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Abstract—The electricity exchange include the uncertainty forms). And the point is: the better portfolio you are able
of many aspects, e.g. energy demand. The techniques to riskto construct the higher figures you are able to achieve. The
management used widely in financial markets must be adopted, portfolio ingredients include the risk management.

because of differences between electricity and other prodis. . .

The uncertainty in presented approach is modelled by random | Presentgd gpproach to risk man_agl.ng on energy markets
variables, described by probability density function or probability ~ include coincidence between risk indicators on power and
distribution. Risk management involve the measurement of rany  financial markets. At the first sight the buyer is a source of
instruments, such as the uncertainty of energy consumptian risk — especially when we are considering the cash flow and
energy price, CO2 certificates price etc. The model includechost payment risk. Then to avoid bad debts and payment problems
of technical and economical aspects is created and is reset tvpical fi ial rul fi d: d itsuri
numerically by Monte Carlo simulations. ypical financial rules of insurance are used: depositgjrins

The changes in time are modelled by the stochastic processes@NCe guarantees etc. Moreover, the maximum of the financial
the calculations includes the prediction of the time valuesising Vvolume in transactions is fixed and restricted — nobody can
the auto-regressive models and/or the memory based methodspass it without special permission. It means that all income
and figure the linear statistical dependencies (correlatios). from the transactions is determined and had a upper limét Th

The system provides portfolio management methods, includg approach cause the reduction of risk of customer to minimum —
optimisation of the portfolio, given technical and econontal PP

restrictions. i.e. set the proper payment period so that when problem sccur
The genetic algorithm is used to find the global optimum, then the supplier can used the guaranties to cover actual charges
the hill climbing (local optimisation) improves the result. And that kind of practices are widely used in financial risk

management. When the customer risk is minimized (including
payment problems) the larger game of profit maximization
The electricity exchange include the uncertainty of marig starting. This is the every business basics: buy cheap
aspects, e.g. energy demand [1], [2], [3]. The techniquesko to sell dear. This rules is adopted towards any markets —
management used widely in financial markets must be adoptiatiuding energy. And when we are looking more profound
because of differences between electricity and other mtsduinto transaction details then that simple rule emergesic&/p
[4], [5]. The main difference is connected with equalitysituation form the trader point of view starts from tendexll(c
between demand and supply. The power, which is produceahail or some other communication medium) concerns a few
by suppliers (power plants), must be used immediately lmpimbers: how much energy is in scope and what is the price.
consumers because the frequency in grid must be stabite.general of course — because energy offers are little bit
This simple dependency from physics field causes a lot odmplicated and includes terms of delivery, time of delver
problems from financial modeling point of view, especially i and periods (peek, off peek etc.). On mature wholesale rsarke
short-term period of time. Due to lack of efficient methodsome basic products are fixed — and energy is exchanging
of energy storage all 1SOs (Independent System Operatasgjng it. But all offers has to be split into single period of
have implemented additional mechanisms of refunding thiene specific for energy market (typical single period ofeim
system stabilization — so called balancing market. Adddlty, is equal 15 minutes in some markets or 1 hour) despite the
the ISOs costs have influence on market prices and giviast that tender either concerns 1 trading day or 1 tradirg.ye
some indicators to risk managing. The market player simpleSo when somebody is buying 10 MW base stripe European
behavior could attach only selling (or buying) electrictty peek in working days trough 1 month (let say June 2011)
(from) balancing market. Trading strategy is simple whem thn Poland it means per each period from Monday till Friday
price is known at transaction closing, but in vast majoritior every single hour from 8.00AM to 8.00PM volume 10
of cases this knowledge is unknown before committing tHdWh energy is buying. And the total amount of energy is
transaction. The price could be found using price forengsti2640 MWh (22 days in June 2011 x 12 hours per each day
models, but usually the balancing market price is the worstlOMWh per each hour). The same contract is perceived in
on mature markets. It means the better prices from purchasempletely different ways. It depends on participants e
and supplier points of view could be achieved on differemnergy market. Thus he is interesting in minimization of the
markets: bilateral (individual agreements between comsurmaverage price — then it could be said that form the buyers
and supplier), exchange (using power exchange transagtioperspective he manages the price risk. On the other hand
or free market turnover (using energy trading Internet-plasomebody who is in charge of production required amount

I. INTRODUCTION
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of energy is the owner of volume risk in vast majority othe price of single MWh.

