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GLOSSARY 

  

Deterministic model A model where parameters are described by unique values. 

Expected Value of Perfect 

Information (EVPI) 

Difference between expected cost of a full stochastic program and the 

mean cost of all deterministic scenarios. This number gives an 

indication on the value of obtaining perfect information about the 

future. 

Intermittent Variable and only predictable to a certain extent. "Intermittent" is 

typically used for variable renewable energy.  

Recourse The ability to make mid-course corrections 

Risk averse It is the opposite of risk loving or risk seeking. Many business models 

like lotteries or casinos are based on risk seeking people. Some people 

are willing to pay more than the expected return in the hope they get 

much more than the expected return. In business and policy related 

matter, one is more risk averse. Companies as well as society as a 

whole can be willing to pay a little extra for having a system that is 

more robust for potential high costs. 

SOW State of the world. Each branch of a decision tree is a SOW. 

Stochasticity Events or systems that are unpredictable due to the influence of a 

random variable. When a variable is random, a system evolves non-

deterministically over time. 

Stochastic programming Unpredictable parameter is discretised in a finite number of scenarios. 

Refers often to stochastic optimization. Sometimes referred to as 

stochastic dynamic programming, not to be confused with dynamic 

programming based on the theory of Richard Bellman. 

Uncertainty Only predictable to a certain extent.  

Value of the Stochastic 

Solution (VSS) 

Difference between the objective value of the stochastic solution and 

the expected value of the solution found when ignoring uncertainty. 

This amount represents the cost of ignoring uncertainty in the choice 

of a decision. The reduced stochastic decision program in which one 

acts based on average expectations is always more expensive than the 

full stochastic model. The VSS reflects the possible gain by solving a full 

stochastic model. 

Variability Not continuously available due to some factor outside direct control. 

The parameter can be either fully predictable or only predictable to a 

certain extend. In this context "variability" refers to the fluctuating 

aspect of a certain parameter, assuming perfect foresight of the 

fluctuations of the parameter. 
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CHAPTER 1 FOREWORD 

During the 30th Anniversary Meeting of the International Energy Workshop (IEW) at Stanford 

University, I presented work of Wim Benoot and myself on incorporating fuel price uncertainty in 

long term energy system models. By introducing a portfolio like approach, explained in this report, 

diversification of investments prevents too high cost variations caused by fluctuating fuel prices. 

The approach is very powerful: it is integrated in TIMES, it can incorporate correlations between 

parameters and there is no big impact on solution time. I received valuable comments on the work 

from colleagues like Amit Kanudia, Uwe Remme and Joris Morbee. They pointed me to following 

limitation of the portfolio approach: it assumes a single decision pathway with fixed investments 

but also with fixed operational choices so no ability to change over time. This is an important 

shortcoming as in reality you will make operational choices based on the actual situation. Also the 

classical stochastic approaches (Loulou and Lehtila 2012) are not fully adequate for our purpose. 

The event tree allows correcting both investments and operational decisions when an uncertainty 

is resolved. However, we wanted to incorporate uncertainties that are recurring at short time 

frames. 

The question remained how we could integrate the information on recurring uncertainties and at 

the same time relax the perfect forecast assumption. The missing link came when I was reading the 

book "The flaw of averages" from Sam L. Savage (2009), advised by my VITO colleague Laurent 

Franckx. This book was written in Palo Alto, the same place of the conference! The book explains 

why using average numbers in decision making can be misleading and "why conventional methods 

of gauging the future are so wrong so often." In particular, my attention was drawn by an example 

where a gas well was worth $500 000, using the average price of gas, but was worth  

$1 000 000 on average. The book explains "the increased value was due to the option not to pump 

in the event that the gas price was below the production cost." Based on the idea of including the 

option of operation rather than a single operation based on averages, I built a very simple power 

production model in Excel where the gas price is on average 5 €/GJ but uncertain. It included more 

than one stage for possible gas prices and also for the operational decision to use the plant or not, 

depending on all prices. The outcome was that the expected cost of the model with uncertainty 

was lower than the perfect foresight model! Similar to the example in the book, having uncertain 

prices opens the way for "real options". The first SPINES model was built. Pernille Seljom helped a 

lot by confirming that the example on real options from the book seemed "very close to what 

people do with stochastic programming". I am also very grateful to Denise Van Regemorter (†), Jan 

Duerinck, Pieter Lodewijks and Kris Poncelet for their support and to ETSAP. I also can recommend 

the book "The flaw of averages" to anyone because it has great examples explaining some basic 

principles of uncertainty and it also learns that there is still a long way to go for having these 

principles implemented in decision making.  

Wouter 
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CHAPTER 2 MOTIVATION AND OBJECTIVES 

2.1. MOTIVATION 

Various energy models explore a range of climate and energy security policies by building cost-
competitive scenarios with different levels of mitigation and security. However, this scenario 
approach of existing energy models seems not adequate to explore some of the most important 
uncertainties. 
 
Including strategies to incorporate uncertain parameters within TIMES plays an important role in 
achieving an energy mix that at the same time can hedge for these uncertainties as well as profit 
from variability. Some parameters like fuel prices will always be uncertain and it is impossible to 
fully predict them over the modelling time horizon. Also, more and more people get suspicious 
when hearing a model is based on the “perfect foresight” assumption. “Nobody can predict costs so 
why cost optimisation ?” - “How can portfolios be set up if you only have one demand projection?” 
Do we have a methodology to offer when expectations matter and also, if we have such a 
methodology, is it worth using ?  
 
In traditional energy system models, irreversibility of investments is taken care of via the 
mechanism of the optimization. However this irreversibility makes investments sensitive to 
different uncertainties. So far, approaches lacked the possibility of hedging against the threats of 
uncertainty or profiting from beneficial situations. The team of VITO and Energyville-KULeuven 
contributed to the family of energy system models by implementing a single-stage “portfolio 
approach” into TIMES and by developing a new multi-stage approach with operational recourse. 
The latter approach makes it possible to operate assets depending on the specific circumstances. 
The authors hope that this project supports further applications of this approach, similar to the 
analysis done by Seljom and Tomasgard (2015). 

2.2. OBJECTIVES 

Following objectives were agreed for this ETSAP project and we address all objectives within this 

report. 

 Make a report for ETSAP members with a full description of the use of both the portfolio 

approach and the operational recourse approach (SPINES).  

 Transfer the knowledge to ETSAP members on how to include these approaches in the 

TIMES models. 

 Illustrate the approaches using examples of the electricity sector  

 Compare the portfolio/operational recourse approaches to the deterministic perfect 

foresight alternative. 
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CHAPTER 3 OVERVIEW OF UNCERTAINTY MODELLING APPROACHES 

3.1. WITHOUT INCORPORATING UNCERTAINTY IN TIMES 

One approach to deal with uncertainty is to set up new scenario definitions. This is the most 

common approach and has been proven very successful in doing partial sensitivities. However, as 

the solution space of energy system models is very flat, many solutions exist with a total cost 

similar to the optimal cost. Making a small change to any parameter can change the optimal 

solution in a deterministic model run so also the technology mix.  

