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Abstract 
 

In this paper we implement a real option model for the unit commitment problem of a single 

turbine in a liberalized market. The model accounts for various operating constraints of the 

turbine. Price uncertainty is captured by a mean reverting process with jumps and time-

varying means to account for seasonality. We demonstrate how the model can be used to 

make profit-maximizing commitment decisions and to compute risk profiles of generating 

assets. 
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1  Introduction 
 

With the liberalization of electricity markets and the introduction of exchanges, the objective 

of electricity producing firms has changed drastically. In the traditional, regulated 

environment, utilities had to provide electricity for customers in a certain region (in which the 

utility usually had the status of a monopolist) at fixed rates. The only uncertainty was the 

actual demand for electricity and the possibility of technical failures. Electricity producers 

were obliged to meet this demand with their own generation assets and their objective was to 

do so at minimum cost. The skills required for this purpose are on the one hand forecasting 

demand as accurately as possible and on the other hand finding the most economical way to 

use production assets (and also long term contracts with other suppliers) in order to meet this 

demand. To make sure that demand was (almost) always met, electricity producers had 

sophisticated rules for reserve margins. The understanding of risk was entirely about 

operational risk that might lead to supply of electricity falling below demand. As pointed out 

by many recent books and articles in the new liberalized environment electricity firms face a 

quite different challenge (see for example [1], [19]). In the context of liberalized markets, risk 

does not only refer to physical problems eventually leading to an electricity shortage but also 

price risk and therefore financial risk. First and most obvious there is a volatile market price 

instead of a fixed rate at which electricity is provided. Increasingly also the markets for input 

products like coal or gas are liberalized, with the effect that fuel prices become volatile, too. 

First of all, this means that producers face a lot more uncertainty than under the old regime. 

But the new environment also offers benefits to the producer. One of the most important ones 

is that they have the opportunity not to produce: A liquid spot market for electricity has the 

effect that the electricity producer always has the choice to turn off its own production assets 

and buy the necessary electricity in the spot market. Therefore the quantity of electricity 

produced is not determined by an exogenous demand, but the firm can decide which amount 

of electricity to produce and which amount to buy in the market. The problem of when to turn 

on or off production assets in response to a random price signal in a profit-maximizing way 

resembles the exercise decision for a (exotic) financial option. Consequently, option models 

have been used to solve the unit-commitment problem under stochastic prices.  
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Another change in the environment of electricity producers is that more and more derivative 

contracts on electricity are traded. These new products can be used either to mitigate financial 

risk (hedging) or to create additional profits (speculation). For both purposes the natural 

question arises how to optimally configure the portfolio of the power producer. For this it has 

to be taken into account that the firm already has a certain risk position, which is determined 

by its generation assets. The question is, how to trade financial assets in such a way that the 

risk profile of the company is in line with its corporate objectives. However, in order to 

answer this question, it is first of all necessary to have sound financial models of generation 

assets. This is one area of application of real option models. 

 

The theory of real options has been inspired by the option pricing techniques which have 

revolutionized finance theory in the early seventies (see [2], [16] for an overview). These 

insights have been transferred to the theory of decisions under uncertainty (for an introduction 

to real option theory see [9]). In the context of electricity producing firms, real options theory 

can be used as a method of identifying and quantifying the contingent decisions embedded in 

owning generation assets. Applications of the real options approach fall into two broad 

categories: Operational and capital investment decisions. Operational decisions that can be 

supported by real options models are amongst others: The unit commitment problem, peak off 

peak play on pump hydro assets, fuel switching capabilities, locational arbitrage on regional 

prices, arbitrage between energy and ancillary services markets (see [13], p. 106). Capital 

investment decisions relate to the acquisition of new plants or the extension of current plants. 

 

In this paper we concentrate on real options models for generation assets. As a useful by-

product we show how to solve the unit commitment problem of a generating asset under 

uncertain electricity and fuel prices and operational restrictions. However the main purpose 

that we have in mind is to use the financial model of the generation assets in the context of 

risk management. The idea is to view generation assets as one part of the portfolio of a utility. 

