial position X (mean), the average loss incurred
in the 30% worst-case scenarios of the financial position X (CVaR7o%), the average loss incurred
in the 5% worst-case scenarios of the financial position X (CVaRes%), the certainty
equivalent (), the risk premium (y), and the value that the agent is willing to pay for the
hedge (o) in Blocks 1 (July to September), 2 (October to December), and 3 (July to December).

Given the forward price level of R$ 325.00, defined in Table 1 for Block 1, the decision-
maker — based on the simulated spot price series and their risk aversion parameters — was not
willing to take on any price risk. As a result, Table 4 shows that the optimal decision in that
scenario was to fully hedge (6 = 100%) and contract the entire uncontracted amount in the
forward market. This approach eliminates downside exposure that would otherwise occur under
a risk-seeking strategy with no hedging (6 = 0%). In such a case, the agent would face a 5%
probability of incurring an average loss of approximately R$ 45,893,000.

Table 4

Impact of variation in the hedge decision on the financial results of Block 1
& Mean CVaRwx CVaResy, ECP_G [0) Y o
s S 32

x X x x x
L &3 oS oS oS S #3 s S S
[y (a ) X o r4 &5 Ed & & &
2 ¥ o

0 -17,029 -41,250 -45,893 -26,782 -223 -22,950 -191 49 399
10 -16,812 -38,606 -42,790 -25,588 -213 -22,139 -185 44 394
20 -16,596 -35,963 -39,687 -24,395 -204 -21,327 -178 39 390
30 -16,379 -33,319 -36,584 -23,202 -194 -20,516 -171 35 385
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40 -16,163 -30,675 -33,481 -22,009 -184 -19,705 -164 30 380

50 -15,946 -28,032 -30,378 -20,815 -174 -18,894 -158 25 375

60 -15,729 -25,388 -27,275 -19,621 -164 -18,083 -151 20 370

70 -15513 -22,744 -24,172 -18,428 -154 -17,272 -144 15 365

80 -15296 -20,101 -21,069 -17,235 -144 -16,261 -137 10 360

90 -15,080 -17,457 -17,966 -16,042 -134 -15,650 -131 5 355

100 -14,863 -14,863 -14,863 -14,863 -124 -14,863 -124 0 350
Note: Bold type denotes the results for the optimal hedge decision for Block 1.
CVaR7o% = average loss incurred in the 30% worst-case scenarios of the financial position X;
CVaRgsy, = average loss incurred in the 5% worst-case scenarios of the financial position X;
ECP_G = preference function defined in Eg. 3, in two units of measurement — R$ x 1,000 and
R$/megawatt-hour (MWh); mean = average of the financial position X, presented in Eq. 4; 6=
optimal percentage of the purchase decision of the hedge transaction; y = risk premium; ¢ =
certainty equivalent defined in Eq. 5, in two units of measurement — R$ x 1,000 and R$/MWh; @
= value that the agent is willing to pay for the hedge, which is defined as the sum of the average
spot energy price and the risk premium.
Source: Elaborated by the authors.

However, in Table 5, considering the price target of ¢ =R$ 310.00 for Block 2 (Table 1)
and the same risk aversion parameters, it is clear that the agent is more willing to be a risk
seeker in the period from October to December, since the spot market prices forecast for the
period are lower, on average, than the forward prices. Therefore, the agent would be better able
to withstand the possibility of losses in this case due to the eventual gains promoted by total
exposure to the volatility of the energy market.

Table 5

Impact of variation in the hedge decision on the financial results of Block 2

& Mean CVaRrnw CVaResy, ECP_G [0) Y o
= &8 8 B £ 8 555

o — — — i —

O\ X X X X % X % % %
G & & g € g ¥

0 -6435 -37,309 -58,621 -20,149 -120 -19,022 -113 75 306

10 -7,618 -35405 -54,586 -19,961 -119 -18,946 -113 68 298

20 -8,802 -33,501 -50,551 -19,773 -118 -18,871 -113 60 291

30 -9,986 -31598 -46,516 -19,586 -117 -18,796 -112 53 283

40 -11,169 -29,694 -42481 -19,398 -116 -18,721 -112 45 276

50 -12,253 -27,790 -38,446 -19,149 -114 -18,647 -111 38 268

60 -13,537 -25,887 -34,411 -19,023 -113 -18,572 -111 30 261

70 -14,721 -23,983 -30,376 -18,835 -112 -18,497 -110 23 253

80 -15904 -22,079 -26,342 -18,647 -111 -18,422 -110 15 246

90 -17,088 -20,176 -22,307 -18,460 -110 -18,347 -109 8 238

100 -18,272 -18,272 -18,272 -18,272 -109 -18,272 -109 0 231
Note: Bold type denotes the results for the optimal hedge decision for Block 2.
CVaR7o0y% = average loss incurred in the 30% worst-case scenarios of the financial position X;
CVaRgsy = average loss incurred in the 5% worst-case scenarios of the financial position X;
ECP_G = preference function defined in Eq. 3, in two units of measurement — R$ x 1,000 and
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R$/megawatt-hour (MWh); mean = average of the financial position X, presented in Eq. 4; 6=
optimal percentage of the purchase decision of the hedge transaction; y = risk premium; ¢ =
certainty equivalent defined in Eq. 5, in two units of measurement — R$ x 1,000 and R$/MWh; @
= value that the agent is willing to pay for the hedge, which is defined as the sum of the average
spot energy price and the risk premium.

Source: Elaborated by the authors.