Some options exist within the TIMES framework to get more information on near optimal solutions 

without new scenarios. One methodology to get information on near optimal solutions is to set a 

lower bound on activity or capacity variables, i.e., on VAR.ACT or VAR.NCAP. The marginal value of 

this bound is different from zero for processes that are not considered in the optimal solution. This 

allows modellers to evaluate the cost-effectivity of near optimal options without additional runs. 

An alternative approach which does not require manual implementation of additional bounds on 

variables is to use the benefit-cost indicator. As explained in the document "user control switches 

in TIMES", starting from version 3.0.2, TIMES includes also a basic benefit-cost reporting for new 

technologies. When the benefit-cost reporting is requested, the TIMES reporting attribute 

VAR_NCAPR includes benefit-cost indicators that give valuable information on ranging. The ranging 

information can only be reported when the CPLEX ranging option has been used.  

There are two other methodologies that can be used: modelling to generate alternatives (MGA) 

and Monte Carlo/Parametric programming. MGA uses a multi-objective function where in a second 

round, the total cost gets some freedom to deviate from the cost optimal. At the same time, 

alternatives are forced based on a user defined criterion that is different from the cost optimal 

solution. Although very useful, these alternatives and near-optimal solutions cannot be directly 

used for hedging against uncertainty. 

3.2. HEDGING BY INCORPORATING UNCERTAINTY IN TIMES 

3.2.1. OVERVIEW OF APPROACHES  

In most cases, the deterministic variant of the ETSAP tools is used under the assumption of perfect 

foresight. However different LP parameters can be uncertain: cost coefficients (C), matrix 

coefficients (A) as well as RHSs (b). These uncertain parameters are considered to be random, 

usually with a discrete, known probability distribution. Loulou and Lehtila (2012) explain that by 

including these uncertain parameters, the objective function also becomes a random variable and a 

criterion must be chosen in order to make the optimization possible. Such a criterion may be 

expected cost, expected utility, etc., as mentioned by Kanudia and Loulou (1998). 
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The following equations are used to define the cost optimization model: 

 

Max Ct x 

s.t. Ax ≤ b 

x ≥ 0 
x is a vector of decision variables 

Ct x is a linear function representing the objective to maximize, and 

Ax ≤ b is a set of inequality constraints. 

 

Different methodologies can be considered to deal with uncertainty. The possibility to use certain 

methodologies depends on the type of uncertain parameter (i.e., a matrix coefficient (A), a RHS 

coefficient (b) or a cost coefficient (C)) and on whether the investment and operational decisions 

need to be adaptive to the scenario (static or dynamic). Combinations of these different 

methodologies may even be desirable. Table 1 gives an overview of the different methodologies of 

dealing with uncertainty. Some methodologies can only be applied to the cost coefficients (C) like 

the portfolio approach. 
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Table 1: Overview of objective functions used to incorporate uncertainties. The bold blue rows were included in the case study of this report. 

Static (no recourse) 
 Objective function Methodology TIMES 

implementation 
Comments 

Risk neutral Cost Deterministic Scenario runs This approach ignores the possible event of very high costs.  

 Expected cost Portfolio approach   The result of the deterministic run and the portfolio run 
without risk aversion are the same. The consequence is that 
the result of the deterministic run can also be seen as the 
best portfolio for possible futures where cost coefficients are 
uncertain. The portfolio approach with risk averse objective 
function is discussed down and gives a result that is different 
from the deterministic run. 

Risk averse -  
worst case - no 
probabilistic 
distribution of 
randomness 

Worst case cost Select worst case Scenario runs Worst case can have a very low probability. 

 Minimise Maximal 
regret 

Robust Program-
ming / Minimax 

/  

Risk averse – 
trade-off between 
risk and cost 

Expected cost and 
deviation of cost 
[E(Cost) + 
α*Var(Cost)] 

Portfolio approach  Upper absolute 
deviation   

Implemented in the context of this project. 
Use of a risk aversion parameter α. 

 Other methods not 
discussed in this 
report 

 Constraining the cost, chance constraining, variability or CVAR constraining,  

 Robust, Ambiguous, Chance constrained programming,  

 Wicks and Guise 
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Dynamic (with recourse, adaptive, flexible solutions with options) 
 Objective function  Methodology TIMES 

implementation 
Comments 

Risk neutral – 
however 
adaptive decision 
can profit from 
for example 
lower prices. 

Expected cost Stochastic 
programming 
with fix 
recourse 

Stochastic 
programming.  

Both capacity related and operational related variables can be 
changed when new information is revealed at a certain branch of 
the uncertainty tree.  
Requires a probabilistic distribution of randomness. 

 Expected cost 
 

Stochastic 
programming 
with fix 
recourse 

Stochastic 
programming – 
SPINES  

Implemented in the context of this project. 
SPINES is powerful for all uncertainties that are recurring at 
short time frames and with little or no path dependency. 

 Subset worst case cost Robust 
programming 
with fix 
recourse 

/  

Risk averse -  
worst case  

Minimise Maximal 
regret  

Stochastic 
programming 
with fix 
recourse 

Minimax Regret 

(Savage) 

criterion (Loulou 

and Kanudia, 

1999) 

Does not require probabilistic distribution of randomness. 

Risk averse – 
trade-off 
between risk and 
cost 

Expected cost and 
deviation of cost 

Stochastic 
programming 
with fix 
recourse 

Linearized risk 

aversion  

Same as the risk neutral stochastic TIMES, but with an 
additional risk aversion coefficient (attribute SW_LAMBDA) 
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3.2.2. PORTFOLIO APPROACH 

In this approach, all decision variables are optimized for the whole period, regardless of the future 

resolution of any uncertain parameter, i.e., the approach is static (without recourse). The new 

element of the portfolio approach is that a trade-off is made between expected cost and deviation 

of cost. The main advantage of this approach is that co-variances between different uncertain 

parameters are taken into account and that a high number of future outcomes can be included 

with a limited impact on the computational complexity. The main drawbacks are that this approach 

can only be used for dealing with uncertain cost coefficients of the LP and that no recourse is 

possible. 

3.2.3. STOCHASTIC PROGRAMMING  

Standard stochastic programming allows including recourse actions on both capacity related and 

operational related variables. Different investments and/or operations will occur when new 

information is revealed at a certain branch of the uncertainty tree. When using stochastic 

programming, the objection function is expected cost rather than cost, i.e., the expected cost is 

minimized rather than the cost based on the expected value of all the input parameters. The most 

relevant information from the stochastic approach is the investments before the moment where 

the first uncertainty is revealed. 

3.2.4. STOCHASTIC - SPINES 

The SPINES code allows including recourse actions similar to the stochastic programming approach 

discussed above, however with a unique set of capacity related variables for all states-of-the-world. 

