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Abstract. This paper proposes a swarm intelligence {@rgn  besides the early scepticism, neural networks have now an
hedging tool to support electricity producers in competitive extensive use in load [2] and in price [3, 4, 5] forecksizzy
electricity markets. Thisobl investigates the loagrm hedging techniques together with neural networks are used to predict
opportunities available to electric power producers through thpossible prices range [6, 7]. Stochastic processes are also used to
use of contracts with physical (spot and forward) and financiahnalyze time series. In [8], ARIMA processes, a class of
(options) settlement. To find the optimal portfolio the producerstochastic processes, were used to predict-deextelectriciy
risk preference is stadeby a utility function (U) expressing the prices in mainland Spanish and in California markets. In [9], two
tradeoff between the expectation and the variance of the returiiorecasting tools based on dynamic regression and transfer
Variance estimation and the expected return are based onfumction models are presented.
forecasted scenario interval determined by a -temg price However, for the agents who want to maximize their profits
range forecast modeldevebped by the authors whose and simultaneously to practice the hedgainst the market price
explanationis outside the scope of this pap€he proposed tool volatility, the use of forward, futures and options contracts
makes use of Particle Swarm Optimization (PSO) and itbecome a constant in developed electricity markets. Those types
performance has been evaluated by comparing it with a Geneti¢ contracts have a maturity that goes from one year to several
Algorithm (GA) based approach. To validate thésk  years in the future, turning more difilt the decision process
management tool a case studging real price historical data for related to contracts establishment if they arenOt supported with a
mainland Spanish market, is presenttd demonstrate the robust price forecast methodology.
effectiveness of the proposed methodology Due to long delivery periods of the contracts described above,
makes more sense to forecast the market price mean value for
eachmonth and continuously review the agent position (say once
1 INTRODUCTION a month) or each time the agent needs to consider his contractual

Longterm contractual decisions are the basis of an efficie ositions already locked, than forecast the market price for
¢ ':geriods on an hour or hdtiour basis for so long periods. It is

risk management. On a vertical integrated electricity marke difficult to find in the literature scientific documents that deal

price variations were often minimal and heavily controlled bywith this problem, which is a very important subject in electricity

regulators. In this structure, electricity price evolution is directly rkets risk management with high market price volatility

= . ) . . m
dependent on the governmentOs social and industrial policy, a}qgwever it is not a good practice in risk management to take

?r?z:r?]efl(;refcl?esltlBgrgicvevssar?:jaltrg)c/h];o;lg;?cilOi?mtg\?atlijgr?)erlxlr?f pcr?s’ééontractual decisions based exclusively on a single forecasted
forecasting made on that basis was tended to be over the lo value. In [10] is presented a different approach for emg

term. With electricity markets negulation and liberalization r}gnce forecast. Making use of regression models, [10] has as

process;this changed dramatically. Ownership on this activitymaln goal to find a maximum and a minimum monthly Market

. : . learing Price NICP) average for a programming period, with a
sector become private rather than public or a mixture of both a Lsired confidence level I. This methodology makes use of

Fnc;p;gegg\éefon:arﬁglt:'s;lléetrgg%ls or power exchanges, has be%?atistical information extracted from historical data. Due to the
! Du: to thews ecific natulreg'of the undarty asset price problem complexity, the parameters are obtained using the meta
1€ Spe . y » P heuristic Particle Swan Optimization (PSO) [11, 12].

forecast on liberalized electricity markets has been a hard task. Finding an optimal portfolio for a market agent and in

Zﬁgtorsstgléﬁaz:iirge f:ﬁ:ﬁ;tegﬁécs (Sri?jslgéarlgg’ Icehzaerlsggristi articular for the producers, which allow hedging against market
9 P Eﬁce volatility and simultaneously increase their profits, is

(technc_;logy, generation availability, fuel_ prices, lm_lcal ._difficult due to the complexity of the &imization problem. The
restrictions and import/export) are at the origin of the high PrC&cientific literature reports some studies about this matter. In