Other parts are all financial contracts that the company owns. Producing sound models of 

generation assets is the first step towards measuring and managing the risk situation of the 

whole portfolio and eventually also to optimize this portfolio. In that sense we present the first 

step on the way to the ultimate goal of optimizing the integrated portfolio of the electricity 

company. 
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The rest of the paper is organized as follows: In section 2 we demonstrate how a liquid spot 

market separates the decisions regarding generation and sales of power. Also some 

implications of this independence for optimal unit commitment and portfolio management or 

risk management are pointed out. In section 3 real option models without operational 

constraints are presented. These models have analytical solutions and are thus easy to 

compute, but they suffer from their unrealistic assumptions. In section 4 we present more 

sophisticated models that can handle operational constraints. Section 5 then contains 

examples of the implementation of the model. Optimal commitment rules and profit / loss 

distributions of turbines are presented as results. Finally, section 6 concludes and points out 

possible directions of further research. 

 

 

2  Independence of Power Generation and Marketing 
 

In this section we will describe how a liquid and well functioning spot market for electricity 

has the effect of separating production and marketing decisions of a utility. If we ignore 

technical restrictions for the moment and if we assume constant production costs, then the unit 

commitment decision rule for a particular asset owned by a producer becomes quite simple: 

 

(1)   
0thenif

thenif max
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where  refers to the spot price of electricity per unit at time t, and C refers to the cost of 

producing one unit of electricity with that particular asset.  is the amount of electricity 

produced at time t and  is the maximum amount of electricity which can be produced 

with the asset. If the difference between the spot price of electricity and the production cost is 

positive, then the producer should generate as much electricity as possible, if it is negative, 

then it is optimal to shut down the turbine. 

E
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tq
maxq

 

Note two things about this decision rule: First, the only information required by the producer 

in order to make his production decision is the current spot price, which captures all 
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information about current balance of supply and demand of electricity. Second, if we take a 

more aggregate view, it is easy to see that when every producer follows this rule (and 

eventually every (surviving) producer will, simply by the evolutionary forces of a free 

market) then electricity will automatically be produced by those who can do so in the cheapest 

way, ie those with the lowest production cost. When there is enough electricity available, so 

that demand can easily be met, then the price as a signal of relative scarcity will go down and 

those generators which are more expensive to operate will be shut down. On the other hand in 

times of scarce electricity, the price will rise and therefore also more expensive production 

units will go on-line. This makes sure that electricity is always produced in the most cost-

efficient way and this is the core argument in favor of market liberalization. 

 

Back to the individual electricity producer's problem. Assume that the producer has sold a full 

service contract with a fixed price F to a client. In the traditional view of operating a power 

plant the producer would now optimize his assets in order to deliver the uncertain load, l  at 

least cost. The producer's profit in period t is then  
t

 

(2)  ( )CFltt −⋅=π  

 

However, this is only the profit if we ignore the availability of a spot market. In fact, given 

that it is possible to buy and sell any amount of electricity in the spot market, the producer 

will be better off when he follows the rule in expression (1) and fulfills the excess demand 

 by buying (or selling if it is negative) in the spot market. To see this, let's assume that 

 (if this is not true then the producer has to buy in the spot market anyway). The 

producer who schedules the plant to fulfill the contract always gets (2). When , the 

producer who follows rule (1) gets  

tt ql −
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A similar argument can be made for short or long forward contracts: 'The plant bidder should 

behave in the same way whether there are forward sales or not - the plant bidder should seek 

to optimize the plant's value in the spot market using all of the various products that the plant 

can offer. The plant bidder does not even have to be aware of forward power sales made on 

behalf of the plant. In this sense the plant bidding is decoupled from the sale and scheduling 

of forward power sales' ([17], p.125). Further arguments along these lines can be found for 

example in [17], [30]. 

 

Based on the above example we argue that in the presence of a liquid spot market, the 

decision whether and how much electricity to produce is independent and unaffected by the 

decision how and where electricity is sold. In fact one could argue that the spot market 

automatically splits a utility into two separate firms: A power producer and a power marketer. 