Finally, in Table 6, we show the results for the full period, considering the price target of
¢ =% 325.00, as shown in Table 1. Note that the agent, with the same risk profile as in previous
analyses, prefers to take a more medium-term position, as it may eventually be advantageous
to be exposed to some level of risk in the spot market. Therefore, considering the full second
half of the year, the agent is willing to accept a certain level of risk, with a 5% probability of
an average loss of approximately R$ 71,286,000.

Table 6

Impact of variation in the hedge decision on the financial results of Block 3

6 Mean CVaR7% CVaRgsw ECP_G (0} Y ®
: B &8 B 5 B g£&s

(] —i — —i — —

O\ X X X X % X % % %
& 4 & r © g X @

0 -23,463 -73,447 -99,794 -44,987 -156 -41,222 -143 62 352

10 -24431 -69,416 -93,029 -43,794 -152 -40,400 -141 56 346

20 -25,398 -65,384 -86,263 -42,600 -148 -39,578 -138 49 340

30 -26,365 -61,353 -79,498 -41,406 -144 -38,756 -135 43 333

40 -27,332 -57,322 -72,733 -40,213 -140 -37,933 -132 37 327

45 -27,845 -55/185 -71,286 -39,759 -138 -37,789 -131 35 325

50 -28,299 -53,291 -65,967 -39,019 -136 -37,111 -129 31 321

60 -29,266 -49,260 -59,202 -37,826 -132 -36,289 -126 24 315

70 -30,233 -45,228 -52,437 -36,632 -127 -35,467 -123 18 309

80 -31,201 -41,197 -45,671 -35,439 -123 -34,644 -121 12 302

90 -32,168 -37,166 -38,906 -34,246 -119 -33,822 -118 6 296

100 -33,135 -33,135 -33,135 -33,135 -115 -33,135 -115 0 290
Note: Bold type denotes the results for the optimal hedge decision for Block 3.
CVaR7o% = average loss incurred in the 30% worst-case scenarios of the financial position X;
CVaRgsy, = average loss incurred in the 5% worst-case scenarios of the financial position X;
ECP_G = preference function defined in Eq. 3, in two units of measurement — R$ x 1,000 and
R$/megawatt-hour (MWh); mean = average of the financial position X, presented in Eq. 4; 6=
optimal percentage of the purchase decision of the hedge transaction; y = risk premium; ¢ =
certainty equivalent defined in Eq. 5, in two units of measurement — R$ x 1,000 and R$/MWh; @
= value that the agent is willing to pay for the hedge, which is defined as the sum of the average
spot energy price and the risk premium.
Source: Elaborated by the authors.

Note that the optimal decisions highlighted in Tables 4, 5, and 6 are not simply those that
minimize the certainty equivalent in isolation. Rather, they are the outcomes of an optimization
process that respects a market constraint while achieving the best trade-off between expected



SciELO Preprints - This document is a preprint and its current status is available at: https://doi.org/10.1590/SciELOPreprints.15408
14

return and tail risk. This trade-off is evaluated using the CVaR and shaped by the decision-
maker’s level of risk aversion, represented by A parameters.

5. CONCLUSION

Agents in the electricity sector may find themselves in a short position in the market for
various reasons, exposing them to fluctuations in energy prices and resulting in financial losses.
One of the alternatives to mitigate this risk is to hedge this position by entering into forward
contracts in which the agent can contract all or part of its short position at a fixed price. On the
other hand, while hedging reduces risk, it also reduces the potential to earn greater returns.
Ideally, the agent will hedge only the amount necessary to bring down the risk to a level that is
acceptable to her.

This article proposes a decision support model that maximizes the agent’s profits,
customized to a desired level of risk protection. We assume that the agent has a level of risk
aversion that is defined by a percentiles of CVaR and adopt the preference function proposed by
Luz (2016). As a numerical example, we apply this model to the case of an agent in the Brazilian
electricity sector who will make a hedging decision for the next two quarters. The results
indicate that, considering the risk aversion level of the agent, it is optimal to hedge 29.49
MWavg or 45.3% of the uncontracted amount for the next two quarters for prices up to 325.00
R$/MWh. In the case of a two-stage hedging strategy, the model suggests a corner solution.
The agent should optimally contract 100% of the uncontracted amount in the 3rd quarter (54.29
MW average) and not hedge in the 4th quarter of the year.

One of the key advantages of the proposed model is its ability to tailor hedging strategies
to the specific risk preferences of market participants, recognizing that variations in risk
aversion lead to distinct optimal hedging decisions. As a decision support tool, the model
enables agents holding short positions in the electricity market to formulate hedging strategies
that align with their individual risk tolerance.

The CVaR-based optimization framework introduced in this study offers significant
advantages in managing the volatility inherent in Brazil’s electricity market, particularly
through its personalized decision-making support system. By adapting to the agent’s specific
risk aversion, the model addresses a critical gap in existing hedging approaches within the free
contracting environment.

Numerical results confirm the model’s practical applicability, while sensitivity analyses
further demonstrate its robustness across diverse risk profiles. Moreover, the time-period
(block) hedging approach effectively accounts for Brazil’s pronounced seasonal price
fluctuations, enhancing the model’s relevance under real-world market conditions.

Beyond these contributions, several potential enhancements can be explored in future
research. One such improvement is the incorporation of more recent energy price data from
2022-2023 to better capture the impact of hydropower shortages on market dynamics.
Additionally, the proposed model could be extended to refine the parametrization of the
preference function using methodologies such as AHP, prospect theory within a behavioral
economics framework, and other relevant approaches. These refinements would further
enhance the model’s applicability by providing a more nuanced representation of market
agents’ risk preferences and decision-making processes.
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