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Preface
This document is part of reporting of the results achieved during the first funding period of
the Neo-Carbon Energy project Work Package 2: National energy economy and systems.
The first funding period was run between 30.06.2014-30.6.2016.
This document describes the research conducted in Task 2.4: Preparing for the uncertain
future by robust decision making. In this report a new approach for decision support is
described and applied in analysing the nine different future energy scenarios defined by
Lappeenranta University of Technology, LUT. Neo-Carbon Energy’s solution is an entirely
new energy system based on solar and wind alongside other renewables such as hydro
power, geothermal and sustainable biomass. The system will produce emission-free energy.

Neo-Carbon Energy project is one of the strategic research openings funded by Tekes –
the Finnish Funding Agency for Innovation. The project is carried out in cooperation with
Technical Research Centre of Finland VTT Ltd, Lappeenranta University of Technology LUT
and Finland Futures Research Centre FFRC at University of Turku. The authors wish to thank
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1. Introduction
A typical scenario based energy system analysis project can shortly be described as
follows: First, a base scenario – that can be interpreted as representing a projection or
best-guess prediction of future conditions – and, as a concession to uncertainty, a couple
of modified cases around it are defined by assigning alternative values for the chosen
scenario variables. These scenarios, separated by a few variables having alternating
values, are assumed to cover all the relevant future conditions. After defining the futures,
an energy system model is used to search for the least-cost development path from the
present situation to each of the futures defined. There will be as many optimal paths as
there are futures. How to compare the paths? What if the future unfolds unexpectedly
and does not fit in any of the definitions used? Which one, if any, of the scenarios should
be chosen for making a decision on an energy related issue? What if the optimal path is
not possible in practise for political or other reasons not modelled? What other solutions
might there be that may be only marginally more expensive but a lot easier to realize? The
process itself does not encourage searching for alternative strategies as the focus is on
searching for the optimal solution within given bounds. Other solutions can only be
obtained by changing either the objective function or the area (constraints) in which the
search takes place.
Taking uncertainty more seriously by increasing the number of futures is technically easy.
This can be done by varying the values of the scenario variables which leads to larger
number of futures and, as a consequence, optimal paths. But this will only exacerbate the
problem of what to do with all these paths, how to utilize them in decision making? In
addition, when using an optimizing program, it is the program that defines the paths or
“strategies” in this problem setup – not the decision makers.
Based on the above issues the search for a new approach started long before this NeoCarbon Energy research program as a background work. There were only three basic
requirements for the new approach: It should be able to (i) handle future uncertainty; (ii)
promote comparison of alternative strategies; and (iii) be connected to decision making.
The problem in this endeavour was the missing clear conception of what kind of entity
would form a solution to this search. Nevertheless, it was clear that defining and
implementing all the desirable features into one large model that would give an optimal
strategy as an output was not going to be an acceptable solution. Light, small, interactive
and modular were the adjectives that would best describe the new hoped-for approach.
Below is a short description of the search.
The first step forward was the discovery of an excellent article on exploratory modelling by
Bankes (1993). This article is about how to define and use models and how to interpret the
results when uncertainty and ignorance makes their predictive use impossible. I was so
excited about the article that I immediately began defining and implementing a new
generation of simulation models for energy system analysis. After a while it was clear that
the simulation approach was possible but laborious way to go but the disappointing fact
was that changing the modelling paradigm from optimization to simulation didn’t directly
to solve the identified problem of uncertainty handling. What was missing was the kind of
5

“analytic environment” (Bankes, 1993) that would help discover meaningful patterns in
quantitative information. Basically, it is not the applied modelling approach as such but
the interpretation of the model and its results1 and the structure of the analysis process
together that makes it possible to obtain useful results out of partial (uncertain)
information. But how this kind of analytic environment should be organized?
The crucial next step was the discovery of the Robust Decision Making developed by
RAND Corporation (2003). That approach integrates multiple futures, alternative decision
options and exploratory approach into a decision support process. It does this by running
the traditional process backward: it begins with proposed plan or plans and tests their
performance in multiple futures2. This testing phase creates a database of results that is
analysed with statistical tools. The analysis reveals when the plans perform well and when
they fail. This knowledge can be used to compare the plans systematically and to modify
them to make them more robust. A robust plan performs well in a vast variety of futures.
The modified plans are tested like the original plans and the results are analysed in the
same manner. So, the process is iterative and it ends up when the parties to a decision are
ready to make a decision.
This report forms a description of a process of applying Robust Decision Making approach
to a set of proposed energy system strategies for Finland. The hypothetical decision maker
it this case would be the government/parliament of Finland. The chapters in a nutshell are
as follows: Chapter 2 describes two alternative approaches to quantitative decision
support. Chapter 3 describes shortly the Neo-Carbon scenarios and divides each scenario
into future definition and energy system configuration, or plan. Analysing the plans is at the
focus in this report. Before the actual plan analysis, the analysis toolbox is described in
chapter 4. Chapter 5 presents the results of the analysis in the way that supports decision
making. The ultimate decision is left to the reader. Next chapter, chapter 6, modifies some
of the plans and goes through the analysis steps anew to reveal the characteristics of the
new plans. Chapter 7 concludes.

2. Approaches to quantitative decision support
Many investment and policy decisions have long-term consequences. Infrastructure like
power plants, roads and dams often last for decades and they need to be useful
throughout their lifetimes. These investments can shape development well beyond their
lifetimes. Policies such as urbanization plans and building codes and norms can influence
development for centuries (Kalra & al., 2014). Therefore, to make sound plans the
performance of investments and decisions both in the short and long term must be
considered.

1

Appendix on exploratory modelling clarifies this.

2

In principle, any model can be used in this process. Practical issues, like running time, may prevent the use of large models.
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Stakeholders to a decision may have competing priorities, beliefs and preferences. These
conditions lead to deep uncertainty (Lempert, Popper, and Bankes, 2003): a situation in
which parties to a decision do not know or cannot agree on
1. models that relate actions and other key forces to consequences
2. parameters and probability distributions of key variables in these models
3. the value of alternative outcomes
Uncertainty reflects the fact of not knowing enough. Two kinds of ignorance about
uncertain future were identified already by Knight (1921) and for this reason his name is
sometimes used in classifying uncertainties: those that can be reliably quantified are
sometimes called Knightian risks and those that cannot are called Knightian uncertainties.
This latter type corresponds to the concept of deep uncertainty. An example of
quantifiable risk is the likelihood of experiencing a car crash: We can quantify the risk with
abundant historical data. In contrast, an estimate of long-term economic growth is clearly
an example of deep uncertainty (Kalra & al., 2014).

2.1.

Agree-on-Assumptions process

Traditional decision processes first reduce future uncertainty by agreeing on assumptions
about the current and future conditions and after that analyse available decision
options3. The goal of the first step is to define the future circumstances – scenarios - under
which the investment must perform. These can be point estimates or - if there is enough
knowledge to define - a probability distribution. Then, in step two, the available options
are analysed and the one that performs best under assumed conditions is chosen.
Typically, a third step is added in which a sensitivity analysis is performed to assess how
much influence each individual assumption has on the outcome.
When faced with disagreement and deep uncertainty, the traditional “Agree-onassumptions” approach is vulnerable to bias and gridlock. It is a well-known fact that the
choice of assumptions drives the choice of an investment option. If some stakeholder
presses for assumptions that will lead to an option he or she already favours, then the
process of attaining a consensus on assumptions may end up in a gridlock. In addition,
many important assumptions are buried in models used to quantify the options and they
are not visible for decision makers. This makes it difficult for them to understand and assess
potentially critical assumptions on which their investment decisions depend. If the process
lacks transparency, appear arbitrary or do not include stakeholders’ beliefs, the process
may end up in a failure.
The vulnerability of the agree-on assumptions approach can be characterised as follows:
the decisions are optimal for a particular set of assumptions but they may perform poorly
or even disastrously under other assumptions. Sensitivity analyses are often not sufficient for
exploring the full range of plausible assumptions and future conditions. Agree-onAssumptions approach does not encourage for exploring the performance of the decision
options under unexpected conditions. The process gives no information on how the
“optimal” solution performs if the future surprises us (and it will!) nor does it guide to
solutions that might work well if the predicted future does not come to pass. However,
3

Chapters 2.1 and 2.2 are practically based on concise and excellent report by Kalra et. al (2014).
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there is a great need to understand the effect of surprises and unexpected conditions.
Studies have shown that human beings have a widespread tendency towards
overconfidence, believing strongly in our ability to predict the future when we cannot
(Kahneman, 2011).

2.2.

Agree-on-Decisions process

Agree-on decisions process begins by gathering the proposed decision options and
evaluates them under wide range of plausible assumptions. Options can also be
evaluated under low-likelihood but high consequence events: This is the stress-testing
phase. Also the assumptions buried in the models can be treated as uncertain. Every
stakeholder’s beliefs about the future can be used without the need to agree on them.
Analysing the stress-test results reveals which of the options are robust, i.e., perform well
under a wide range of conditions rather than doing well only in some of them. Analytical
tools are then used to identify the specific cases for the failures in performance. Attention
can be focused on conditions that matter to the decision and on reaching agreement on
decision option. This can be done without necessarily agreeing on the assumptions that
might lead to prefer particular option.
This approach actually inverts the traditional process and in so doing promotes consensus
around decisions and can help manage deep uncertainty. Analyses carried out this way
do not make decisions for the decision makers. Instead, they help decision makers focus on
important questions:
·
·
·

Are the conditions, under which the option performs poorly, sufficiently likely that a
different option should be chosen?
What are the trade-offs between robustness and performance, when performance
is measured with cost / import dependence / emissions /, etc.?
Which options give most flexibility to respond to changes in the future?

The metrics for evaluating and comparing options are the same in both the Agree-onAssumptions and Agree-on-Decisions but the decision making process is different.
If all priorities and concerns are aggregated into a single metric, like net present value,
then Agree-on-Decisions process can rank options monotonically. However, it is often
useful to use multiple metrics to evaluate decision options and explicitly avoid
aggregating all the benefits and costs into a single metric because of the difficulties of the
aggregation process. The benefits of using multiple metrics are several:
·

·

·

It helps stakeholders with different values reach consensus since it does not require,
at the beginning of the analyses, agreeing on valuation techniques, relative prices
etc. On the other hand, Agree-on-Decisions process does not provide a unique
ranking of projects.
It helps identify the major trade-offs of the decision by tracking diverse impacts
along the analyses. A constructive discussion among stakeholders with divergent
views is more likely if the trade-offs are identified explicitly.
Identifying trade-offs helps the design of policy mixes in which complementary
measures mitigate adverse effects for some stakeholders or in some sectors.
8

The idea is not to merge these dimensions into one by for example weighted summing but
keep them separate. Each decision maker can and have to weigh individually the metrics
reflecting his/her values.

2.3.

Robust decision making

Robust decision making, RDM, is an example of agree-on-decisions approach. It has been
developed in RAND Corporation (RAND, 2013). It runs the analysis “backward” by
commencing with one or more plans under consideration (often a current or bestestimate plan) and runs models on hundreds to thousands of different sets of assumptions
to describe how plans perform in a range of plausible futures. The resulting database of
these model runs is then analysed and the outcomes are visualized in ways to help
decision makers distinguish future conditions in which their plans will perform well from
those in which they perform poorly. This information can be used in identifying, evaluating
and choosing robust strategies, those that perform well over a wide range of future
conditions.
The RDM process, shown in Figure 1, is a step-wise process (RAND, 2013):
1. Decision makers define the goals, uncertainties, and choices under consideration
2. Analysts then use computer models to generate a large database of runs in which
each case represents the performance of a proposed policy in one plausible
future
3. Computer visualization and statistical analysis of this database help decision
makers identify clusters of scenarios that illuminate the policies’ vulnerabilities.