Thus if at some point in time an uncertainty is resolved, the recourse actions are limited to the 

operation of the unique investments because SPINES prevents the investment decision to react on 

the revelation of the uncertainty. For this reason, the stochastic SPINES methodology is only useful 

for all uncertainties that are recurring at short time frames and where the revelation of an 

uncertain parameter does not provide information of the future distribution of the uncertain 

parameter. Whenever the revelation of an uncertain parameter does provide information on the 

future distribution of the uncertain parameter, the investment decisions can start to differ 

depending on the revelation of the uncertainty and hence, the SPINES approach is less suitable 

than the traditional stochastic approach. However, despite this disadvantage, the SINES 

methodology provides the main advantage that the number of state-of-the-worlds, and thus the 

computation time, is strongly reduced in comparison to traditional stochastic models. As an 

example, when applying this approach to uncertainty on fuel prices, the SPINES approach allows to 

dispatch power plants depending on the fuel prices in each state-of-the-world in contrast to 

deterministic models which dispatch according to average fuel prices. The option to decide the 

dispatch of a plant for each state-of-the-world has a value which is implicitly included in the SPINES 

approach. 
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3.2.5. RISK-AVERSE  STOCHASTIC APPROACH 

There is always the option to using stochastic approaches with risk aversion. In such a 

methodology, an additional cost is assigned to the variance of the total system cost, such that the 

sum of the expected total system cost together and this additional cost is minimized.  
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CHAPTER 4 PORTFOLIO APPROACH 

4.1. METHOD AND MATHEMATICAL FORMULATION 

4.1.1. MEAN VARIANCE PORTFOLIO THEORY 

The mean variance portfolio theory (MVP) was first formulated by Markowitz (1952) in the context 

of asset management. The original theory attempts to maximize the expected return on a portfolio 

of assets, given a level of risk (expressed as a standard deviation to return). Multiple applications of 

the portfolio theory show that by properly diversifying the assets in the portfolio, the portfolio risk 

can strongly be reduced. 

Consider as an example a portfolio containing two assets. In a deterministic model, where the 

uncertainty of all parameters is not accounted for, the expected portfolio return to be maximized, 

E(rp), is implicitly assumed to equal the weighted average of the expected return of each of the 

two assets (i.e., each parameter is assumed to have a fixed value and hence, the correlation 

between the uncertain parameters is not accounted for): 

𝐸(𝑟𝑝) =  𝑤1 × 𝐸(𝑟1) + 𝑤2 × 𝐸(𝑟2), 

Where the weights 𝑤1 and 𝑤2 are the shares of assets 1 and 2 in the portfolio, and 𝐸(𝑟1) and 𝐸(𝑟2) 

the corresponding expected returns on each of these assets. The standard deviation of the 

portfolio return, 𝜎𝑝, can be used as a measure for the portfolio risk: 

𝜎𝑝 =  √𝑤1
2 × 𝜎1

2 + 𝑤2
2 × 𝜎2

2 + 2 × 𝑤1 × 𝑤2 × 𝜌12 × 𝜎1 × 𝜎2 

Here, 𝜎1 and 𝜎2 respectively represent the standard deviation on the return on asset 1 and 2, while 

𝜌12 is the correlation between the returns on asset 1 and 2. From this definition, one can deduce 

that the risk on a portfolio of assets can be reduced by either reducing the risk on the individual 

assets in the portfolio, or by selecting assets with a low (preferably negative) correlation between 

their returns. 

For this simple example, the optimization with a constrained level of risk is as follows: 

𝑀𝑎𝑥𝑤1,𝑤2
 𝑤1 × 𝐸(𝑟1) + 𝑤2 × 𝐸(𝑟2), 

s.t. 𝜎𝑝 ≤ 𝑅, 

where R represents a predefined maximal level of accepted risk. By varying this maximal level of 

risk, a trade-off between the expected return and the associated risk of a portfolio can be made. A 

so-called efficient frontier can be created by varying the risk between the risk of the ‘minimal risk 

portfolio’ and the ‘maximal return portfolio’ (similarly, the minimal risk portfolio could be 
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determined by minimizing the risk directly for a varying constraint on the minimal expected 

portfolio return). 

Suppose E(r1) =  10, E(r2) = 6, σ1 = 5, σ2 = 3 and ρ12 = 0.2 

For this example, the efficient frontier looks as follows: 

 

Figure 1: Example of an efficient frontier of a portfolio 

All possible asset shares are represented in the graph above. At the outer points, one either has a 

portfolio containing only asset 1 (marked by a diamond) or only asset 2 (marked by a square). 

Starting from a portfolio containing only assets of type 2, one can see that adding some assets of 

type 1 to the portfolio simultaneously reduces risk and increases expected portfolio returns. 

Therefore, a portfolio containing only assets of type 2 is not efficient as a portfolio with a similar 

level of risk can be imagined with a higher expected return. Following this reasoning, all portfolios 

which lie below the portfolio of minimal risk (marked by a circle) are not efficient. An increase of 

the share of assets of type 1 above the value corresponding to the minimal risk portfolio increases 

the expected return further, but now comes with an increased risk. A trade-off between expected 

return and risk needs to be made. 

A commonly used alternative formulation includes the risk component directly into the objective 

function:  

𝑀𝑎𝑥𝑤1,𝑤2
𝑤1 × 𝐸(𝑟1) + 𝑤2 × 𝐸(𝑟2) − 𝛼 × 𝜎𝑝 

Here, α is a parameter defining the degree of risk aversion. By varying the degree of risk aversion, 

all efficient portfolios can be found. For a normal distribution of the portfolio return, this objective 

function maximizes the return which will be exceeded with a given probability (which is a function 

of α). By varying the variables 𝑤1 and 𝑤2, the probability distribution function (PDF) of the portfolio 
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return is varied. This can be seen in Figure 2. This figure shows the PDF of the return for the 

portfolio of maximal expected return (blue) and the portfolio of minimal risk (red). The dotted and 

the striped line indicate the portfolio return which will be exceeded with a 95% and 85% 

probability respectively. A risk-averse investor might be willing to maximize the return that will be 

exceeded with a 95% probability (dotted lines), and would prefer the portfolio of minimal risk  to 

the portfolio of maximal return. On the other hand, a less risk-averse investor might be willing to 

maximize the return that will be exceeded with a 85% probability (striped lines), and prefer the 

portfolio of maximal return to the portfolio of minimal risk. 

 

Figure 2: Probability Distribution Function (PDF) of the return for the portfolio of maximal expected 

return (blue) and the portfolio of minimal risk (red) 

4.1.2. PORTFOLIO ANALYSIS FOR ENERGY SYSTEMS: UPPER ABSOLUTE DEVIATION 

The portfolio theory can be applied to energy systems as well. Early applications of portfolio theory 

to the electricity sector are presented by Bar-Lev and Katz (1976). Awerbuch and Berger (2003) 

used the portfolio theory to determine the optimal generation mix for the EU. In early applications 

of the MVP theory to the electricity sector, returns and portfolio risk were expressed as MWh/€. 

Recently, a variety of different studies have applied the concept of portfolio theory to the 

determination of the optimal mix of electricity generation technologies [Janssen (2006), Roques 

(2008), van Zon and Fuss (2005),  Huang and Wu (2008) and Delarue (2008)]. Janssen et al. (2006) 

have proposed a formulation based on total costs and the risk on the total costs (in contrast to 

return and risk on return).  