Zgi?etlrl;)lt:er::r?rlntiecjggtzar\?:”ngﬁ Ig;'g%;f a%\g?nrcorrigi }g'rséézzl:e'[m], solutions for electricity producers in the field of financial
q P risk management for electric energy contract evaluation using

appied {0 forocast <pot prices, namely, & compinafion of newr§jiCISt flonier as a tool to_idef the preferred contract
networks and fuzzy logic are, used t(; predict prices. In fac ortfollo_are_ proposed. A _dec_|S|0n suppor.t s_ystem b{:lsgd on
) Stochastic simulation, optimization and mudtiteria analysis is
applied to electricity retailer in [14]. A statistical study of direct
and cross hedging strategies ngsifutures contracts in an

Group d the Institute of Engineerinf Polytechnic of Porto (ISEP/IPP), electricity market is presented in [15, 16]. A framework to obtain

Rua Dr. Ant—nio Bernand de Almeida, 420072 Porto, Portugal the optimal b'ddmg. strategy of athe_rmal priager prOducer on
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This longterm risk management tool k&s use of a long e represents the new velocity of the particle i
term price range forecast developed by the authors and presented . .
in [10]. The proposed longerm risk management tool aims to Vi —dec(t)!V, +rand 1", I(pbest; # X;) +rand 1", !
find the Ounknown optimalO portfolio in function of the risk $pbet(gbest) # X, &
aversion factorA) of the producer that maximizéise expected :
return and, simultaneously, allows the practice of the hedge Where
against the market price volatility. To achieve this, the decision

support system maximizes a mean variance utility functign ( dec(?) represents an inertia weight that decreases wit
of the total returnz). the number of iterations _ o

In this risk management toakas used a portfolio model Vi represents the previous velocity of the particle |
based on utility functions instead of option pricing models [18’rand1k represents random weights acceleration, from
19] because financial markets on electricity markets are | uniform distribution in[0,1], for each time step
incomplete (hedging instruments unavailable). rand, ;

Uncertainties associated to generators availability, fueégr  @ix represents a weight fixed at the begng of the
technical restrictions and weather conditions, turn difficult, if not process designated by cative acceleration
impossible, to find a replicating portfolio that perfectly matches paraneter
the future spot market payoffs. The power market exercise by, represents a weight fixed at the bewing of the
some agents is also a source of uncertainty. Intiaddiseveral process designated by social acceleration
markets around the world are still on their child stage, with a parangter
small number of financial tools for an efficient risk managementpbest; represents the pade i best position found so far

Another issue in power markets is that energy cannot bpbest(gbest) represents the best global position of allijgées
stored for later use. As a consequence, the stratdgyyafg the found so far

asset today to offset part of future losses does not apply. The
closest strategy is to buy a forward or futures contracts. Based on The inertia term controls the exploration and exploitation of
that, the delivery price of these mentioned contracts should Bbe search space. If the velocity is too high, then the [emrtic
equal to the expected spot market price for thkvery period, could move beyond a global solution. On the contrary, if
which not always happens. Consequently, we conclude thaelocity is too low, the particles could be trapped into a local
electricity markets are not complete, and so risk attitudes ar@ptimum. To achieve faster convergence and avoiding the
meanvariance frontiers are still relevant. problems described above, we make the inertia term vary with
Due to the complexity of the risk management tool, we mak#e number ofiterations and limit the maximum velocity of
use of ParticlesSwarm Optimization (PSO) to find the optimal particles toV,,.
solution.
PSO performance has been evaluated by comparing it with a
Genetic Algorithm (GA) 20, 21] to show that PSO is a very 3 CONTRACTS
successful metheuristic technique for this particular problem.
The paper is orgaméd as follows: in Section I, a short
overview of PSO metheuristic is presented; in Section llI
contracts are presented and how their revenuesasrelated in
Section IV the problem formulation of the risk managemen
modelis presentedin Section Va case study is presented and
Section VI presents some relevant conclusions.

Contractual diversification is the key issue for an efficient
risk management. To achieve this, it is assumed that producers
can make use of contracts with physical settlemenrit (apd
forward contracts) and contracts with financial settlement
t(options contracts).