If these scenarios help decision makers identify potential new ways to address
those vulnerabilities (new options), then they go back to step 1, otherwise they go
to step 4.
4. Decision makers evaluate through trade-off analysis whether these choices are
worth adopting
The process continues until decision makers settle on a robust strategy, Figure 1.

9

Figure 1. Robust Decision Making process (Lempert et al., 2016).

RDM’s analytics, i.e. the discovery and communication of meaningful patterns in
quantitative information, are specifically designed to improve conversations among
decision makers under conditions of deep uncertainty. This procedure has been
developed during the last two decades within decision support projects carried out by
RAND Corporation (RAND, 2013).
The RDM is not the only robust process existing. Other robust approaches, among others,
are the following:
·

·

·

Climate informed decision analysis (CIDA) for managing the Great Lakes Basin
determines first how climate change could affect a project and assesses then the
likelihood of those effects using multiple climate information sources. The analysis of
the Great Lakes Basin comprised three phases (Kalra et al., 2014);
Info-Gap theory has its origins in Ben-Haim’s (2001) study of the reliability of
mechanical systems but it turned out that the methods developed were
transferable to a broader class of problems (Kalra et al., 2014, Irias and Cicala
2013);
Explorative modelling and analysis, EMA, a term coined in Delft University, is a
methodology that combines plausible models and uncertainties to carry out
computational experiments on complex uncertain systems (Hamarat, et al. 2013).

The RAND approach seemed to fit best for this project and so it was chosen for the try-out.

2.4.

Summary

Traditional, agree-on-assumptions type of policy analysis pursues arguments based on an
if-then framework. If the modelled circumstances were replicated in the real world, then
decision makers should take some specified action. As a concession to uncertainty, a
handful of sensitivity cases have to be run as well.
In contrast, robust decision analysis focus on creating candidate strategies (i.e.
hypotheses) that are seen as relevant by stakeholders and that would perform well in a
large set of plausible futures. Striving for a robust decision means an attempt to falsify such
10

hypotheses by searching for plausible futures in which the strategy would fail. The
argument for the strategy is strengthened if the no future is found where the strategy
performs poorly. The converse case weakens the argument for the strategy.
The robust method is an iterative process in which new solution alternatives are created
and tested in a large set of probable future conditions. An existing plan is a good starting
point. Other candidate options may be created, e.g., by an optimising model or they may
reflect the favoured options of the stakeholders. The fundamental issue is that all the
alternatives will be tested with the same procedure and then compared with each other
systematically. An agreement on a decision may be reached even if the stakeholders
views differ on future conditions.

3.

Neo-Carbon scenarios

In this chapter we briefly describe the Neo-Carbon scenarios defined by LUT (Child, Breyer,
2015a), discuss about their main features and define the set-up for analysing these
scenarios. The goal here is not to criticize nor promote the scenarios but use them as a
source material for demonstrating a decision support procedure described in Figure 1.

3.1.

Plans and futures

LUT has defined nine alternative future energy scenarios for Finland for the year 2050.
These scenarios have been defined by using an energy systems simulation software
EnergyPlan (Lund, 2014). The use of the program is important because only system
simulation guarantees energy system functionality.
Scenarios encompass both the energy system configuration and a definition for a future.
Future means here a parametric definition of the environment to come, i.e., it consists of
values for energy end-use, technology costs and fuel prices. Alternative future energy
system configurations are called plans in what follows. This separation of plan and future
clarifies the set-up.
The LUT scenarios have only one future defined, i.e., of all plausible values for energy use,
fuel prices and technology costs only one has been chosen. These plans can be broken
down into three branches of scenarios. They are named as BA, LB and BAU. BA is an
abbreviation for BAsic renewable plan. LB is for Low Biomass and it consists of plans using
one third less biomass compared to the BA plans. Biomass is partly replaced by synthetic
natural gas in these plans. Both BA and LB plans consist of four variations differing in the
amount of nuclear generation capacity. They are marked with endings in the names: ( /LN/-IN/-NN). No ending means zero nuclear capacity, LN stands for low nuclear (1600
MW), IN means intermediate amount of nuclear (2800 MW) and NN is for new nuclear
(4000 MW). The ninth scenario is the obligatory Business-as-Usual (BAU) plan.
Figure 2 and Figure 3 present the basic structural features of the LUT plans.
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Figure 2. The role of biomass (left) and gas supply structure (right) (Child, Breyer, 2015b).

The role of biomass (left) and gas supply structure (right) (Child, Breyer, 2015b) in the LUT
scenarios. Biomass plays a large role in all of the plans, Figure 2. At 2050 situation biomass
use amounts to more than 140 TWh/a in BA scenarios. In the Low Biomass plans its use is
about 110 TWh/a. At 2014 biomass use was 94 TWh in Finland (Statistics Finland, 2016). The
BAU plan differs from the others by its use of fossil fuels. In gas supply it means the use of
natural gas, Figure 2, right panel.
Figure 3 shows the actual amounts of nuclear and other capacities and the
corresponding energies generated.
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Figure 3. Electricity capacity and generation in LUT scenarios (Child, Breyer, 2015b).

On-shore wind and nuclear seem to be substituting each other in the BA and LB plans,
Figure 3. The differences among the plans are clear: The distinguishing factor of electricity
generation in BA and LB plans is the interplay with on-shore wind and nuclear while other
elements are more or less stable. LUT has chosen to let the on-shore wind capacity to
adapt to additions of nuclear capacity while both the off-shore wind and solar PV
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capacities have practically the same values in all the variations of BA or LB plans. The
structure of the electricity generation in BAU scenario in 2050 corresponds to continuation
of the present system structure.
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LUT calculates costs as levelised costs of energy with the estimated cost level at 2050,
Figure 4.

Figure 4. Levelised costs of alternative plans (left panel, Child, 2015.) and the corresponding relative
regrets (Chapter 4.3) (right panel, own analysis).

On the left panel the yearly levelised costs are close of being the same for all the plans.
On the right panel the relative regret (Chapter 4.3) shows the percentage cost differences
among the plans. BA is the least-cost option leading to zero regret in the defined
circumstances where increasing nuclear capacity means increasing costs. Chapters 5
and 6 will show our findings on this issue.
It is problematic to compare the plans with total system-wide levelised costs at a specific
year, especially if that year is so close to the present as 2050 is. Levelised costs suit well for
comparing different technologies when considering an individual investment. But as to
total system costs, we are never in a situation when the total national energy system is
going to be built as one investment (although this is the approach taken by LUT). Rather,
national energy systems are being built as a never ending continuous process involving
numerous decision-makers. Production units of different vintage are being used and the
transition from the present system to the planned future system is a gradual process due to
the long lifetime of the plants. The paths from the present system to the nine alternative
future systems differ from plan to plan. The path dependent costs of this transition should
be taken into account when making a cost comparison. Only if we don’t fix the year of
the future system but just say that it represents a steady-state situation far in the future can
we let the transition costs away from the comparison. But then the future year must be
more distant than 2050.
Two issues that characterise the LUT plans are biomass use and the structure of electricity
generation as described above. The amount of electricity generated is a lot higher in the
renewable plans than in the BAU. The question is: Where does all the electricity go? The
13

answer is - and this is the most striking characteristic of the LUT energy system
configurations - that it goes mainly to synthetic gas production, Figure 5.
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Figure 5. Amount of electricity used for synthetic gas production. Values are based on a VTT_Plan
run.

In the LB plans, synthesis gas production uses almost as much electricity as the whole
Finland does today. This huge amount of electricity used for fuel production is partly
explained by the desire to substitute synthetic gas for fossil fuels and, I presume, partly by
the non-compatibility of time of generation and time of end-use of electricity due to the
large share of intermittent generation.

3.2.

Notes on technologies

The structure of electricity generation is the core characteristic of the plans. These
structures are obtained by combining individual generation capacities in varying shares.
Next figure shows how installed capacity and yearly energy of the individual technologies
are related, Figure 6:
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Figure 6. Relationship between installed capacity (1000 MW each) and yearly generation (GWh/a)
in LUT scenarios. This relationship can be expressed as full-load-hours (h/a).

Nuclear plant generates eight times the amount PV plant produces with the same
capacity or there must be eight times more PV capacity to generate the same yearly
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energy. But even then the two generation forms are not equal: the temporal generation
patterns are totally different. Nuclear plant produces the same level year round while PV
generation takes place only daytime and mainly in the summer-half of the year. From the
system point of view these technologies need different kinds of complementary
generation units in order to meet the varying demand in every hour.
For hydro, the full-load-hours according to LUT in Figure 6 are about 1000 h/a higher than
the historical average in Finland. Also, the yearly generation of 21.4 TWh is 50 % higher than
the present figure without any pumped hydro or extending hydro generation to new river
systems. These are optimistic figures even if accounting for the update of the present
plants and increased precipitation in the future. If the figures were interpreted as
containing also imports, then they would be more credible but Finland is an energy island
in the LUT scenarios.
Full-load-hours for on-shore wind seems a bit low compared to the values of the latest
wind power plant generation. An explanation may be that a very vast application of this
generation form forces to use also non-optimal generation sites and/or occasional
generation shedding has to be applied. However, these are the figures that will be used in
this analysis.
Two general comments on variable renewables are worth mentioning here. First, variability
is the basic characteristic of wind and solar power generation. Due to intermittency one
could even say (with only a slight exaggeration) that they produce only energy, not
power. Because of this, comparing installed capacities of these generation forms directly
with those of conventional generation forms and using this as a measure of their role in the
energy system, is misleading. A better way would be to compare the amount of
generation of the installations. Capacity comparison may be a continuum of past times
when all the generation forms were controllable making capacity a proper yardstick.
Second, Hirth (2013) analysed the value of the energy generated with these variable
renewables in the German power system. He found out that when their shares exceed a
certain level, about 30 % for wind or 15 % for solar, their value began to decrease due to
the system effects. Kiviluoma et al. (2015) obtained similar kind of results in the Finnish
conditions. These results indicate that the shares of alternative variable renewable forms
should be optimized due to their local availability and electricity demand characteristics.
When the shares of these variable generation forms increase, it is the value rather than the
cost of the generation that should be used as an indicator for their desirability.

4.

Analysis framework

This chapter describes the first three steps of the Figure 1 in such a detail that it is possible
to understand the actual analysis described in chapters 5 and 6.
15

4.1.

Problem structuring

Key elements of the analysis can be concisely defined with a framework termed “UCMP”4
(RAND, 2003):
·
·

·
·

Uncertain factors, U, are factors outside the control of decision makers that may,
nonetheless, prove important in determining the success of their strategies.
Issues under control, C, comprise all the actions within the decision makers’ control;
all the alternative strategies and rules of the functioning the energy system that
decision makers want to explore.
Models, M, show the potential ways in which the future evolves over time based on
the decision makers’ controls (C) and the manifestations of the uncertainties.
Performance metrics, P, are the performance standards that decision makers and
other stakeholders would use to rank the desirability of various scenarios.

The element M ties together the other three elements. Figure 7 describes the framework in
one picture.

Within control (C)
·
·
·

·

·

Exogenous uncertainties (U)

Nine plans for energy system structure
Fixed technology shares in modules
Capacities when demand changes
·
Hydro and nuclear have fixed
capacities
·
Other LUT defined capacities form a
floor; capacities increase on demand
Rules for generation adaptation
·
Hydro resources always used up
·
Low demand: equal decrease
·
High electricity demand: Wind and
solar increase their share to meet
demand
Natural gas use in modified scenarios

·

Price of CoalPeat
Price of Natural Gas
Price of Oil
Price of nuclear fuel
CO2 allowance price
Capex of Nuclear
Capex of Wind
Capex of Solar PV
Capex of PtG production
Capex of Biofuel production
Transport demand
Heating demand

·

Electricity demand

Low demand: NG acts as a buffer and
adapts first

Models (M)

·
·

·
·
·
·
·
·
·
·
·
·
·
·

Performance metrics (P)

EnergyPlan
VTT_Plan

·
·
·

Total cost
CO2 emissions
Share of imports

Figure 7. Framework for the analysis.