The consequence of this argument is that the optimization problems relating to the optimal 

exercise of contracts can be solved separately and independently from the overall portfolio 

problem. Nonetheless it has to be stressed that this independence only holds when it comes to 

exercising contracts optimally. The risk position of the company is determined by the entire 

portfolio and the interaction of various positions, ie production facilities, financial contracts 

and also long term customer contracts. And therefore the decision to enter into new contracts 

cannot be taken independently from the current portfolio. Consequently the plant operator 

does not have to know anything about forward positions, but the risk manager and the 

portfolio manager who determine the forward and option positions do have to know the risk 

position and the exercise strategy of the plant. In this paper we deal with the necessary first 

step of determining those optimal exercise strategies of physical assets, thereby 

accomplishing the mapping of these physical positions as financial contracts which enables us 

to combine them with financial positions. 

 

In principle the same logic applies for fuel markets. If a liquid spot market for fuel is 

available, then the only information needed by the plant bidder, is the current spot prices for 

fuel and electricity. The production decision rule then becomes 

 

(3)    
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The difference to expression (1) is that the cost of production of the plant is now uncertain 

too. It is given as the product of the plant's heat rate, H (which is assumed to be constant), 

that is the amount of input fuel that it requires to produce one unit of electricity and the spot 

price of the input fuel, . The optimal production decision is now based on the spread 

between fuel and electricity prices. In essence, 'the bidder's decisions should always reflect 

current values of fuel and power. Making a forward sale of power, then ... does not imply that 

I run my power plant any more or less than I would otherwise.' (see [27], p.126) 

F
tp

 

What are the limitations of this argument? The main assumption is that the spot market for 

electricity has to be liquid. If it is not possible to buy the electricity needed to fulfill a service 

contract, then we are back to the old regime where the utility has to generate the electricity 

sold using only its own generation assets. A related issue is the impact of buying and selling 

electricity on the spot price. Assume the spot price is so low that it would be optimal to shut 

down own generation assets and buy everything in the spot market. If the buying bid in the 

spot market is enough to raise the price substantially this strategy might not be feasible. In 

other words, the utility has to be a price-taker. Another reason why a plant may not be bid into 

the spot market, but scheduled to fulfill a bilateral contract is that it faces certain restrictions, 

like for instance that the plant cannot be turned off. 

 

 

3  Real Option Models Without Operational Constraints 
 

Option pricing models are built around the concept of arbitrage. The no-arbitrage condition 

states that two assets with the same payoff must also have the same price. If this is not the 

case then market participants can sell the more expensive asset and simultaneously buy the 

cheaper one and thus earn a risk-less profit, the famous 'free lunch'. In the case of an option, 

the two assets are: 1. the option itself and 2. a combination of the underlying security and a 

risk-less security which exactly replicates the payoff of the option. The latter is also called the 

replicating portfolio. In order to make the argument work, this portfolio has to be rebalanced 

continuously. The price of the option (or the derivative in general) is determined because the 

option is a redundant asset and could be reproduced by following an appropriate trading 
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strategy in the underlying and the risk less asset. Unfortunately in the electricity market the 

concept of no-arbitrage pricing breaks down completely. Due to non-storability it is not 

possible to form a portfolio in the underlying, ie electricity and therefore electricity options 

cannot be replicated. This does not mean that the formulas for price calculation cannot be 

useful to give guidelines for where a reasonable price might be, but their strong meaning - in 

the sense that if they are not fulfilled then market participants can gain risk-less arbitrage 

profits. There are two ways to deal with this problem: One is to resort to equilibrium pricing 

models. These models try to determine the price of a security given (aggregate) expectations 

and preferences of market participants. Needless to say that this approach requires more 

inputs as well as stricter assumptions than the no-arbitrage approach. The second approach 

retains the beauty and simplicity of no-arbitrage pricing by changing the underlying. Instead 

of using electricity itself as an underlying, electricity futures are used to replicate electricity 

options and other derivatives. The advantage is that futures can be stored. However, this 

strategy is only viable if a liquid futures contracts are available. 

 

The payoff from expression (3) resembles that of a financial option. This particular option is 

often referred to as a 'spread option' and the spread between electricity and fuel is called the 

'spark spread'. There are pricing models for this kind of option available in the finance 

literature. 