The optimization looks as follows: 

𝑀𝑖𝑛 (𝐸(𝑐𝑜𝑠𝑡) +  𝛼 × 𝜎(𝑐𝑜𝑠𝑡)) 
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Note that the notation E(cost) is used here as the cost resulting from the investment and 

operational decisions when the expected value of each uncertain parameter is used to compute 

the cost (as is done in a deterministic model). The correlation between different uncertain 

parameters is thus not accounted for within this term. 

There is an important consequence of this mathematical formulation. For risk neutral actors (𝛼 =0), 

the solution of the portfolio-theory model that includes uncertainties is identical to the solution of 

a deterministic risk-neutral model (in contrast to the stochastic models). 

However, the use of the standard deviation as a measure for the cost of uncertainty requires a 

nonlinear, non-convex model to compute a final solution. As non-linearity imposes computational 

restrictions on the model size, Loulou and Lehtila (2012) propose to replace the standard deviation 

by the so-called ‘Upper Absolute Deviation’ (UpAbsDev). The objective function then becomes: 

𝑀𝑖𝑛 (𝐸(𝑐𝑜𝑠𝑡) +  𝛾 × 𝑈𝑝𝐴𝑏𝑠𝐷𝑒𝑣(𝑐𝑜𝑠𝑡)), 

where 

𝑈𝑝𝐴𝑏𝑠𝐷𝑒𝑣(𝑐𝑜𝑠𝑡) =  ∑ (𝑝𝑗 × {𝑐𝑜𝑠𝑡𝑗 − 𝐸(𝑐𝑜𝑠𝑡)}
+

)𝑗 .Here, 𝑦 = {𝑥}+ is defined by the following 

two linear constraints: 𝑦 ≥ 𝑥 and 𝑦 ≥ 0. The upper absolute deviation computes the average 

value of the positive total cost deviations for all-states-of-the-world j (with probability 𝑝𝑗).  

The advantage of this approach is that this linear system decreases the computational time of the 

model, so that complex systems are solvable within a reasonable time. 

4.2. IMPLEMENTATION IN TIMES 

In the stochastic module of TIMES, there is a possibility to include this expected utility criterion 

with linearized risk aversion. For the details of the stochastic version of TIMES (with and without 

linearized risk aversion), we refer to (Loulou and Lehtila, 2012). As discussed above, these 

stochastic models have the disadvantage of being computationally restricted to a relatively small 

set of states-of-the-world. Especially for modelling recurring uncertainties, the number of branches 

of the event tree increase rapidly. Consider e.g., a 1-region model with the yearly recurring 

uncertainty on  the annual average wind speed. If one distinguishes 3 possibilities (high, medium, 

low), a stochastic model spanning 25 years would require 325 branches. To overcome these issues, 

a non-stochastic alternative for risk-averse decision making under uncertainty is implemented in 

the TIMES model.  

To be able to avoid the computationally demanding stochastic version of TIMES, three fundamental 

assumptions are implicitly made in this implementation: 

1. Short-term uncertainty (e.g., uncertainty on annual average wind speeds, average annual 

precipitation and stream flows, fuel prices) is assumed to be present over the entire time 

horizon.  
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2. It is assumed that there is no correlation over time between values of the uncertain 

parameter (e.g. the average wind speed in year t+1 is assumed to be independent from the 

average wind speed in year t).  

Under the above assumptions, the actual revelation of the uncertain parameter at the revelation 

time does not have an impact on investment decisions as no new information about the future is 

revealed. Therefore, in contrast to the stochastic implementation, there is only one set of 

investment decisions needed. In other words, under these assumptions, it makes no sense to 

differentiate the investment variables for different states-of-the-world, and the use of a single set 

of investment decisions is justified. 

3. Operational decision variables are assumed non-adaptive. As a consequence, 

𝑈𝑝𝐴𝑏𝑠𝐷𝑒𝑣(𝑐𝑜𝑠𝑡) is actually an upper limit for the average positive deviation of system 

costs. This assumption holds better as  the possibility to adapt operational decisions in 

reaction to the revelation of the uncertain parameter is lower.  

Under this assumption, there is only one set of operational decisions needed. This means that 

under all three assumptions listed above, there is no need to differentiate the variables for 

different states-of-the-world.   

4.3. USERS GUIDE  

To illustrate the implementation of this approach, consider a model that takes the uncertainty on 

future coal and natural gas import prices into account. Suppose there are three equally probable 

scenarios of import prices. For a certain period T:  

Scenario 1: 𝑃𝑐𝑜𝑎𝑙,1(𝑇) − 𝐸(𝑃𝑐𝑜𝑎𝑙(𝑇)) = 3,  𝑃𝑔𝑎𝑠,1(𝑇) − 𝐸 (𝑃𝑔𝑎𝑠(𝑇)) = 2 

Scenario 2: 𝑃𝑐𝑜𝑎𝑙,2(𝑇) − 𝐸(𝑃𝑐𝑜𝑎𝑙(𝑇)) = −1,  𝑃𝑔𝑎𝑠,2(𝑇) − 𝐸 (𝑃𝑔𝑎𝑠(𝑇)) = −4 

Scenario 3: 𝑃𝑐𝑜𝑎𝑙,3(𝑇) − 𝐸(𝑃𝑐𝑜𝑎𝑙(𝑇)) = −2,  𝑃𝑔𝑎𝑠,3(𝑇) − 𝐸 (𝑃𝑔𝑎𝑠(𝑇)) = 2 

Further assume that x and y are the quantity of coal and natural gas that are imported in this 

period. The upper absolute deviation of system costs for this period T is then: 

𝑈𝑝𝐴𝑏𝑠𝐷𝑒𝑣 =  ∑ 𝑝𝑗 × {𝑐𝑜𝑠𝑡𝑗 − 𝐸(𝑐𝑜𝑠𝑡)}
+

𝑗

=  
{3𝑥 + 2𝑦}+ + {−𝑥 − 4𝑦}+ + {−2𝑥 + 2𝑦}+

3
 

It is possible to implement the altered objective function in the deterministic TIMES model by 

putting a cost 𝛾 on the flow of a dummy commodity ‘Deviation_total’ (representing 

UpAbsDev(cost)). A possible implementation is visualized in Figure 3. 
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Figure 3: Representation of upper Deviation method 

In this figure, all processes (rectangles) and commodities that need to be created are visualized. 

Auxiliary dummy input flows of commodity DumCoal and Dumgas are created for each unit of coal 

and natural gas imported. A unit of a series of commodities (DumCoal_1, DumCoal_2, DumCoal_3) 

are needed to create one unit of DumCoal. The processes DevCoal_1 to DevCoal_3 and DevGAS_1 

to DevGAS_3 describe the transition between energy and financial commodities. Considering the 

first scenario, a consumption of x units of coal (and therefore x units of DumCoal_1) requires a 

financial flow of 3x of financial commodity UpAbsDev. In other words, each unit of coal consumed 

corresponds to an additional cost of 3x units. The total additional cost in this scenario equals the 

additional cost due to coal and gas price differences. Note that the total additional cost is 

considered: in some cases, it is possible that for a given scenario, a low price for one fuel 

compensates for the high prices of the other fuel. Subsequently, the processes Deviation_1, 

Deviation_2 and Deviation_3 take into account the number of scenarios and their respective 

probabilities to determine the relation between input and output flows. Finally, a certain flow of 
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commodity UpAbsDev is required. The process Deviation_total is an import process for this 

commodity and a cost 𝛾 can be attached to the activity of Deviation_total (or to the flow of 

commodity UpAbsDev). The implementation of the main processes is presented in Figure 4. 