4.1.1.

Exogenous uncertainties (U)

Exogenous uncertain parameter values describe plausible futures. The three classes of
uncertainties are resource prices, amounts of demand and technology investment costs.
We don’t pretend to know the probability distributions of these uncertain factors and use
uniform distributions to describe the range of possible values.

4

RAND uses XLMR for the same issue; we have only renamed the dimensions.
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To obtain values for these uncertain parameters we apply Latin Hypercube sampling as it
uses the whole range more evenly than the simple Monte Carlo sampling. When
describing the values of the inputs with distributions then also the outcomes, total costs,
etc., are obtained as distributions.
Table 1. Uncertain parameter ranges, values used by LUT and current values (LUT column: Child,
Breyer, 2015a; other columns: own definitions). RE/BAU - renewable scenario value / BAU value;
Ele/DH – Electricity / District heating (taxes differ).
min

max

wacc

0.07

Fuels
eur/ MWh

CoalPeat
Oil
NaturalGas
Biogas
Biomass
CO2

Electricity
eur/ kW

Cost of capital

Gas system
eur/ kWg
Demand
TWh

Now
Ele/ DH

0.07

LUT
RE/ BAU
0.07

11
36
36
45
19
45

37
120
120
200
86
300

12.2
58.0
43.9
65.0
21.6
75

9/ 30
52
25/ 36
65
21/ 21
5

WindOn
WindOff
PV
Nucl

600
1625
360
4550

2000
5000
1200
9100

900
1800
400
6500

1227
3500
1300
5000

PtG
BioGasifier

740
400

3175
1600

870
776

3380
900

Heat
Electricity end-use
Transport

28
50
21

67
100
49

51/ 58
83/ 85
35/ 45

56
84
51

The parameter value ranges are wide reflecting the uncertainty of the values in 2050. One
thing is worth noting here. We do not put any additional costs for the electric grid
(following the LUT practise) although the energy throughput in the BA and LB plans is
substantially higher than that in the BAU plan. Especially, installed power is from three to
almost five times higher in the renewable plans and the total use of electricity is double
that of the BAU. As a partial fix we use quite large value range for the renewable
technologies.

4.1.2.

Within control (C)

These are issues that are under the control of the decision makers including the strategy
(plan) definitions and the way the energy system adapts to changing energy demand. To
emphasise the fact that the way the model functions is not an “objective” issue but one
that has been chosen, the decision making logic of the model is described here and not
under the Model chapter. These assumptions on functioning are part of the model
structure but made visible here on purpose.
We take the capacities of the large-scale energy production units from the LUT results and
set them as lower levels in the VTT_Plan model. The use of the capacities, i.e., the yearly
energy production, is defined as a product of the installed capacity and full-load-hours.
Values for the full-load-hours are obtained from the LUT results and we interpret them as
the upper bounds. Thus, when demand decreases below the LUT defined level, the value
of the full-load-hour parameter must decrease (in the same way for all the technologies)
to equilibrate supply and demand because the capacities cannot flex downwards. In
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cases when energy demand rises over the reference level we assume that the increase is
met by increasing capacities as the full-load-hours parameter does not flex upwards.
Hydro and nuclear capacities form exceptions: potential hydro production is always used
up, i.e., both the capacity and full-load-hours are fixed, but nuclear has only fixed
capacity and its full-load-hours parameter flexes as described above. As a result, nuclear
energy generation is bounded from above but it flexes downward. The appendix contains
a detailed description of the model.

4.1.3.

Performance metrics (P)

To find out how the alternative scenarios perform in various cases we use the following
metrics:
·
·
·

Total system costs
Emissions
Import share

We do not take the share of renewables in energy production as a separate metric as it is
not a goal as such but a means to achieve an emission-free production, although biomass
emissions are a contentious issue. Instead, we use import share as a third dimension in
comparing the plans. Import share is not a straightforward issue either, because it is a bit
difficult to define which of the inputs are purely domestic. As to importing energy in
general, it is not the same thing as being exposed to a security of supply problem. Supply
security is an interesting and many-sided issue but we leave that discussion to another
project.

4.1.4.

Models (M)

To carry out the stress-test we define and implement a model, VTT_Plan (Appendix 2), to
emulate EnergyPlan results. EnergyPlan has one-hour time step and VTT_Plan operates only
with yearly values. VTT_Plan is calibrated to the results of the LUT EnergyPlan model runs.
As a general approach, it is fruitful to use models of varying resolution (Bigelow & Davies,
2003). While the detailed model gives realistic values of the functioning of the system it is
impossible to run it thousands of times in a reasonable time. Defining a lower resolution
model makes it possible to cover a large parameter space within an acceptable run-time.
But it takes place at the expense of losing many details. Combining the use of the models
gives the best of both approaches. If something interesting and unexpected emerges in
using the low resolution model the results can be checked with the more detailed model.
The logic of the model use can also go the other way round as Bigelow and Davies (2003)
show in their report: Using a low resolution model the analysts were able to discover an
unsound feature in the logic of the high-resolution model that would have been
undiscovered without the multiresolution set-up.
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Figure 8. VTT_plan model structure replicating that of the EnergyPlan. The plans are defined by
production technology capacities and their market shares. The fuel flows are not shown.

4.2.

Case generation

LUT uses only one future definition. It means that there is only one estimate for each
uncertain parameter. The uncertainties can be grouped into three classes: fuel prices,
energy demand, and energy technology costs. We take another view on these values by
defining a value range for each uncertain parameter. Then, using a uniform distribution on
these value ranges, we take one sample from each distribution to combine a future and
we repeat this 5000 times to formulate 5000 futures, the test bench for the plans.
Then we check the performance of the plans in all the futures. In other words, we put the
energy system configurations into a stress-test to find out
§
§
§

How do these plans perform in alternative futures?
Which plans are the most robust against the uncertainties?
Which uncertain factors have the largest impact on the performance?

We use three performance metrics - total cost, emissions and import share - when
comparing the plans.
We assume that:
§
§
§

Energy system will be built as a one investment at the end of the year 2049
The technology parameters (efficiencies, full-load-hours, etc.) are those
defined by LUT
The future is uncertain and this uncertainty is described by value ranges for
technology costs, fuel prices and energy end-use

The idea is to carry out the analysis with the “agree-on-decisions” style: We take the nine
plans and find out how they perform in the plausible futures. In this step first a sample of
5000 futures is formed by using uniform distributions over the data-ranges that describe the
possible parameter value combinations. Then the performance of the plans, i.e., the
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values of the performance metrics in all the futures is calculated. In other words, we put
the energy system configurations into a stress-test. Figure 9 clarifies the set-up.

Figure 9. Uncertain futures and the energy system. The nine plans are defined as alternative energy
system structures in the VTT_Plan model.

There are three sets of uncertainties corresponding the three parts of the model structure:
fuel prices, costs of the energy supply technologies and energy demand. The generated
futures form the landscape of plausible futures. It is the test bench for the nine plans or
energy system configurations. An output of this step is a data-base consisting the values of
the uncertain inputs and the corresponding values for the performance metrics.

4.3.

Regret based performance evaluation

Regret is a suitable way of measuring success when the target is a robust solution. Regret is
the difference between the performance of a particular strategy and the best performing
strategy in the same future scenario (Lempert et al. 2003). Two versions are in use: absolute
regret, R, and relative regret, r. They are defined as follows:

R( j, f ) = C ( j , f ) - min { C ( j, f ) },
j

r( j, f ) =

R( j , f )
min { C ( j , f ) }
j

where C(j,f) is a performance index (e.g. cost), j refers to strategy and f is future.
Regret is useful because with it each plan can be compared to other plans. Making a
decision means choosing one out of many options. When making that decision we are
especially interested in their comparative success over the possible future states.

4.4.

Discovering vulnerable futures

The idea of vulnerable future discovery is to identify low dimension descriptions of the
uncertain inputs that best predict the future states of the world where the plans perform
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poorly. This information informs the qualities of the plans and gives an opportunity to
define hedges against the vulnerabilities. The search focuses on vulnerabilities due to the
desire of avoiding the worst outcomes and ensures good enough, or satisficing,
performance.

4.4.1.

The process

The discovery process has three steps as follows:
1. Define performance threshold
2. Find drivers for threshold violations
3. Define the futures in a concise way
The three steps of future discovery can be illustrated as Figure 10. Three steps of vulnerable
future discovery (Kasprzyk et al. 2013).

Figure 10. Three steps of vulnerable future discovery (Kasprzyk et al. 2013).

Vulnerable future discovery uses
Statistical cluster analysis is used on outputs of simulation model runs to identify concise
descriptions of the combinations of uncertain model inputs that best predict the future
states of the world where the strategies perform poorly. Figure 10 shows a hypothetical
example of the process.
Step 1 illustrates a threshold for a measure m that defines classifies the performance of the
strategy in one of the two classes: acceptable or vulnerable. Cases that violate the
threshold is hereafter termed “vulnerable”.
In Step 2, the points of vulnerable performance are coloured in black. The vertical and
horizontal axes in Figure 10 are values for uncertainties x2 and x1. As shown in the figure it
can be difficult to describe the cluster of black points, i.e. the values that cause the
vulnerabilities in simple terms. That is why the discovery process employs the Patient Rule
Induction Method (PRIM, Friedman and Fisher, 1999) to automatically calculate “scenario
boxes” such as the grey shading in the figure. Each future represents ranges of exogenous
parameter values over which the candidate solution performs poorly.
PRIM’s boxes provide simple descriptions of future trajectories. An important difference
between scenario boxes and traditional point-valued scenarios is that the boxes are
developed using quantitative descriptions of system performance. PRIM functions by
“peeling” away thin layers of the uncertainty space to identify scenarios and also
iteratively increases or decreases dimensions (the number of uncertainties that are
restricted) of the proposed candidate box depending on how well those dimensions
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capture the cluster of points of interest. The resulting boxes are expressed in the form
B = a £ x j £ b, j Î L . In other words, an uncertainty xj is constrained to be between lower

{

}

and upper value, between a and b.
The use of PRIM is an iterative process. PRIM suggests alternative candidate boxes from
which the users choose. The algorithm identifies boxes that lie on a Pareto optimal surface.
The quality of the boxes is described by three measures. Coverage quantifies how many
of the vulnerable points are captured within a scenario. Density indicates how many of
the captured points within a scenario (box) are actually in the vulnerability set.
Interpretability indicating how easily users can understand the information, is considered
to decrease with the number of parameters used to define the box. Two or three would
be a suitable amount of dimensions and four is about a practical upper bound. In
addition to pointing out the causes for vulnerability, scenario discovery also suggests
which uncertain parameters are less important in describing the vulnerable cases.
Step 3 in Figure 10 is an example of how the constrained dimensions in the scenario box
are visualized. In the example only two dimensions out of the three are constrained. This
indicates that the first two dimensions are the most important uncertainties for the system.
The grey shading shows the specific ranges of variables where vulnerabilities emerge.

4.4.2.