 

In [8] and [21] pricing models for spark spreads based on futures contracts are presented. 

Once again, the advantage of this approach is that it leads to real no-arbitrage pricing 

formulae and - most importantly - the corresponding hedging strategies. The disadvantage is 

that it only works when a complete set of futures contracts is available (see assumption 1 in 

[8] and what is more, these contracts have to be liquid in order to make dynamic trading 

strategies feasible. 

 

Under the assumption that the futures prices of electricity and fuel follow correlated mean-

reverting processes, [8] show that the price of a European spread option, ie an option to 

convert fuel to electricity at one time point is given by  
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In this formula,  and  are the price processes of electricity and fuel futures maturing 

at T with the corresponding instantaneous volatilities, 

Tt
EF , Tt

FF ,

Eσ  and Fσ  and instantaneous 

correlation ρ. The expression  refers to the standard normal distribution. r  is the interest 

rate, which is assumed to be constant. A turbine is then modelled as a portfolio of call options 

with different maturities. The value of the turbine in this model is then 

( )⋅N

 

(5)   ( )∫=
T

dttCV
0

 

where T refers to the life time of the turbine. This implies that the plant is infinitely flexible, 

ie it can be turned on and off in continuous time. Operational constraints could be accounted 

for to some extent by changing the time resolution of the model. For instance, only one option 

per day could be allowed with the payoff corresponding to the average electricity and fuel 

prices. Another choice would be to allow for peak/off peak optionally.  

 

Although these models do not directly incorporate operational constraints, they can still be 

useful to model physical generation assets in the portfolio context. The risk situation of a 

plant owner is similar to the risk situation of the owner of a string of the financial spread 

options described above. The models have the advantage that they are easy to compute 

because analytical solutions exist. However, the models are unrealistic, because they leave out 

too many details, which are important for the operation and the risk situation of a plant. 

Therefore we now turn to models that incorporate operational constraints. 
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4  Real Option Models With Operational Constraints 
 

In this section we describe models of the unit commitment problem which take into account 

operational constraints. The focus is on models that are related to financial option pricing 

models and use solution techniques known from computational finance. The differences 

between the approaches are in the amount of technical details included, the sources of 

uncertainty, the corresponding stochastic models and the numerical techniques used to solve 

the maximization problem. 

 

The inclusion of operational constraints has the effect of making the problem path-dependent. 

The decision to run the plant now depends not only on current market prices for power and 

fuel but also on the current state of the plant, including whether it is on or off, if it is on how 

long it has been on and if it is off when it was last on. Because of this path dependency, 

sophisticated mathematical techniques are required to solve the optimal dispatch and 

valuation problem. The techniques useful for such problems are related to American option 

pricing. American options can be exercised any time before their expiration (as opposed to 

European options which can only be exercised at maturity). While in the case without 

constraints the problem can be separated into string of path-independent European options 

(see expression (5)), we now have to model the turbine as one single path-dependent 

American option. An introduction to the techniques that have been developed for that purpose 

can be found in [11] and [14]. 

 

In the following we will describe the approach of Tseng and Barz [30] , which is based on a 

mixture of backward stochastic dynamic programming and forward Monte Carlo simulation. 

The approach is computationally intensive, but also very flexible with respect to including 

additional sources of uncertainty or different technical constraints. Other unit commitment 

models in the same spirit are presented in [12], [28] and [29] . The first two references use a 

tree approach. The tree approach can be quicker for very short horizons and few underlying 

stochastic variables, but the computation time grows exponentially in the time periods and 

stochastic factors. The third paper also uses a simulation technique, but with various 
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simplifications to speed up computations. This approach could be interesting for dealing with 

longer time horizons. 

 

The model in [30] includes the following operational constraints: 

 

• 

• 

• 

Minimum up time / Minimum down time: When the unit is turned on then it has to 

stay on for  time periods, when it is turned off, it has to stay off for t  periods. ont off

Unit capacity constraints: When the unit is on, it can produce power between q  and 

. 

min

maxq

Startup time / Shutdown time: It takes τ periods to start the unit up and υ periods to 

shut it down. Therefore if at time t the decision to commit the unit is taken, then 

electricity can be produced from τ+t  on.  

