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Summary
Energy models form an important instrument in the current energy transition, and policy makers rely on energyeconomic models as a tool to analyse (proposed) policies. Many important drivers of change – such as economic
growth, population size – are exogenous to energy models, but technological change is more ambiguous; it can be
regarded as exogenous as well as endogenous to the models. This makes technological change a complex and
interesting aspect of energy models. Therefore it is interesting to know how technological change is incorporated in
these models, and how it affects the outcomes of these models. To investigate this, the following research question
was formulated:
Which model characteristics influence the approaches that are used to model technological change in energy models,
and what are possible methods for future improvement?

Research framework
There are various approaches to integrate technological change in energy models. Scientific literature suggests that
technological change has three sources: learning-by-doing, R&D and spillovers. Of these three, integrating
technological change in models via learning-by-doing has gained most consensus. Learning-by-doing is represented in
models by learning curves, which represent the cost of a technology as a dependent of cumulative capacity. In
scientific literature the terms learning curve and experience curve are used interchangeably; in this study the term
experience curve is used, since it has a broader definition. Due to their simplicity and relative historic accuracy,
experience curves have been a popular method to assess the cost improvement of a technology. However, there are
disadvantages; among others, it is argued that experience curves are an oversimplification, and they cannot predict
discontinuities in cost development.
Scientific literature concerning experience curves keeps expanding and new approaches remain being formulated in
order to address the disadvantages. Notable approaches are introducing a floor cost, two-factor experience curves
(i.e. include R&D in the experience curve), three- or multi-factor experience curves (include other factors like
economies-of-scale, labour costs, etc. in the experience curve) component-based experience curves and
endogenisation of experience curves (i.e. cost reduction of a technology being dependent on its market share).
The theoretical part of this study provided an analysis on ways in which technological change can be included in
(techno-economic) energy models and the advantages and disadvantages of different approaches. The empirical part
of this study investigated and analysed how model characteristics influenced the modelling of technological change in
a selection of energy models. For the empirical study five models were selected (SAVE production, SAWEC, Vesta
MAIS, CEGOIA and TIMES). The characteristics hypothesised to be of influence on the approach of modelling
technological change were identified in the theoretical framework: model purpose, model structure (granularity),
sectoral coverage, geographical coverage, data demand, time horizon and model age. For each of these characteristics
a hypothesis was stated, and subsequently tested according to the empirical analysis of the five models.

Conclusions
It was found that modelling technological change in the analysed models is not very dependent on the seven
identified model characteristics. Of the seven characteristics only one hypothesis was found substantiated by the
empirical study, namely concerning the model structure (i.e. granularity), which stated that models having a higher
granularity concerning spatial element have a less detailed approach concerning technological change.
Instead, several other factors were found to be of influence on how technological change is modelled.
7

The first factor is the relative (in)significance of technological change. Models are constructed in such a way that the
model outcomes are more sensitive to other factors (e.g. economic growth, energy policies). This then leads to a
relatively simple approach of modelling technological change.
The second factor is transparency. Transparency and (relative) simplicity are regarded as important characteristics of
energy models since it is vital that the model outcomes can be explained. Especially if policies are devised based on
the outcomes of the model; including too many factors possibly adds unnecessary noise to the outcomes, and adding
more factors or details could create a false sense of certainty concerning the outcomes.
The third factor found to be of influence is labour-intensity. Labour-intensive models are expensive to maintain; this
influences how technological change is modelled since more (input) data requires more maintenance, and thus makes
a model more costly.

Recommendations
It is advised to strive for an open source database which includes standardised parameters (e.g. the different costs,
prices, economic lifetime, technical lifetime, etc.) of a technology which can then be used as input for a model. This
adds to the transparency concerning input data and corresponding assumptions.
Models aimed at detailed calculations of the effects of (energy) policies on the short to medium term should
distinguish between labour and material costs. This allows for a more detailed analysis concerning the effects of
policies on cost development of materials and labour.
In explorative models aimed at providing long term scenarios it should be possible to endogenise technological
change. It adds complexity and it makes a model less transparent, but it could provide valuable insights for policies
focusing on long term developments.
This study only involved five models, and therefore the evidence to reject or confirm the hypotheses regarding the
influence of the different model characteristics is very limited and not very robust. Therefore larger set-up research
with more models, from different sectors and with a larger geographical scope is required. In addition, more empirical
research is necessary to identify and better understand the drivers for the different cost dynamics in order to better
understand future cost developments.
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1

Introduction

In the course of history, technological development has changed the way we live. This counts for our economy, but
also how energy is generated. Energy generating fossil fuel technologies have over time become more efficient, and
cheaper. This resulted in an unprecedented increase in welfare and economic growth. However, over the last decades
the negative impacts of this growth have become clearer.
In 1972, the Club of Rome published their famous book titled "The limits to growth". The book presented a model
which explored the relationship between growth of human progress and the earth's resources, and the results
presented were worrisome. Twenty years later, at the 1992 Earth Summit in Rio de Janeiro governments agreed on
the United Nations Framework Convention on Climate Change with the objective to stabilize "greenhouse gas
concentrations in the atmosphere at a level that would prevent dangerous anthropogenic interference with the climate
system" (UN, 1992: 4). A few years later, in 1995, it was scientifically acknowledged by the IPCC in their Second
Assessment Report that there exists a discernible human influence on the earth's climate. In the Kyoto Protocol of
1997 it was agreed for the first time that (developed) nations actually had to reduce their greenhouse gas emissions
compared with base year 1990, in order to limit the increase of global average temperature to 2°C. The Paris
Agreement of 2015 even states that the increase should be well below 2°C, and that the aim should be to limit the
average temperature increase to 1.5°C above pre-industrial levels.
In order to achieve these goals, the emission of greenhouse gases has to decrease drastically; more sustainable
resources have to be used to supply our energy system. Governments can develop policies to promote energy saving
measures and use of renewable energy technologies. Energy models are used to monitor the effects these policies
have on energy generation, energy consumption-related developments, mitigating greenhouse gas emissions and the
costs involved.
The various projections differ over time: behaviour, markets, technologies, policies and insights change over the years,
leading to changing perspectives for the future. Such projections – and subsequent policy decision making – are
performed under circumstances with deep and interlinked uncertainty. Technological development is an example of
a(n) (un)certainty: it is certain that technological change will take place, but it is uncertain which (new) technologies
will develop and how fast. This research will concentrate on technological change and how this is embedded in energy
models.

1.1

Problem definition

The current transition towards a low-carbon energy system introduces more and increasingly complex uncertainties,
such as the resilience of the incumbent energy regime versus the uptake of new energy technologies, and societal
behavioural patterns. Therefore, projecting long term developments concerning energy use and greenhouse gas
mitigation is a treacherous occupation, with many assumptions and (inherent) uncertainties.
Nevertheless, policy makers rely on energy models as a tool to analyse (proposed) policies. Models – and
interpretation of the outcomes – thus form an important instrument in the current energy transition. Although it is
appealing to regard the outcome of a modelling exercise as a certainty, outcomes should be interpreted with great
care. A model is a simplified representation of reality, based on assumptions and input reliant on parameter choices
and data availability.
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Including technological change in a model in order to predict future developments is a complicated process, and as
Berglund and Söderholm (2006: 1344) note:
"It is generally agreed that energy modelers and analysts do not yet possess enough knowledge about
the sources of innovation and diffusion to properly inform policymaking in technology dependent
domains such as energy and climate change." And “the long-term effects of global warming require
policy efforts to be heavily focused on innovation and technological change in the energy sector."

Installed capacity [GW]

That technological change and diffusion is difficult to predict, is shown in figure 1.1.

Figure 1.1: Annual PV additions: historic data versus IEA World Energy Outlook predictions. Source: retrieved from
https://steinbuch.wordpress.com/2017/06/12/photovoltaic-growth-reality-versus-projections-of-the-international-energy-agency/

The graph in figure 1.1 shows the growth of installed photovoltaics over time. In every World Energy Outlook,
published yearly by the International Energy Agency (IEA), it can be seen that the growth of installed PV capacity is
structurally underestimated. How is this possible? In order to answer this question, it is necessary to understand how
the model(s) making these projections work, and if (or how) technological change is integrated in the model(s). Many
important drivers of change – such as economic growth, population size – are exogenous to energy models, but
technological change is more ambiguous; it can be regarded as exogenous as well as endogenous to the models. This
makes technological change a complex and interesting parameter of energy models.

1.2

Research objective and research questions

The current energy system is a complex system of energy sources, generation, conversion, distribution and use. The
current transition towards a low-carbon energy system makes it even more complex by introducing new technologies,
changing energy use and possibly changing user behaviour. Subsequently, making projections becomes more
complicated as well. Generally, the models used for projections have a strong focus on technology, and therefore it is
interesting to know how technological change is incorporated in these models, and how it affects the outcomes of
these models. There are various approaches on how to integrate technological change and inherent uncertainties into
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energy and climate models. Scientific literature suggests that a common way to integrate technological change in
models is via cost reductions of a technology by means of learning-by-doing, and by looking at R&D and spillovers.
Scientific literature is still expanding and new approaches keep being formulated. This research focuses on ways in
which technological change can be included in (techno-economic) energy models, what the advantages and
disadvantages of certain approaches are, and investigates dependencies on model characteristics. The aim of the
study is to give a good overview of (situational) approaches of modelling technological change. This comparison of
theoretical knowledge and empirical data can provide valuable lessons for future modelling improvements. While
interesting, it is beyond the scope of this study to describe or investigate in large extent how (modelling) uncertainties
should be dealt with in terms of policy making (see Van der Zwaan and Seebregts, 2002).
The goal of this study is twofold. The hypothesis is that certain model characteristics influence the way technological
change is modelled in energy models. Therefore the first goal is to get insight in theoretical and empirical approaches
of including technological change in energy models. Once these approaches are identified, it is possible to analyse
whether certain model characteristics are of influence, and whether (a) particular approach(es) might be favourable in
relation to the (modelling) circumstances. The second goal then is to identify possible methods for future modelling
improvements.
These research objectives lead to the following main research question [MQ]:
[MQ] Which model characteristics influence the approaches that are used to model technological
change in energy models, and what are possible methods for future improvement?
In order to answer the main research question, five subquestions [SQ1 - 5] are formulated. The aim of the first, second
and third subquestion is to identify which approaches exist, and how these compare to each other:
[SQ1] ‘Which approaches of modelling technological change in energy models are described in scientific
literature?’
[SQ2] ‘Which approaches of modelling technological change are used in a selection of different energy
models?’
[SQ3] ‘Which model characteristics influence the approaches of modelling technological change and
how do the approaches in the analysed models compare with approaches as described in
scientific literature?’
Once this is known, these approaches can be compared and reflected upon in order to identify possible improvements
via the fourth and fifth subquestion:
[SQ4] ‘What are the potential drawbacks and advantages of different approaches and how could these
be interpreted for proposing improvements of energy models?’
[SQ5] ‘How can (a) different approach(es) be meaningfully incorporated in energy models to improve
future projections?’
The methodology used to answer these questions will be described in the next chapter.
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2

Methodology

Methods applied to answer the research questions as described in section 1.2 were qualitative in nature. For the first
part of this study – the theoretical framework (chapter 3) – an extensive scientific literature study was conducted to
identify sources of technological change, together with their implementation in energy models. There exists a vast
array of models, each model with its own characteristics. In this study it was hypothesised that model characteristics
influence the approach(es) used to incorporate technological change in modelling exercises. The model characteristics
hypothesised to be of influence were based on a classification scheme developed by Hall and Buckley (2016).
Hall and Buckley (2016) performed a literature study concerning energy systems of scientific and policy papers,
identifying the used models and categorising them, whereby they discern six main model characteristics, being: model
purpose, model structure, sectoral coverage, geographical coverage, time horizon and time step. In this study, the
time step as proposed by Hall and Buckley (2016) was replaced by model age, in order to incorporate the historical
aspect of the development of energy projection modelling. Furthermore literature study revealed that the availability
of data oftentimes is a constraint in modelling exercises, therefore data demand was included as a model
characteristic which supposedly influences the used approaches. Of these seven characteristics it was hypothesised
how they would influence the modelling of technological change in different models. Figure 2.1 (next page) shows the
used model characteristics in this study.
The second part of this study consisted of an empirical study to test the formulated hypotheses. In order to identify
under which conditions and circumstances certain approaches of modelling technological change are appropriate, the
models were selected according to certain characteristics. To provide focus to the study, it was decided that the
sectoral characteristic would form a pivotal selection criteria – a starting point. The built environment proved to be a
fitting sector, since it is well-defined and there exists a variety of models focussing on (or including) the built
environment. However, to compare approaches between sectors, one model had to concern a different sector. This
comparison was done by analysing two models concerning two different sectors within the same institute, namely
1
2
industry (SAVE production ) and residential built environment (SAWEC ). Both models are developed and used by
3
ECN .
After the selection of two different ECN models, it was deemed important to select models developed and used by
different institutes; here also the geographical characteristic played a role. Hence, models concerning the same sector
(built environment) but developed at different institutes and with a different geographical focus were selected:
CEGOIA (developed by CE Delft) with a regional focus and Vesta MAIS (developed by PBL; Netherlands Environmental
Assessment Agency) with a national focus. These models then were compared with a model with a similar
4
geographical coverage – i.e. national – but in a different country: Belgium (the TIMES model , used by
VITO/EnergyVille, a Flemish institute for technological research). Originally it was planned to include another model
with a purely continental or global coverage, but this was cancelled due to time constraints.

1

SAVE is an acronym of Simulation and Analysis of Virtual use in Energy scenarios.
SAWEC is an abbreviation of: Simulatie en Analyse model voor verklaring en voorspelling van het Woninggebonden
Energieverbruik en CO2-emissie (Simulation and analysis model for residential energy consumption and CO2 emissions).
3
Energy Research Centre of the Netherlands is since 2018 part of TNO (the Netherlands Organisation for applied scientific
research).
4
TIMES is an acronym of The Integrated MARKAL-EFOM System.
2
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The selection of the five models aimed to provide a substantially wide sample of the other five model characteristics,
being model purpose, model structure, data demand, time horizon and model age. Figure 2.1 provides an overview of
the analysed models and model characteristics.

Figure 2.1: Analysed model characteristics and models.

Analysis of the selected models was performed via a literature study of available documentation. For most models
elaborate descriptions were publicly available – CEGOIA being an exception. Scientific literature also formed a source
for TIMES and SAVE Production (e.g. Daniëls and Van Dril, 2007). These model descriptions were summarised in brief
model descriptions and researched on the uptake of technological change. Subsequently, model experts were
interviewed during the second half of 2017 (see Appendix I for a list of interviewees) via semi-structured interviews
with open-ended questions about their model of expertise. The interviews were performed to check whether the data
obtained from the available documentation was (still) correct, to provide additional information and to obtain
empirical knowledge of the models, i.e. the choices the model experts made developing or using the model, and their
considerations.
The interview questions followed the same structure in every interview – starting with general questions concerning
the model and then focussing on the modelling of technological change in the model – though the emphasis on topics
in the interviews was different depending on the quantity and type of model description publicly available. An
example of an interview protocol can be found in Appendix II. Information obtained from these interviews was used
to complement, expand, improve and correct the information obtained from the written model descriptions. In some
cases follow-up questions were necessary.
The obtained information of the models then was compared with the theoretical approaches described in scientific
literature in order to identify circumstantial factors influencing the modelling of technological change, possible
advantages and drawbacks, and possible improvements.
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3

Theoretical framework

What is technological change? It seems a simple, straightforward question, but it has occupied scientific researchers
for decades. This question will be explored in section 3.1. The model characteristics and hypotheses how they
influence the integration of technological change in energy models are described in section 3.2.