Diagnostics

PRIM is a statistical clustering program and it makes errors under some conditions (Bryant,
Lempert, 2010). Such errors highlight the importance of using diagnostic tools to evaluate
statistical significance of the parameter constraints proposed by the algorithm. PRIM
program package uses a resampling test and a quasi p-value test for this purpose. These
two tests help detect errors by estimating the probability that any particular parameter
constraint is due to chance and by examining the extent to which the scenario definition
varies over multiple samples of the original data.
Resampling test evaluates a scenario definition by assessing how frequently the same
definition arises from different samples of the same database. The PRIM package in use
here makes 10 resamplings with half of the data sampled each time (Bryant, 2014). Two
sets of resampling statistics are generated: one in which the algorithm generates a
scenario matching as closely as possible the coverage of the original box, and one in
which it matches the density. These two criteria will often, but not always, produce the
same results.
Quasi-p-value (qp-value) test uses what essentially is a p-value test to estimate the
likelihood that PRIM constrains some parameter purely by chance. It is called quasi-pvalue because it does not fulfil entirely the requirements of the test Bryant, Lempert, 2010).
However, it provides useful information for comparing parameter relevance. The
interpretation of the qp-value follows that of the real p-value: the smaller the value, the
smaller the probability that the parameter in question has been chosen only by chance.
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5.

Vulnerability of the original plans

In this chapter the analysis strives for finding out how the plans presented in chapter 3.1
perform in alternative futures. The approach is comparative. Performance metrics form the
dimensions of this comparison. The idea in this chapter is to introduce a selection of
alternative tools that can be used in this analysis phase. The examination starts with costbased comparisons, then presents acceptance-based comparison, proceeds to variabilitybased comparison, shows importance-based results, conducts a scenario discovery
process for the chosen candidate plans and, as a last step, syntheses the information for
decision making. This information is also used in redesigning the plans to perform better
(Chapter 6).

5.1.

Calibrating the model

The first step in the analysis is to guarantee that the results of the VTT_Plan model
correspond to those of the EnergyPlan model. VTT_Plan is a simplified version of the
EnergyPlan not including all the processes and details that contribute to the total costs.
That is why additional fixed and variable costs are added to the costs of the VTT_Plan
results to make them equal to those of the EnergyPlan.

5.2.

Cost structure comparisons

The static set-up of the analysis does not allow showing the advantages of wind and solar
investments, i.e., small unit size and short construction time. In what follows, the investments
in wind and solar power are handled as if they were conventional lumpy plants.
A basic cost characteristic is how the costs are divided into fixed and variable classes in
each plan, Figure 11.
40K
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32.5K
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27.5K
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22.5K
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17.5K
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12.5K
0

5000
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BA
BA-LN
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BA-NN

LB
LB-LN

LB-IN
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BAU

Figure 11. Cost structures of the plans in the 5000 cases.

BAU plan is the least capital-intensive of the plans and the variability in total costs is mainly
due to the variable costs. This variability comes from changes in demand and fuel prices.
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The LB series of plans is the highest capital-intensive group of scenarios and BA plans are in
between the two. Biomass price is by far the largest exogenous factor having an impact
on variable costs in the renewable plans.
One dimension in describing the “goodness” of a plan is to count for each plan the
number of futures in which it is the least-cost option.
0.4
0.35
0.3
0.25
0.2
0.15
0.1
0.05
0
BA

BA-LN

BA-IN

BA-NN

LB

LB-LN

LB-IN

LB-NN

REscen

Figure 12. Share of futures in which a strategy is the least cost option. On the left: all plans; on the
right: all but the BAU plan.

LB and BAU are the two most successful plans cost-wise. Among the zero-emission plans
(all but the BAU plan) the LB and BA-IN are the best performers and the BA-NN is almost as
good as BA-IN. The two last-mentioned are the ones most influenced by the BAU plan as
their shares increase substantially when BAU is discarded.
Importance analysis uses correlation as a metric of the “importance” (Analytica, 2010).
The actual values of each uncertain input and output are replaced by their ranks and
these ranks are used in the analysis. The outcome is the absolute value of this rank-order
correlation. Absolute values are used as we are interested in the value of the correlation;
the sign of the correlation has no value as such. It is a robust measure of the uncertain
contribution because it is insensitive to extreme values and skewed distributions.
Figure 13 displays the results of the importance analysis for the original LUT plans.
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Figure 13. Results of the importance analysis for the original plans. The correlations have been
stacked to help the comparison over scenarios and factors, although the sum as such has no
meaning. Only the values of the individual correlations are of interest.

Biomass is clearly an important factor in all scenarios. Fixed costs of on-shore wind
(FxWindOn) and synthetic gas (FXPtG) are the next two important factors. There are only
relatively small variations in the importance of the inputs on the total costs among the
renewable scenarios. The largest difference among the zero-emission scenarios is between
the BA-NN and LB scenarios. The BAU scenario has a distinctly different structure.
This kind of analysis is informative in that it reveals the factors that are important in average
but it does not reveal what part of the value range makes the plan to fail or to succeed.
To find out the interesting value ranges for the parameters we have to use other methods,
like the PRIM algorithm used in the scenario discovery.

5.3.

Acceptance-based comparison

Definition for acceptance is based on threshold values. These thresholds, upper bounds for
acceptance , are defined for each performance metric as follows:
·
·
·

Cost: 2 % overrun on the least-cost plan
Emissions: 10 % of the largest emission plan
Import share: 30 % of energy end-use

If the relative cost regret stays below the threshold value it is considered accepted. The
other metrics are interpreted in accordingly. The base-case value for domestic biomass is
estimated at 100 TWh, which approximately corresponds to the present level of domestic
supply. With these values the overall situation looks like that shown in Table 2.
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Table 2. Percentage of cases in which each strategy meets criteria. Red indicates that the strategy
meets that criterion in fewer than 10 % of the cases. Light brown indicates that strategy meets the
criterion threshold in 10-30 % of the cases. Yellow indicates that the strategy meets that criterion in
31-75 % of cases. Green indicates that the strategy meets that criterion more than 75 % of the
cases.

Cases meeting criterion thresholds (%)
%

Cost

Emiss

Import

All

BA

20

100

100

20

BA-LN

26

100

100

26

BA-IN

44

100

100

43

BA-NN

36

100

99

35

LB

51

100

100

51

LB-LN

18

100

100

18

LB-IN

13

100

100

13

LB-NN

14

100

100

14

BAU

44

0

0

0

As may easily be seen, among the three individual metrics the cost metric leads to the
greatest share of unsuccessful case outcomes under all but BAU strategy. While BAU
performs quite well in meeting the cost criterion it does not meet the other two criteria
leading to weak overall result. The emission criterion does not limit the zero-emission
scenarios at all but the impact of the import share criteria depends on the threshold share
chosen. The 30 % threshold is the tipping point: if set to 20 % then dramatic changes would
occur, Figure 14.
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Figure 14. Impact of emission threshold on total acceptance with 100 TWh domestic biomass
supply.
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The change in the acceptance is due to biomass imports and variation in energy
demand. The BA and LB series of plans are readily identified.

5.4.

Variability in performance metrics

5.4.1.

Individual metrics

All the uncertain inputs have a range of possible values making the outputs also
obtainable as value ranges. Each possible input value has equal probability to occur in
the defined range meaning that the uniform distribution is used. Using the value ranges
defined in Table 1 the relative cost regret, displayed as box-plots, looks like shown in Figure
15.

Regret, % of cost

25
20
15
10
5
0

Figure 15. Total yearly relative cost regret (percent of minimum total system cost). The top and
bottom lines bounding each box show the 75th and 25th percentile values, respectively. Median
value is at the change of colour. The ”whiskers” show the 90th and 10th percentile values,
respectively.

In the BA series of plans there seems to be an optimal proportion of wind and nuclear
capacities: the regret is at its lowest in BA-IN plan. In the LB series, the more nuclear power
the worse the outcome. BAU has the largest variation in regret but it performs extremely
well in certain types of futures as was evident already in Figure 12.
Regret describes the extra cost of choosing a particular option instead of choosing the
least-cost option for the same future. Only one future will materialize. Knowing that in
advance would make it possible to optimize the system for that environment. But that
knowledge is not available and that is why the objective is to choose an option that
performs well in as many of the plausible futures as possible. Regret helps in identifying this.
The values for the other two metrics are shown in Figure 16.
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Figure 16. Performance metric values for original scenarios. Import share is calculated with the
assumption that domestic biomass supply is 100 TWh, the rest is imported.

Only BAU emits CO2 and its range of the variations are rather small. BA plans use a lot
more biomass than the LB plans which explains the differences in the import share values.

5.4.2.

All the performance metrics together

All the three dimensions are gathered into the Figure 17 to help their comparison. Another
kind of approach for multidimensional result display can be found e.g. in Kasprzyk et al.
(2013).
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Figure 17. Values of all the three metrics in one figure. The proportional value range is defined
individually for each metric. Maximum amount for domestic biomass is assumed at 100 TWh.

BAU scenario forms a class of its own: Cost-wise it is performing well but in all other
dimensions it seems to be a failure. BAU plan is perhaps not intended for a real alternative
but serves as a reference for the other options. BA plans use more biomass and it has to
be imported in high energy end-use demand futures.
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5.5.

Discovering vulnerable futures

5.5.1. Candidate plans
In a typical RDM process the plan with the lowest mean regret is nominated as the
candidate robust strategy. It is called a candidate strategy at this stage as it will be
developed further if there is a need and possibility to do so. In what follows we
concentrate on the cost issue and put the BAU plan aside from the analysis. This is
because we are interested in the zero-emission plans: they form the real alternatives for
future energy system development. In the end, the performance of the BAU in various
futures will be compared to the zero-emission ones. The total variability of the costs is of
the same size for all the plans but the specific futures that cause the very high costs differ
for each plan.
The best performers when using the highest number of least cost occurrences are the LB
and the BA-IN plans, Figure 12. They also performed well when all the three performance
metrics were used, Table 2.
When the zero-emission plans are compared with each other using regret, Figure 18. The
BA-IN strategy has the lowest median regret. But there are futures in which the LB does
extremely well (regret is zero). On the other hand, there are futures with a lot poorer
performance causing high variation in results, Figure 18.
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Figure 18. Relative regret among the zero-emission options.

BA-NN and LB strategies are structurally the two extremes of the zero-emission plans in this
study, Figure 13. Because the BA-IN performs slightly better than BA-NN cost-wise it is
chosen, with the LB, as the two candidate strategies. Next we’ll use the vulnerable future
discovery procedure to find out the futures in which these strategies perform poorly.

5.5.2. Using the PRIM
The first step in defining vulnerable futures is to choose the threshold level as was defined
in Figure 10. Here it is defined as the highest 10 % of regrets that form the set of vulnerable
cases to be analysed. The next figure, Figure 19, shows how the value of regret varies from
case to case.

29

Figure 19. Threshold for vulnerability for the zero-emission (RE) plans.

We start the PRIM process with the BA-IN plan. The interesting case are those in which the
regret exceeds 1.5 M€/a. The PRIM toolbox produces the following density-coverage
curve to start with, Figure 20:

Figure 20. Future discovery for the case where BA-IN plan performs poorly. Box number 22 is the box
chosen (below). The lines with cross markers represent boxes with the number factors restricted
indicated by colour. For example, the blue line starting from number nine describes a box
sequence with only one factor restricted. The purple above the blue line describes the same with
two parameters restricted.
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The starting point, the lower right corner, is (0.1, 1.0) as at the beginning the density is 10 %
because that is how we defined the interesting points and the coverage is 100 % because
all the factors are unrestricted. The more restricted factors the higher the density but at the
expense of the coverage. There is no right choice, it is up to the user to define the goodenough compromise among these measures of quality (density, coverage).
Due to the way the box sequence is generated it does not represent an optimal search
but it illuminates trade-offs between the scenario quality measures of coverage, density
and interpretability (number of restricted factors). The colour indicates the number of
parameters constrained in a box. Blue means that only one parameter is constrained,
purple means two, etc. The numbers near the dots are the interesting boxes pointed out
by the analyst. Green dots indicate that four factors are needed to define a future with
acceptable coverage and density definitions for the futures in which BA-IN performs
poorly.
Values of the statistical indicators for the scenario describing when the BA-IN plan is
vulnerable are displayed in Table 3.