 

 

 

 

Figure 4: Excel implementation of the main processes to represent the total Upward Deviation 

This approach can easily be extended to deal with an increasing amount of scenarios or uncertain 

parameters. Also, the correlation between different uncertain parameters and across different 

time steps can be incorporated in the creation of the different scenarios. 
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CHAPTER 5 STOCHASTIC - SPINES 

5.1. METHOD AND MATHEMATICAL FORMULATION 

The SPINES option allows including recourse actions similar to the base STOCHASTIC option. Within 

the base STOCHASTIC approach, both capacity related and operational related variables can be 

changed when new information is revealed at a certain branch of the uncertainty tree. In contrast,  

in the SPINES option, the capacity related variables are fixed, i.e., there is only a single set of 

capacity variables for all states-of-the-world. Thus, if at some point in time such uncertainty is 

resolved, the recourse actions are limited to the operations of this unique set of capacities. This 

approach is suitable for modelling short-term recurring uncertainties with little or no path 

dependency of the uncertain parameters, i.e., the realization of an uncertain parameter in a single 

period has little or no impact on the possible realizations of the uncertain parameter in the 

following periods.  

A SPINES model minimises the sum of the investment costs and the expected operational 

expenditures. In a SPINES model, capacities can be build recognizing the different possible 

realisations of the uncertain parameters and allowing the flexibility (or option) on how to operate 

the capacities depending on the realisations. In a SPINES model, power plants can for example be 

dispatched according to short-term price variations.  

Mathematically, SPINES only differs from the basic STOCHASTIC approach by restricting the sets of 

the SOW (state of the world) indices to non-capacity related variables only. Thereby, the 

computational complexity is strongly reduced. 

5.2. IMPLEMENTATION IN TIMES 

For more information on SPINES and additional options, we refer to (Loulou and Lehtila, 2012). 

Different from the portfolio approach, new TIMES code was written for SPINES approach such that 

the implementation directly follows the mathematical formulation.  

5.3. USERS GUIDE 

In this section we sum up how SPINES practically can be applied. To start, any type of recurring 

uncertainty can be represented with the SPINES method (under the assumption of little or no path 

dependency). Examples are: 

 Availability of renewable resources (e.g., hydrological in-feed, annual wind speeds) 

 Prices of fuels, CO2 

 Energy service demands, for example to include unknown but recurring economic cycles 
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Following the implementation in TIMES, Table 2 lists the parameters that can be defined as 

uncertain parameters, based on (Loulou and Lehtila, 2012) where recurring uncertainty could 

possibly play a role. Cost related parameters are included. However, variable costs or import costs 

are not included in the list. This can be solved by using the S_FLO_FUNC parameter. This parameter 

sets the ratio between the sum of output flows to the sum of input flows, thereby defining a 

general efficiency which can be used as a general multiplier. 

Table 2: Set of uncertain parameters for stochastic TIMES that are likely useful for SPINES too  

(* Requires that corresponding deterministic parameter is also defined) 

Category Description Type 

   
Cost coëfficient (C)   
S_DAM_COST(r,y,c,cur,j,w) Damage cost of net production of commodity Abs. 
S_NCAP_COST(r,y,p,j,w) Process investment cost Rel.* 
   
Matrix coefficient (A)   
S_COM_FR(r,y,c,s,j,w) Seasonal distribution of a commodity Rel.* 
S_FLO_FUNC(r,y,p,cg1,cg2,j,w) Process transformation / efficiency Rel.* 
S_NCAP_AFS(r,y,p,s,bd) Seasonal availability factor Abs.* 
   
RHS (b)   
S_COM_PROJ(r,y,c,j,w) Demand projection Rel.* 
S_UC_RHSxxx(… ,l,j,w) RHS constant of user constraint Abs. 
S_COM_CUMPRD(r,y,y,c,l,j,w) Cumulative bound on commodity production Abs. 
S_COM_CUMNET(r,y,y,c,l,j,w) Cumulative bound on commodity net prod. Abs. 
S_FLO_CUM(r,p,c,y,y,l,j,w) Cumulative bound on flow or activity Abs. 

   

 

The SPINES variant can be activated by the control statement $SET SPINES YES. To illustrate the 

implementation of the SPINES approach, we show a print screen of the actual Excel formulation of 

a test on a model with 78 time slices in Figure 5. Only a small part of the whole formulation is 

shown. More than one SOW can be introduced in the SOW column, comma separated. In Figure 6 

we show a print screen of the formulation that was used for the case study described in Chapter 6. 

Dummy processes were introduced to artificially inflate or deflate the import prices of fossil fuels. 

The values shown are multipliers as S_FLO_FUNC can be used for defining general efficiencies or 

IN/OUT relations. In the two examples, there is only one node in the decision tree with many 

branches (4 and 64).  However, the user can specify more complex decision trees with more nodes 

and branches. 
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Figure 5: The Excel formulation of uncertain events is similar for the classical STOCHASTIC and the 

SPINES approach. This is an example where 4 different biweekly trends were introduced of the 

capacity factor of solar (shown) and wind (not shown) 

 

Figure 6: The Excel formulation of uncertain events is similar for the classical STOCHASTIC and the 

SPINES approach. This is an example where 64 price paths for importing fossil fuels were 

introduced.  

 



CHAPTER 5 Stochastic - SPINES 

 

 

19 

There is also an option to compare the results with equivalent deterministic scenarios. This can be 

activated by choosing a very high start year (SW_START) like 9999 or to use the SENSIS option, also 

described in (Loulou and Lehtila, 2012). In the same ETSAP documentation, a sub-mode for the 

SPINES variant is explained that allows a highly reduced event tree. As discussed above, these 

stochastic models, both the basic and SPINES have the disadvantage of being computationally 

restricted to a relatively small set of states-of-the-world. Also, unlike the standard stochastic mode, 

the SPINES variant can also be used together with the time stepped mode of TIMES. 

Users can also extend the standard limit of 64 SOW (states of the world). This can easily be done by 

extending the domains of the sets J and ALLSOW. Within the RUN file, own ranges should be 

introduced. This redefinition should be put after the call for initsys.mod, but before loading the DD 

files. For example, to set both sets up to 200 elements, you can add the following lines: 

SET J / 1*200 /; 

SET ALLSOW / 1*200 /; 

(Source: ETSAP forum)  

In the stochastic module of TIMES, there is a possibility to include risk aversion by specifying the 

risk attribute SW_LAMBDA. This allows to include the variation of the total cost into the objective 

function. Finally, when looking into the results, it is worth mentioning that REGWOBJ is the 

weighted objective function.  
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CHAPTER 6 CASE STUDY ON FUEL PRICE UNCERTAINTY IN THE POWER SECTOR 

The methodologies are demonstrated via a case study of the Belgian electricity system with a 

simplified model. In this case study, the uncertainty on future coal and natural gas prices is taken 

into account. We use the same model for testing the different methodologies. The modelling time 

horizon is 2050.  