cases. Because the production cost is known (simplifyingThe risk management was divided in short-term (e.g. daily),

assumption — the cost curve of generation is known) then risiddle-term (e.g. monthly) and long-term (e.g. annuallgdn

maximize income (and profit) the supplier should produce a5, where the values at higher level became the limits for

much energy as he can. Thus the statement could be used ftignlower level planning or calculations. The final results a

the suppliers perspective he manages the volume risk. presented using typical risk measures e.g. value at risk.
Finally on energy markets a lot of trading companies are

existing. And they are owners of both types of risk. They II. RISK CALCULATIONS

interests are simple as business is — maximization of profit

which is some derivative from turnover. Thus natural method The computer system with risk modeling was developed

of risk managing is speculation. Using availability of: tkets, Using the models presented below [6], [7]. The uncertainty i

energy products, time zones shift traders are trying to firiesented approach is modeled by random variables, dedcrib

the best offers to maximize the portfolio profit. When th8Y probability density function and/or cumulative distriton

portfolios risk of volume is not exist (we are buying the sam@inction.

amount of energy than were selling) and portfolios profit is

higher than some minimum, assumed profit then we won the Random variables

game. S(_) m_uch for the theory says. o The four types of continuous probability values are avail-
In reality it could be very hard to find in the same tame|q-

sufficient number of "long” and "short” transactions with

sufficient price spread. If yes — then we are the lucky winners

if not — then risk factor emerges. To describe the possible

scenarios well use our upper example: somebody wants to buy i) { 0 forz <z

) =

« the degenerate distribution, i.e. distribution with cuazul
tive distribution function

10 MW base stripe European peek trough June 2011. And the
average price is 48/MWh. But today it is 22nd February and
we do not have what will the price be on June. Our possiblee the normal distribution, parametrized py(mean) and-
answers are presented below: (standard deviation)

the continuous uniform distribution, parametrized by
Tmin @nd Zpq., With probability density functionu(x)

1 forxz > xg

« when we are able to find short position of forward *
contract on June 2011 on exact amount of energy when

the price is lower than 48/MWh we are commit the both given below.
trangactlons and earning on price’ spread with avoiding 1 FOF 2,5 < 2 < Toas
the risk, u(z) =4 Tmaz—Tmin for o < o orm > 2
« when we could nott find the right contract then our answer men — Tmaw
depends on our strategy: « general continuous distribution. This distribution is 1ep
— the "long” position is rejected - so we do nothing resented by segments, setroflisjoint uniform distribu-
with our portfolios profit but avoid the risk, tions. The example of probability density functiduzx)

— the "long” position is accepted (no matters of reason is shown in Fig. 1.
why the offer was accepted) but there are lack of

.. N . 1 1 1
"short” positions and portfolio is under risk. p fora,, <o <.,
. . . . p? fora?, <z<a?,.
This example focus attention on meaning of word risk. Word h(z) =
has some negative background and associates with money loss B " n "
p" foray. <o <al..

but it should be perceived as some probability of earning or 1 n
: . ST 0 fora<uwz,,, ore>ar .
losing. In examples context unbalancing the portfolio gius man
a promise of more profits (on the contract in question), when  The general continuous distribution is given by user or
the price decrease or some loss when the price increase above created automatically e.g. from histogram generated by

44 €IMWh. Monte Carlo calculations. Thg factors are normalized.
Our software is trying to find good opportunities to earning

when the risk is unavoidable. Our idea is — the portfolio Feo N ;

should be described by at least 2 factor: minimal profit from /_OO h(z) de = 219 (Trmae = Tomin) =1

portfolio and maximum risk factor for it. This approach desa

space for open trading which makes peoples behavior moreThe expressions using random variables are created to

creative in daily transactions. Nowadays many traders kavemodel technical and/or economical aspects. For example the

avoid any risk in transactions because they have to be &clicontract may contain the volume described by random vaziabl

with company risk strategy. In our approach they could haw# given probability density, to model the uncertainty oéth

opportunities to earn more money under controllable risk. amount and/or the price per MWh — to describe the uncertainty
The energy volume is known but the question is: what & the price.
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Fig. 1. The general continuous distribution, screen-sli@oh presented computer program

B. Monte Carlos simulations . '

The expressions using random variables are resolved nu- ll T ime | i 1 n
merically by Monte Carlo simulations [8]. The simulation is T o vy
parametrized by the accuracy i.e. number of steps when Monte delta present