Table 3. Results of the statistical tests for the BA-IN vulnerable case.
Model input parameter
Biomass price
On-shore wind investment cost
Synthetic gas investment cost
Heating demand
Off-shore wind investment cost
Nuclear investment cost
Transport demand
PV investment cost
CO2 price
Natural gas price
Coal/Peat price
Oil price
Biomass gasification inv. cost
Electricity demand

Reproduce coverage
100 %
100 %
100 %
0%
0%
100 %
0%
0%
0%
0%
0%
0%
0%
0%

Reproduce density
100 %
100 %
100 %
0%
0%
100 %
0%
0%
0%
0%
0%
0%
0%
0%

qp-value
1.561e-12
2.259e-67
2.639e-10

5.858e-07

The values for the three statistical indicators of the four factors express reliability, i.e., the
results are not due to pure chance but there is a causal link between the factor values
and the outcome. Using these factors the vulnerable future for the BA-IN plan turns out to
be the following:

Inv. cost of on-shore wind
power
Inv. cost of PtG
Inv. cost of nuclear power
Biomass price

FxWindOn

<

FxPtG
<
Nucl_capex >
Biomass_
>

1076 eur/kW
2363 eur/kWgas
5779 eur/kW
43 eur/MWh

The density (the number of interesting points divided by all the points inside the box) of the
future box is 59 %. The box coverage is 62 %, i.e., three out of five interesting points are
inside the box. The name of this future is “BA-IN vulnerable”.
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The four factor future has clearly two separate sections: the first two factors guarantee
that those plans that are dependent heavily on wind energy and PtG-based gas perform
well: the costs of these technologies are on the lower part of the range. In addition, these
plans have no or only very small amount of nuclear power. The other two conditions make
nuclear power and biomass expensive deteriorating the performance of the BA-IN plan.
Figure 21 illustrates the future with relative and absolute value ranges of the chosen
factors.

Figure 21. Future conditions that make the BA-IN plan performing poorly compared to the other
zero-emission plans.

When the investment costs of both the on-shore wind power and syntheses gas are on the
low cost side of the range and, at the same time, the investment costs of nuclear power
and the price of biomass are on the high cost side of the possible range, then the strategy
BA-IN performs poorly compared to the rival plans.
Next we are after the definition for the circumstances where the LB plan performs poorly.
The same procedure as above is applied here. An example of a scenario box showing
the relation between the investment costs of PtG and on-shore wind for BA-IN plan is
displayed in Figure 22.
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Figure 22. Projection of a scenario “box” on a plane showing the interesting points as black dots.

The statistical indicators are displayed in Table 4.
Table 4. Scenario discovery results for LB plan.
Model input parameter
Biomass price
On-shore wind investment cost
Synthetic gas investment cost
Heating demand
Off-shore wind investment cost
Nuclear investment cost
Transport demand
PV investment cost
CO2 price
Natural gas price
Coal/Peat price
Oil price
Biomass gasification inv. cost
Electricity demand

Reproduce coverage
100 %
100 %
100 %
0%
0%
100 %
0%
0%
0%
0%
0%
0%
0%
10 %

Reproduce density
100 %
100 %
100 %
0%
0%
100 %
0%
0%
0%
0%
0%
0%
0%
0%

qp-value
3.881e-06
1.908e-86
8.991e-12

2.902e-11

Statistical tests show high reliability on the four factors defining vulnerable future and the
values for the factors turn out to be the following:
Inv. cost of on-shore wind power
Inv. cost of PtG
Inv. cost of nuclear power
Biomass price

FxWindOn
FxPtG
Nucl_capex
Biomass_

>
>
<
<

1555 eur/kW
1594 eur/kWgas
7566 eur/kW
73 eur/MWh

The same factors as above but now the logic and value ranges are the opposites: the first
two conditions are related to high cost of those technologies the LB strategy is mostly
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dependent on and the last two factors excludes the worst outcomes of its competitors.
Figure 23 illustrates this future.

Figure 23. Conditions that make the LB plan perform poorly.

The LB plan uses a lot of wind power and syntheses gas. If these turn out to be expensive
and at the same time nuclear power and biomass are not on the high cost side of the
range, then the LB strategy performs poorly compared to the rivals.
Both of these two vulnerable future definitions cover about 10 % of the cases. The rest 80 %
of cases form a third area called “Middle”. These three future definitions are used in the
trade-off phase of the analysis in the next chapter.

5.6.

Cost-based trade-offs

Now the first three steps of the robust decision making procedure have been carried out
and it is time to refine the information for decision support purposes. In the future discovery
step the landscape of plausible futures was divided into three areas5 based on the
characteristics of the two promising plans, BA-IN and LB. This division is now used to reveal
the performance of the alternative plans by quantifying their performance in each of the
areas,
Figure 24.

5 The future definitions in Figures 21 and 23 are partly overlapping. By halving the overlapping factor value ranges two separate areas were

formed.

34

BA-IN vulnerable

Middle

LB vulnerable

3.5

3.5

3.5

3.0

3.0

3.0

2.5

2.5

2.0

2.0

1.5

1.5

1.5

1.0

1.0

1.0

0.5

0.5

0.5

0.0

0.0

Regret

4.0

2.5

0.0
BA
BA-LN
BA-IN
BA-NN
LB
LB-LN
LB-IN
LB-NN

LB-IN

LB-NN

LB

LB-LN

BA-IN

BA-NN

BA

2.0

BA-LN

LB-IN

4.0

LB-NN

4.0

LB

4.5

LB-LN

4.5

BA-IN

4.5

BA-NN

5.0

BA

5.0

BA-LN

5.0

Figure 24. Cost regrets [Meur/a] in the three separate areas of the landscape of plausible futures
(5000 cases).

Where BA-IN is vulnerable, there LB excels and where LB is vulnerable, BA-NN (and BA-IN)
performs best in average. In the middle area the result is close to the situation described in
Figure 18. That is a natural outcome as about 80 % of all cases belong to that area.
In any uncertainty analyses there comes the point that decision makers have to define
probabilities. But unlike traditional approaches, there is no need to define entire
probability distributions but to decide on threshold values of the following type: Is the
future that makes the LB performing poorly, LB vulnerable, more probable than the future
BA-IN vulnerable that makes the plan BA-IN to fail? Or, alternatively, what the decision
maker has to believe about the future to choose LB instead of BA-IN? It is easier to choose
a threshold value than to choose a distribution out of numerous possibilities.
Next we combine the results into a single visualization and this is the phase in which the
probability assessments are incorporated into the analysis. The separate results are
aggregated by calculating the expected median regret. Each cell in the triangle matrix
below represents the minimum regret plan. It is defined as a weighted sum of the mean
regrets (Figure 24) in the three futures as follows:
Plan ( x, y) = min{ PLB × Rk ( LB) + PBA- NN × Rk ( BA - IN ) + (1 - PLB - PBA-NN ) × Rk (Middle ) }
k

where k refers to the plans, Pj is the subjective probability of scenario j and Rk(j) is the mean
regret in scenario j for plan k. On the diagonal, the sum of the values of the x- and y-axis
(the subjective probabilities of LB vulnerable and BA-IN vulnerable) is one making the
weighting factor for the middle scenario zero. In all the other cells the middle scenario
weight exceeds zero and it is calculated as 1-x-y.
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Figure 25 shows which policy would lead to the lowest expected mean regret for a given
likelihood assessment for each of the two named scenarios (x- and y-axis) and the others
(middle, implied z-axis). Here only the zero-emission plans are included. In Figure 26 the BAU
plan is included in the set of possible plans and, maybe surprisingly, it performs well in futures
where the cost of fuels and nuclear power is not exceedingly high.

Figure 25. Decisions with lowest mean regret under different expectations of facing the LBvulnerable scenario (x-axis), BA-NN scenario (y-axis) or neither (implied z-axis).

When BAU is seen as an acceptable option the situation changes, Figure 26:

Figure 26. Decisions, when the BAU plan is an allowed alternative.

The BAU plan performs better (cost-wise) than the BA-NN and it replaces even BA-IN in
some. There are common elements in BAU and the modified BA plans that explains this.
Especially, in the LB vulnerable case, there are futures in which the BAU strategy is the least
cost option (low cost of fossil fuels and nuclear), Figure 24. The overall performance and
the higher variability of the BAU compared to the BA-IN was revealed already in Figure 15.
The triangle formulation of the problem focuses any debate over characterizations of
future uncertainty to only those that are critical to the choice of strategy. In this case, only
the likelihoods of either the BA-IN vulnerable or LB vulnerable scenarios are relevant. The
implication of different beliefs about the likelihood of these scenarios is easily visualized.

5.7.

Other metrics

The name of the set of the eight plans, zero-emission plans, says it all: Emissions do not
separate out one plan from another. Only BAU plan produces emissions due to the fossil
fuel use. But import share varies among the plans as shown in Figure 16. But what causes
these variations? To find out the factors behind this phenomenon the same PRIM-based
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discovery procedure as above is used. It is applied to the candidate plans and the results,
describing the highest 10 % of the value of the import share values, are as follows:

Table 5. Import share is peaking under these circumstances.

Heating demand
Transport demand
Electricity demand
Coverage [%]
Density [%]

BA-IN
> 54 TWh
> 38 TWh
< 99 TWh
85
70

LB
> 57 TWh
> 34 TWh
91
66

Statistical tests show excellent reliability for both of the definitions. The “lower than”
electricity demand constraint increases the density of the scenario but its impact on
coverage is minimal. The first two rows in the table are as expected - domestic biomass
supply is limited and high heating and transport energy demand increases also biomass
use leading to its imports - but the last row is a somewhat surprising result.
The electricity demand constraint is connected to nuclear power as follows: (i) Nuclear
fuel is imported making nuclear power as a non-domestic electricity source; (ii) Share of
nuclear power changes along demand variations. Nuclear capacity is fixed and in case
of low demand its share increases and the opposite is true in high demand cases.
Electricity demand refers here to specific electricity end-use excluding heating and
transport use but the specific end-use dominates electricity end-use.
The import share metric should be fine-tuned to inform only about the cases where the
absolute amounts of imports are high, i.e., cases of increased energy use. A metric with a
reference to the actual amounts would serve better as an indicator of energy selfsufficiency than the one used in this study.
To decrease energy imports, the action is the same for all the plans: demand reduction
(energy conservation). The largest differences among the plans are revealed by the costmetric: Depending on the expectations about the future the decision makers can choose
among the defined options.
One might wonder, why the density of the future definition is not higher. The explanation
can be found in Figure 27 below.
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Figure 27. The interesting points in the LB case. The scenario box is a rectangle but the black dots
form a triangle deteriorating the statistical indicator values. The values on the axis describe
proportional value of a factor compared to the reference value.

The future descriptions can be improved by using a preprocessing step before using the
PRIM. A Principal Component Analysis (PCA) rotation transforms the original model input
parameters so that PRIM can then identify hyper-rectangular scenarios in the new rotated
coordination system. The method is explained and applied in Dalal (2013).
This was only the first round of the process described in Figure 1. In the next chapter the
analysis is repeated after modifying some of the chosen plans to make them perform
better.

6.

Vulnerability of the modified plans

The analysis above would suggest that the production of synthetic gas, on-shore wind
generation (largely used for the gas production), nuclear power and biomass use are the
main factors in the vulnerability scenarios defined. Here we modify some of the plans to
test whether it would be possible to make them perform better than in the original form.

6.1.