6.1. DATA AND ASSUMPTIONS 

6.1.1. TECHNOLOGY CHARACTERISTICS 

Table 3 shows the cost assumptions of new technologies in the simplified model, taken from 

(Poncelet et al., 2016). Investment costs and FOM costs are dependent on the timing of the 

investment. The Belgium electricity system has low potentials for reservoir hydro generation. No 

additional investments in new pumped-storage plants are allowed. For variable renewable power, 

the generation profiles are taken from measured output in 2013 as provided by Elia (2014). The 

generation system in the base year (2014), documented by Elia (2014), is taken as the current 

Belgian electricity generation system. 

 

Table 3: Cost assumptions of new technologies in the simplified model 

Process CAPEX  
(EUR/kW) 

FIXOM 
(EUR/kW.a) 

ILED 

 2020 2050 2020 2050  

Nuclear Plant  3660 3660   7 

GAS Advanced Open Cycle Turbine 568 568 17 17 2 

GAS Combined Cycle Gas Turbine 855 855 21 20 2 

GAS Open Cycle Gas Turbine 486 472 12 12 2 

COAL Internal Gasification Combined Cycle Coal 
Plant 

2489 1830 50 37 4 

COAL Sub Critical Steam Turbine 1365 1365 27 27 4 

COAL Super Critical Steam Turbine 1700 1700 34 33 4 

Offshore Wind Turbine 3400 2100 95 95 1 

Onshore Wind Turbine 1270 1110 27 27 1 

PV Panels for Buildings 1420 775 16 16 1 
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6.1.2. CAPACITY FACTORS OF WIND AND SOLAR 

The production of renewable electricity is modelled with 36 time slices where a separate level in 

the time-slice tree explicitly distinguishes periods of high and low wind availability (4 seasons, day, 

night and peak period and high, medium and low wind availability). The time-slice division for the 

fall season is schematically represented in Figure 7. This time slice division is based on (Poncelet et 

al., 2016).  

 

Figure 7: Capacity factors of wind and solar distinguishing periods of low and high availability. 

6.1.3. PRICE  PATHS  

We first construct the price paths of fossil fuels that are used in the deterministic model. Table 4 

presents the assumed base-year prices (2010) and expected yearly growth. To model the price 

volatility of fossil fuels, we assume that the yearly growth is not constant. We impose variability on 

the growth rate of fuel price paths for oil, coal and gas, which can be used in a Monte Carlo 

simulation. The underlying stochastic process used for generating these fuel price paths also needs 

to take into account the correlation between these price evolutions. Following the tradition in 

stock price modelling theory, we model the oil, coal and gas prices as a multivariate geometric 

Brownian motion (Pindyck, 1999). We find an individual annual volatility of 21-22% for each of the 

commodities, which is computed by taking the square root of the variance for each fuel type. Fuel 

prices were then generated for the period 2010-2050 through Monte Carlo simulations, given the 

covariance matrix, starting values and drift in Table 4. Some examples of price scenarios are given 

in Figure 8. Table 5 shows the average expected fuel prices and assumed CO2 price. 
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Table 4: Fuel prices and the covariances assumed 

 Expected Value Covariance Growth Rate 

Commodity Base-year Price Growth Coal Natural Gas 

Coal 2.3 1.70% 0.046052 0.018412 

Natural Gas 5.6 2.07% 0.018412 0.046349 

 

This highlights the strength of the non-stochastic portfolio theory for modelling recurring and 

correlated uncertainties. In a stochastic setting, the amount of scenarios that can be incorporated 

is much lower because of computational restrictions, making it difficult to appropriately model 

these correlations between uncertain parameters.  

 

Figure 8: Examples of price scenarios used in the Monte Carlo simulation (OIL = thin line, GAS = 

dotted line, COAL = thick line), indexed to base year 2010.   

Table 5: Average expected fuel prices and assumed CO2 price 

Price 2020 2050 

 EUR2008/MWh 

Coal 9.4 10.8 

Natural Gas 24.3 26.3 

Uranium 6.3 6.3 

 EUR2008/tonCO2 

CO2 Tax 12.5 50 

 

With the portfolio approach, the uncertainty of future coal and natural gas prices is taken into 

account by considering 1000 fuel price evolution scenarios. For the stochastic-SPINES the first 64 
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fuel price scenarios have been taken to do the analysis.1 The average prices in the SPINES model 

are therefore not exactly the same as in the portfolio theory model, but the differences are very 

small. 

6.1.4. OTHER DATA AND ASSUMPTIONS 

No renewable electricity targets are implemented. To ensure generation adequacy, a peaking 

equation is introduced with a required firm capacity exceeding the annual peak load by 5%. The 

discount rate is 5%. Finally, the simplified model does not include grids and cross-border trade and 

demand is assumed to be inelastic.  

6.2. SCENARIOS 

The scenarios are different for testing the portfolio approach and the SPINES approach but they 

have the same basis and can be compared. For the portfolio approach, 6 scenarios are created with 

a focus on the level of risk aversion. Six scenarios differing in the level of risk aversion are 

implemented by varying the cost γ attributed to the upper absolute deviation. Table 6 shows the 

different values for γ. In addition, the corresponding level of α and the one-sided confidence 

interval that is optimized in case of a normal distribution of the uncertain parameter are shown. 

Table 6: Definition of scenarios to test the Portfolio approach - based on the risk aversion level 

Scenario 1 2 3 4 5 6 

γ 0 0.97 1.69 3.21 4.12 5.83 

α 0 0.39 0.67 1.28 1.64 2.33 

One-sided confidence 
interval [%] 

50 65 75 90 95 99 

 

For the SPINES approach, we select a set of scenarios with a risk neutral perspective and a set with 

risk averse perspective (one sided 90% confidence interval) as shown in Table 7.  

 

 

 

 

 

                                                           

1
 Preferably, scenario-reduction techniques are used to reduce the number of considered scenarios. 
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Table 7: Definition of scenarios to test and compare the SPINES approach.  

For risk averse runs, only the runs with 90% one-sided confidence interval are reported 

  

 Nr of 
fuel 
price 
paths 

Nr 
of 
runs 

RISK NEUTRAL  
One-sided 
confidence interval 
of 50% 

DETERMINISTIC 
Mean value run 1 1 

Gas and coal price paths 64 64 

STOCHASTIC 

Portfolio 1000 1 

Stochastic – Spines 64 1 

Stochastic – Standard 64 1 

RISK AVERSE  
One-sided 
confidence interval 
of 90% 

STOCHASTIC 

Portfolio 1000 1 

Stochastic – Spines 64 1 

Stochastic – Standard 64 1 

6.3. RESULTS  

6.3.1. PORTFOLIO APPROACH 

Based on the 6 scenarios for different levels of risk aversion with the portfolio theory approach, a 

trade-off between expected system cost and risk can be made. The efficient frontier is visualized in 

Figure 9 below:  

Figure 9: Efficient frontier based on the 6 Portfolio runs  
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One can clearly observe that, starting from the risk-neutral solution, the risk can be substantially 

reduced. At first, this reduction of risk is achieved at the expense of a relatively small increase in 

expected additional cost. When one wants to reduce risk even further, this comes at an increasing 

cost.  