Carlo is performed. The step includes the calculation ofieal _ o _ _ '

of each random variable (draw) and the calculation of valljé: 2.  Linear approximation of time series to obtain sampi equal
. . . . intervals. The interval length is denoted delta, the predine-stamp is

of expression. Result of Monte Carlo simulation is the gahefepresented by 0, the past by negative integrals, the pisiby positive

continuous distribution, where the length of each segmisntsntegrals.

the same. The length of segmenis approximated by (1),

=7 (1) prediction based on the history, using (3), whe(e) is the
VnxNoa(3) value at timet, «; are parameters of the model.
where:
No,1 is the pdf of normal distribution p .
n is the number of steps in Monte Carlo () =Y aiv(t —i) 3)
o is standard deviation of result distribution. =1

The standard deviation of result distribution for expressi Tne memory based algorithm finds the closest (to the refer-
v is approximated by (2), given the approximated parametgl§ce) sequence in past and then calculates the predictien. T
(v ando) of sub-expression. algorithm is depicted in Fig. 3. In general case thelosest
o2 — { o2+ o wherev = v, + vy sample sequences are considered, the prediction is thaegaver
P2 %02 4+ p? k02 + 0, x0,  Wherev = v, * vy of them.
(2) Presented algorithms are used to determine of unknown
The expression to calculate the mean and standard deviatj@glues based on historical data. This approach allows to find
for supported variable types are given in Tab. I. the trends and periodic changes of prices and/or amounts in
C. Time-series predictions energy market, therefore allows specify the risk of poitfol

The transactions in energy markets are made on futLBe
periods of time. The prices in future are not known, this is’
also the risk factor in described transactions. To estinsite The system provides portfolio management methods, in-
energy prices and/or energy amounts the set of algorithglgding optimization of the portfolio, given technical and
are proposed. These algorithms, supplied by presenteehsysteconomical restrictions. The genetic algorithm is usedrtd fi
base on historical data, are described below. the global optimum, then the hill climbing (local optimikat)

The changes in time are modeled by the stochastic pigiproves the result.
cesses, represented by time series, a collection of co(tiphess ~ Optimization algorithms uses the Monte Carlo simulation
stamp, value). During calculations time series is sampted to calculate the fitness function. Therefore the portfoliaym
obtain samples at equal intervals, using linear approxénat contain the parameters modeled by random variables, e.g.
of the two closest elements, as showed in Fig. 2. uncertain prices and/or uncertain amounts.

The two prediction algorithms are used: using the auto- The best solution is calculated at given value of risk (etg. a
regressive models and/or the memory based method. AuB84 risk). The small values indicates the safer transactmas
regressive model AR of order (called AR(p)) calculates the considered in portfolio. The greater values of given valfie o

Portfolio optimization



name parameters n o

degenerate distribution xg 0 0

normal distribution u, o " o

uniform distribution Tomins Tmas 1 (@min + Tmax) ﬁ(xmaz — Tmin)
p117p27é--7p", e , )

general distribution ToninTmgn ...,mfn%n, 5 iy P+ Thnaa) %\/Zizl P ((xhae — 1) — (zt,, — 1)3)
xmaacv xmawv aa) xm(lfL’

TABLE |

THE MEAN AND STANDARD DEVIATION FOR SUPPORTED RANDOM DISTRIBTIONS

2 | client
I R R Web Browser
l user interface
reference
block
b)
Internet
l l I l server
Y v calculation server WWW
most reference . (lighttpd)
similar block library (C++)
/—\ !
c —~A . - appllcatlon
A database|— | server
' l [ l P (sqlite) (django)
most oo Fig. 4. The architecture of presented computer program. Séwer
similar prediction uses django framework, relational database and spedializeltithreaded

calculation library. The client uses Web browser with AddéBash Player.
Fig. 3. Memory based prediction algorithm. For given refieee block (a),

find the closest sample sequence in the history (b). Thegiredicorresponds S
to the closest sample (c), the following samples are used. l B 20103 ]| periods
) . . ) ) ) . < n'[ﬁ 8 5 10 1 12 |m‘
risk for optimization — more profit (an more risky) portfolio| [#/ % & & R |
is proposed. [ R [l Ees v —
1. | MPLEMENTATION
E-j Ireland calendar Domains
The comprehensive system of risk manager was develoy
in Web Application architecture, depicted in Fig. 4 and i e
[9]. The user require only Web Browser with Adobe Flas — G
Player plug-in, the graphical user interface allow t0 M@NA( i v e i =
the stored data about clients (contracts, energy consamptj i .