3.1

Technological change

Technological change is defined as an increase in output of a product or process, without an increase in input (Löschel,
2002). Technological change is not similar to innovation, but innovation can be considered as an aspect of
technological change. According to Schumpeter (1942), the development of a new or improved product (or process)
usually follows three generic stages: invention, innovation and diffusion. Grübler et al. (1999) identified more detailed
developmental stages, see table 3.1.

Stage

Mechanisms

Cost

Commercial
market share

5

Learning rate

Seeking and stumbling upon new ideas;
breakthroughs; basic research.

High, but difficult to
attribute to a
particular idea or
product.

0%

Unable to express in
conventional learning
curve.

Applied research, development and
demonstration (RD&D) projects.

High, increasingly
focused on particular
promising ideas and
products.

0%

Unable to express in
conventional learning
curve, high (perhaps
> 50%) in learning
curves modified to
include RD&D.

High, but declining
with standardisation
of production.

0-5%

20-40%

Niche market
commercialisation

Identification of special niche
applications; investments in field
projects; "learning-by-doing"; close
relationships between suppliers and
users.
Standardisation and mass production;
economies of scale; building of network
effects.

Rapidly declining.

Rapidly rising
(5-50%)

10-30%

Pervasive diffusion

Low, sometimes
declining.

Maximum
(up to 100%)

Saturation

Exhaustion of improvement potentials
and scale economies; arrival of more
efficient competitors into market;
redefinition of performance
requirements.

0% (sometimes
positive due to
severe competition.

Domination by superior competitors;
inability to compete because of
exhausted improvement potentials.

Low, sometimes
declining.

Declining

Senescence

0% (sometimes
positive due to
severe competition.

Invention

Innovation

Table 3.1: Stylised stages of technological development and typical characteristics. Source: Grübler et al. (1999: p. 249).

5

The learning rate is defined here as the proportional cost savings made when doubling the output. Table 3.1 shows that learning
rates typically differ in each stage, but usually are high in earlier stages (i.e. costs decline rapidly with increasing output), and
decline towards later stages. Section 3.1.1 describes learning rates and learning curves in more detail.
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However, technological change is – like innovation – nonlinear and inherently uncertain. The linearity of technological
development as shown in table 3.1 has been – and continues to be – heavily criticised (see Junginger et al. (2008) for a
discussion). There are several theoretical approaches explaining the sources of technological change (for a detailed
history, see for example Ruttan (1997) and Löschel (2002)). Over time, efforts to model technological change have
developed. A common way to integrate technological change in models is via cost reductions of a technology by
means of (1) learning-by-doing, (2) R&D, and (3) spillovers (Yeh and Rubin, 2012; Clarke et al., 2008; Löschel, 2002).
1) Learning-by-doing. In his seminal paper, Wright (1936) observed that workers in manufacturing plants become
more efficient when producing more units. Arrow (1962) formalised this observation in a model explaining
technological change as a function of learning-by-doing, whereby the manufacturing process (or technology)
improves through experience. As a result, costs fall, which can be represented by a learning curve. These learning
curves have been used extensively in order to describe learning-by-doing (Ferioli et al, 2009).
2) Research and development. R&D is a highly varied activity which is assumed to influence the rate and
direction of technological change. It is an input of the innovation process (see also table 3.1). Common
distinctions are publicly funded and privately funded R&D, or basic research and applied research. These are
oftentimes considered similar (i.e. basic research is publicly funded and applied research is privately funded), but
in practice this is not such a clear dichotomy. Clarke et al. (2008) note that one possible perspective is that public
R&D (motivated by climate policy due to climate change) is a control variable, and private R&D a dependent
variable – since it responds to climate policy. This makes that including R&D in energy models, for example via a
two-factor experience curve (as will be described in section 3.1.1) is difficult, and it usually is beyond the scope of
energy models to represent the R&D activities in a significant way (Clarke et al, 2008).
3) Spillovers. Technological change can also be induced via spillovers. A spillover is a change in a firm, industry,
country or technological domain which arises from (innovative) activities in another firm, industry, country of
technological domain (Clarke et al., 2008). Similar to learning curves and R&D, spillovers have several dimensions.
They can be distinguished as either direct or indirect, or be categorised as international, inter-industry (between
industries) or intra-industry (between firms within the same industry). A direct spillover means that no effort is
required for the receiving industry to incorporate the new technology or innovation. On the other hand, an
indirect spillover requires effort from the receiving party in order to contribute to technological change (Clarke et
al., 2008). Spillovers can be included in energy models, for example by allowing that technological learning is not
technology-specific, but that improvements can (to some extent) be transferred to other related technologies
(Berglund and Söderholm, 2006). Seebregts et al. (1999) have introduced and tested spillovers in a model by
using technology clusters.
Of these three ways to integrate technological change in models, learning-by-doing (i.e. learning curves) has gained
most consensus – though its execution is still debated, as will be shown below. However, there is consensus that
learning curves are an "important tool for modeling technical change and informing policy decisions related
to energy technology" (Nemet, 2006: 3218). Regarding R&D and spillovers there exists a considerable body of
literature as well, but is has not reached a well-established consensus as of yet, see for example Löschel (2002) and
Yeh and Rubin (2012) for a discussion. Therefore this study will primarily focus on learning curves, and less on R&D
and spillovers.
Learning curves concentrate on the cost aspects of a technology, but diffusion in energy systems – and (the
projections of) the uptake of these technologies – depends on many other factors and variables. Among others,
market developments, system boundaries, and (knowledge) diffusion all have an impact on (the applicability of) the
learning curve (Junginger et al., 2008).
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Due to their simplicity and relative historic accuracy, learning curves have been a popular method to assess the
(expected) cost improvement of a technology. As the IEA (2000: 15) states:
“We use them to assess the prospects for future improvements in the performance of a technology. The
curves show that cumulative production for the market reduces prices. Assessments of future prospects
are therefore particularly important in developing deployment policies for environmentally friendly
technologies.”

Box 3.1: Learning curve or experience curve?
While there exist theoretical differences between learning curves and experience curves (see for example Nemet
(2006), Berglund and Söderholm (2006), and Junginger et al. (2008)), these two terms are often used
interchangeably within scientific literature. However, here it is posed that a learning curve uses a strict definition;
i.e. a decrease in production costs solely via learning-by doing. This results in a graph with cost on the vertical axis,
and cumulative capacity on the horizontal axis (see figure 3.1 on next page).
In this study, an experience curve is regarded to be more loosely defined than a learning curve since it can also
include other factors such as R&D, using prices instead of costs, or using time on the horizontal axis as opposed to
cumulative capacity. In order to avoid any confusion the broader interpretation will be used, and therefore the term
experience curve will be used, except where it is necessary to make a clear distinction.

3.1.1

Experience curves

Experience curves have been used extensively in order to describe learning-by-doing (Ferioli et al, 2009). The most
common representation of an experience curve is a log-linear cost function derived from a Cobb-Douglas production
function. In a simple form it can be written as follows:
(1)
6

Where Ct is the cost of a product, qt the cumulated capacity , C0 and q0 are respectively the cost and cumulated
capacity at an arbitrary starting point. α is the parameter known as the learning coefficient, or experience parameter
(Yeh and Rubin, 2012; Ferioli et al., 2009; Nemet, 2006; Söderholm and Sundqvist, 2007). α is the central (positive)
parameter which defines the slope of the curve – which is a linear function on a log-log scale (Nemet, 2006). Figure 3.1
(next page) shows experience curves of an incumbent fossil fuel electricity generation technology – gas turbines, and
two renewable electricity sources: photovoltaics and windmills.

6

In scientific literature, there exist various notations and terminology concerning what is described here as "cumulated capacity".
Nemet (2006) mentions output, and Ferioli et al. (2009) mention production instead of capacity, and Söderholm and Sundqvist
(2007) rightfully note that there can be a difference between installed capacity and cumulative capacity (e.g. when windmills are
being demolished in the period under study).
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Figure 3.1: Experience curves on a log-log scale for several electricity generation technologies. Source: Grübler et al. (1999: p. 254).

Subsequently, the learning coefficient can be used to calculate the progress ratio (PR) and learning rate (LR; the
proportional cost savings made when doubling the cumulated capacity) (Nemet, 2006; Ferioli et al., 2009; Alberth,
2008):
PR = 2

-α

(2)

LR = 1 – PR

(3)

Figure 3.2: Cost development on a normal scale of an entrant and an incumbent technology. Source: Wiesenthal et al. (2012: 8).

For example, in figure 3.2 the decrease in costs with each doubling of cumulative capacity is 20%, thus the learning
rate is 20%, or 0,20. From Eq. (3) it follows that the progress ratio is 80% and the learning coefficient can be calculated
7
via Eq. (2), which proves to be 0,32 . Following figure 3.2, increasing installed capacity from for example 1MW to
2MW leads to a cost reduction of 20%, but in order to achieve the same cost reduction at 100MW installed capacity,
another 100MW has to be installed; i.e. learning-by-doing is subject to diminishing returns (IEA, 2000; Berglund and
Söderholm, 2006).
7

-α

-α

PR = 2 => 0,80 = 2 =>
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If the slope of the experience curve is known, it is also possible to calculate the point where the new technology will
reach the breakeven capacity with incumbent, conventional technologies – see figure 3.3. This point of breakeven
capacity, qb, can be calculated via
(4)

Figure 3.3: The learning investment. Source: Ferioli et al. (2009: p. 2527).

Figure 3.3 shows that the breakeven capacity depends on the slope of the experience curve. It is important to note
that the experience curve shows the investment which is necessary to make a new technology competitive, but it
does not forecast when this new technology will be cost-competitive (IEA, 2000). When it will be cost-competitive
depends on the speed of installing more capacity, which of course can be influenced through policy measures.
Normally it is expected that the market allocates learning opportunities for new technologies efficiently, and that
market mechanisms provide learning investments for a promising new technology – hence policy intervention is not
strictly necessary. However, climate change poses such a substantial and costly (future) externality, that it may
legitimate intervening in the market in order to support new technologies which mitigate CO2 emissions, since the
market may fail to efficiently utilise all technology options. For example, introducing a carbon tax increases the breakeven point in such a way that less cumulated capacity of a sustainable technology is necessary in order to be costcompetitive with incumbent (i.e. fossil fuel based) technologies (IEA, 2000).
Because experience curves have important implications regarding energy projections, it is important to understand
the strength and weaknesses of experience curves when it comes to modelling technological change.
Nemet (2006) summarises the advantages of modelling technological change via experience curves:
8

1) The necessary data (cost and production) are readily available and relatively easy to obtain.
2) Earlier studies show that firms indeed learn from past experience. In addition, they are easily fit into general
equilibrium models (Yeh and Rubin, 2012).
3) Experience curves are validated by the generally high goodness-of-fit of scientific studies.
4) The dynamic aspect of experience curves (the rate of improvement adjusting to changes in production
growth) is a large advantage over forecasts that consider technological change solely as a function of time.
8

Oftentimes price is used as an approximation. For considerations concerning this approximation, see IEA (2000) and Junginger et
al. (2008).
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5) The reduction of the complex process of innovation to a single parameter makes it easy to implement in
models. This also allows estimating the costs for policy measures to make a technology competitive
compared to the incumbent technology (Junginger et al., 2008).
However, experience curves have also been criticised for several reasons. Dutton and Thomas (1984) for example
analysed 108 experience curve studies, and due to the wide variation in learning rates they questioned the
explanatory power of experience curves. Other disadvantages, as mentioned by Nemet (2006), Junginger et al. (2008)
and Wiesenthal (2012) are:
1) The timing of future cost reductions is very sensitive to (small) changes in the learning rate (e.g. Söderholm
and Sundqvist, 2007).
2) The experience curve model cannot predict discontinuities in the learning rate, neither does it provide an
understanding of drivers for the observed cost dynamics (Junginger et al., 2008).
3) Uncertainties in learning rates are easily oversimplified, see also Neij (2008).
4) Due to its expanding use in projections, experience curves are aggregated over complete industries or sectors
instead of firms. This stretches the original learning-by-doing theory at firm level. In similar vein, it is
debatable whether experience curves based on country-specific data on installed capacities can be integrated
in global models, and vice versa; i.e. the definition of system boundaries is of great influence and importance.
9
5) Experience (represented by cumulative capacity ) as the sole determinant of cost reduction is an
oversimplification of reality; for example also R&D, economies-of-scale and (knowledge) spillovers and other
innovation functions are also factors explaining cost reduction (Yeh and Rubin, 2012; Junginger et al., 2008).
6) With cost as an indicator, changes in quality – such as reliability or efficiency – are ignored.
Among others, Jamasb (2007) and Söderholm and Sundqvist (2007) address these disadvantages and make
suggestions for improvement, such as expanding the single-factor to a two-factor experience curve. Also, Ferioli et al.
(2009) provide possibilities to overcome some of these caveats. Following sections give a short overview.

3.1.1.1.

Floor cost

While the progress ratio of new technologies is relatively constant with each doubling of cumulated capacity, it cannot
continue forever. At a certain point the cost of a technology cannot drop any further, due to for example material
10
costs, assembly costs or transportation costs . Therefore, introducing a floor cost below which the cost of a
technology cannot fall makes a model more realistic. This way, one reduces the likelihood of overestimating the
potential cost reduction, but on the other hand floor costs might lead to conservative estimates and neglect future
opportunities (Wiesenthal et al., 2012).

3.1.1.2.

Two-factor experience curves

As described above, the empirical learning rates might overestimate the effect of leaning-by-doing, while
underestimating factors as R&D and spillovers. Using data from a study by Watanabe (1995) of the production of
photovoltaic technologies in Japan, Grübler et al. (1999) suggest including R&D in the experience curve. Also Jamasb
(2007) suggests that R&D and cumulative capacity (or production) are the main drivers of technological change –
albeit in different stages of the process (see also Grübler et al. (1999)) – and therefore argues that both should be
included in experience curve models. Thus, both learning-by-doing and learning-by-researching are included, whereby
learning-by-researching describes the relationship between the (accumulated) knowledge stock and production costs.

9

Söderholm and Sundqvist (2007) even question whether cumulative capacity actually captures the impact of learning-by-doing; it
could also be a general exogenously given process of technological progress. They argue that the robustness of experience curves
could be verified by inclusion of a time trend in the learning equation.
10
Personal communication with Bob van der Zwaan, June 20, 2017.