Figure 10: Breakdown of the additional cost of the 5 risk averse Portfolio runs 

The breakdown of the different cost-components forming the increase in expected additional cost 

is presented in Figure 10. This figure shows that for an increasing level of risk aversion, total 

investment costs are higher, and fuel and related emission costs are reduced. However, the fuel, 

emission and VOM cost savings do not fully compensate the higher investments and FOM costs. 

Some way or another, this reduction of risk has to be translated into the investment and 

operational decisions made by the model. Figure 11 shows the installed capacity (left hand side) 

and the electricity generation (right hand side) for the milestone year 2040.   

 

Figure 11: Installed capacity and generated electricity in the 6 Portfolio runs for 2040 
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Compared to the reference scenario, there tend to be higher investments in renewables for higher 

levels of risk aversion. These renewables with zero marginal costs replace conventional coal- and 

gas-fired generation. Therefore, these scenarios have higher investment costs, and lower fuel and 

emission costs.  As investments in an increasing amount of renewables seems to be the preferred 

option to reduce fossil fuel price volatility risk, this also explains the increasing cost attached to 

reducing this risk. After all, the moments at which potential renewable supply exceeds demand rise 

in frequency. Therefore, there will be an increasing need to curtail renewables, causing the 

marginal risk that can be reduced per installed unit of capacity of wind turbines or PV panels to 

drop, making it more costly to reduce risk.   
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6.3.2. STOCHASTIC - SPINES 

In a series of graphs we compare the results of Stochastic-SPINES with the results from the other 

scenarios. Figure 12 shows the evolution of the installed capacity in three deterministic scenarios 

(mean, an arbitrary low and an arbitrary high fossil price) and the SPINES scenario. The introduction 

of uncertainty on fuel coal and gas prices has a clear impact on the investment decisions. Different 

from the deterministic cases, there is only one common set of power capacities consisting always 

of the same mix.  

 

 

Figure 12: Evolution of the installed capacity in 3 selected deterministic runs and in the Spines run - 

risk neutral. 

This power mix reacts to specific circumstances of how fuel prices evolve over time. In this 

particular case, the power mix is diverse, with a balanced mix of gas and coal power plants. In 

contrast to the deterministic case with the average fuel prices, the power mix is not only driven by 

the demand fluctuation and the variability of renewable resources. A new driver in the investment 

decision is the option to run CCGT for a longer period in all situations where the gas price is low 

making the operation of CCGT profitable. In the deterministic runs, OCGT are installed but without 

actual periods of dispatch (see Figure 13). With the SPINES approach, there are scenarios in which 

gas is actually used based on the price differential. The figure shows a great comparison for two 

specific fossil fuel price paths as in SPINES the investments do not vary for the different prices 
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paths. This is also visible in Figure 13 via a switch from CCGT to coal and vice versa, depending on 

the spread between the prices. The variable renewables provide the same amount of power as we 

did not consider paths for their availability. 

Also compared to the mean value deterministic case, the SPINES power mix has less variable 

renewable power. The explanation is that with an additional investment in CCGT, the model has 

the flexibility to operate the plants with the most profitable fuel making the fuel based system 

more attractive compared to the renewable power. Indeed, with the two fuels being uncertain, 

there are higher chances to have one of the two being less costly than the average. 

 

 

Figure 13: Evolution of the power generation for two selected fossil fuel price paths – risk neutral 
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We also analyse the installed capacity for a particular year (2040, Figure 14) and have both the risk 

neutral as risk averse perspective. In 2040, the investments for the deterministic runs and the runs 

for the standard stochastic adapt to the different price paths. For both these cases (deterministic 

and standard stochastic), adjustment on the investments is only justified if the recurring character 

of the fuel price trends would disappear for some reason. In contrast, we notice that the 

investments in Stochastic-SPINES are the same for the different price paths. The results also 

confirm the theory that the portfolio and the scenario with mean values have the same results 

from a risk neutral perspective. For the risk neutral scenarios, stochastic-SPINES has higher CCGT 

and lower wind. For risk averse scenarios, the differences are smaller.  

 

 

Figure 14: Comparison of the installed capacity in 2040 for selected scenarios – both risk neutral 

and risk averse (one sided 90% confidence interval). 
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In a similar way, the power generation is shown in Figure 15 for 2040. It is worth mentioning the 

difference between the power production of the deterministic and the SPINES scenario with the 

low fossil prices. In the deterministic scenario, there is no wind power because of the flip-flop 

investment behaviour of perfect foresight models. In contrast, the SPINES scenario shows a clear 

balance between renewable and fossil generation with an increased use of the very efficient CCGT 

power plants. Also, there is clearly more renewable production for risk averse scenarios in general. 

 

 

Figure 15: Comparison of the power generation in 2040 for selected scenarios 
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Another way of looking into the results of this case study is to analyse the total variable costs as in 

Figure 16. A more traditional use of optimisation models is to run the model based on the average 

input data (upper left) or to look into the results from separated selected scenarios (upper right). It 

is clear that the deterministic runs are optimised for each particular situation, as if you have perfect 

information on what will be the price path. In the lower left part, the operational expenses are 

shown for scenarios where the capacities for each of these scenarios are fixed to the solution of 

the deterministic run with average fuel prices. In the lower right part, the operational expenses are 

shown for the risk neutral SPINES approach. For both lower graphs, we observe a much higher 

variation of the total operational costs because the capacities (investments) are not changed. We 

also conclude that the SPINES approach does not guarantee a decrease in the variation of 

operational expenses.  

 

Figure 16: Variable cost (MEUR) for the risk neutral Deterministic scenario (upper left) with average 

values, the Deterministic scenarios for each of the 64 fuel paths (upper right), scenarios where the 

capacities are fixed to the solution of the deterministic run with average fuel prices (lower left) as 

well as SPINES (lower right). 

Figure 17 shows the total (expected) energy system costs for selected scenarios as well as a split of 

capacity related and operational related costs. The differences between the deterministic runs are 

obvious. Table 8 shows the values and also explains the difference between the "Meanvalue", 

"Expected cost – fix INV" and the "Expected cost scenario". The total cost from the "Meanvalue" is 

based on one run. The total cost from the "Expected cost – fix INV" is the average cost of 64 runs 
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that have the capacities from the deterministic run. The total cost from the "Expected cost" is the 

average cost of 64 deterministic runs. The cost of the "Expected cost - fix INV" solution is always 

higher than the average of all separate deterministic runs. The gap between the two is explained by 

the sum of EVPI (the value of perfect information) and the VSS (value of stochastic solution). The 

calculated VSS and EVPI are plotted in Table 9. The VSS is rather small: 466 MEUR for the total 

modelling horizon, being 1,5% of the total system cost. This suggests that for this particular case, 

SPINES does not necessarily reduce hugely the expected cost compared from what you get from 

the deterministic run.  