Startup costs / Shutdown costs: Shutting the unit down costs  and starting it up 

costs . Both costs can depend on the number of periods that the unit has been down 

or up. 

dS

uS

• 

 

The objective is to maximize the sum of expected profits over a period of time, say from  to 

T, where the time interval is one hour.  
0t

 

(6)   ( ) ( ) ( )( )




















−−−= ∑

=
ttdttu

T

tt

F
t

E
ttttqut uxSuxSppqxfEJ

tt

1,,,max
0

0 ,

 

where 

 
(7)   ( ) ( )( ) { }01,,,, >⋅−=

tx
F
ttt

E
t

F
t

E
tttt pqCqpppqxf

 

The decision variable u  captures the commitment status of the turbine. When the unit is 

committed, then u , when the unit is off, then u  . The decision variable is constrained 

in the following way: 

t

1=t 0=t
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The time periods in which a commitment or decommitment decision can be taken are 

constrained by the minimum up or down times. The intertemporal constraints are modelled 

via the state variable , which gives the number of periods that the turbine is on ( ) or 

the number of periods that the turbine is off ( ). 
tx 0>tx

0<tx

 

Production costs depend on an uncertain fuel price and on the amount of electricity produced. 

In particular it is assumed that the heat rate of the turbine is a quadratic function of the output. 
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In addition to fuel costs, the generating costs of a thermal unit also include startup and 

shutdown costs. Startup costs depend on the temperature of the boiler, ie on the state of the 

system. 
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Shutdown costs ( ) are assumed to be constant. Further we assume that only the 

commitment decision is affected by uncertainty. Once the unit is committed, the output can be 

adjusted in real time as prices are observed and therefore the optimal output can be computed 

as a deterministic sub-problem. This reduces the mixed-integer program to a 0-1 integer 

program. 
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The solution to this deterministic sub-problem is 
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The state transition equation is 
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The problem is solved by Monte-Carlo simulation in conjunction with backward dynamic 

programming. The solution procedure is recursive, starting at time T, and going backwards. 

At each time point there are three possible cases, which can be determined by comparing  

with expression (9): Either no decision is possible, because the minimum uptime / downtime 

constraints are not fulfilled or the unit is up and can be shut down (case A) or the unit is down 

and can be started up (case B). In the latter two cases, in which a decision has to be made, the 

algorithm compares the expected profit over all remaining periods when the unit is on with 

the expected profit over all remaining periods when the unit is off. For each time period and 

each case (A and B) a so called indifference locus is computed. The indifference locus is the 

set of points in the  space for which the expected profits are exactly the same whether 

the unit is turned on or not (or turned off or not respectively). The indifference loci of all 

periods are the (numerical) solution to the optimal unit commitment problem. When the 

observed  price pair is above the indifference locus A then it is optimal to turn the 

unit on if it is off and if  is below the indifference locus B, then it should be turned 

off if it is on. 
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Of course, the results of the optimization depend crucially on the model for the price 

processes. The approach is flexible enough to incorporate any of the suggested price models 

in the literature (see [4], [7], [16], [18], [22], [26]). In our empirical implementation of the 

model in the following section we use a Gaussian mean reverting process with a seasonal 

component for the electricity price both with and without jumps. Since the markets for input 

fuels are not yet liberalized, we assume constant fuel prices. Details about the implementation 

will be presented in the next section. 
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The major advantage of a Monte Carlo approach clearly is its flexibility. For example, we 

could introduce ramp constraints into the problem. Ramp constraints are restrictions on the 

difference of output between two consecutive periods. That is, given the unit is on-line, the 

output in period t and the output in period t  cannot differ by more that an amount R, ie 1+

 
  1   if      11 =≤− −− tttt uuRqq . 

 

It is also possible to introduce additional products that the unit could sell, for instance 

ancillary services. Assume there is a spot market for spinning reserves with an hourly price 

. Now another layer of complexity is added to the problem. Given that the unit is on-line, 

the operator has to decide, what part of  to actually produce and sell into the spot market 

and what part of potential output to sell into the spinning reserves market. In case that the 

spinning reserves are actually called by the operator, this produces an additional revenue. A 

similar argument holds for emission rights, which might be another product that the plant 

operator could sell. Once there is a market for emission rights, the operator can always decide 

not to produce but to sell the plant's emission rights. 