24

This learning-by-researching then is added to Eq. (1) (Jamasb, 2007; Yeh and Rubin, 2012; Wiesenthal et al., 2012):
(5)
Where:
Ct = unit cost of a product
C0 = cost of the first unit produced (or the cost at a chosen time 0)
qt = cumulative capacity
q0 = (cumulated) capacity at chosen time 0
α = learning-by-doing coefficient
KS = Knowledge stock (approximated via R&D spending)
β = learning-by-researching coefficient
Specifying a two-factor experience curve has two advantages: (1) public R&D is a relevant variable when it comes to
policy concerning innovation, and it is also a variable which can be empirically assessed. (2) Including R&D
expenditures diminishes the possibility of wrongly attributing variations in cost to learning-by-doing (Söderholm and
Sundqvist, 2007).
However, as Yeh and Rubin (2012) point out, although the two-factor experience curve is theoretically appealing, it
has some significant flaws. There are two major critiques. Firstly, reliability and availability of data. Notably, it is
difficult to collect reliable data on private-sector R&D spending. On the other hand Söderholm and Sundqvist (2007)
argue that including both private and public R&D might lead to double counting, since public R&D can also be used to
promote applied research in private companies. Also, it might not be a good approximation of the knowledge stock
(Wiesenthal et al., 2012). Secondly, interdependence and co-linearity of learning-by-doing and learning-byresearching. The two variables may respond to the same drivers and might influence each other; therefore they
cannot be separated satisfactorily (Yeh and Rubin, 2012; Wiesenthal et al., 2012).
Thus, the two-factor experience curve approach has its advantages, but learning-by-doing and learning-by-researching
are difficult to disentangle: "it is very questionable whether these factors can be considered isolated one from the
other since they both form integral – and by far not the only – parts of the learning process" (Wiesenthal et al., 2012:
24).

3.1.1.3.

Three-factor or multi-factor experience curves

Cost reductions of technologies may also have other explanatory variables than learning-by-doing and learning-byresearching. These include economies-of-scale, labour costs, etc. The more factors included in the experience curve,
usually the smaller the learning rate, since there are more factors explaining the cost reductions. These multi-factor
experience curves add complexity and therefore are more difficult to extrapolate in order to make cost projections
(Yeh and Rubin, 2012).

3.1.1.4.

Component-based experience curves

The component-based experience curve is basically an extension of the one-factor experience curve, “in which the
overall cost of a technology at any given point is the sum of the costs of individual components or sub-systems of the
technology” (Yeh and Rubin, 2012: p. 768). Junginger et al. (2008) suggest breaking down the learning system of a
technology into different sub-learning systems (e.g. in PV systems there is the PV module, inverter, power control,
etc.). Ferioli et al. (2009) provide a conceptual framework for a component-based experience curve, where they
conclude that this approach might explain why experience curves decrease in slope when a technology matures.

3.1.1.5.

Endogenised experience curves

An important distinction can be made whether technological change is endogenised in a model via experience curves
or not. However, scientific literature is a bit ambiguous concerning the term "endogenising". For example, Alberth
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(2008) states that an experience curve dependent on cumulative capacity (instead of time) is endogenous
technological change, while some argue that merely introducing experience curves in a model is endogenising
technological change. Others (e.g. Grubb et al. (2002)) argue that merely introducing experience curves could be
named induced technological change.
In this study the definition of Grubb et al. (2002) is used, meaning that technological change is endogenous when it is
dependent upon other parameters (other than time) within the model. An example of this is when the cost decline of
the technology is dependent on its market share – hereby a feedback loop might be generated. Research by Berglund
and Söderholm (2006) suggests that endogenous technological change might be advantageous for the timing of
climate policy, and Löschel (2002) argues that endogenising technological change results in lower cost projections
concerning abatement costs. However, endogenising technological change has its caveats, as Grübler et al. (1999: p.
272) note:
“[A]t larger scales – the energy system of a whole economy, region or the globe – models that fully and
realistically endogenize technological change are still impossible. Relationships between the wide array
of factors that determine technological choices are poorly understood, and the need to model decision
making by thousands of agents and for hundreds of possible technology combinations exceeds available
modeling and computational capacity.”

3.1.2

Conclusions

Technological change is a subject with a long history in scientific literature – what its sources are, how to foster it, how
to influence it via policies, etc. This study focuses on which model characteristics influence the modelling of
technological change and how to possibly better address it in energy models. Incorporating technological change via a
learning curve has its advantages and disadvantages, but at its core it has reached a large degree of consensus.
Although one could state that over time the narrowly defined learning curve has evolved into a broader definition of
an experience curve.
However, a curve in the form of a straight line on a log-log scale eventually approaches zero – in practice this could
never happen, since there will always be costs involved. Therefore improvements have been suggested such as
introducing a floor cost, or component-based experience curves. Another approach to make experience curves more
realistic is including more factors (e.g. R&D, labour costs). Yet, adding complexity is heavily debated since more
sophisticated approaches also require larger (re)sources of data, and it could be more difficult to disentangle policy
effects and modelling results.
In similar vein, one can distinguish the complexity of an experience curve by being exogenous and endogenous.
Exogenous means that the sources of technological change are exogenous to the model. Endogenous technological is
found more complicated to define, but here it is defined as technological change that is dependent on other
parameters in the model. Literature suggests that this more realistically models the path dependency of technologies.
Nevertheless, while there are approaches which diminish or take away some of the disadvantages of experience
curves, other disadvantages are more persistent. For example, the oversimplification of (future) uncertainties;
especially in the early stage of new technologies there exists a large degree of uncertainty concerning learning rates.
Furthermore, with only cost as an indicator other aspects of change such as reliability, user friendliness, efficiency,
etc. are ignored. And – as mentioned above – when experience curves are adjusted in order to include more factors, it
diminishes one of its original advantages: its simplicity.
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3.2

Technological change in energy models – model characteristics and
hypotheses

Section 3.1 described the scientific framework concerning technological change – its drivers and its indicators, as well
as their (theoretical) implementation in energy models. However, there exists a vast array of models, each with its
own characteristics. Hall and Buckley (2016) provide a classification scheme which identifies a broad set of
characteristics to differentiate between models. This scheme is used as a basis, and adjusted to fit the purpose of this
study. Hall and Buckley (2016) performed a literature study concerning energy systems of scientific and policy papers,
identifying the used models and categorising them. They suggest model purpose, model structure, sectoral coverage,
geographical coverage, time horizon and the time step as six distinct characteristics to categorise models.
Since the analysed models calculate projections over longer time periods, it is assumed that time steps coincide with
the reporting years of the models. Therefore in this study the time step characteristic will be regarded a subcategory
of the time horizon. In addition, following research conducted for section 3.1, and in order to incorporate the
historical aspect of the development of energy modelling, the characteristic time step is replaced by model age.
Furthermore, literature study revealed that the availability of data oftentimes is a constraint in modelling exercises;
therefore data demand is included as a model characteristic. This results in seven model characteristics to be
analysed: model purpose, model structure, sectoral coverage, geographical coverage, time horizon, data demand and
model age.
In the following subsections each of these model characteristics will be described, and subsequently a hypothesis is
stated how these characteristics are expected to influence the modelling of technological change in different models.
Chapter 4 describes the performed empirical research in order to test these hypotheses.

3.2.1

Model purpose

Because of the complexity and wide range of questions asked concerning the (future) energy system, there exists a
varied landscape of energy (projection) models to model these systems – including possible scenarios and
11
projections . Therefore different models focus on different aspects of an energy system and are developed to answer
different kinds of questions. Some models are developed to be explanatory, i.e. explain past and/or current
developments, while others are used to calculate the effects of policies or possible scenarios. Thus, each model is
developed and designed in order to answer a specific kind or type of question. The purpose of a model may be
expected to have a large influence on the type of model being used – and subsequently how technological change is
handled within the model.
In order to be able to test a hypothesis, we will look at two distinct purposes of a model: whether it has a more
descriptive goal or a more explorative goal. Models with a descriptive purpose are defined in this study as models
primarily designed and used to calculate the effects of (not-too-extreme) energy policies. These are models that
perform a "what happens if" analysis (see Gillingham et al. (2008) who describe it as positive models). Explorative
models have a broader definition in this study. Explorative models are models which explore different scenarios
(which can include extreme input options or policies) or models which explore an array of different options in order to
determine which option provides the best outcome.
It is expected that in descriptive models technological change is approached via cost reductions according to an
experience curve, whereby the cost development can be analysed with a relatively high degree of detail. Furthermore,
R&D investments might be included, since the analysis of innovation policy possibly is a part of the model purpose. In

11

For an impression of some of the energy models used in the Netherlands, see
https://www.netbeheernederland.nl/_upload/Files/Rekenmodellen_21_5ebf00b3ee.pdf
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explorative models it is expected that technological change is less detailed, since there are large uncertainties and
adding details adds uncertainty. Therefore the following hypothesis is stated:
[H1] Technological change is modelled with a higher degree of detail in descriptive models compared to explorative
models.

3.2.2

Model structure

The model structure comprises the fundamental basis of the model and model design (Hall and Buckley, 2016). Model
structure can be defined in several ways, for example whether it is a supply or demand oriented model, but when an
energy system is modelled there are usually two broad approaches: bottom-up and top-down models (e.g. Löschel,
2002).
Generally, top-down models emphasize the (macro-)economy and contain fewer details of the energy system and its
technologies. On the other hand, bottom-up models are generally technology-oriented and contain (and require) a
large amount of data concerning energy technologies. Very often these models are used to compute the most costeffective path to a certain goal, such as energy savings or emission reduction targets. However, this is done by looking
at the energy sector, thereby lacking interaction with the rest of the economy (Löschel, 2002).
In practice it is often problematic to make a clear distinction between bottom-up and top-down models, because of
increasing computational power top-down models nowadays can be very data-intensive and contain a high degree of
technological detail. Therefore, in this study a different approach to define the model structure is used, namely the socalled granularity. Maier et al. (2016: 1332) refer to the granularity of a model "as a manifestation of the level of detail
in which it represents its target system". As such, granularity may be used to describe the size and information content
of model elements. Different models focus on different elements; the more detail a model uses on a certain elements,
the higher its granularity concerning a specific element. For example, a model of the built environment can contain
information concerning spatial elements (e.g. neighbourhoods, buildings), infrastructure (e.g. electricity grid, gas
pipes), type and amount of technologies, etc. It is to be expected that not every aspect of the model has a high
granularity, but that some aspects have a higher granularity than other aspects. Therefore it is stated that:
[H2] It is to be expected that models having a high granularity in spatial elements have a have a less detailed approach
concerning technological change.

3.2.3

Sectoral coverage

An easily recognisable characteristic of an energy model is sectoral coverage. Here it is possible to make a distinction
between whole energy systems models and single sector (or multi-sector) models (Hall and Buckley, 2016). Sectoral
coverage is an important characteristic, since if for example multiple sectors are analysed within one model, it might
become more complicated to interpret the results for each sector separately because the sectors possibly interact
with each other. For example, when people work more from their homes, the gas consumption of residential buildings
increases, while that of the tertiary sector might remain the same – since office buildings have to be heated anyway.
Furthermore, different sectors can function in different ways, with different technologies and incentives. This leads to
two major differences. Firstly, technological input parameters: for example the industrial sector uses other kind of
technologies than the tertiary sector, thus input parameters of the subsequent models will differ as well. Secondly,
behavioural input parameters: on the one hand the energy consumption of residential buildings (i.e. part of the built
environment) is largely determined by human decision. On the other hand, industry might be primarily driven by
economic incentives. Human behaviour cannot be predicted by economics alone: while a new technology might save
energy (hence, cost) it will depend on many other factors, for example comfort, whether this technology will be
implemented or not. This leads to the following hypothesis:
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[H3] Models which analyse the built environment will have different – more behavioural oriented – input parameters
than models concerning the industrial sector.

3.2.4

Geographical coverage

Geographical coverage can be discerned into local, regional, national, continental and global scopes – albeit less strict
12
geographical boundaries are also possible, e.g. a model encompassing a group of countries .
When comparing two models with the same geographical coverage (e.g. national) it is expected to be difficult to
identify different approaches for modelling technological change. A few assumptions can be made: when looking at a
national level, a model which performs energy projections of countries which have an innovative economy will have a
stronger need to incorporate some kind of technological change and the diffusion of innovations than countries which
are less dependent on innovation. For example, models of the Netherlands and Belgium would most likely have similar
approaches in modelling technological change, while the Netherlands and Uganda would differ to a large degree since
the uptake of innovations and technology differs greatly between these countries.
Another important reason the geographical scope of a model is expected to influence how technological change is
modelled, is because (generally) technologies are not restricted by geographical boundaries, while models (generally)
are. For example, PV modules are built all over the world; therefore learning-by-doing will be a worldwide
phenomenon. When models have a large geographical coverage, there is no discrepancy between local and global
parameters (e.g. labour costs being local, learning-by-doing being global). Therefore endogenising learning-by-doing is
more viable in models with a substantially large geographical coverage.
[H4] Models with a continental or global geographical scope are expected to endogenise learning-by-doing, opposed to
nationally and regionally oriented models which will generally consider it an exogenous factor.

3.2.5

Time horizon

Hall and Buckley (2016) arbitrarily define a time horizon of a model 5 years or less as being short term, medium term
between 5 and 15 years and more than 15 years as long term. Nowadays a large number of projections run till either
2030 or 2050; in this study models with a time horizon till 2030 are regarded as medium term, and models with a time
horizon till 2050 as long term. Long term projections are commonly performed by means of scenario-studies. Models
with a long term time horizon are commonly used to calculate projections based on input scenarios. For example,
13
IEA’s World Energy Model calculates projections and trends according to (usually) three scenarios , whereby
calculations are performed up to 2040, but scenarios are developed till 2100. Another example is the TIMES model,
which is “particularly suited to the exploration of possible energy futures based on contrasted scenarios” (Loulou et al.,
2016: 10).
Models with long time horizons (i.e. 2050 and beyond) are expected to show a stronger influence of technological
change, since more development and advance can be expected when considering a longer time period. In addition, it
is likely that technological change is coupled with the penetration rate of a technology and/or the economic growth
ratio of the input scenario – in other words: endogenised technological change (see for example Messner, 1997).
Therefore it is the hypothesis that:
[H5] technological change in the form of learning-by-doing is endogenised in models with a long term time horizon.
12

The granularity of a model (section 3.2.2) also can have a geographical aspect (e.g. granularity on a neighbourhood level, or
building level), but is considered a separate model characteristic since it encompasses much more aspects than purely geographical
aspects.
13
In the World Energy Outlook 2016 three scenarios are being used: the New Policies Scenario, the Current Policies Scenario and
the 450 Scenario. For more information, see
http://www.worldenergyoutlook.org/media/weowebsite/2016/WEM_Documentation_WEO2016.pdf.
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3.2.6

Data demand

Data demand is not an easy characteristic to define, since it is not so much a typical characteristic of a model as it is a
consequence of other model characteristics. It is however an often reoccurring topic in literature and an important
modelling constraint that it seems justified to be included as a separate characteristic. The input variables are of great
importance for each (type of) model, but for researchers and modellers it is not always possible to obtain and use the
needed data. For example, in scientific literature it has been suggested to model technological change via a two-factor
experience curve (see section 3.1.1) which includes data on cost developments and R&D investments. However, while
information concerning public R&D is readily available, numbers concerning private R&D are a lot more problematic to
obtain. Therefore a two-factor experience curve might be an appealing method theoretically, in practice it is difficult
to execute and choices have to be made concerning practicability.
Thus, the data demand of a model is an important factor influencing the way technological change is modelled
because of the (lack of) available data. Here it is argued that for a technology-driven model including hundreds of
different technologies it is more complicated to provide the level of detail for each technology compared to a model
using a limited amount of technologies. For a model which includes only few technologies, it is easier to obtain the
necessary data. Following this line of reasoning, a (possibly counter-intuitive) hypothesis could be formulated as:
[H6] the higher the data demand of a model, the less detailed technological change will be modelled.