A.  Spot Contracts
The spot market becomes the core of the main deregulated
2 PARTICLE SWARM OPTIMIZATION electricity markets around the world. Producers make extensive
use of this market to sell theénergy on an hour or héffour
Particle swarm optimization [12, Jl5s an evolutionary basis. The revenue from the short position (who sells has a short
computational algorithm inspired on a natural system. On @osition and who buys has a long position) obtained by the
given iteration, a set of solutie called OparticlesO move arounddroducer is dependent of the period i and scenario j and is given
the search space from one iteration to another accordingly &y-
rules that depend on three factors: inertia (the particles tend to 7 = MCP ! &
move in the direction they have previously moved), memory (the " S
particles tend to move in ttdirection of the best solution found
so far in their trajectory) and cooperation (the particles tend to_

where,

move in the direction of the global best solution). hi represents the revenue,E[_lr, of the short positior
The movement rule of each particle can be expressed by obtgme_d by the I“‘.’“?er in the spot market, fc
Ny period i and scenarioj o
i itV MCPR,  represents thMarket Clearing Pricein Eu’MWh,
where, for period i and scenao |
o represents the energy amount, in MWh, that
X" represents the new position of the particle i ' producer decides to sell in the spot market

X, represents the current position of the particle i period i

i



B.  Forward Contracts delivery period in call options ishe same of all period in
One of the most common methods used to hedge against sgotalysis.

price volatility is to establish forward cwacts. Forward The payoff for the short call position is given by:

contracts are bilateral agreements !n wh_ich two parts agree Payoﬁvg:zescx[min(ksc_ MCP,,O)+pﬂ

mutually on the characteristics (quantity, price, point of delivery b b

and dateftime). The payment is made only on a future date, where,

eliminating the risk associated to price variationodil of _

forward contracts are traded in organized and -thvercounter Payoff represents the payoff, iBur, of the short call

(OTC) markets. ’ position, for the period i and scenario j
As stated previously, producers can make use of forward p= represents the premium, BurMWh, of the
contracts to sell energy. So, the revenue from short forward call option
positions obtained by the producer is given by: Kk represents the delivery price, Eu7MWh, of
o= Y the call option
where, MCPR; represents theMarket Clearing Price, in

Eur’MWh, for the perid i and scenario |
represents the energy, in MWh, associatec

sf represents the revenue, kur, of the short positior e* - .
r P P the short call position obtained by the produce

obtained by the pducer in forward contracts
ks represents the delivery price, EBu/MWh, of the
forward contract
of represents the energy amount, in MWh, that
producer decides to sell in forwardnt@cts.

Because the call option exercise is dependent on the system
marginal price scenario, the short call positionygff is
dependent on the scenajiconsidered for each peried

For the long put position, the option buyer (producer) will
eexercise it if the/CP is lower than the exercise price.

In our method, the delivery period in forward contracts is th The payoff for the long put position is given by:

same of all period in analysis.
Because on forward contracts the delivery pricdixed, its Payoff" = " x[max(k”’ - MCP, ,0)~ p”’}
revenue is only dependent on the delivery price and quantity ‘
established in the contract.
In this study, producers are not allowed to take any advantage
of arbitrage opportunities, so not to obtain long forward
positions.

where,

Payoff®  represents the payoff, iBur, of the long
! put position, for period and scenarip

pr represents the premium, Bur/MWh, of
C. Options Contracts the put option
Traditionally, options in electricity markets have financial k" represents the teery price, inEu’MWh,
settlement. There is four positions types on options contracts and of the put option
they are: short call, long call, short put and long put. However, in pcp represents theMarket ClearingPrice, in
the decisiorsupport system it is assumed that producersdcoul " Eu/MWh, for period: and scenarip

only establish short call and long put positions. These positionse,,,

are similar to the positions that the producer can establish to sell

the produced energy with physical settlement. If the producer

were allowed to establish the four positions types, tlantities

to practice the hedge would be almost infinite if a financial limit L .

is not established. In some electricity markets, options are on FTom the last equation it is clear thaetiong put position

futures with daily settiement. The settlement price could b®aYOff is positive only if theMCP is higher than the exercise

equal to the simple average of all 24 hours for Basad PC€:

Futures Contracts or equal to the simple average of the prices for

the hours between 8:00 AM and 20:00 PM for Peak Loa

Futures Contracts. It is also assumed that they are European st (QPTIMIZATION PROBLEM

options (Europeastyle options can only be exercised at the To find optimal energy quantities establishing on each

begnning of the delivery date while Americastyle options can  contract type, it was delmped an optimization problem based

be exercised at any time until the delivery date). on a measvariance of the return. This formulation allows
The characteristics of electricity prices, such as meafinding the optimal energy quantities that maximizes the profits

reversion, high degree of skewness and-camstant volatility, and simultaneously practices the hedge against AP

exclude its modelling isg commodity cosbf-carry models;  vyolatility in function of the producer fisaversion factor.