Table 8: Total energy system cost breakdown for selected scenarios (MEUR) 

Scenario Scenario explanation Invest-
ments 

(MEUR) 

Operational 
incl. CO2 
(MEUR) 

LowFossil Deterministic – arbitrary low fuel price path 5222 18587 

Mean value Deterministic – average fuel prices 14170 17178 

HighFossil Deterministic – arbitrary high fuel price path 17009 16549 

Expected cost - fix INV Average of total costs from 64 runs with 
capacities fixed to deterministic run with 
average fuel prices 

14170 16796 

Expected cost Average of total costs from all 64 
deterministic scenarios. This expected cost 
represents the average cost of the system 
assuming perfect information about the 
future fuel prices.  

9221 18555 

Portfolio Only to check if the same with deterministic 
run with average fuel prices 

14170 17178 

Stoch. - Spines Risk neutral - Spines  13213 17288 

Stoch. - Standard Risk neutral - Standard stochastic 8849 19259 

Portfolio Risk averse - Portfolio 24559 12576 

Stoch. - Spines Risk averse - Spines 18461 13350 

Stoch. - Standard Risk averse - Standard stochastic 11845 18173 
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Figure 17: Total energy system cost for selected scenarios and graphical representation of the VSS 

and EVPI concepts.    

Table 9: The VSS and EVPI values for the risk neutral SPINES (MEUR) 

 Meaning  

VSS How much does it pay off to include randomness compared to implement 

plans based on the deterministic "mean value" solution ? 

466 

EVPI How much does it pay off, on average, to have perfect information ? 

Without perfect information, we can at best lower the expected costs by 

solving the stochastic variant 

2724 
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Figure 18: Total annual costs (MEUR) decomposed in investment and operational related costs for 

1) the runs where the capacities are fixed to the solution of the deterministic run with average fuel 

prices, 2) SPINES Risk Neutral and 3) SPINES Risk averse (one sided 90%). The dark red covers 

quantile 5% to 95% and covers 90% of the distribution of expected operational costs. The line gives 

the median value. 

Finally, Figure 18 shows the total annual costs decomposed in investment and operational related 

costs. The CAPEX and FIXOM for the selected scenarios are invariable by default, however the 

operational costs are distributed around a median value. In this particular exercise, the SPINES 

costs are slightly lower in all periods, however the operational costs in 2040 and 2050 are more 

distributed. With the risk averse objective function, there is a small increase in the annual costs, 

however with a remarkably less distributed operational costs in 2030 and 2040. In the last period, 

there is no remarkable decrease in the distribution of the operational costs because there is 

already a high share of renewables without fuel expenses. Clearly, the additional CAPEX and FIXOM 

reflect investments in a power system that is slightly more costly but with a much more narrow 

range of expected costs because of the increase in wind capacity. 
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6.4. DISCUSSION 

Portfolio approach 

This case study does not only highlight the strength of the non-stochastic portfolio approach, but 

also reveals some drawbacks linked to the above mentioned assumptions implicitly  made in this 

method.  

First, to justify the use of a single set of investment variables, the revelation of the uncertain 

parameter at a specific time should not contain little or no information about future values of this 

parameter. Although this assumption might hold for some uncertain parameters, it does not for 

others (e.g., fuel prices). Indeed, there are many drivers involved in determining fossil fuel prices. 

There is an informational value attached to some of these drivers (e.g. technological 

improvements) and therefore the fossil fuel prices of today give an indication for the possible fossil 

fuel prices in the following years. This issue becomes increasingly important for investments in 

technologies with a short lead time and a short lifetime. 

Second, justifying a single set of operational decisions is even more difficult. Indeed, by using a 

single set of operational decisions, it is implicitly assumed that there can be no response to the 

revelation of the uncertain parameter. For the presented case study, this means that although gas 

prices become very high or very low in certain scenarios, this does not affect the way in which 

electricity is generated or consumed. Consider as an example a scenario in which gas prices 

suddenly become very low, and coal prices suddenly become high. In reality, this would alter the 

merit order of the different types of power plants. Combined cycle power plants would replace the 

coal plants as base-load plants and produce a larger share of the generated electricity. Also, high 

electricity prices could reduce the demand. Therefore, the total additional cost (if any) of this 

scenario is overestimated when operational decisions cannot be adapted to the revelation of the 

uncertain parameter(s). This issue is of less importance when there are few opportunities to react 

to changes in the uncertain parameter once some investments have been made. 

Finally, due to the fact that there is only a single set of operational decisions, recurring uncertainty 

on parameters which only appear in constraints, e.g., uncertainty regarding the annual average 

wind speed or precipitation, cannot be integrated. The inclusion of uncertainties is restricted to 

parameters which directly appear in the objective function, e.g., fuel prices. 

The case study has introduced uncertainty on future coal and gas prices. This case has shown that a 

risk-averse planner would opt for a more robust energy system by diversifying its portfolio and/or 

reducing the share of coal and gas-fired plants.  A first advantage of the mean variance portfolio 

theory is that it can be directly implemented in TIMES without requiring additional functionality. 

Second, including uncertainty on a limited set of parameters only has a small impact on the 

computational complexity. Finally, this approach can account for the covariance between different 

uncertain parameters.  
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Stochastic - SPINES 

The results of the case study are useful to improve our understanding of what SPINES can do and 

how it impacts the model decisions. It is common that recurring uncertainties are modelled by 

stochastic programming techniques in short term operational models, but it is new that these 

uncertainties are modelled in long-term energy system models. 

SPINES introduces an additional dimension "State of the world" (SOW) for all operational variables. 

By minimising the sum of the investment costs and the expected operational expenditures, such a 

model will invest in capacities recognizing the different realisations of the uncertain parameters 

and recognizing that there is the flexibility (or option if you wish) on how to operate the capacities 

depending on the realisations. In the specific case of fuel price uncertainty, a certain degree of 

diversification is noticed because although some power plants are not cost-effective based on 

average costs, they become cost-effective in certain scenarios.  

A big advantage of the approach is that the "optimal" mix of power plants is not so dependent on 

the assumptions on the uncertain parameter, in this case fuel prices. In the case study, the amount 

of wind turbines is for example stable, even though the amount is lower than the deterministic run 

with average prices. Specifically for the case study, variable power can be considered competitive 

even with fuel prices being very low in some of the projected fuel price paths. We conclude that 

the investment flip-flop behaviour that is so typical for perfect foresight models is strongly 

reduced. 

SPINES allows incorporating the option to use a capacity or not. A direct consequence of this is an 

increased attractiveness of the energy sources where the variability is introduced. As an example, 

variable fossil fuel prices are considered in general as a bad thing, but, depending on the 

investments to increase the flexibility of the energy system, it can lower the expected total costs. 

This increased flexibility does not necessarily require more costly investments. In the case study, 

more CCGT were installed replacing the more expensive coal power plants. On top of all this, the 

SPINES approach allows including a risk averse dimension in the objective function.  

We conclude that some parameters like fuel prices will always be uncertain and it is impossible to 

fully predict them over the modelling time horizon or even within the timeframe of certain 

investments. If probabilities can be assigned to the uncertain parameters, the SPINES approach 

allows identifying an energy system where uncertainties are incorporated and influence the single 

investment pathway. This energy system will have a lower expected cost than the deterministic 

variant. The approach allows including non-perfect information on crucial drivers of an energy 

system model.  
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