3.2.7

Model age

The year or time period in which a model was initially developed is a characteristic labelled as model age. Over time,
the scientific literature concerning the modelling of energy projections keeps expanding, the knowledge stock
continues to grow, and new insights bring new developments. These developments can be integrated within an older
model, but this requires a lot of time and effort – and might be stretching the initial purpose or possibilities of the
model; possibly also due to changing demand (e.g. more policy-oriented outcomes). This is not an ideal situation; as
Daniëls and Van Dril (2007: 865) put it: “to incorporate the relevant mechanisms in the model, is possible as such but is
not recommended.” Also, newer models can make use of increased computing power, which possibly leads to the
inclusion of more factors or endogenisation of experience curves.
Since knowledge, insights and computing power change over time, the model age might be of importance how
technological change is modelled. For example, notably in the (mid-)1990s scientific attention shifted towards
endogenising technological change in energy models (e.g. Messner, 1997). However, caveats of endogenisation were
also noted: early investments in a technology possibly leads to picking an early 'winner', thereby locking out other
technologies (Jamasb and Köhler, 2007; Loulou et al., 2016), giving room for other theories to improve experience
14
curves in energy models, such as two-factor experience curves and component-based experience curves .
[H7] It is expected that trends concerning technological change that can be seen in scientific literature are reflected in
models developed in different time periods.

14

Personal communication with Bob van der Zwaan, December 22, 2017.
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4

Empirical study

Chapter 3 provided the theoretical framework, this chapter comprises the empirical study of five models: SAVE
production, SAWEC, Vesta MAIS, CEGOIA and TIMES. Section 4.1 consists of brief model descriptions followed by their
approaches to modelling technological change. A comparison and analysis is made in section 4.2, and section 4.3 will
provide the findings.

4.1

Mapping technological change in energy models

4.1.1

SAVE production15

4.1.1.1.

Model description

The SAVE model (Simulation and Analysis of Virtual use in Energy scenarios) was developed in 1993-1994 and
consisted of four separate modules: production, buildings, households and transportation (Boonekamp, 1994). Over
time, several modules were replaced by new models (e.g. SAVE households was replaced by SAWEC). Nowadays SAVE
production is a stand-alone model, which includes the manufacturing industry (excluding refineries but including
construction) and the agricultural sector (Daniëls and Van Dril, 2007).
The model is designed to answer questions on “expected energy use and the application of energy saving end-use
technologies and CHP in the Dutch manufacturing industry and agriculture, in relation to policy instruments, economic
development and energy prices” (Daniëls and Van Dril, 2007: 848). The model was developed and used by ECN, though
it has been transferred to PBL in 2018, while ECN merged with TNO. It is tailored for Dutch policy makers in order to
include the effects of policy instruments for specific sectors or technologies, or include instruments of non-economic
nature, such as covenants or innovation support. The focus is on the short and middle term period up to 20 years and
on detailed analysis of policies close to business-as-usual. Originally 1990 was used as a base year, but nowadays 1995
is used as base year. SAVE production includes a calibration period that overlaps with historical data.
SAVE production is a bottom-up techno-economic simulation model, and also includes so-called 'soft' factors
representing non-economic influences (Daniëls and Van Dril, 2007). The model consists of separate modules for the
16
adoption of end-use saving technologies and for CHP installations . Hereby the output of the end-use module (in the
form of steam and heat demand) is an important input for the CHP module. SAVE production can be used as either a
standalone model, or as a part of the Netherlands Energy Outlook Modelling System (NEOMS) whereby data exchange
between a package of models takes place (Daniëls and Van Dril, 2007).
Economic growth scenarios by the CPB (the Netherlands Bureau for Economic Policy Analysis) provide the basic data
for sectoral economic growth in SAVE production, representing energy use without changes in the application of
energy saving technologies (Daniëls and Van Dril, 2007). This forms the starting point in order to model the future

15

This section is largely based on Boonekamp (1994), Van Dril et al. (1995) and Daniëls and Van Dril (2007); they also provide an indepth description of respectively the SAVE-model as a whole, and the two latter of SAVE production in particular. Currently the
model is being updated and adapted for the Climate and Energy Outlook 2019 [Dutch: Klimaat- en Energieverkenning 2019]; this
update is not included in this model description.
16
The end-use module includes as per 2018 a total of 51 industrial subsectors, 90 physical units, 129 functions, and 338
technologies and energy carriers. The CHP module includes 25 subsectors, energy carriers, 11 CHP types and individual CHP
installations.
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17

developments concerning energy use , whereby the model generates energy savings as an outcome of investment
decisions, where only investments focused on energy developments are taken into account.
Additionally, potential developments of future energy use are provided to the model via several parameters and
18
characteristics of each development. For instance, the change in the demand for functions and the expected
19
improvement(s) of new technologies . Also provided to the model are factors which co-determine whether a
development will occur, such as economic business conditions (fiscal regime, risk factors, subsidies, etc.) and
technical/organisational conditions (replacement rate, availability, applicability within the process, etc.). Originally,
20
data were obtained from the ICARUS database and lacking parameters were based on observed and expert
21
judgement. Over time it became more supplemented by additional data from other sources (Van Dril et al., 1995) .
Table 4.1 shows examples of the possible outputs of the model.
Results

Level of detail

Final energetic demand, other conversions, non-energetic demand

Function, energy carrier, sector

Winning, net consumption

Energy carrier, sector

CHP: consumption and production

CHP plant, energy carrier, power category, production hour
category, sector

Savings

Technology, energy carrier, function sector

Investments, subsidies

Technology, CHP plant, sector

CO2 emissions

Sector, energy carrier

Table 4.1: Examples of results of SAVE production and the level of detail. Source: Daniëls and Van Dril (2007: 858).

4.1.1.2.

Technological change in SAVE production

The previous section described the general structure of the model, this section zooms in on technological change. This
is incorporated via two means: firstly, substitution between energy and capital, represented by modelling investment
decisions – this is technological change in a purely economical sense. Secondly, by incorporating factors which make
the parameters of a technology more favourable via the penetration rate (an S-curve) and cost price reduction. This
penetration rate of end-use technologies is based on several factors (Van Dril et al., 1995):
1)
2)
3)
4)

technical/organisational factors;
cost factors;
replacement rate of capital goods;
criteria for financial decisions.

In order for a technology (e.g. pumps with adjustable speed drives, LED lighting in greenhouses) to penetrate, it has to
be available to the market. Once it is available it has the opportunity to be applied; for each year, the model calculates
the relative shares of technologies for that part of the capacity that is subject to application of a new technology
(Daniëls and Van Dril, 2007).

17

The difference between the base year and projected energy use is decomposed in the model into a volume effect, a structural
effect and a savings effect. The size of each of these effects depends on the development of social-economic and technical factors,
among others. See section 1.4 of Boonekamp (1994) for a detailed description.
18
For example: ‘gas consumption in TJ of segment x’.
19
For example: ‘10 per cent gain in efficiency when the technology has matured’.
20
The ICARUS-database contains many data of a large quantity of technologies: their economic lifetime, additional investment
costs, O&M costs, energy savings, etc.
21
The ICARUS-database originally contained data which ran till 2020, which means that in SAVE production ‘future technologies’
have to be introduced in order to make calculations with a longer time horizon. This means that the model results after 2020 do
not contain the same level of detail as the results before 2020, and there is a larger degree of uncertainty.
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When according to the modeller a technology is available and can be applied in the model, its share can maximally
grow depending on its degree of penetration in the previous year. This will initially result in an exponential growth
path. However, there are technical and organisational constraints to this growth, for example bottlenecks in the
supply of the new technology, or the technology is not applicable for all companies. This takes the form of an Sshaped curve (a cumulative normal distribution) whereby the penetration of a certain technology is a function over
time after introduction of the technology. It should be noted that this S-curve is not a direct measure of total market
penetration, but the share of market penetration (or: penetration rate) of that technology for the total capacity that is
subject to replacement. This S-curve represents the maximum penetration in the absence of financial barriers. See
figure 4.1.

Figure 4.1: Maximum penetration curves in SAVE production. Injection factor (SF) and saturation factor (TF) are modelling factors
that determine the maximum growth in the initial stages and final stages respectively. The two graphs show that a lower injection
factor (SF = 0,3) allows a technology to penetrate the market faster, while a high injection factor slows down the initial stages of
market penetration. A lower saturation factor (TF = 1,25) leads to a faster approach of 100 per cent market penetration. Both the
injection factor and saturation factor partly depend on price. Source: Daniëls and Van Dril (2007: 856).

The penetration of a new technology is also constrained by the lifetime of existing technologies; their value
depreciates, allowing for the investment in a new technology. In order to model the capital depreciation the vintage
approach is used, whereby an exogenous replacement pattern is set for every technology. The model applies an
approximate normal distribution around the average lifetime to calculate the abandonment of technologies (Daniëls
and Van Dril, 2007).
The factors mentioned above are the minimal requirements needed for a technology to enter the market. Whether a
new technology will actually be implemented depends on the internal rate of return on the investment (IRR). Based
on data concerning “investments, subsidies, energy costs, taxes, operating and maintenance costs and other costs and
profits (for example higher profits due to better product quality or faster production)” (Daniëls and Van Dril, 2007: 853)
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the IRR of each technology can be calculated. This IRR can then be compared with the required rate of return of
investments in order to determine whether it is profitable enough to apply a new technology, instead of maintaining
the reference technology (Daniëls and Van Dril, 2007). Thus, the model applies the endogenised S-curve to calculate
the percentage of situations in which a particular technology is more attractive than the reference technology. In
SAVE production a distinction can be made between (sub)sectors in terms of their required rate of return.
Apart from these economic factors, non-economic factors also (indirectly) determine actual penetration; financial
conditions and policies may interact with these ‘soft’ non-economic factors. For instance stringent policies can lead to
increased awareness concerning energy saving, thereby lowering non-economic barriers (Daniëls and Van Dril, 2007).
The influence of price and policy factors is based on expert judgment, and corresponding parameters in the model are
adjusted accordingly.
As mentioned in section 4.1.1.1, the output of the end-use module serves as an important input for the CHP-module.
This input is used by the model to calculate the type and amount of CHP installations needed. The economic drive to
invest in new CHP plants depends on many factors (e.g. thermal and electric efficiencies, production hours, etc.). The
model incorporates all these factors in the calculation of cash flows. Once these have been determined, the model
calculates the IRR, on which the penetration of CHP types is based. The calculation of the economic potential is
analogous to that of the end-use technologies. However, the model generates an appropriate distribution of the
potential between the various competing CHP types by generating separate new CHP installations starting with the
CHP types with the largest difference between economic potential and already occupied potential (Daniëls and Van
Dril, 2007).
Where the economic lifetime of an end-use technology is a parameter in the model, the end of the life cycle of a CHP
installation is calculated via actual full-load hours per year, combined with a technically defined maximum number of
production hours during the lifetime, which results in the IRR of an upgrade as opposed to decommissioning (Daniëls
and Van Dril, 2007).
Data concerning technological developments and trends is obtained from energy-related literature, reports and
survey-studies (Van Dril et al., 1995), though it is already noted by Van Dril et al. (1995) that government policy has a
large influence on the end-use of energy via energy saving policies, steering via technology policy, or product
legislation. Thus, government policy such as subsidies and levies can directly influence the return on investments; it is
also assumed that policy can influence the investment behaviour of companies (irrespective of the IRR). In SAVE
production this policy influence is captured via an earlier and/or higher availability of a technology and a higher
degree of utilisation of the potential.
It should be noted that there is no feedback loop between the energy system, economic growth and speed of
innovation. Daniëls and Van Dril (2007: 853): “The absence of this feedback partly is a consequence of the
geographical scope of the model: demand for products and innovation speed is for the major part determined by
global developments.” Though in the longer term this might be an important mechanism with more extreme changes
in (international) energy prices and (national) policies, since these influence innovation speed and sector growth. For
example, a high CO2-price affects the application of energy saving technologies, possibly forcing the introduction of
more expensive technologies – which might be underrepresented in the model (Daniëls and Van Dril, 2007).
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4.1.2

SAWEC22

4.1.2.1.

Model description

SAWEC (Simulation and analysis model for residential energy consumption and CO 2 emissions) is a bottom-up model
that calculates energy consumption of residential buildings. It was developed around 2003 to replace SAVE
23
Households , at the request of the Dutch Ministry of Housing, Spatial Planning and the Environment in order to be
able to simulate (future) energy use and CO2 emissions (Jeeninga and Volkers, 2003). The model is increasingly used to
calculate policy effects. An important reason to develop a new model was to handle a new type of research data used
as input for the model, as well as including property characteristics of residential buildings – a feature which was not
included in SAVE Households. Like SAVE production it was developed and used by ECN, though ownership has been
transferred to PBL in 2018, while ECN merged with TNO.
SAWEC originally calculated projections up to 2040, but it is being updated to make projections up to 2050. The model
is built in a modular format existing of input, calculation, result, control and satellite modules. The satellite modules
are independent models which for example generate part of the input of the SAWEC model. Historical, present and
future energy (saving) policies as well as scenarios are translated into exogenous model variables (e.g. subsidies,
demographic developments, number of houses, etc.). Development of energy use is determined following changes in
housing stock, changes in household demands and behaviour, policy, developments and energy saving measures.
Here an important distinction is made between energy use of buildings and appliances – SAWEC only concerns
building-related energy measures, while the energy consumption of appliances is modelled in a different model,
24
namely EVA .
The housing stock is divided into categories according to several characteristics which explain the energy use of
residential buildings. These characteristics are: (1) proprietorship (e.g. social rent, private purchase, etc.), (2) type of
house (e.g. detached house, townhouse, etc.), and (3) period of construction (e.g. before 1930, after 1995). Originally
the model included a fourth characteristic: type of central heating (e.g. local heating with a gas heater, individual
central heating, or a (collective) heat distribution network. This characteristic has been removed from the model
around 2012, in order to simplify the model. The total number of categories therefore is reduced from 180 to 60, since
51 categories were set at 0 since these contained too little dwellings, and because the fourth characteristic has been
removed.
As a result, each category contains a large number of residential buildings; the energy use of each individual building
can be divided further into three categories:
1) space heating;
2) heating of tap water (e.g. geyser, boiler, or in combination with a central heating system);
3) ventilation.
Figure 4.2 (next page) shows a schematic representation of the model.

22

This section is largely based on Jeeninga and Volkers (2003); they also provide an in-depth description of the SAWEC-model.
SAVE is an acronym of Simulation and Analysis of Virtual use in Energy scenarios.
24
EVA is an acronym of ElektriciteitsVerbruik Apparaten (Energy use of appliances). Jeeninga and Volkers (2003) note that there
possibly is a non-negligible influence between appliances and the heat demand of a building, but so far it has been decided to
separate these two models.
23
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Figure 4.2: Schematic representation of SAWEC. Source: adopted from Boerakker et al. (2005: 14).