Thus, Black & Sholes formula is not applicable to electricity The mathematical formulation is stated as follows:
option pricing. A procedure to evaluate the price of options in

electricity markets, known as risleutral valuation, is presented  \aximize U(r)=E(x)-AxVar(r)

in [16]. Binomial model cold also be applied to evaluate Su. to:

electricity options price but it requires some adjustments. T
For the short call position, the buyer only exercises the option

if the MCP is greater than the exercise price. In our method, the el e dho

represents the energy, in MWh, associa
to the long put position obtainedby the
producer.

n 1

e le&+efl e
m max
1



where,
E(! )= E(! "‘*X)+ E(! ”‘)
and,
2 2 "
—_mnmn mix min
Var(! )= ooy, (! J )
i=1 j=1
with,
T = [ﬂrix,mﬂrix:'
and,
! min =;,(-I :[nln’.“,! :lna
where,
! represents the producesturn, in Eur, for
the entire period in analysis
E(!) represents the expected value of !
return, in Eur, based on the forecasl
price interval for the entire period ir
anaysis
Var(!) represents the variance of the return,

COVLJ. (ﬂmax’n_min)

Eur, based on the forecasted price inter
for the entire period in analis
represents the elemefit), in Eur, of tke
covariance matrix of the returns for
periods i based on maximum an
minimum price forecast

The returnz for each period, expressé in Eur, is a function
of the considered minimum or maximum price forecast scenario
j for that period, and is equal to the sum of all revenues and
options payoffs minus the costs of production.
Mathematically, the returmis given by:
mo=r+r +PS+P"-C,
1] L] ) 1] ]
with,
C, =C(+e)

Options contracts have financial settlement; the total
production cost is only dependent on the energy that the
producer will sell on spot market, and on forward contracts,
meaning that is only dependent of theeyy established on
contracts with physical settlement.

A.  Penalty functions

Due to optimization problem complexity, PSO was used to
find the optimal solution and results were compared with GA
results.

To satisfy constraint the first restriction of the opzation
problem for each period, was added the following penalty
function:

Yoo if
P =& .
" ( e $1 otherwise

el e _ande" e
mn max

where,

| max represents the period return, in Eur, d=minje! e, |le! e,.[$
' based on the maximum price éoast T tv that all iabl ) iti dded th
J mn represents the period return, in Eur, . o_guaran;l/ fa al v.arla es are positives, was added the
' based on the minimum price éoast ollowing penalty function:
T represents the number of the conside 0 if e¥=P>0
periods for the entire period in analysis Pi2=y o _
yi represents the producer risk aversi € -1 othewise
faCtOI’ Where’
€. represents the minimum energy, in MW _ | s sclp
that the poducer can produce &= ‘el ‘
€. represents the maximum energy, B.  PSO and GA Parameters
MWh, that the paducer can produce The main parameters of PSO and GA, used finding hlest
e represents the energy amount, in MW solution are presented ialtlel and &ble2, respectively.
that the producer decides to sell on t Besides these parameters being dependent on the fitness
spot market for period function, experimentatianshow that the number of evaluations
e represents the energy amount, in MW used does not compromise the results.
that the producer decides to sell
forward cantracts NYa. of particles 20
e~ represents  the energy, in  MWF NY.. of iterations 20000
assqciated to the short call positic NVa. of evaluations 200000
obtained by the producer . Cognitive acceleration 2
o represents the energy, in MW Social acceleration >
associated to thelong put position Initial inertia weight 09
obtained by the producer. — 9 -
Final inertia weight 0.2
The mearvariance formulation resemble closéhe Value Maximum velocity (Vinz) 0.1
atRisk (VaR) formulation and have as main advantage to be Table 1. PSO Parameters
computationally more efficient for a given risk aversion faétor
Moreover, VaR formulation needs higher order of information Population size 50
about the joint probability distribution of the payoffs aisd NY. of generations 8000
highly sensitive to the high impact of low probability events, Nv,. of evaluations 400000
which create Ofat tailsO in payoff distribution. In this formulation Crossover rate 0.8
we assumed the risk aversion facfois equal for the whole ~putation rate 0.2

period in analysis.