Introduction

There are basically three supply side components in the plans that can be used in striving
for zero-emission energy futures. They are the variable renewables, i.e. wind and solar,
nuclear power and biomass. Wind and nuclear options are systematically varied in the BA
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and LB plans but for biomass there are only two end-use levels: one applied in the LB
plans and the other, about 50 % higher, in the BA plans.
The comparative vulnerability analysis in chapter 5 revealed that the high costs of onshore wind power and PtG (Power-to-Gas) technologies and the low costs of nuclear
power capacity and biomass form the set of factors making the LB plan vulnerable. These
factors form the strengths of the BA against the LB plans. The other ends of the same
factors make the BA vulnerable. Using the opposite ends of the factor value ranges
produces the opposite results of the plans comparison.
The price of biomass is vulnerability due to its relatively large use in the BA plans. The
amount of nuclear power and the variable renewables6 in the LUT-defined (original) plans
clarify their roles in both of the LB and BA plans and there is no need to formulate any new
options for them. But the role of biomass is a potential factor on which to build.
The LB set of plans substitutes synthetic gas for part of the biomass used in the BA plans.
This is why the LB (Low Biomass) plans use less biomass and more electricity in meeting the
energy demand. The production chain of the PtG consists of electricity generation,
electrolysis and methane production. The production is, all in all, very capital intensive,
Figure 11.
But if we replaced part of the PtG by gasified biomass then it would be possible to lighten
the investment burden without sacrificing the high share of renewables in energy
generation. The downside of this decision is, of course, the added cost risk due to the
increased biomass use as biomass was identified above as one of the main factors
explaining the high-cost cases for BA set of plans when they were compared to the LB
plans. Thus, we are trading one risk source for another.
The best (lowest regret) plan of the original scenarios, BA-IN (Figure 18), would normally be
a prime candidate for a starting point for modifying the plans to perform better. But all the
BA scenarios are already highly dependent on biomass and the potential to use even
more does not seem promising. That is why we leave the BA plans in the original form and
turn to those LB scenarios that have nuclear in their generation mix and take them as the
basis for the modifications.

6.2.

Modifications

Based on the reasoning above wood will be used for substituting part of the expensive
synthetic natural gas, Figure 28.

6

Actually, only wind capacity varies. Solar capacity is practically constant making no difference among the plans.
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Figure 28. Gas procurement structure, i.e. gas shares, in the original and modified plans.

For the modified plans we define new reference points for electricity generating
capacities and gas production units by re-running the model with modified gas
procurement structure using the original parameter values except that we let the wind
and solar PV capacities to reflect the changed gas procurement structure. We take these
capacities as the new floor values and apply them in generating the cases and analysing
them.
Figure 29 shows the original and modified electricity capacities.

Figure 29. The original and modified electricity generation capacities of the LB-NN plan

Wind and solar capacities are cut by half due to the gas procurement modification in the
LB-NN plan. The changes are less dramatic for the other modified plans. This, in
combination with the updated gas production structure, has a substantial impact on the
overall system costs as we will soon see.
When demand is uncertain, as it is here, then a more balanced cost structure between
fixed and variable costs may give an advantage over capital cost intensive system
through the increased dependence of costs on the level of demand: if the demand turns
out to be lower than expected then part of the fixed costs can be avoided. On the other
hand, higher than expected demand makes additional investments a necessity increasing
costs.
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Use of natural gas, Figure 28, can be seen both as an incentive for energy conservation
and as a diversifying option building robustness through more versatile resource base. This
option increases emissions but if we keep in mind that actually it is a question of transition
from the present system towards a zero emission future then the effect is merely a
(possible) delay in cutting down the emissions.
The amount of electricity allocated to gas production is the distinguishing feature of the
original plans. With modified gas procurement this feature is diluted but it does not fade
away completely, Figure 30.

Figure 30. Changes is the amount of electricity allocated for gas synthesis.

Electricity used in gas production differs dramatically when comparing the original and
modified plans. These tens of terawatt hours reduce the total electricity demand, too.

6.3.

Cost structure comparisons

The changes in electricity use and supply are reflected also in cost structures, Figure 31.

Figure 31. Comparison on cost structures. Original on the left and modified on the right.
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The modification works as expected: Fixed costs decrease and variable costs increase as
shown in Figure 31.

6.4.

Acceptance-based comparison

Results in the table format are shown in Error! Reference source not found.. It shows the
share of all cases in which that strategy is successful according to each criterion. The
threshold definition – upper bounds - are as follows:
·
·
·

Cost: 2 % relative regret
Emissions: 20 % of the 1990 level emissions of the energy sector in Finland, i.e., 10.9
Mton (Statistics Finland, 2013)
Import: 30 % of import in energy end-use

Table 6. Percentage of cases in which each strategy meets criteria (data-range assumptions). Red
indicates that the strategy meets that criterion in fewer than 10 % of the cases. Light brown indicates
that strategy meets the criterion threshold in 10-30 % of the cases. Yellow indicates that the strategy
meets that criterion in 31-75 % of cases. Green indicates that the strategy meets that criterion more
than 75 % of the cases.

%
BA
BA-LN
BA-IN
BA-NN
LB
LB-LN
LB-IN
LB-NN
BAU

Cost
0
0
0
0
3
20
47
97
0

Emiss
100
100
100
100
100
100
100
100
0

Import
100
100
100
98
100
100
96
70
0

All
0
0
0
0
3
20
45
55
0

The modified strategy LB-NN is a superior strategy cost-wise and it meets the other two
criteria also with good percentage. Only in LB set of plans all the three criteria are met. It is
good to notice that meeting all the criteria simultaneously may give a smaller percentage
than just picking the smallest percentage among the individual criterion.

6.5.

All three performance metrics

The values for the three metrics are first shown individually and then combined together.
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Figure 32. Relative regrets (left) and corresponding absolute regrets (right) of the modified plans.

The modified plans seem to outperform the original plans cost-wise. All the modified cases
perform well compared to the original ones. The LB-NN scenario is the least cost option in
almost every case in the set of 5000 futures. The values of the other metrics are shown in
Figure 33.
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Figure 33. Variability of absolute values of the two metrics. Import share (left panel) is quantified at
assumed 100 TWh domestic biomass supply. Emissions are shown on the right.

Import share increases (Figure 16) in the modified options due to biomass and natural gas
imports. Natural gas causes somewhat increased emissions in the LB plans but the impact
is small: With intermediate nuclear (LB-IN) the median is 1 MtCO2 and in the new-nuclear
case (LB-NN) the median value is about 2 MtCO2.

6.6.

Vulnerability based analysis

Based on the cost box-plot Figure 32 above, LB-NN is chosen as a candidate plan. The
search for the factors responsible for the vulnerability of this plan is carried out with the
PRIM-based analysis like in the original plan case. This analysis produces the four factor
definition for a cost-based vulnerable future, Table 7.
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Table 7. Vulnerable (high-cost) future for LB-NN plan.
Factor
Capex: on-shore wind [€/kW,a]
Capex: PtG [€/kW,a]
Biomass price [€/MWh]
Heating demand [TWh/a]
Capex: Nuclear [€/kW,a]

Modified plan
< 1204
< 1880
> 38
> 5769

The quality indicators have then the following values: coverage 55%, density 60% and the
reliability checks give high values for the definition. This definition is similar to that of the BAIN except that Biomass is replaced with Heating demand as the fourth factor in the
vulnerability scenario.

Subjective probability that LB_NN
vulnerable

The decision triangle is formed next on this vulnerability definition. Its y-axis is based on the
Table 7 definition and the x-axis is formed as a complement of the y-axis (i.e., we turn
around the “bigger than” and “smaller than” definitions). The rest of the cases belong to
the Middle area as before. When these definitions are used a new decision triangle can
be formed, Figure 36.
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Figure 34. A decision triangle based on LB-NN as a candidate strategy.

It turns out that LB-NN is the top performer in a majority of plausible futures. If the new
technologies, on-shore wind and synthetic gas production, turn out to be very competitive
then also the other modified plans have the possibility to become chosen.
The values for the import-metric are high in certain energy end-use situations, Figure 33.
Definition for the highest 10 % of import share cases is searched for using PRIM and the
results are as follows:
Table 8. Vulnerable (high-imports) future for LB-NN plan.
Factor
Heating demand [TWh]
Transport energy demand [TWh]
Electricity demand [TWh]

Modified plan
> 56
> 33
< 99
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This scenario’s quality indexes are: Coverage 87%, density 69% and statistical tests show
excellent reliability. The structure of the results is the same as in the original plan case
analysed in Chapter 5.
Emissions are now non-zero for the LB-NN plan due to the allowed natural gas use. Below
is a definition for the futures in which the emissions are the highest.
Table 9. Definition for high emission cases for LB-NN plan.
Factor
Heating demand [TWh]
Transport energy demand [TWh]

Modified plan
> 54
> 31

This scenario’s quality indexes are: Coverage 91%, density 72% and statistical tests show
excellent reliability. Emissions increase along energy end-use which is an expected result.
Energy conservation would decrease them and, at the same time, it would decrease
energy import demand.
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Figure 35. All the three metrics in one figure.

Comparing figure 35 with the corresponding figure 27 reveals substantial changes is
performance metric values. LB plans with nuclear power outperform the other plans costwise but at the expense of losing in other metrics.

6.7.

Summary

The modified plans are superior compared to the original ones in money terms. But the
other two metrics, emissions and imports, differ from plan to plan. The values of these
indexes can be improved by energy conservation. It is up to the decision makers to
decide how to weigh the different dimensions. If the decision makers are not content to
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the plans they can continue the process by defining new options that will be analyzed in
the same way as have been done in this study. This process continues as long as the
decision makers are ready to make a decision.

7.

Conclusions

This report describes a case study that applies Robust Decision Making, RDM, a
methodology that has been developed by RAND Corporation. It is a recently developed
approach to support decision making under deep uncertainty. Deep uncertainty
describes a common situation in which the parties to a decision don’t know or cannot
agree on probability distributions of key variables or models that relate the actions to
consequences. When this situation prevails the traditional approach of striving for an
agreement on assumptions as a first step of the decision making process may lead to a
gridlock. That is why RDM uses agree-on-decisions approach. It inverts the classic decision
making set-up: The analysis starts with existing plans and tests their performance in a
multitude of futures covering all suggestions of the participating decision makers. The
basic idea is that by using every participant’s views in the analysis it may be possible to
agree on a decision after carrying out the analysis even if the views on future conditions,
model structure etc. differ.
The approach is demonstrated by analysing nine alternative plans for the Finnish energy
system. These plans have been defined by LUT (Lappeenranta University of Technology)
for the year 2050 with the help of the EnergyPlan energy system analysis program. The use
of the program is important because only system simulation guarantees energy system
functionality. LUT uses only one set of assumptions when describing the circumstances in
year 2050. The policy of using only one future runs the risk of favouring certain solutions or
technologies, whether being deliberate or accidental. One future can only be used to
illustrate the functionality of a plan in those particular circumstances. To support decision
making, e.g., forming guidelines for Finnish energy policy, in an uncertain world requires far
more exhaustive study on the characteristics of the proposed plans in a landscape of
plausible futures. However, this one future situation forms an excellent setup for
demonstrating the strengths of the RDM approach: It gives the tools and concepts to
carry out the comparison of the proposed plans in a consistent way.
In this study the future circumstances are considered as deeply uncertain and the analysis
is conducted from that point of view. By giving a value range for the key variables a
sample of 5000 plausible future conditions was defined. The performance of each plan in
each of the futures is studied in three dimensions: costs, emissions and energy import
share. Values of the uncertain exogenous factors and the corresponding values of the
performance metrics form the database used for the plan comparisons.
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The most promising plans are denominated as candidate plans. These plans go through
the vulnerability analysis. It is a statistical procedure to identify and present, in a concise
way, those futures where the plans perform poorly. The discovery process not only
identifies the factors but also reveals their value ranges which cause the poor
performance. This range-information is essential in assessing the importance (likelihood) of
the scenarios and in developing the plans to make them perform better in those specific
futures, i.e., to make them more robust. Due to the way vulnerability futures are defined
they can be used to support decision making.
All the performance metrics cannot be improved simultaneously creating trade-offs
between the plans and metrics. These metrics are not unified into one single index
because it is up to the decision makers to decide how to combine or weigh the different
dimensions of the problem into one decision. RDM helps in focusing the discussion on the
most relevant factors.
Any model, especially existing ones, with decent running time can be used in the RDM
process. But if a new model has to be defined and implemented then applying the
exploratory modelling approach leads to a small and simple model – as simple as possible,
but not simpler. Simpler models have the advantage being easy to implement,
understand and communicate – a feature that builds trust into the process and its
outcomes. Simple means that the agents described in the model behave (make
decisions) either according to simple rules or they are exogenously controlled, from the
analytic environment. In this way the controlling logic governing the model behaviour is
made visible, and it may be defined as an uncertain factor and thus a possible item for
controlled experiments. In the RDM approach a model (case generator) forms just one
building block of the step-wise analysis process that uses a mixture of tools: the whole
procedure is a modular one giving flexibility for carrying out the analysis focusing on points
that are important for the problem at hand.