Each of the different categories (or: uses) has a variety of energy savings measures (a list of these measures can be
found in Jeeninga and Volkers (2003), appendix B). These measures can be divided in measures which reduce the
demand for heating (e.g. insulation, double glass) and measures which increase efficiency (e.g. a condensing boiler
[Dutch: HR ketel]).
Similar to SAVE production, an important factor determining the market share of a savings measure is the vintage
approach used in the model. This means that of every technology it is known when it has been installed in which
number of buildings. Options for replacement only become available when the technology has reached the end of its
lifetime. Via the option of (large-scale) renovations this can be overruled, and technologies of a different cluster can
also become available. The database with saving measures contains several technologies which were not available in
the starting year of the model (1985), but become available in a certain year. It is assumed that a new technology
cannot reach a market share of 100 per cent within a single time step of five years.
The relative market share of an energy saving measure is partly determined via a cost-benefit ratio between the total
yearly cost of a saving measure and its benefits compared to a reference technology, and partly by non-cost-related
factors such as comfort, habits, design, etc. This means that even measures with a cost-benefit ratio larger than 1 can
obtain a (relative) market share, which is expressed via an S-curve. This is comparable to the (role of the) S-curve as
used in SAVE production (see section 4.1.1.2).
The S-curve of each energy saving measure – whereby each measure is defined in such a way that it can be regarded
as one technology – is calibrated by modelling the past 30 years and subsequently adapting two calibration constants,
vi,t and qi,t in such a way that the curve calculated by the model matches the historical curve of market penetration.
For this, the 6-yearly published energy modules of WoON (housing research of the Netherlands) are used, because
these are tailored as a calibration tool for SAWEC. Examples of S-curves with different values of the calibration
constants are shown in figures 4.3 and 4.4.
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Figure 4.3: Effect of calibration factor v on market share F as a function of the cost/benefit-ratio (with fixed calibration factor q = 3).
Source: Jeeninga and Volkers (2003: 35).

Figure 4.4: Effect of calibration factor q on market share F as a function of the cost/benefit-ratio (with fixed calibration factor v = 0).
Source: Jeeninga and Volkers (2003: 36).

By increasing the value of vi,t (figure 4.3), energy saving measure i starts to penetrate the market at a higher costbenefit ratio. In other words: with a given cost-benefit ratio the (relative) market share Fi,t increases when the value of
vi,t is increased. E.g. at a cost-benefit ratio of 1, a calibration value vi,t of 0 results in a market share of almost 0 per
cent. Setting the value of vi,t to 1, the market share increases to approximately 55 per cent.
Calibration factor qi,t regulates the steepness of the S-curve. The lower the value of qi,t the less steep the S-curve – i.e.
the less sensitive the market share Fi,t to the cost-benefit ratio. This means that even with an economic business case
(i.e. a cost-benefit ratio below 1) market penetration of energy saving measure i remains slow. A high value of
25
calibration factor qi,t leads to a faster market penetration . An advanced technology with a lower value of qi,t will
enter the market at higher cost-benefit ratios, but will penetrate the market at a slower rate (Jeeninga and Volkers,
2003). As in SAVE production, it is decided by the modeller when a technology is available to the model, its (economic
and technical) lifespan, as well as when it is no longer available to the market.

4.1.2.2.

Technological change in SAWEC

Because of differences between the model description and practice, this subsection is divided into the theoretical
approach of technological change in SAWEC and the practical approach.
25

The model contains more factors which affect the S-curve: the injection factor (SF) – which determines the growth in the initial
stage, and the saturation factor (TF) – which determines the growth in the final stage (Daniëls and Van Dril, 2007; Van Dril et al.,
1995), but since the effects of these factors on the final modelling results are negligible they are not a priority.
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Theoretical approach
During the development of the SAWEC-model it was recognised that cost reductions via the progress ratio of an
experience curve (see section 3.1.1) has advantages over a (static) yearly cost reduction (in per cent per year).
However, two important drawbacks were noted: (1) cumulative production is a global phenomenon, whilst SAWEC
only models the Dutch housing market, and (2) the limit value of the curve is zero, meaning that when enough
capacity is installed the cost approaches zero (Jeeninga and Volkers, 2003: 42).
By combining the methodology of the progress ratio with assuming that each technology has a limit value above zero,
it is possible to model the development of investment costs of energy saving measures. Hereby it is assumed that the
development of investments in a specific saving measure can be described via four parameters, being (1) year of
market introduction, (2) investment costs at the moment of introduction, (3) minimum cost of investment (the limit
value), and (4) cost reduction factor (kd).
Figure 4.5 shows a few hypothetical developments with different values of the cost reduction factor (with a limit value
of €60 per unit). A rule of thumb is that investments of technology have reduced with 60 per cent after kd years.

Figure 4.5: Development of investment with different values of the cost reduction factor kd. Source: Jeeninga and Volkers (2003:
43).

Coupling the development of the cost price to the penetration rate of a technology has the advantage that the
development of investment costs becomes dynamic and it becomes dependent on the actual success of a technology.

Practical approach
Since in practice it is complicated to determine the cost reduction factor kd, the curve as shown in figure 4.5 is ignored
in the model. Instead, data on investment costs are implemented in the model by hand. Around 2009 SAWEC was
updated with data provided by an external firm (PRC Kostenmanagement, 2009), and recently annually released data
from RVO were used (e.g. RVO 2017). Tables 4.2 and 4.3 show the different types of costs concerning a combi-heat
pump (a heat pump which delivers warm water for space heating as well as to heat tap water). The tables provide a
comparison between the cost prognosis by PRC (prognosis made in 2009 for the year 2015) and costs as estimated in
2016 by RVO.
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Individual installation (excl. VAT)

Project-based installation (excl. VAT)

Costs per dwelling

Material

Labour

Total

Material

Labour

Total

01-01-2015

23.627

4.803

28.430

22.840

4.876

27.717

Prognosis

Table 4.2: Investment costs (in Euros) for the installation of a combi-heat pump (air/water). Source: PRC Kostenmanagement (2009:
33).

Costs
per
dwelling
01-2016

Installation at random moment (excl. VAT)

Installation at replacement moment (excl. VAT)

Individual installation

Project-based installation

Individual installation

Project-based installation

Av.

Min.

Max.

Av.

Min.

Max.

Av.

Min.

Max.

Av.

Min.

Max.

21.233

20.867

21.825

20.348

19.991

20.929

19.303

18.937

19.985

18.508

18.150

19.089

Table 4.3: Investment costs (in Euros) for the installation of a combi-heat pump (air/water). Source: RVO (2016: 16).

Both reports include material and labour costs (though in the report of RVO this distinction is not publicly available),
yet the difference in costs is remarkable with a difference of approximately €7.000. This shows that with data
concerning costs it is important to verify which costs are included, if there's a base year, etc. Furthermore it is worth
to note that especially for new technologies it is difficult to estimate (future) investment costs, or the lifetime of a
technology.

4.1.3

Vesta MAIS

4.1.3.1.

Model description26

Vesta MAIS is a spatial energy model owned by PBL (Netherlands Environmental Assessment Agency) and developed
in close coordination with CE Delft. The model originated in 2011, when it started as Vesta. After a large update in
2016 it is known as Vesta MAIS – where MAIS stands for Multi Actor Impact Simulation. MAIS was added to provide
stakeholders insight into the impact of policy measures for the different stakeholders involved in the transition from
27
natural gas in the built environment (Van den Wijngaart et al., 2017). Since 2017 the model is publicly available . The
goal of Vesta MAIS is to generate policy information regarding the energy use and CO 2 emissions of the built
environment – including residential buildings, tertiary sector, hospitals, etc. – and the greenhouse horticulture
industry from 2010 to 2050 (Leguijt and Schepers, 2017) – whereby it should be noted that the focus lies primarily on
heat demand. The model uses flexible time steps, but commonly a time step of ten years is used.
Figure 4.6 (next page) shows a schematic flowchart of the model. Blocks 1, 2 and 3 form the input of the model; here
the buildings stock, energy use and other important factors (e.g. discount rate) are supplied. For a detailed description
of each block of the model and their interactions, see Leguijt and Schepers (2017).

26

This section is largely based on Leguijt and Schepers (2017) and Van den Wijngaart et al. (2017); they also provide an in-depth
description of Vesta MAIS.
27
https://github.com/RuudvandenWijngaart/VestaDV
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Figure 4.6: Schematic flowchart of the Vesta MAIS model. Source: adapted from Leguijt and Schepers (2017: 8).

The model distinguishes six components in the built environment:
1)
2)
3)
4)
5)
6)

existing housing stock (grouped based on corresponding postal code);
tertiary sector (per branch);
greenhouse horticulture (per location, per type)
new housing;
new tertiary sector;
28
new greenhouse horticulture (according to the results of the "Land Use Scanner" [Dutch: "Ruimtescanner" ],
per hectare).

The model weighs the costs of building-related measures for individual buildings against the savings in energy
consumption. Furthermore, the model calculates the profitability of alternative heat sources such as geothermal
energy – i.e. sources providing heat to a larger area; an important spatial aspect of the model. The way in which the
Vesta MAIS model deals with building-related measures and alternative heat sources is discussed in more detail
below.
Building-related measures
The housing stock is based on the most recent "Basic Registration Addresses and Buildings [Dutch: "Basisregistratie
29
Adressen en Gebouwen"] (BAG 2018 ) which is updated yearly, and the "Object Height file of the Netherlands"
30
[Dutch: "Object Hoogtebestand Nederland"] (OHN 2014 ). Combining the data from these two databases provides the
function, year of construction, surface area and height of each dwelling in the Netherlands (Van den Wijngaart et al.,
2017).
Building-related measures included in the model can either reduce energy use (e.g. insulation), or generate energy
(e.g. PV panels). The most important measures to reduce energy use are done at the outer shell of a building
28

Ruimtescanner is an integrated spatial information system for the simulation of future land use developed by RIVM (The Dutch
National Institute for Public Health and the Environment) and nowadays managed by PBL in the Land Use Modelling System
toolbox.
29
BAG-data are managed by Kadaster, and publicly available at https://zakelijk.kadaster.nl/bag.
30
Data are publicly available at https://www.pdok.nl/datasets.
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(insulation, double glazing, HR++ glazing, mechanical ventilation heat recovery). Based on these measures a building
receives an energy label, with a scale from A to G – with label A being a building where a lot of measures have been
31
applied, and G the least. The available building energy labels are included in Vesta MAIS via data of RVO . For
buildings for which an energy label has not been determined yet, the model assumes an energy label based on
building type and year of construction. It can be simulated that a building 'jumps' to a higher label with the next
modelling time step (e.g. 10 years).
As in SAWEC, ownership is included in the model, but Vesta MAIS also includes the user of the building. In the case of
private property these two are the same, but this is different when it is a rented house. In the later case, the two
stakeholders possibly have different interests, and different incentives to install energy saving measures – a so-called
split incentive: the building owner invests in energy measures, but the user reaps the profit. In order to make the
business case for a building owner more interesting, standard 80% of the profit lands with the owner, and 20% with
the user; this value can be adjusted by the user of model. This influences the model calculations concerning
profitability of energy measures.
The demand side can be calculated via in-model calculations of the most cost-effective energy measures (e.g.
improving the insulation of buildings), or steered via imposing measures (e.g. oblige a certain energy label in a certain
year). As a result, the model is not an optimisation model in the sense that it automatically calculates the most costeffective measures (though this option is used most commonly because gives a better idea of the variation in solutions
for different locations); it is up to the user of the model (Van den Wijngaart et al., 2017).
Spatial aspect of Vesta MAIS
An important feature of Vesta MAIS is the spatial aspect. The default heat supply in the model is heating by natural
gas, but this can be replaced by waste heat from industrial plants, geothermal energy or heat and cold storage when
these are more profitable. The user of the model can decide if or which of the alternative heating sources receives
priority. The profitability of alternative heat sources depends strongly on the distance to the necessary demand;
32
therefore the model contains a spatial element which maps the distance between supply and demand . The
profitability also depends on the demand; therefore heat supply and demand are iterative in the model. In addition,
the application of district heating depends on the energy label of the buildings in that area, e.g. heat and cold storage
is only a profitable option when buildings have energy label A.

4.1.3.2.

Technological change in Vesta MAIS33

As an update and expansion of the first version of Vesta in 2013, experience curves were introduced in the model. The
experience curves are defined as cost reduction as a function of time (and not as a function of installed or cumulative
capacity). The model distinguishes between experience curves of the energy label of a building, experience curves of
34
building-related installations and district heating. The first two are described in more detail below .
Energy label experience curves
Vesta MAIS contains data concerning investment costs related to energy labels. The parameters determining these
costs are defined as (1) price of materials, (2) labour costs and (3) productivity. Concerning future cost developments
is it expected that material costs will decline, and that labour costs will rise. At the same time, productivity will
improve (e.g. learning-by-doing), which means less labour will be needed.

31

https://www.ep-online.nl/ep-online/
For more details concerning the calculations of profitability, see section 2.5 of Van den Wijngaart et al. (2017) and chapter 7 of
Leguijt and Schepers (2017).
33
This section is largely based on Leguijt and Schepers (2013).
34
The experience curves of district heating are approached in the same way as those of building-related installations and are
therefore left out.
32
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Price of materials and labour costs are separated by looking at two packages of energy measures following an energy
performance advice (in Dutch these are the so-called "EPA-maatregelpakketten", see table 4.4) which are considered
representative for the majority of housing stock modelled in Vesta MAIS.
Type of housing

Package of energy measures

Homes with energy label C or higher

Insulation, heat pump, underfloor heating [Dutch: vloerverwarming], solar
water heater

Homes with energy label B or lower

Heat pump, underfloor heating, solar water heater

Table 4.4: Types of housing and energy conservation measures. Source: Leguijt and Schepers (2013: 9).

The minimum and maximum boundaries (in percentages) of both of these costs are determined, after which the
experience curves of both categories (i.e. >label C and <label B) are determined by the following formula (see Leguijt
and Schepers (2013) for a detailed description):

whereby:
Indext
t
AM
AA
MKt
AKt
PIt

= Index at time t.
= Time (2010, 2020, 2030, 2040, 2050).
= Share of material.
= Share of labour.
= Value of material costs at time t.
= Value of labour costs at time t.
= Value of productivity at time t.

The advantage of this formula is that the experience curve will not reach zero cost (compare for example with the
theoretical approach of SAWEC, figure 4.5 in section 4.1.2.2).
Experience curves of building-related technologies
For several building-related technologies experience curves are calculated, namely: condensing boiler [Dutch: HR
ketel], micro-CHP [Dutch: HRe ketel], solar water heater, electric heat pumps (water/water and air/water) and solar
PV. It is recognised that since some of these technologies are quite new, it is difficult to determine an experience
curve based on historical data. Therefore a generic approach from scientific literature is used. An experience curve as
proposed by Junginger (2005) concerning the development and installation of wind turbines over a time period of 20
years is extrapolated to 75 years. The likelihood of this experience curve (within a minimum and maximum boundary)
and its extrapolation was subsequently confirmed by two experts, and assumed to be applicable to building-related
technologies, see figure 4.7 (next page). The curve follows a decrease in percentage with 2010 as base year. The next
step is to determine where the different technologies are situated on this generic learning curve; figure 4.7 depicts the
estimated position of heat-related technologies.
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Figure 4.7: Estimated positions of building-related technologies on a generic experience curve. Leguijt and Schepers (2013: 18).

As can be seen in figure 4.7, the condensing boiler has a long history and is therefore further down on the experience
curve when compared to for example the micro-CHP. This is reflected in the derived experience curves shown in
figures 4.8 and 4.9, which show a lower expected decline in costs for the condensing boiler compared to the microCHP. Table 4.5 shows the values of all building-related technologies included in the model.