S
tp

maxq

 

There are many more conceivable extensions to the approach. One could add additional 

sources of uncertainty. One candidate would be an alternative fuel. In that way fuel switching 

capabilities can be modelled and optimally exploited. Another possibility would be to use two 

different spot prices. That is the plant operator can sell the electricity in two different markets 

with two different but probably correlated price processes. In that way locational differences 

can be exploited. For this the concept of locational spread options (see [8]) is important. 

 

All of the above extensions can be incorporated into the Monte Carlo - stochastic dynamic 

programming setup that was outlined above. However, each additional layer of realism makes 

the problem more demanding from a computational point of view. This is the major 

disadvantage of such a framework. Even the basic unit commitment problem requires a vast 

amount of computing time which makes it difficult to extend the optimization horizon further 

than two weeks ahead at an hourly time resolution. Therefore when working in such a 

framework one is constantly faced with a trade-off between capturing another piece of realism 

and thus increasing computational burden and leaving out details which might lead to a sub-
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optimal solution of the problem. However it should be possible to increase the speed of the 

solution process by using advanced simulation techniques, like Quasi Monte Carlo simulation. 

Maybe the solution speed can also be improved by introducing approximations to the 

indifference loci as in [28]. Another straightforward way to simplify the problem considerably 

is to change the time resolution. For instance by changing from an hourly to a daily or even 

weekly time resolution, the optimization horizon can easily be extended to one year or further. 

However, most of the constraints work on a hour by hour level and therefore it does not make 

sense to incorporate those constraints in that case. Leaving out the operational constraints 

brings us back to the pure financial modelling approach that was outlined in the previous 

section. While these models are clearly too crude and simple to solve the unit commitment 

problem, they can be useful to represent the value and the risk position of physical assets in a 

wider portfolio context. Due to the assumptions of these models the value is in general 

overestimated and the risk is underestimated. It is an open issue whether the simple models 

can be adjusted to correct for this bias. 

 

When does it make sense to use a - rather complicated – option model? As common sense 

suggests, it is most likely useful for units which derive a big part of their value from the 

inherent optionality. In other words, for 'peaking units' it will be convenient to have a detailed 

real option model which makes sure that the maximum revenue is extracted from the physical 

asset. This refers to units that are often 'on the margin', ie units with a high marginal cost of 

operation and lots of flexibility in operation. In contrary a 'base load unit', like a nuclear 

power plant which has to be on-line constantly anyway will not profit from a real option 

model. In a portfolio context such a unit can be modelled as a long forward position in 

electricity. 

 

 

5  Implementation of the model to the LPX spot market 
 

In this section the [30] model is implemented for the German electricity exchange LPX 

(Leipzig Power Exchange). This market started trading in June 2000 and managed to establish 

itself as the most liquid electricity exchange in Germany. In July 2002 it will be merged with 
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its former rival EEX (European Energy Exchange) to form potentially the biggest continental 

European electricity exchange. To illustrate the model, a typical electricity generating turbine 

is specified1. The following table reproduces the operational parameters of the turbine: 

 

 P4 
maxq 284.0 
minq 140.0 

0a  78.8 

1a  1.98 

2a  1.11⋅10-3 

ont  4 
offt  4 
coldt  4 

1b  1900 

2b  720 

γ 2 

dS  220 

 

The turbine uses coal as input. A constant coal price is assumed at 5.67 euro/MWh. 

 

Next, a model for LPX spot prices has to be formulated. Several models for electricity spot 

prices have been proposed in the literature (see for instance [18], [22], [6]). An adequate 

specification of a spot price process has to capture the stylized facts of electricity spot prices 

which mainly arise due to the non-storable nature of electricity. The most important are: 

 

• 

• 

• 

                                                

Seasonality on a daily, weekly and annual cycle. 

Mean reversion. 

Extreme, but short-lived upward spikes, which cause price distributions to be fat-tailed 

and positively. 