47

References
Analytica, User Guide. Lumina Decision Systems, Inc. Los Gatos, California. 2010.
Banks, Steven C., Exploratory modelling and the Use of Simulation for Policy analysis.
Operations Research, Vol. 41, No. 3. (May - Jun., 1993), pp. 435-449.
Bigelow, James, Davis, Paul, Implications for model validation of multiresolution,
multiperspective modelling (MRMPM) and exploratory analysis. RAND Corporation,
Santa Monica California, USA, 2003.
Bryant, Benjamin P., Package sdtoolkit. 2014.
https://cran.r-project.org/web/packages/sdtoolkit/sdtoolkit.pdf
Bryant, Benjamin P., Lempert, Robert J., Thinking inside a box: A participatory, computerassisted approach to scenario discovery. Technological forecasting & Social
Change 77 (2010) 34-49.
Child, Michael, Results of the EnergyPlan runs in Excel form. Unpublished. 2015.
Child, Michael and Breyer, Christian, The role of renewable energy in the decarbonisation
of the Finnish energy system. Lappeenranta University of Technology, unpublished
manuscript, 2015a.
Child, Michael and Breyer, Christian, Vision and initial feasibility analysis of a recarbonised
Finnish energy system. Results for EnergyPlan simulations of 2050 Finland.
Lappeenranta University of Technology, 2015b.
Davies, Paul, Exploratory analysis and implications for modelling. In Johnson, Stuart, Libicki,
Martin, Treverton, Gregory (Eds.), New challenges, new tools for defence
decisionmaking. RAND Corporation, Santa Monica, California. 2003.
Davis, Paul, K., Motivated metamodels. RAND Corporation, MR-1570, 2003.
Energy statistics. www.stat.fi. Visited 11.1.2016.
Hall, Jim, Lempert, Robert, Keller, Klaus, Hackbarth, Andrew, Mijere, Christophe, and
McInerney, David, Robust climate policies under uncertainty: A comparison of
robust decision making and Info-Gap methods. Risk Analysis, Vol. 32, No. 10, 2012.
Hamarat, Caner, Kwakkel, Jan H., Pruyt, Erik, Adaptive Robust Design under deep
uncertainty. Technological Forecasting & Social Change 80 (2013) 408–418.
Hirth, Lion: The Market Value of Variable Renewables, Energy Policy 38 (2013), 218-236.
Hodges, James and Dewar, James, Is it You of Your model Talking? RAND Corporation,
Santa Monica California, USA, 1992.
Kahneman, Thinking fast and slow. 2011.

48

Kalra, Nidhi, Hallegatte, Stephane, Lempert, Robert, Brown, Casey, Fozzard, Adrian, Gill,
Stuart, Shah, Ankur, Agreeing on Robust Decisions. New Processes for Decision
Making Under Deep Uncertainty. The World Bank, Policy Research Working Paper
6906. June 2014.
Kasprzyk, Joseph R., Nataraj, Shanthi, Reed, Patrick M., Lempert, Robert J., Many objective
robust decision making for complex environmental systems undergoing change.
Environmental Modelling & Software 42 (2013) 55-71.
Knight, F. H. Risk, Uncertainty, and Profit. Hart, Schaffner & Marx; Houghton Mifflin Company.
Boston, MA. 1921.
Kwakkel, Jan, Yucel, Gönenc, An exploratory analysis of the Dutch electricity system in
transition. J Knowl Econ, November 2012.
Lempert, Robert J., Popper, Steven W., Bankes, Steven C., Shaping the next hundred years.
New methods for quantitative, long-term policy analysis. MR-1626-RPC,RAND
Corporation, Santa Monica, California, USA, 2003.
Lempert, Robert, Warren, Drake, Henry, Ryan, Button, Robert, Klenk, Jonathan, Giglio,
Kate, Defence resource planning under uncertainty. RAND Corporation, Santa
Monica, California, USA 2016.
Lund, Henrik, EnergyPlan: Advanced energy systems analysis computer model. Aalborg
University, Denmark. June 2014.
Making Good Decisions Without Predictions. Robust Decision Making for Planning Under
Deep Uncertainty. RB-9701, RAND Corporation, Santa Monica California, USA, 2010.
Yakov Ben-Haim, Information-Gap Theory: Decisions Under Severe Uncertainty, Academic
Press, London, 2001.

49

Appendix 1: Exploratory modelling
Building a model by consolidating known facts into a single package and then using it as
a surrogate for the actual system, is called consolidative modelling (Bankes, 1993). It is in
many ways the standard approach to model development and use. But this approach is
valid only when there is sufficient knowledge at the appropriate level and of adequate
quality available, i.e., only when the model can be validated in a strict empirical sense
(Kwakkel, Yücel, 2012). It is clear that the consolidative approach is not always a possible
and in those cases it is basically a matter of not knowing enough to make predictions
(Hodges and Dewar, 1992). Validation is usually, i.e., within the consolidative context,
defined as the process of determining the degree to which a model and its associated
data are an accurate representation of the real world from the perspective of the
intended uses of the model. Models can be validated only if the situation is observable
and measurable, the underlying structure is constant over time and the phenomenon
permits the collection of sufficient data (Hodges and Dewar, 1992). All that matters in
validation is the accuracy of predictions. For the exploratory analysis context Bigelow and
Davis (2003) suggest that validation should be understood differently. But before we go to
their modified definition for validation we have to describe first what exploratory modelling
and analysis is. Below we use several overlapping descriptions to clarify this approach.

When insufficient knowledge or unresolvable uncertainties preclude building a predicting
model for the target system, modellers must make guesses at details and mechanisms. In
these conditions the model cannot be taken as a reliable description of the target system
making predictive use of it impossible. But it makes it possible to carry out computational
experiments that reveals how the world would behave if the various guesses were correct.
Exploratory analysis is the use of series of such computational experiments to explore the
implications of varying assumptions and hypotheses. In a context where reliable prediction
is impossible, a model is of little use without an analytic framework the makes its outputs
relevant (Bankes, 2003).

Exploratory analysis is first and foremost an alternative way of using the available models,
knowledge, data and information (Kwakkel and Pryt, 2013).The goal of the analysis is to
obtain a broad and overall understanding of a problem before diving deep into details
(Bigelow and Davies, 2003). That, in turn, can greatly assist in the development and choice
of strategies. It also clarifies how the performance of a given plan is dependent on the
assumptions about the circumstances and other relevant factors.

Exploratory analysis examines the consequences of uncertainty systematically: It is
sensitivity analysis done right (Davies, 2003). There is no prior reason to single out a base
case. The explorative approach is totally different when compared with a “normal”
sensitivity analysis where the analysis is carried out by changing one parameter at a time
around some base-case. Because of massive uncertainty or ignorance, one must explicitly
examine hundreds or thousands of cases. This contrasts sharply with establishing a base50

case scenario in a standard way and then start asking about the effects of changes in
chosen factors. Rigorous exploratory analysis can be done only with models that have but
a handful of uncertain parameters to be varied (Bigelow and Davies, 2003). The number
of cases one must consider explodes exponentially as the number of parameters
increases, and the ability to comprehend and explain both inputs and the results
diminishes accordingly.

Two basic forms of uncertainty are parametric (input) and structural uncertainty.
Parametric uncertainties arise from not knowing the precise values of a model’s inputs. It
may be due to a variety of factors, including the infeasibility of critical experiments,
inherent randomness of the system or impossibility of accurate measurements or
observations. Structural uncertainty relates to questions about the form of the model itself:
Does it reflect all the variables on which the real world phenomena described by the
model depend? Is the analytic form of the dependencies correct? Is the theory behind
the model already well-developed or immature (Hodges and Dewar, 1992, Bankes, 1993)?

There are basically two kinds of ways to conduct explorative analysis with uncertain
parameters: deterministic and probabilistic analysis. Deterministic parametric exploration
involves running models across the case space defined by plausible values of the
parameters. The values can be defined as a list of discrete values or they can be taken
from a distribution. A classic parametric analysis goes through all the value combinations
of the parameters. This approach is susceptible to the curse of dimensionality as the
number of cases increases rapidly along the number of parameters and the length of lists.
This problem can be alleviated by using the distribution approach in which a sample of
e.g. 1000 values is taken from a distribution. Then a single model run drawn from the
ensemble is not a prediction (Kwakkel, Yücel, 2012) nor does the resulting distribution
describe the probabilities of the outcome. They just stand for possible outcomes. The
results, nevertheless, reveal the importance of uncertainty by showing the wideness of
resulting distribution. When using visualisations in comparing results of distributional
exploration to those of probabilistic approach, the main difference can be seen in the
tails of the distributions: improbable cases in probabilistic exploration, i.e., cases in which
various inputs all have unlikely values simultaneously, obtain only little “visual weight”.
However, they may be among the most important cases to be studied further. In practise,
it is convenient to use both the discrete and distributional approaches at the same time.
That approach can be called as hybrid exploration: Some of the parameters are only
given discrete values and they are under the analyst’s direct control while the rest of the
uncertainties are described by distributions. Discreteness means that a parameter
functions as a switch in a model (Davies, 2003).

Now it is time to let Bigelow and Davis (2003) define model validation in exploratory
context: “A model and its case space (databases) are valid for exploratory analysis if the
case space represents well the degree of uncertainty in inputs and, within that case
space, the model is either structurally valid, behaves in ways adequately consistent with
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what is known empirically, or is based on what appear to be reasonable assumptions. As
always in a discussion of validation, adequacy must be judged in the context of the
particular application.” We consider this as a reasonable approach.
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Appendix 2: : Structure of the VTT_Plan
The model is demand driven and static. Demand driven means that end-use demands
are defined first and then the model calculates the amounts of resources and the
capacities of the processes needed to meet the demand. Time step of the model is one
year. The model replicates the results of LUT EnergyPlan results. This means that in each
module the shares of supply options and the capacities of these options are the same as
in the LUT EnergyPlan results.
Sets

The simplest way of getting an overview of a model is to list the sets of resources and the
alternative processes that use these resources to produce commodities. Moreover, to get
a fuller picture one has to describe how these processes interact. These two issues are
enough to define a model. We start with the sets and they are as follows:
Resource

General resources
[CoalPeat,Oil,NaturalGas,BioGas,Biomass,NuclearFuel,GridGas,
GridElec,DistrictHeat]

ele_i

Electric energy supply technologies
[Hydro,WindOn,WindOff,PV,Nucl]

gas_i

Gas supply technologies
[PtG,BioGas,BioGasifier,NaturalGas]

Uchp_k

Urban chp and conventional condensing supply technologies
[HPump,CHP,Cond,Boiler]

Industry

Industrial chp technologies
[ind]
Scenarios in the analysis (defined by LUT, modifications by VTT)
[BA,BA-LN,BA-MN,BA-NN,LB,LB-LNBG,LB-MNBG,LB-NNBG,BAU]

Scenario

LN- Low Nuclear; MN-Medium Nuclear; NN-New Nuclear;
BG-Gasfied Biogas (option)

Resource set includes both the exogenous fuels and the commodities. Gas in the gas grid,
GridGas, electricity in electricity network, GridElec and district heat, DistricHeat, form the
commodities, or endogenous resources, in the model.