Figure 4.8: Experience curve of condensing boilers. Leguijt and Schepers (2013: 18)

Figure 4.9: Experience curve of micro-CHPs. Leguijt and Schepers (2013: 19)
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Condensing boiler ['HR ketel']
Micro-CHP ['HRe ketel']
Solar water heater
Electric heat pump (water/water)
Electric heat pump (air/water)
Solar-PV

2010

2020

2030

2040

2050

Minimum

100

88

79

73

68

Maximum

100

93

88

85

83

Minimum

100

72

58

49

43

Maximum

100

80

70

64

59

Minimum

100

85

75

67

62

Maximum

100

91

85

80

77

Minimum

100

81

69

60

54

Maximum

100

88

80

74

70

Minimum

100

72

58

49

43

Maximum

100

80

70

64

59

Minimum

100

40

28

25

21

Maximum

100

52

37

32

27

Table 4.5: Index values of building-related technologies (base year 2010). Source: Leguijt and Schepers (2013).

By default, the model calculates with an average cost development between the minimum and maximum curve.
However, a user of the model has the possibility to let the model calculate more positively (i.e. a larger cost decline)
or negatively, according to either personal judgment or the used scenario: with the parameter
"LearningcurveMinMaxSlide" [Dutch: “LeercurveMinMaxSchuif”] one can set where a curve is between the pessimistic
and optimistic variants. With the parameter "LearningcurveUserSlide" [Dutch: "LeercurveGebruikSchuif"] one can set
the extent to which the model takes the learning curves into account.

4.1.4

CEGOIA

4.1.4.1.

Model description35

CE Delft, an independent research institute, started developing CEGOIA in 2014 in order to provide policy makers,
planners and public officers insights into the potential development of the energy transition in the built environment
36
and the implications for physical (infra)structures . It is a model that calculates the lowest cost of energy supply in the
built environment (residential buildings and tertiary sector) on a neighbourhood level. The model is primarily intended
to calculate costs of different (technological) options, and less to calculate policy effects – it therefore is a more
explorative model.
The model initially was developed to calculate with 15 typical neighbourhoods (as defined by CBS), but it became
more detailed and nowadays it can perform calculations for all 12.000 neighbourhoods of the Netherlands. For each
neighbourhood the total costs of the energy chain can be calculated, consisting of:






distribution (electricity grid, gas, district heating and heat and cold storage);
production;
installations;
building-related measures;
37
(optionally) taxes .

35

This section is largely based on Naber et al. (2016).
At first it was built at request of GasTerra (a Dutch company active in the trade and supply of natural gas) to investigate how the
Dutch energy supply without natural gas would look like in 2050 (see https://www.ce.nl/publicaties/download/1883 for a summary
in English, and https://www.ce.nl/publicaties/download/1850 for the complete report in Dutch). Subsequently CEGOIA was
developed further.
37
See Naber et al. (2016) for a detailed description regarding the calculation of these costs and the made assumptions.
36

44

These total costs per neighbourhood are calculated separately for residential buildings and the tertiary sector. Data
concerning energy use of residential buildings is provided by CBS, and "exemplar existing residential buildings" [Dutch:
38
"voorbeeldwoningen bestaande bouw"] of RVO (2011) . The energy demand of residential buildings in the model
consists of eight energy efficiency labels (from low to high efficiency labels G to A, and zero-energy buildings). The
39
model only calculates the energy efficiency labels equal and higher than the current situation . The necessary
demand can be supplied by a selection of technologies (or technology groups; energy saving measures and renewable
40
energy sources) . This way, the yearly energy costs are being calculated, with several options per neighbourhood.
The tertiary sector is calculated separately, with three different energy saving levels. Data on energy use of the
41
tertiary sector is taken from the SWING-database of RVO . Figure 4.10 (next page) shows a flow diagram of the
tertiary sector in the model (the flow diagram of residential buildings is similar, only with different numbers). As
shown in figure 4.10, first the costs of demand reduction are determined for three different energy saving levels. Then
it is calculated by the model how (i.e. by which technology and corresponding infrastructure) the remaining demand
can be filled in. Subsequently the costs for the remaining energy demand are calculated.
For each type of neighbourhood, the model can be used to determine the most cost-effective option for residential
buildings, the tertiary sector and the neighbourhood as a whole. For example, it may occur that the cheapest option is
green gas for residential buildings, while for the tertiary sector it is all-electric. However, it is usually more desirable
and cheaper to choose the same energy carrier per neighbourhood. Therefore when the total costs per
neighbourhood are calculated, it is assumed that the same energy carrier is used for residential buildings as well as
the tertiary sector. Still, the most advantageous technology may differ, but this means that only building-related
installations differ – not the infrastructure (e.g. low temperature heating systems on green gas in residential buildings,
and high temperature heating systems in the tertiary sector) (Schepers et al., 2015).
However, the model also takes into account the restricted supply of certain energy carriers. For example, in
neighbourhoods where (industrial) waste heat possibly is the most cost-effective option, the model takes into account
that the demand might not be fulfilled completely by waste heat. This might result in a different outcome since there
are no hybrid outcomes: when for example waste heat is the most cost-effective option but there is not enough
supply, the model will chose the option of which there is enough supply.
The model does not contain a fixed time step or end year, but the most commonly used end years are 2030 and 2050.
If one wants to include time steps they have to be calculated separately (i.e. if one uses 2030 as end year, and wants 5
yearly time steps, the model has to be run until 2020, then use that input in order to run it up to 2025, and then for
2030 – the model does not do that automatically).

38

See https://www.rvo.nl/sites/default/files/bijlagen/Voorbeeldwoningen%202011%20-%20EPA%20detailgegevens%20site%20%209%20dec%202010.pdf.
39
For example, when the average energy label of a neighbourhood is E, then only labels E through A and zero-energy use are
calculated.
40
There are approximately twenty different technologies available, but together with the client usually a selection is made in order
to keep the results manageable.
41
See https://energiecijfers.databank.nl/dashboard.
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Figure 4.10: Model lay-out of the tertiary sector in CEGOIA. Source: adapted from Rooijers and Schepers (2015: 33).

4.1.4.2.

Technological change in CEGOIA

The first version of CEGOIA did not include experience curves. Since the model was developed further, and clients also
wanted information about the path towards the end result of the cost calculations, experience curves were
introduced. Nowadays, the model uses experience curves for several cost parameters which indicate the cost
development over time. These parameters vary from specific building-related technologies (e.g. solar heating systems,
condensing boilers) to more general technologies and measures (e.g. geothermal energy, reinforcement of the
electricity grid); table 4.6 (next page) gives an overview of these parameters.
The model uses three types of experience curves (see figure 4.11): one where there is no cost reduction, one where
costs are expected to reduce with 25 per cent until 2050, and a curve where costs decline with 50 per cent. The first is
a 'curve' without any cost reduction; in the model all infrastructure is estimated to have no cost reduction over time.
The second type of curve is for technologies which have a long history of development; the third for relatively newer
technologies which are expected to show a significant cost reduction in the future. Table 4.6 indicates which cost
parameter follows a slow or fast (steep) experience curve in the model. The estimation of the cost decline of a
parameter is done following market trends and in consultation with clients and experts.
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Figure 4.11: Experience curves in CEGOIA. Source: Naber et al. (2016: 82).

Cost parameter

Experience curve

Gas and electricity connection costs

Slow

Connection costs heat

Fast

Electricity grid reinforcement

Slow

Condensing boiler

Slow

Hybrid heat pump

Fast

Electric heat pump

Fast

Heat and cold storage

Fast

Geothermal energy

Fast

Waste heat

Fast

Heat delivery systems (e.g. underfloor heating, radiators)

Slow

Cooling installations

Fast

Ventilation systems

Fast

Heat recovery systems

Fast

Solar heating

Fast

Photovoltaics

Fast

Insulation measures

Slow

Zero-energy house insulation

Fast

Table 4.6: Experience curve type per parameter. Source: Naber et al. (2016: 83).

4.1.5

TIMES

4.1.5.1.

Model description42
43

The development of TIMES started in 1998, and was developed as a successor of MARKAL and EFOM. TIMES is a
44
technology-rich economic, dynamic partial equilibrium model . It can be used on a local, national, multi-regional, or

42

This section is largely based on Loulou and Labriet (2008) and Loulou et al. (2016).
TIMES is an acronym of The Integrated MARKAL-EFOM System – whereby MARKAL stands for MARKet Allocation, and EFOM for
Energy Flow Optimisation Model.
43
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global level. It is commonly used to analyse the energy system as a whole, but it can also be applied to analyse a single
sector – whereby the “model aims to supply energy services at minimum global cost (more accurately at minimum loss
of total surplus)” (LouLou et al., 2016: 9). The model thereby takes into consideration the investment in equipment,
equipment operation, primary energy supply and energy trade – making it an integrated model of the energy system.
TIMES also provides representations of environmental emissions, and can be used for the analysis of energyenvironmental policies.
As Loulou and Labriet (2008) point out, it is useful to distinguish between model’s structure and a particular instance
of its implementation. All TIMES models have an identical mathematical structure, but each model instance will vary
45
according to the data inputs . Thus, while all models have a degree of flexibility, TIMES is especially set up to be very
flexible; therefore one could say that TIMES is a framework, or model generator – i.e. based on the input information
provided by the modeller it generates an instance of a model (Loulou and Labriet, 2008). For example, TIMES as used
by VITO/EnergyVille in Belgium – here referred to as TIMES Belgium – is modelled in order to develop short to
medium term scenarios. TIMES Belgium represents the Belgian energy system as a region, but it is interconnected to
neighbouring countries (Meinke-Hubeny et al., 2017). The model entails the industrial, commercial, residential,
transportation and agricultural sectors.
Parameters as the techno-economic characteristics of technologies (e.g. costs, efficiency) of TIMES Belgium are
46
adopted from the JRC-EU-TIMES model (e.g. EC, 2013 and 2014 ). Many input data (e.g. the amount of installed heat
pumps) is provided by Eurostat, and VITO. TIMES Belgium uses data from Eurostat for calibration, and the model is
commonly used to make projections till 2030 or 2050. Though TIMES gives users flexibility in setting the length of time
periods (it is equipped to make projections up to 2100), it is mostly suited for the exploration of possible energy
futures, based on scenarios (LouLou et al., 2016). A scenario in TIMES consists of four types of input:
1)
2)
3)
4)

energy demand curves;
supply curves of primary resources;
a policy setting;
description of a complete set of technologies.

Ad (1), the demand component: drivers of energy demand are for example: population, GDP, number of households,
etc., and are obtained externally (via outcomes of other models, or outcomes of scenario studies for example). Once
the drivers are determined and quantified TIMES calculates a reference demand scenario with the given input data,
via the following formula:
Demand = Driver

Elasticity

The degree of (de)coupling between demand and the drivers is reflected by their respective elasticity. The user only
provides input data for the demands for the reference scenario; when TIMES calculates an alternate scenario,
demands will be affected. In order to calculate the response of the demands, TIMES needs assumed elasticities of the
demands to their own prices. TIMES can then endogenously calculate the changing demand as a result of the degree
of elasticity. It can therefore be stated that TIMES is not driven by demands, but by demand curves (LouLou et al.,
2016). Figure 4.12 shows demand curves in the case for two types of commodities: an energy form, and an energy

44

Dynamic means that the model uses perfect foresight, "i.e., complete knowledge of the market’s parameters, present and future.
Hence, the equilibrium is computed by maximizing total surplus in one pass for the entire set of periods" (Loulou and Labriet (2008:
25). It is partial since only the energy part of the economy is included.
45
Loulou and Labriet (2008: 12) give the example of a multi-region model where one region has undiscovered domestic oil
reserves, and the other region has not. For the first region TIMES will generate technologies and processes related to discovery and
field development, for the second region these will not be generated.
46
https://ec.europa.eu/jrc/en/publication/eur-scientific-and-technical-research-reports/jrc-eu-times-model-assessing-long-termrole-set-plan-energy-technologies and http://publications.jrc.ec.europa.eu/repository/handle/JRC92496

48

service. In the first case, when it is an energy carrier of which production and consumption are endogenous to the
model, TIMES constructs a step-wise demand function. In the second case the demand curve is defined by the user,
using the aforementioned price elasticity of the demand, resulting in a smooth curve.

Figure 4.12: Supply and demand curves of an energy form (left) and energy service (right). Source: Loulou et al. (2016: 39 and 42).

Ad (2), the supply component: primary energy and material resources are modelled in TIMES as a set of multi-step
supply curves, see figure 4.12. Hereby each step represents a certain potential of the resource available at a particular
cost (LouLou et al., 2016).
Ad (3), the policy component: having (no) policies also affects scenarios: they are for example aimed at emission
reduction, provide subsidies to a certain technology or group of technologies, etc. They therefore become an integral
part of the definition of a scenario.

Figure 4.13: Detail of processes, commodities and commodity flows in TIMES. Source: Loulou and Labriet (2008: 15).

Ad (4), the techno-economic component: the last pillar on which a scenario in TIMES is based, is the set of technical
and economic parameters. These consist of technologies (also called processes), commodities and commodity flows.
Figure 4.13 gives a detailed example; processes are shown as boxes, commodities are depicted as vertical lines and
commodity flows are the horizontal links between the process boxes and commodity lines. In the model, technologies
49

(i.e. processes) may either be the primary sources of commodities (e.g. mining processes) or transform one
commodity into other commodities (e.g. physical plants such as refineries). Commodities consist of energy carriers,
energy services, materials, monetary flows, and emissions. The commodity flows are the links between processes and
commodities. This is thus a technology-rich and technology-intensive part of TIMES.
This makes TIMES a flexible tool for energy system analysis with a detailed representation of energy technologies and
their linkages across sectors, and the interdependencies in the energy system, as well as an analysis of substitution
and competition effects between technologies.
With these drivers a reference scenario is calculated; one without policy constraints. Then a second scenario is
calculated, one with (a) policy constraint(s). The model then calculates the optimum for a least cost energy system,
with possibly different technology and fuel choices in comparison with the reference scenario.
TIMES then produces two types of results for each scenario. Firstly, for each time period and in each region (in case
47
multiple regions are used) the Linear Programming (LP) provides the primal solution – i.e. “resource allocation”,
meaning energy system configurations which meet the energy demands at least cost given the constraints. In
addition, the dual solution (i.e. meaning at what cost, or “resource valuation”) of LP provides the shadow price of each
commodity in the Reference Energy System (RES), and the reduced cost of each technology in the RES (Loulou and
Labriet, 2008).
Figure 4.14 is a schematic representation of the inputs and outputs of TIMES.

Figure 4.14: Schematic representation of TIMES. Source: http://iea-etsap.org/index.php/etsap-tools/model-generators/times.

47

For a (mathematical) theoretical foundation of Linear Programming and duality theory, see Appendix B of Loulou et al. (2016).
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4.1.5.2.

Technological change in TIMES

At certain points there are substantial differences between the theoretical approach of technological change in TIMES
and the practical approach. Therefore they are discussed separately below.