 
1 The authors are grateful to BEWAG, Berlin for supplying the relevant parameters of one of their turbines. 
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Following [6], we use a discrete time model, which is an AR(1) process with time-varying 

mean and a jump component.  

 

(10)  tttttt pp φηεβα +++= −1  
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where  is an indicator function taking value one if the argument is true and zero otherwise. 

The last term on the right hand side of equation 10 captures the spikes using a simple 

binomial process, where 

( )⋅I
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Finally, ε in equation 10 refers to a normally distributed error term with mean zero and 

standard deviation σ. The model is estimated using hourly LPX prices from June, 16th 2000 at 

0:00 to October, 15th 2001 at 24:00. The following table reproduces the parameter values for 

the price process2. 

 

β 0.80 

σ 4.79 

φµ  47.43 

φσ  23.19 

λ 0.0026 

                                                 
2 The parameters of the time-varying mean are not shown, but can be supplied by the authors upon request. 
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Now we present some results of preliminary computations. First, we compute the indifference 

loci, ie the optimal decision rule for the turbine. Note that in the case of constant fuel prices, 

the indifference loci collapse to two points per period. The lower one of these points we call 

the 'turn-off barrier'. When the turbine is on in a certain period (assuming that it has been on 

long enough so that the minimum up time constraint is fulfilled) and when the price of 

electricity is below that point, it is optimal to turn the unit off. Analogously, when the unit it 

off (again assuming that it can be turned on in that period) and the spot price is above the 

higher locus, which we call the 'turn-on barrier', then it is optimal to turn the unit on. The 

following figure 1 shows the turn-on and turn-off barriers for the three turbines together with 

the historic price path for the 48 hour period from October, 1st 2001 at 1:00 to October, 2nd 

2001 at 24:00. 

 

 
Figure 1: Optimal commitment rules and LPX spot prices. 

 

Using this decision rule, the optimal commitment schedule for the turbine for our sample 

period would then look like shown in table 1. 
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1.10.2001   2.10.2001   

hour status profit hour status profit 

01:00 0 0 01:00 1 113202 

02:00 0 0 02:00 1 112828 

03:00 0 0 03:00 1 112326 

04:00 0 0 04:00 1 111844 

05:00 0 0 05:00 1 111450 

06:00 1 −1724 06:00 1 111690 

07:00 1 307 07:00 1 113730 

08:00 1 4749 08:00 1 118058,9 

09:00 1 12989 09:00 1 122774 

10:00 1 20777 10:00 1 127477 

11:00 1 35915 11:00 1 132409 

12:00 1 60175 12:00 1 142236 

13:00 1 68616 13:00 1 147039 

14:00 1 76197 14:00 1 152333 

15:00 1 83312 15:00 1 157162 

16:00 1 87771 16:00 1 160324 

17:00 1 91067 17:00 1 162759 

18:00 1 94333 18:00 1 165060 

19:00 1 98052 19:00 1 167381 

20:00 1 103361 20:00 1 171829 

21:00 1 107749 21:00 1 175848 

22:00 1 110107 22:00 1 177840 

23:00 1 111687 23:00 1 179630 

00:00 1 112949 00:00 1 180648 

Table 1: Unit commitment status and cumulated profits. 

 

Finally, we demonstrate how the model can be used for risk management purposes. The 

following figure shows the simulated profit/loss distributions for the turbine. 
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Figure 2: Profit / Loss distribution. 

 

 

6  Conclusions 
 

We have argued that in the presence of a liquid spot market the optimal unit commitment 

problem can be solved independently, ie without considering the entire portfolio. We have 

presented a model for the unit commitment problem which is based on real option theory and 

which can fully take into account the operational constraints of a turbine. The model is solved 

using a numerical technique known from computational finance which combines backward 

stochastic dynamic programming with forward Monte Carlo simulation. As an example we 

have computed the optimal exercise rule for one turbine and showed how the model can be 

used for computing the risk profile of the turbine. The advantage of our approach lies in its 

flexibility with respect to additional constraints and/or additional sources of uncertainty. Its 

major disadvantage clearly is that it is very demanding in terms of computer time. 
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