The technologies correspond to those defined in the EnergyPlan model. Of course, the
EnergyPlan model has more technologies in its technology set but the ones mentioned
here form the core and we aim at minimum size realisation.
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Process interaction is the simplest possible: demand is divided onto alternative supply
technologies by share parameters the values of which are quantified by using the LUT
scenario outputs. We keep the shares constant with some exceptions mentioned later in
the text.
Demand

There are three demand classes: heat, transport and electricity end-use. The reference
value for demand is given exogenously and here it corresponds to that defined by LUT. It
is, unlike LUT’s EnergyPlan analysis, an uncertain figure:

Dd = w d Dd0

D0 is reference demand, ω is uncertainty coefficient and d Î D = {heat, transport,
electricity end-use}, is a demand class indicator.
In each demand class specific share parameters are used to translate the total demand
into demands of one or several resources.

Drd = a rd Dd

District heat production is carried out by two different entities: industrial and urban chp
(combined heat and power) plants. The total district heat demand is divided into these
classes by share parameters a:

DH ind = a ind DH

Ù DH Urb = (1 - a ind ) DH

These demands drive energy production in the corresponding modules.

Industry energy production
Industrial use of energy resources is divided in two parts: fuels for energy production for
non-industry uses and fuels for industrial uses. The first mentioned part is modelled as a chp
plant with a specific efficiency and electricity to heat ratio. Industry’s own energy used is
modelled simply as an exogenously defined fuel demand.
An industrial chp plant produces two energy commodities: grid electricity and district
heat. Electricity is defined here as a by-product of heat production: It is the district
demand that drives the process activity. To produce these commodities the plant uses a
mix of fuels (resources). The ratio of electricity and heat produced is based on LUT
54

scenario results and it is taken as a constant. We assume that the overall efficiency of
industrial plants is defined as η= 0.8 for all cases. From the total fuel demand at reference
point, F0ind, (LUT scenarios) the constant part, Fpr, is extracted as follows ( f is fuel
(resource)):

F0chp =

l=

F0chp

E0e + E0h
h
F0ind = å F0f

Ù

F0ind

f

F prf = (1 - l ) F0f

The industrial chp plant is defined with two concepts: a unit process and an activity. As a
matter of fact, this approach is applied for all processes in this model. A unit process for a
chp plant is a process whose sum of outputs (heat and electricity) equals one. Activity
describes the sum of the outputs of the production process.
Unit process is defined by unit fuel demand and shares of heat and electricity:

j=

F0f

å F0f

×

1

h

f

r elec =

E0e
E0e + E0h

Ù

r heat =

E0h
E 0e + E0h

where the block letters with 0 refer to LUT scenario values. E refers to energy (e as an index
refers to electricity and h to heat), R refers to resource used by a process and η is an
efficiency.
District heat demand drives the activity of an industrial chp plant and it is defined as

A = (1 + e ) DH ind
where ind is the ratio between electricity and heat (Ee/Eh). Its numerical value is taken
from the LUT scenarios. Each scenario has a characteristic value for this parameter.
With activity chp-based resource demand and the outputs are as follows:

Ff = A ×j f
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E e = A × r elec
E h = A × r heat

Capacities flex only upwards so the chp capacity is defined by a maximum operator:

ìï
E e + E h üï
K = max í K 0 ,
ý
TFL ïþ
ïî
LUT scenarios define the floor levels of process capacities and the corresponding full load
hours TFL.

Urban energy production
Urban energy production is a collection of four processes: chp, heat only plants (boiler
plants), heat pumps for district heat production and condensing electricity generation.
EnergyPlan is Danish program and it explains why conventional condensing generation is
coupled so tightly with urban chp production: The large Danish district heat production
plants are condensing plants where heat can be extracted to meet the district heat
demand. In Finland the chp plants are mostly planned to be used in combined mode and
condensing production in chp plants is not as common as in Denmark.
The setup of the module comes from the LUT scenarios: heat production shares and the
total amount of electricity generated are defined according to them.

aj =

E0h, j
DH 0urb

In the case runs urban district heat demand is divided up into the production classes with
these share parameters aj:

E hj = a j DH urb
In addition, two parameter values has to be fixed: the electricity to heat ratio for a chp
plant is assumed at =0,8 and the plant overall efficiency at η= 0.9.
District heat demand drives the activity of an urban chp plant so the chp-based electricity
generation is defined as

E e = e E hj ,
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where

is the ratio between electricity and heat (Ee/Eh) as defined in the LUT scenarios.

There are two determinants for condensing electricity generated. The first one keeps the
sum of electricity generated by chp and condensing at least on the reference level
although the district heat demand changes. The other determinant is the ratio of
condensing generation to sum of wind and solar PV generation. The idea here is to have
enough controllable capacity to compensate the inevitable changes of renewable
generation.
Defining E0e as the reference level for urban electricity generation and taking that level as
a lower bound for it we can write for the demand of condensing generation the following:

{

e
E cond
= max 0, E 0e - E e

}

This formulation guarantees that electricity generation in the urban module is at least on
the reference year level. If chp electricity generation decreases due to lower heat
demand then the conventional condensing generation fills the gap.
Heat and electricity production is simply a sum over the processes j:

e
Eurb
= å E ej
j
h
Eurb
= å E hj
j

Activity is defined for each process as follows:
h
Achp = (1 + e ) Echp

CHP

Ab = Ebh

Heating plant

h
AHP = E HP

Heat pump

e
Acond = Econd

Condensing

Resource inputs (electricity for heat pump and fuels for other processes) are defined by
process efficiency. Outputs and resource use, R, are connected through process
efficiency, ηj. Process j uses resource f as follows:

R urb
=å
f
j

1

h jf

Aj
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Production plant capacities have the floor level, Kj0, defined in the LUT scenarios.
Capacities flex only upwards. We use the same full-load-hours for all cases with which we
calculate the needed capacity:

e
hü
ìï
0 Ej +Ej ï
K j = max íK j ,
ý
T jFL ïþ
ïî

Gas production
Gas commodity, GridGas, is composed of four gas products: natural gas, biogas, gasified
biomass and synthetic methane or PtG (Power to Gas). Their share is defined based on LUT
scenario results:

g 0j =

G 0j
0
DGridGas

Gas demand in the cases is divided up into the production classes with the fixed share
parameter g:

G j = g 0j DGridGas

Natural gas and biogas are simply fuels that are used but for biomass gasification and PtG
we define production processes with capacities and efficiencies.
The capacity of gas production relates to yearly gas energy with the full-load-hours
parameter TFL:

ìï
G j üï
K j = max í K 0j , FL ý
T j ïþ
ïî
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and, as before, the LUT scenario value for the capacity, Kj0, forms the lowest level for each
capacity class.
We shall make some modifications in the gas use later. For that purpose we define a
possibility to substitute other gases for PtG in some circumstances. If natural gas is used it is
the first to adapt in cases the gas demand in general decreases. For natural gas (NG) the
share parameter is calculated then as

g NG

ìï
üï
max í0, DGridGas - å Gk0 ý
ïî
ïþ
k
=
, k Î {gas _ i Ø NG}
DGridGas

GridGas is the sum of gas over all gas sources. If gas demand is low enough then natural
gas is not used at all (we do not apply this rule for the BAU scenario). Shares of other gases
are as follows:

g k = g k0

1 - g NG

å g k0
k

Gas production capacities are updated accordingly.
Electricity production
The starting point of dividing demand on competing supply options is here the same as in
the modules but here we make two assumptions on generation details. First, it is assumed
that the hydro and nuclear capacities are fixed so that only wind and solar PV can grow if
demand increases above the reference level. Second, all available hydro energy is
generated in all conditions and so we deduct hydro generation from the demand and
divide the residual demand for the other processes and taking into account that nuclear
capacity has an upper bound. If the demand is at a lower level than at the reference
point, then all the residual generation units decrease their production with the same
percentage. But if the demand increases above the reference point, then nuclear
generation stays at the reference level and the rest is allocated on wind and solar PV and
their capacities adjust accordingly. We assume that the system is flexible enough to
handle this increase in variability of supply.
Hydro resources are always used up:

Ehydro = K hydro Thydro
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Residual electricity demand coefficient

rr =

D - E hydro
D0 - E hydro

All the other electricity generation is scaled with this parameter. Nuclear generation has
an upper limit

E nucl = K nucl Tnucl × min{1, r r }

What is left after this is divided onto the renewable generation forms, ws={on-shore wind,
off-shore wind, solar PV} with the original shares:

aws =

0
E ws

å Ews0

Ù

{

}

E ws = aws × max 0, D - ( Ehydro + E nucl )

ws

For resource use we can write

Rf =

1
E
hf j

Actually, only nuclear power uses fuel.

Resource balances
The modules are connected through resource balances. We start with end-use demand
and go backwards until fuel demand which forms the connection point to the outside
world. There are nine resources defined in the model. They form the Resource set: Coal
and Peat, Oil, Natural gas, Biogas, Biomass, Nuclear fuel, Grid gas, Grid electricity and
District heat.
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The structure of a resource balance is as follows:

Rk + å a j E k + å bi Dm = 0
j ,k

i ,m

where R is an exogenous resource, like coal, the second term describes the processes that
produce a resource, like grid district heat (in that case the corresponding external
resource is zero) and the last term describes the use of a resource. Processes that produce
a resource usually use some other resource. Resource use is denoted by negative sign and
production by positive sign. This sign rule helps to identify production and use of a
resource.

Costs
Costs are handled uniformly in the model. Costs are divided into fixed and variable costs
and both of these are still divided in two parts. Fixed cost classes are investment costs and
fixed operation and maintenance costs. Variable costs consist of variable production
costs and resource costs. We are interested in levelized yearly costs.
Capital recovery factor is defined as follows:

crf =

wacc
1 - (1 + wacc ) -n

where wacc is a weighted average cost of capital and n is a technology lifetime.
Yearly investment costs are

CI = crf × (K × I )

where K is the capacity of a plant and I is the specific investment cost. For an electricity
generating technology this reads eur/kW.
Fixed operation and maintenance costs are related to the investment as follows:

OM
C FX
= c om × (K × I )

61

where K is the capacity of a plant and c is a coefficient.
Variable costs are composed of production related items:

COM V = c v × E
æ af E ö
÷
C F = åC f = å p f ×ç
ç hf ÷
f
f
è
ø

where E describes output, η describes efficiency, cV is a parameter. The second equation
takes into account that a process can use several resources with shares af. The price of a
resource is denoted by pf.
Total values of fixed and variable costs are first summed over all processes j and after that
the total cost is a simple summation over the two classes:

(

C FX = å CI j + COM FX
j

)

j

(

CV = å COM Vj + C Fj

)

j

C =C FX +CV

We have especially avoided to use the full load hours -type of definition because it is
fragile: in model calculations it may happen that some process is not needed at all and at
those situations the full load
All the definitions above are defined for the total system cost. Usually it is interesting to
know what the unit cost of some commodity produced by process j is. To find out that we
have to rewrite the above equations a bit:

OM
CI + C FX
+ COM V + C F
c=
E

If we know that the processes are run constantly at a specific full-load-hours per year then
the equations can be expressed directly in a per unit form:
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c=

æ
æaf
I
crf + c om + ç c v + å p f ç
çh f
ç
T
f
è
è

(

)

öö
÷÷
÷÷
øø

In a typical model use the yearly run-time, T, changes from year to year.
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