Theoretical approach
TIMES as a modelling framework provides the possibility to endogenise technological learning. This is done via an
extension for endogenous technological learning, based on the cost function as described in section 3.1.1, but not as a
specific cost curve (e.g. cost per unit) but as a cumulative cost curve, see figure 4.15. Loulou et al. (2016: 110) describe
the reason for endogenisation as follows:
"[T]here is evidence that the pace at which some technological parameters change is dependent on the
experience acquired with this technology. Such experience is not solely a function of time elapsed, but
typically depends on the cumulative investment (often global) in the technology. In such a situation,
technological learning is endogenous, since the future values of the parameters are no longer a function
of time elapsed alone, but depend on the cumulative investment decisions taken by the model (which are
unknown). In other words, the evolution of technological parameters may no longer be established
outside the model, since it depends on the model’s results."

Figure 4.15: Cumulative cost curve as the area below the experience curve. Source: Barreto (2001: 42).

Using the function in this form will result in a non-linear, non-convex expression. The mathematical optimisation
therefore is no longer linear, and subsequently it cannot be calculated anymore by means of Linear Programming –
therefore a different approach is used, namely Mixed Integer Programming (MIP) (see also Barreto, 2001).
The cumulative investment curve is calculated via the following formula:

Where Co and Ct stand for the investment cost of the first unit and of a unit at time t respectively, and α is the learning
coefficient. See figure 4.16 for an example of the resulting curve.
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Figure 4.16: Example of a cumulative cost curve (left) and a modelled approximation (right). Source: Loulou et al. (2016: 112 and
113).

The MIP approach approximates the cumulative cost curve by dividing it into several linear segments (see figure
4.16). A TIMES user thereby has to specify the set of learning technologies, where for each technology the user has to
provide (1) the progress ratio (from which α is inferred), (2) one initial point on the curve (denoted C o, TCo), (3) the
maximum allowed cumulative investment Cmax, and (4) the number of segments.
All the aforementioned parameters differ per technology. The model then calculates the approximation of the
cumulative cost curve. As experience increases (as represented by cumulative capacity), the investment costs per unit
decreases, thus making investments in the technology more attractive. It should be noted that this methodology has
some caveats. Firstly, it only becomes interesting to invest in a technology when it concerns the longer term.
Secondly, when there are multiple technologies, the model will invest in the ones which are initially the cheapest or
have the highest learning rate, thus locking-out other technologies. Therefore, a modeller may have to implement
additional constraints in order to 'correct' the model according to their (or other expert) judgement, for example
setting a maximum on the investment or capacity of a technology in each time period.
Furthermore TIMES offers the theoretical possibility to include spillovers, which is shortly discussed below.
Spillovers
It is possible in TIMES to include a kind of spillovers via clustered learning, whereby the experience obtained by one
key technology spills over to a cluster of (related) technologies. In addition, TIMES also provides the possibility to
distinguish regional and global learning; learning does spillover globally.

Practical approach
In the case of TIMES Belgium however, the endogenous learning extension as described above is not used.
Costs are included in the parameters used to describe a technology – including investment costs. Subsequently,
assumptions are made concerning these investment costs, e.g. investment costs for incumbent technologies remain
stable, but for new technologies it can be assumed that they will decline in the future. The value of these investment
costs is not set at a certain rate, but is provided as input data for the model for every reporting year. Table 4.7 (next
page) shows an example of this in TIMES Belgium concerning several technologies used in the power sector. The data
is provided from different written sources, and expert judgement.
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Investment cost [€2010/kW]

Fixed O&M [€2010/kW/year]

2016

2020

2030

2016

2020

2030

25

1000

800

800

46

46

46

N/A

25

800

600

547

46

46

46

N/A

30

1200

1200

1050

27

27

24

Wind offshore (<2.2 GW)

N/A

30

2000

2000

1800

80

80

63

Wind offshore (>2.2 GW)

N/A

30

2500

2500

2300

80

80

63

Combined cycle steam turbine

59

30

855

855

855

20

20

20

OCGT peak device advanced

42

20

586

586

586

19

19

19

Nuclear existing

33

N/A

N/A

N/A

43

43

43

Nuclear extension by 10 years

33

10

N/A

1000

N/A

43

43

43

Biomass plant

39

40

2000

2000

2000

80

80

80

Efficiency
[%]

Lifetime

Solar PV roof (Residential) (>2 MW)

N/A

Solar PV roof (Commercial) (>2 MW)
Wind onshore

Technology

Table 4.7: Parameter assumptions for power sector technologies. Source: adapted from Meinke-Hubeny et al. (2017: 12).

4.2

Analysis: towards a matrix of technological change and model
characteristics

As shown in chapter 3, there exists a large amount of scientific literature concerning technological change in energy
models, in which the uncertainties and complexities surrounding technological change are widely recognised. Yet, it
can also be concluded that it is necessary to include technological change in energy models. The models described in
section 4.1 provide a base of models with different model characteristics. This section will analyse their similarities
and differences concerning the seven model characteristics as described in section 3.2.

4.2.1

Model purpose

Though all five models provide projections of future energy use, it is possible to distinguish differences in their
purpose. Given the goals and purposes of the models as described in section 4.1, SAWEC, SAVE production and Vesta
MAIS appear to have a more policy-oriented goal; e.g. calculating the effects of certain (detailed) policies. In that
sense these models have a more descriptive goal as defined in section 3.2.1. CEGOIA and TIMES are more explorative
models, although the initial purpose of these two models is completely different. The TIMES model can also be used
for policy analysis, but it has a broader purpose, which includes exploring different scenarios. In this sense TIMES
differs from SAWEC, SAVE production and Vesta MAIS. The initial purpose of CEGOIA is that it is a relatively
straightforward model focussed on exploring the costs of a variety of energy technology options. The model is not
meant to calculate in detail the effects of policies.
Despite the differences in goal and purpose, the clients of the different models generally are policy makers – either at
national, local or regional level, depending on the geographical coverage of the model (see section 4.2.4).
Nevertheless, the models can also be used for private companies semi-public clients, e.g. CEGOIA was originally
developed to answer questions of the Dutch company GasTerra, and Vesta MAIS nowadays is publicly available for
everyone to use. Regarding the type of client there do not appear to be significant differences between the analysed
models.

4.2.2

Model structure

The model descriptions of section 4.1 show that Vesta MAIS and CEGOIA are spatially oriented models, while SAVE
production, SAWEC and TIMES have a strong focus on technologies. Both Vesta MAIS and CEGOIA have a low
granularity concerning technologies, since a very limited number of technologies is included (e.g. Vesta MAIS contains
six technologies, whereas SAVE production contains approximately 330 technologies). The spatial granularity however
is very high, since they contain data on a neighbourhood level (CEGOIA) and even building level (Vesta MAIS).
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SAWEC, SAVE production and TIMES all contain a large amount of different technologies, with a vintage approach (i.e.
the replacement with a newer technology depends strongly on the lifetime of the incumbent technology). However, a
crucial difference is that TIMES has a process-oriented definition of technology, while the other models (SAVE
production and SAWEC, as well as Vesta MAIS and CEGOIA) use a product-oriented definition of technology. Thus, in
TIMES a technology is not necessarily narrowly defined as a heat pump, PV-panel etc. as in the other four models, but
the technologies range from a mining process to refineries and from heating systems to cars (Loulou et al, 2016).

4.2.3

Sectoral coverage

SAWEC, Vesta MAIS and CEGOIA have the built environment at the core of the model, whereby the focus is on heat
consumption. In Vesta MAIS the built environment includes residential buildings, tertiary sector, hospitals, etc. and
the greenhouse horticulture industry, since they all need the same low temperature heat. CEGOIA focuses on
residential buildings and the tertiary sector, and SAWEC includes only residential buildings. Furthermore, SAWEC
explicitly does not take into account the electricity use of home appliances; Vesta MAIS and CEGOIA do include this in
their model but is assumed to be stable. SAVE production models the manufacturing industry and agriculture, and
TIMES can be applied to analyse a single sector, but commonly includes the industrial, commercial, residential,
transportation and agricultural sectors.
Comparing empirical data concerning the built environment and the industry, two interesting issues can be
distinguished: (1) the industry is a large sector with such a large number of technologies that it is a challenge to keep
track of all technologies. And (2) access to data is usually more complicated when it comes to the industrial sector
since much data is not publicly available (see also section 4.2.5). In addition, because of the sensitivity of company
data, the industry is a difficult sector to monitor, though by comparing sources one can distinguish trends and
developments. In the built environment – at least residential buildings – data usually can be obtained and combined
from different publicly available statistical resources.

4.2.4

Geographical coverage

Two models have a strictly national geographical coverage, namely SAVE production and SAWEC. Vesta MAIS in
principle has a national scope as well, but it has increasing possibilities to be used on a regional level. CEGOIA is
mostly used on a local (neighbourhood) level, but also used on a regional level – the two spatially oriented models are
thus coming closer together concerning geographical coverage. TIMES has great geographical flexibility, i.e. it can be
used with a regional, national or even larger geographical coverage, but TIMES Belgium has a national coverage with
connections (e.g. electricity lines) to neighbouring countries.
However, regarding technological change another geographical distinction can be made, namely between material
and labour costs, as is done in the Vesta MAIS model. Since material costs (e.g. PV modules) are subject to cost decline
due to global learning-by-doing, while the installation is subject to national circumstances: i.e. labour costs and
decreasing installation costs due to experience. Labour costs can also be subject to increase due to a scarcity of
labour, thus nullifying the cost decrease due to gained experience (see also Leguijt and Schepers, 2013).

4.2.5

Time horizon

Looking at the time horizon of the models it can be seen that the majority is able to give outcomes up to 2050. Only
SAVE production has a shorter horizon (up to 2030, but this is being extended) and TIMES can in theory run up till
2100, but is commonly used for studies up to 2030 to 2050. However, the reporting years differ per model: SAWEC
and SAVE production usually use five year intervals for reporting, both Vesta MAIS and TIMES allow five reporting
years – which are flexible, but commonly divided in decennia. In the case of CEGOIA for each reporting year the model
has to be run separately.
Although all analysed models include at least the medium projection term to 2030 and long term to 2050; TIMES is the
only model to explicitly include the possibility of an extremely long term projection (more than 50 years), and CEGOIA
is the only model to have departed from a fixed end year, thus adding flexibility. Empirical and literature study show
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that there is also a need for estimating the effects of a policy on a shorter term (SAWEC), or a longer term (SAVE
production), thereby deviating from the designed time horizon – and original purpose – of the model. As Daniëls and
Van Dril (2007: 863) note: “the model [SAVE production] is increasingly used for long-term projections with greater
variations in prices and policies. This raises the question whether the model contains all mechanisms and data required
to produce sufficiently accurate results for these projections.”

4.2.6

Data demand

Data is needed in order to run a model; the type of data which is needed depends on many factors, e.g. the purpose
of the model, the sector(s) involved, etc. Of the analysed models, both Vesta MAIS and CEGOIA have a strong spatial
component – CEGOIA at neighbourhood level, Vesta MAIS even at building level. These models are less data-intensive
concerning energy technologies; they focus on a very limited number of technologies (max. 10). SAWEC on the other
hand focuses more on the variety of (combinations of) technologies and measures, and less on the spatial element.
Like SAWEC and SAVE production, TIMES is technology-driven, and less spatially-oriented,.
During the empirical study it appeared that for modellers it is a challenge to find sufficient and reliable data. As was
remarked concerning Vesta MAIS:
"For example, we made selections on income and property; that was included in the data from
GeoMarktProfiel – that was something that was given for each object. [...]They are not in the BAG.
[...]But ok, we'll solve that again by using CBS neighbourhood-data from Statline, which contains per
neighbourhood the distribution of income and property. So that tells you the percentage of the homes
that are owner-occupied homes, the percentage of rental homes, and the percentage of private rent and
corporative rent."
Thus, due to a new data source which does not contain detailed data concerning property and income per dwelling,
an approximation has to be made.
Data concerning the built environment is largely publicly available, and the amount of used technologies is smaller
compared to the industrial sector. It appeared that for a model like SAVE production it is complicated to keep track of
all technologies within the industrial sector, as one of the model experts stated:
"It is impossible to keep track of every single technology – there are literally thousands of them. One of
them for example is the variable speed drive; the model shows a growing market penetration".
In other words: choices have to be made in order to keep the work manageable.

4.2.7

Model age

The empirical study comprises five models, each of them developed at a different point in time. SAVE production
stems from the early 1990's (1994), TIMES from the late 90's (1998), SAWEC was developed at the beginning of the
new millennium (2003), while Vesta MAIS and CEGOIA stem from 2011 and 2014 respectively.
When looking at how each of these models incorporates technological change, it can be seen that the models
developed around the change of the millennium (i.e. TIMES and SAWEC) are the only models to have the theoretical
possibility to endogenise technological change.

Table 4.8 summarises the model characteristics and technological change as incorporated in the models. The
approaches thus range from a focus on market penetration via S-curves, to more explicit experience curves with and
without the possibility of endogenising these experience curves.
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Model purpose

SAVE production

SAWEC

Assessment of (future) energy
use in the manufacturing
industry and agricultural sector
(in the framework of the
National Energy Outlooks of
the Netherlands).

Assessment of (future) energy
consumption in residential
buildings (in the framework of
the National Energy Outlooks
of the Netherlands).

Vesta MAIS
Integral approach to generate
policy advice with regard to
the energy supply of the built
environment.
Descriptive goal.

Descriptive goal.

CEGOIA
To provide insight to policy
makers and managers
concerning the possible
development of the energy
supply of the built
environment and the
infrastructural consequences.

TIMES Belgium
Exploration of possible energy
futures, based on scenarios.
Explorative goal.

Descriptive goal.
Explorative goal.
Model structure
(granularity)

Technologies, vintage
approach) (product-oriented
definition of technology)

Technologies, vintage
approach (product-oriented
definition of technology)

Spatial (buildings) ( productoriented definition of
technology)

Spatial (neighbourhood)
(product-oriented definition of
technology)

Technologies ( processoriented definition of
technology)

Manufacturing industry and
agriculture.

Residential buildings (buildingrelated measures).

Built environment (including
residential buildings, tertiary
sector, hospitals, etc.) and the
greenhouse horticulture
industry.

Built environment (residential
buildings and tertiary sector),
horticulture can be added if
deemed necessary.

Industrial, commercial,
residential, transportation and
agricultural sectors.

National (the Netherlands)

National (the Netherlands)

National (the Netherlands), but
increasingly regional

Local to regional

National (Belgium)

±1993

±2003 (to replace SAVE
Households)

Development of Vesta started
around 2011, recently
expanded to Vesta MAIS

±2014

1998 (developed as a
successor of MARKAL and
EFOM)

Base year 1995. Short and
middle term period (up to 20
years). Time steps of 1 year,
and reporting years with 5 year
intervals.

1985 – 2040 originally, but
being updated to 2050. Time
steps of 1 year, and reporting
years with 5 year intervals.

2010 - 2050 (long term), with 5
reporting years; time steps of
10 years, but flexible.

Flexible, up to 2050 with
flexible time steps, but each
reporting year has to be done
manually.

Flexible, up to 2100, with 5
reporting years. Commonly
used for up to 2030 or 2050.

ICARUS, MJA3/MEE

Before: Kwalitatieve
WoningRegistratie (KWR),
nowadays: WoON. Arcadis /
RVO / PRC.