Table 2. GA Parameters



evaluations). With 20 particles in the PSO 20,000 iterations were
C. Producer Characteristics performed. For GA a population size of 50 individuals and 8,000
It was assmed that producer cost function is equal for thegenerations was used. Due to random initialization, the trajectory
entire period in analysis (one year) and is given by for each run is different; so, we used 10 runs to calculate the
C(P )=100+0.3x P +0.02x P* average and the standard deviation of the results.
& & 8 Due to theproblem complexity, the entire period was divided
where. in subperiods of one month of duration allowing reducing the

P,in MW, Cin Eur/h,P,"* = 200 MW andP,"" =5 MW. number of variables and, consequently, turning the optimization
The cost of sales (like taxes, market commissions and otherg)oplem lighter.

is not addressed. Moreover, there is just as much risk in the cost a5 results, table 4 and table 5 present the average quantities,

of sales as there is in the generation of revenue. in MWh, for each contractual position and risk aversion factor,
using PSO and GA, respectively.

D. Contracts Characteristics

Options contracts characteristics with delivery period for the -
year 2007 are presented in TaBle Position = Aver|a:gle Quanfg (Mwh) —
ise Pri - Short Spot 2.1"10° [1.2"10° | 9.9"10° | 7.7"10°
EXEerC,',\S,ﬁNime EP re/:\"/l'\;‘v“r: Short Forward | 2.7"10° | 6.4"10° | 5.9"10° | 3.8"10°
Short Call : u;,2 00 : ( ur2 50 ) Short Call 0.839 |1.3"10° | 1.4"10° | 5.4"10°
) : Long P 2 910° | 1.3"10° | 7.210°
Long Put 45.00 5.00 ong Put 0.250 | 6.9"10° | 1.3"10 0

Table 4. AverageQuantities in MWh, to Establish by

Table 3. Options Contracts Characteristics Contractual Position and Risk Aversion Factor using PSO

It was assumed that forward contracts with delivery period fos

the year 2007 are traded at a price equal to 40 Eur/MWh Position =0 Aver'a_gleQuant'liyz(MWh) =

Short Spot 1.8"10° | 1.1"10° | 1.3"10° | 1.1"10°

5 CASE STUDY Short Forward | 2.4'10° | 5.4"10° | 4.4"10° | 4.8"10°

_ o ] Short Call 145.017] 8.7"10° | 1.4"10° | 1.0"10’

I_n this case a produc_er aims (in I_December 2006) to find the|_ong Put 444.929] 9.8'10° | 7.810° | 4.1"10°
optimal contracts portfolio for the entire year of 2007. Howevers

Table 5. AverageQuantities in MWh, to Establish by

although to be beyond the purpose of this work, the producer Contractual Positioand Risk Aversion Factor using GA

must adjust its contractual positions continuously (sace a
month) and whenever he needs to reconsider his contractual . .
positions already established in forward and other contracts Theresultsstandard dewe_mon g PSO and GA is presented
before adjusting the portfolio. N table6 andtable7, respectively.

Using the method presented in [10], that also makes use e&

PSO, the monthly price range avesdgrecast for the year 2007  pgsition Quantities Std. Deviation(MWh)
is shown on figure 1. =0 =1 =2 =3
Short Spot 0.004 | 2.026 | 112.788| 24.277
g Short Forward | 1.7"10 | 1.028 | 6.233 0.979
T e (- 906 Short Call 6.1"10° | 26.243| 7.797 30.443
. ’ Long Put 86"10° | 45.682 75483 | 5.041

o

Table 6. Quantities Std. Deviation, in MWHh¢ Establish by
Contractual Position and Risk Aversion Factor using PSO

?’ N Position Quantities Std. Deviation(MWh)
gL =0 I=1 =2 =3
g | Short Spot 213.693| 6.267 | 227.004] 321.845
22, ] Short Forward 17.807 1.534 2.237 5.292
Short Call 0.0079 | 68.864 | 29.499 | 159.678
1 —=— Real morfhly markel price average f Long Put 0.0229 | 145.471| 94.215 9.6719
o Maximum monthly market price average forecast

—¢-Minimum monthly market price average forecast

L I
Jeduary February March

May

1 1 I 1 1 ! !
April June Juy  August September October NovemberDecember
Month

Figure 1. Monthly Market Price Rangedfecasfor the Year

Table 7. Quantities Std. Deviatigin MWh, to Establish by
Contractual Position and Risk Aversion Factor using GA

Comparing the standard deviation for each solution (table 6
and table 7), we conclude that PSO is enmbust than the GA.