profiles, limits), energy price, CO certificates price, fuel

pr!ces, Cal_en_dars and perform th_e calculations: pre(_jlet t'gig. 5. The calendar manager with types of days, the exanupées from

prices, optimize the contract portfolio, calculate theduection  appiication.

costs, etc. The Fig. 5 shows the calendar manager containing

the type of day (working days, free days, bridge days), used

in energy consumption prediction algorithms. are implemented in shared library using C++. The server
The SCRUM framework was used for managing produbtised on Django Web Framework provides all functionality

development, the 3 weeks sprint cycle was established. Tdred stores objects in relational database. The graphieal us

backlog containing about 400 items were used. The calcuiaterface uses Adobe Flex software development kit. The siz

tions i.e. optimization, simulation and prediction algoms of the source code, reported by http://cloc.sourceforge.n



is 8k (calculation library), 32k (server), 32k(graphicseus "= B versty [ istribuant

interface). Over 200 unit tests are created using boost t
library, unittest and flexunit.

Std. dewiation: a
Vanation; a s

Quantile | Value s

05% 10560 °
I V. R E S U LTS 10% 10560 10557 10558 10559 10560 10561 10562
50% 10560 o8
When the background is known then we would like t = ™= o4
simulate assumptive energy market transactions and cemg o
10557 10558 10559 10560 10561 10562

traditional and our approach to sign the transactions. Tric
minimum limit of portfolios profit (comes from company Fig. 7. The gain as function of risk for scenario 1.
policy) is known and equal 800€. Example: You are the

trader in one of the biggest European trading company. Al ... e

your

l Density l Distribuant

first transaction was describe in introduction to thi s gesor  eoo

0.0006

article. Our client wants to buy an energy in European per veisen o000
in June 2011. Total volume of contract amounts 2640 MW | aurtie | vaiue a.0202

(22 days in June 2011 x 12 hours per each day x 10MWh f | = S 0070s ¢
each hour), as depicted in Fig. 6.
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Summarical price:
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. 25% 11586.9121°
Surnmarical volurne: | 2,640.0 | 0
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Fig. 8. The gain as function of risk for scenario 2, the uraisty of price
is considered.
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Fig. 6. The contract representation in the application.
Fig. 9. The gain as function of risk for scenario 3. When nk issconsidered
) . . ) the gain is lower than in scenario 1, but higher than minimamifplio profit.
SCENARIO 1: Client is asking us about price. With 11% of risk the scenario 3 gives the same profit as theasieri. On
. . . . average the profit will be greater (we will gain about 8dQore), in the most
1) Tq fmd_ a good price were starting checking the energ;oraple situation the proposed scenario is 25% better.
prices in short transactions on the market. Three offers
are matching our need and we are finding the best and
the worst just to creates the alternatives for bidding. And SCENARIO 3: This is active point of work for trader. Using
those values (as average price) start from&td 50€. available market contracts he is in charge of building sffer
2) The higher price (5GEper MWh) is presented to the customers. The proposed profit distribution is shown in Bjg.
buyer SCENARIO 4
3) The final price from the customer (as the answer on

our proposal) is 48per MWh and the transaction is The choose of the best scenario. the optimal portfolio is
finalized (Fig. 6). proposed by optimization algorithm at given value of risk.
The comparison of many scenarios, as shown in Fig. 10 is

The risk does not exists in this scenario, the gain as @4
function of risk is presented in Fig. 7.

SCENARIO 2: Client is asking about price and gives some V. CONCLUSIONS
ranges of MWh. The market offers are the same as in scenarid@he algorithms for risk management were adopted to elec-
1. But from the trader point of view there some new risk factdricity exchange. The computer program using these methods
is emerged, e.g. the prediction of prices on the market or thas implemented and tested on Windows XP and Debian
average prices from the same period in historical data. Thiux, the calculations on historical data from polish ¢fiee
profit as a function of risk is modeled as shown in Fig. 8. ity market proved the usability of presented approach. The



scenario3_value Quantile | Sign Difference (absolute)
| change | 05% (4 -1122.50
: . 10% 4 -s10.00
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50% > +315.00
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Fig. 10.
the best scenario.
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The profit as function of risk, comparison for scémdr and scenario 3. The trader choose the acceptable valtiskoAnd application suggests

practical implementations in trading companies and energy R. Weron, “Energy price risk managemenBhysica A: Satistical Me-

plants are planned and partners able to test and devel50
presented system are searched. (5]
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