The mean and the standard deviation of the fithess functions

An evaluation of PSO and GA performance for this particulafor the 10 runs and for each risk aversion .factor are presented in
problem has been carried out. The algorithmsO stopping criteri le 8.' Table 8.also includes the mean time necessary to reach
was the maximum number of evaluations (fixed in 400,000 e optimal solution for PSO and GA.

2007 in Mainland Spanish Market, with Confidenceviel of
1=95%



It can be verified from table 8 that, for this particular

problem, PSO is faster than GA (smaller mean time), finds better Fromfigure 2 andfigure 3 we conclude that, for the same risk
solutions (smaller mean fithess value) and is more robustversion factor, the bigger the expected return the bigger the
(smaller standard deviation). These simulations were made on agk (standard deviation of the return) that the producer is
ASUS L5GX laptop P4 3.2 GHz processor and 1 GB of exposed to. Analyzindigure 2 andfigure 3 we verify that the

memory.

Mean Std. Mean
Algorithm Fitness Fitness Time

Value Value (sec.)
PSO (1=0) 1.363910" 10.9801 113.1464
GA (1=0) 1.3181107 | 2.997110° 858.5784
PSO (1=1) 9.526910° | 1.870610° 107.2944
GA (1=1) 7.852710° | 7.477T10° 885.0692
PSO (1=2) 7.530010° | 2.632410° 107.4961
GA (1=2) 1.810710° | 2.382510° 880.0213
PSO (1=3) 6.372910° | 2.728610° 106.3816
GA (1=3) 4.668710° | 4.552310° 868.8086

Table 8. PSOandGA Fitness Function Comparison

Because PSO achieve better results in this particular probler
in figure 2 and figure 3 is presented its resultstlfier expected
return and the associated risk for each month, as function of tt .+

risk aversion factok, respectively.

x10°
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Figure 2. Producer Expected Return inr€tion of Risk
Aversion Factoi
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Figure 3. Risk in Function of the Risk AversioraEtori

risk (standard deviation of the return) is inversely proportional to
the risk aversion factor, and so is the energy that the producer
will sell in the spot market. This happens because the lower the
risk aversion factor the most indifferent the producer vélltd

the risk and therefore he will have more risky attitudes and sell
more energy on the spot market, as it can be sefeguie 4

Energy (MWh)
o

04 BT i

ot T

0697

e I S ———
| i i

ituary February March  Apr WMay June July

th

Figure 4. Optimal Energy Quantities that Producer Should Sell
in Spot Market in Function of Risk Aversiomaétor/.

i I i
August September October November December

6 CONCLUSIONS

With electricity markets liberalization, lortgrm contractual
decisions are more difficult on an efficient risk management.

This paper proposed a new letggm risk management tool,
which allows maximizing the producers expected return while
practicing the hedge against spot price volatility based on the
risk aversion factor.

Due to the optimization problem complexity, a Particle
Swarm Optimization (PSO) meteeuristic technique has been
used. Its performance has been evaluated by its comparigon
a Genetic Algorithm (GA) based approadétttually the authors
work in the application oAnt Colony SystemACS) Algorithm
to solve the optimization problemvith the aim to compare its
results with the PSO performance, and the comparison will be
repated shortly

However, every risk management tools needs an efficient
price forecast methodology. Trying to give an answer to that
need a regressive model was used which enables the electricity
market agents to forecast the monthly market price average
range up to one year into the futurBhis model may find the
price range value, with a certain confidence level, based on
historical statistical data. The main advantage of this method is
the fact that it does not make any statistical assumption relating
to the market price distribution function.

Based on the resultst was proven that Particle Swarm
Optimization (PSO) has significant advantages compared with
GA in terms of robustness and computation time based in
simulation results.
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