Before: GeoMarktProfiel,
nowadays BAG (Kadaster),
WoON, Verbetering
referentiebeeld utiliteitssector
(ECN)

Statline (CBS), BAG (Kadaster),
SWING (RVO), Klimaatmonitor
(Min. I&M), Verbetering
referentiebeeld utiliteitssector
(ECN), data supplied by DSO’s

Eurostat, JRC, VITO

Sectoral coverage

Geographical coverage

Model age

Time horizon

Data input / data demand

Table continues on next page.
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Table continued from previous page.
SAVE production


Technological change



Several types of costs are
included: investment
costs, O&M costs. Energy
savings. Assumed to
improve when new
technology becomes
available.
Market penetration rate
of a technology via an Scurve.

SAWEC




Single factor experience
curve can be endogenised
(coupling unit cost price
to the penetration rate of
a technology), but this
option is not used due to
lack of data. Cost
development over time is
used instead.
For penetration rate /
market share S-curves are
used. Calibrated with two
calibration factors from
1985 to present.)

Vesta MAIS




Table 4.8: Matrix of model characteristics of analysed models.
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Experience curves based
on cost parameters of a
technology over time,
whereby in some cases
the costs consist of labour
and material costs. All
curves include a minimum
and maximum bandwidth.
No direct calculation of
market share of a
technology, though
constraints to control the
penetration of a
technology can be added
by the model user.

CEGOIA




Experience curves based
on cost parameters of a
technology over time.
Includes three options: no
cost decline, a slow
decline or fast decline.
No direct calculation of
market share of a
technology, though
constraints to control the
penetration of a
technology can be added
by the model user.

TIMES Belgium




Experience curves based
on investment costs of a
technology.
Users also have the
option to use the
endogenous
Technological Learning
extension, whereby the
cumulative investment in
the technology is made
dependent on the
investment decisions
taken by the model.
VITO/EnergyVille does not
use this option.

4.3

Findings

4.3.1

Model purpose

[H1] Technological change is modelled with a higher degree of detail in descriptive models compared to explorative
models.
All five analysed models are in principle techno-economic energy projection models, this makes that the models are
similar and that differences in model purpose are relatively subtle. Nevertheless the empirical study showed that it is
possible to make a distinction between models with descriptive goals and models which are more explorative. From
the analysis (section 4.2.1) it follows that CEGOIA and TIMES are the more explorative models, while SAWEC, SAVE
production and Vesta MAIS are examples of models with a descriptive goal, i.e. are more focused on calculating the
effects of policies.
CEGOIA is explicitly made to calculate costs of different scenarios and not to analyse policies, yet both Vesta MAIS and
CEGOIA take a generic experience curve as a starting point – whereby CEGOIA uses the limited possibility to choose
between three curves; one without decline in costs, the other two with 25 and 50 per cent decline respectively. The
other more explorative model, TIMES, uses a very different approach, where for each technology separately a cost
curve is put in the model; in this sense TIMES is similar to SAWEC and SAVE production. This suggests that the stated
hypothesis is false.
In addition, in interviews with model experts it was explicitly mentioned several times that it is important to keep the
48
models as transparent as possible; notably in the case of Vesta MAIS and CEGOIA users and clients of the model
exert an influence on the shape of the experience curve. This suggests that the hypothesis is false, since Vesta MAIS is
regarded a descriptive model, and CEGOIA as an explorative model.

4.3.2

Model structure

[H2] It is to be expected that models having a high granularity in spatial elements have a have a less detailed approach
concerning technological change.
Section 4.2.2 showed that there are different approaches when it comes to the granularity of a model. TIMES is the
only model using a process-oriented definition of technology, but its approach concerning the costs of technologies is
not significantly different from several models with a product-oriented definition of technology.
Furthermore, study of the models showed that there are three models using as detailed data concerning (investment)
costs of (separate) technologies as possible – SAVE production, SAWEC and TIMES. These models aim to include cost
reductions or energy savings over time, and SAVE production and SAWEC both have a strong vintage approach with
detailed parameters concerning market penetration rates of technologies. CEGOIA and Vesta MAIS, the models with a
high spatial granularity, did not use an experience curve when first designed. After an update Vesta MAIS uses an
"approximated" approach based on a generic experience curve. Instead of taking a technology as a starting point, it is
estimated where a technology is situated on this generic curve. It should be noted that Vesta MAIS includes minimum
and maximum curves in between which the "real" curve might fall according to the user of the model. CEGOIA also
uses standard curves (see also section 4.3.1) as a starting point, whereby in consultation with the client the most
appropriate curve is chosen.
The two spatially oriented models with lower granularity of technologies thus are less detailed concerning
technological change, and have more user interaction than the models with a high granularity regarding technologies.
These findings support the abovementioned hypothesis.
48

Users here do not include the model experts, but specifically refers to second party users.
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4.3.3

Sectoral coverage

[H3] Models which analyse the built environment will have different – more behavioural oriented – input parameters
than models concerning the industrial sector.
The analysed models were selected according to their sectoral coverage, namely industry (SAVE production) and built
environment (SAWEC, CEGOIA, Vesta MAIS) and one general model including a variety of sectors (TIMES). In practice
there are no clear boundaries, since SAVE production and Vesta MAIS also include (part of) the agricultural sector.
SAVE production includes the agricultural sector because of CHP installations; in Vesta MAIS the greenhouse
horticulture is included because it generally uses low temperature heat – as do residential buildings and the tertiary
sector. The tertiary sector is also included in CEGOIA. SAWEC uses the narrowest definition of built environment since
it only includes residential buildings.
At ECN – where SAWEC was developed – a new model (CODEC) is being developed in order to be able to model
behavioural aspects to determine which technologies are most likely to be chosen by consumers, and which factors
play a role therein. The SAWEC model expert remarked that a modeller should be modest and not try to fit everything
into one model. An expert on TIMES Belgium also remarked that it is difficult to incorporate behavioural economics in
a techno-economic optimisation model like TIMES. TIMES Belgium tries to mimic behaviour via discount rates.
Discount rates can be compared with rates of return or "hurdle rates"; the higher the discount rate, the higher the risk
perception of an investment. In TIMES Belgium differentiated discount rates are used, to represent the different risk
perceptions of industry versus individuals (Meinke-Hubeny et al., 2017), albeit the model experts remarked that is not
an optimal solution. For example, Meinke-Hubeny et al. (2017) use a discount rate of 7,5 per cent for energy supply
and demand technologies in the industrial sector, and for technologies used in the residential sector the discount rate
is set at 12 per cent. This mimics that individuals have a higher hurdle to invest than industrial companies. However,
though there can be distinguished between different numbers and percentages used in different sectors within one
model, this does not support the hypothesis that more behavioural input parameters are used in the built
environment.
In addition, as described in section 4.2.3 and section 4.2.6, there is a difference in the data demand of the different
sectors, but here it is also worth to note a trend in models modelling the built environment. The empirical study
showed that the initiators of CEGOIA see a development towards more integrated systems (a sustainable built
environment which includes electric cars), and Vesta MAIS also will look at the effects of electrification and
transportation – thus broadening the scope of the model. However, this tendency towards a more integral approach
appears not to be of influence how technological change is modelled within those models. It is worth to note that the
behavioural aspect is something model experts do pay attention to, but in general decide not to include it specifically
in the model. This leads to the conclusion that this study did not find evidence that supports the stated hypothesis.

4.3.4

Geographical coverage

[H4] Models with a continental or global geographical scope are expected to endogenise learning-by-doing, opposed to
nationally and regionally oriented models which will generally consider it an exogenous factor.
The conducted research is unable to test this hypothesis properly. It cannot be concluded that the abovementioned
hypothesis is false, since none of the analysed models have a larger scope than the national level.
Of the five models analysed for this study, two models are explicitly (theoretically) prepared to endogenise experience
curves: SAWEC and TIMES – whereby SAWEC is a model with a purely national scope, while TIMES can be used on a
local, national, multi-regional, or global level. The empirical study entailed TIMES Belgium, which has a national scope.
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This study showed that in neither SAWEC or TIMES Belgium the possibility to endogenise technological change via
49
learning-by-doing was used – therefore in none of the models technological change was endogenised.

4.3.5

Time horizon

[H5] Technological change in the form of learning-by-doing is endogenised in models with a long term time horizon.
As described in section 3.2.5, in this study models with a time horizon till 2030 are considered medium term, and
models with a time horizon till 2050 as long term. While in theory TIMES is able to calculate projections up to 2100,
this possibility is not used in the case of TIMES Belgium. Furthermore TIMES offers a possibility to endogenise
technological learning, but this option is not used since it is deemed of greater importance that the model remains
transparent, and therefore relies on expert judgment concerning future costs of a technology.
The two models developed by ECN, SAVE production and SAWEC, are slowly adapted to be able to make calculations
with a longer time horizon up to 2050. With Vesta MAIS and CEGOIA also able to calculate up to 2050, the five
analysed models show a converging time horizon. However, empirical evidence indicates that in models with a long
term time horizon which have a theoretical possibility to endogenise technological change, this possibility is not used
since model users prefer to keep the calculations as transparent as possible. The conducted research therefore
showed that the models converge to a similar long term time horizon, and that there is no evidence that supports the
stated hypothesis.

4.3.6

Data demand

[H6] The higher the data demand of a model, the less detailed technological change will be modelled.
As described in section 4.2.6, the models have a different data demand, each with their own caveats. When it comes
to technological change, experience curves of many (novel) technologies are difficult to obtain or construct. As a
model expert stated:
"…but they just do not really exist […], there are [learning curves] of photovoltaics, of wind energy, but
the price development – the historic price development – of heat pumps in the Netherlands, which have
a function for space heating and hot tap water has never been looked at. That has never been
investigated so specifically."
This coincides with a point which is repeatedly made in scientific literature that it is complicated especially for novel
technologies to construct an experience curve simply because there is not much data available yet. Therefore, in
practice, rough estimates are used instead. What the models have in common is that in principle they all look at cost
50
reductions over time, instead of cost reductions directly related to cumulated capacity – as opposed to scientific
literature. This seems logical since more data will be needed in order to use cumulated capacity as a parameter in the
model; time does not require extra data.
Section 3.2.6 stated the following premise: "here it is argued that for a technology-driven model including hundreds of
different technologies it is more complicated to provide the level of detail for each technology compared to a model
using a limited amount of technologies". The empirical study showed that when no or incomplete data is available, it
commonly is approximated by expert judgement, which estimates how fast and how much its cost will decline in the
future. Thus, the empirical study did not find evidence for this premise and the above hypothesis, and therefore the
hypothesis remains unconfirmed.
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TIAM-ECN – the TIMES Integrated Assessment Model (TIAM) of the Energy research Centre of the Netherlands (ECN), a version of
TIMES with a global scope – also does not use the extension for endogenous technological learning as described in section 4.1.5.2
(personal communication with a TIAM-ECN model expert).
50
The TIMES extension for endogenous technological learning forms an exception; here cumulative capacity is being used.
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4.3.7

Model age

[H7] It is expected that trends concerning technological change that can be seen in scientific literature are reflected in
models developed in different time periods.
The empirical study included five models developed at a different point in time, spanning a period of 20 years from
1994 to 2014. Scientific literature concerning technological change has known a considerably longer time span (see
section 3.1), but notably in the (mid-)1990s attention shifted towards endogenising technological change in energy
models (e.g. Messner, 1997). However, in scientific literature caveats of endogenisation were being noted, although
51
recently a renewed interest in endogenisation can be seen .
While the models do have different approaches in modelling technological change, and notably the models developed
around the change of the millennium (TIMES (1998) and SAWEC (2003)) have the theoretical possibility to endogenise
technological change (following the development in scientific literature), it is not possible to identify a certain trend
over time, or a certain trend following scientific literature. It appears that there is a general tendency to keep the
experience curves as simple as possible, since this reduces the amount of uncertainties and (inter)dependencies
within the model – thereby maintaining a level of transparency. It should be noted that the sample size of five models
is relatively small to be able to identify trends. Therefore also this last hypothesis remains unconfirmed.

4.3.8

Conclusions

To conclude this section, the results of the tested hypotheses are listed below.
For the following hypotheses no evidence was found to confirm the hypothesis:
[H1] Technological change is modelled with a higher degree of detail in descriptive models compared to explorative
models.
[H3] Models which analyse the built environment will have different – more behavioural oriented – input parameters
than models concerning the industrial sector: no evidence to confirm the hypothesis.
[H5] Technological change in the form of learning-by-doing is endogenised in models with a long term time horizon.
[H6] The higher the data demand of a model, the less detailed technological change will be modelled.
[H7] It is expected that trends concerning technological change that can be seen in scientific literature are reflected in
models developed in different time periods.
Findings support the following hypothesis:
[H2] It is to be expected that models having a high granularity in spatial elements have a have a less detailed approach
concerning technological change.
The conducted research was found unable to test the following hypothesis properly:
[H4] Models with a continental or global geographical scope are expected to endogenise learning-by-doing, opposed
to nationally and regionally oriented models which will generally consider it an exogenous factor.
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Personal communication with Bob van der Zwaan, December 22, 2017.
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5

Conclusions

In this final chapter, the research questions will be answered. Furthermore the performed research will be discussed
and reflected upon (section 5.2), and modelling recommendations and research recommendations will be described in
section 5.3.

5.1

Research conclusions

This study explored theoretical and empirical approaches to include technological change in (techno-economic)
energy models. It was argued that model characteristics influence how technological change is modelled; seven
characteristics were identified and hypotheses were stated how these characteristics influence the modelling of
technological change. Literature study and empirical study to analyse these hypotheses provide an answer to the main
research question: Which model characteristics influence the approaches that are used to model technological change
in energy models, and what are possible methods for future improvement?

[SQ1] ‘Which approaches of modelling technological change in energy models are described in scientific literature?’
In scientific literature, technological change is defined as an increase in output of a product or process, without an
increase in input. Technological change is a subject with a long and large history, and a field of research in itself (see
section 3.1). Within this field, technological change in energy models is also a well-developed subject, whereby three
main sources of technological change are identified: (1) learning-by-doing, (2) R&D and (3) spillovers. Of these three
learning-by-doing obtained most interest, mainly because (private) R&D and spillovers are more difficult to quantify.
Because experience curves are easier to quantify, the necessary data (notably costs) is relatively easier to obtain.
Learning-by-doing when defined strictly is expressed in models via learning curves; in a broader definition (i.e. over
time instead of cumulated capacity) it is expressed via experience curves.
Section 3.1 describes several approaches which are suggested to improve experience curves, for example by
introducing learning-by-searching through R&D expenditures in two-factor experience curves. Furthermore, other
additional factors such as economies-of-scale or labour costs can be incorporated into the experience curve via threefactor or multi-factor experience curves. Another approach is the component-based approach, whereby it is proposed
to identify different experience curves for different sub-learning systems of a technology. For example, in the case of
photovoltaics there is e.g. the PV module, inverter, power control, etc, for each of which a different curve can be
identified.
In section 3.2 it is argued that there are model characteristics which influence how technological change is modelled,
namely (1) model purpose – i.e. whether it is more descriptive in order to calculate the effects of policies, or more
explorative, (2) model structure – focussing on granularity (i.e. either having a high degree of detail concerning
technologies or spatial elements), (3) sectoral coverage (industry versus built environment), (4) geographical coverage
(e.g. local, national, global), (5) time horizon (short, medium and long term), (6) data demand, and (7) model age.
Subsequently, hypotheses were formulated and tested via an empirical study of a selection of five models, of which
the approaches of technological change were analysed.

[SQ2] ‘Which approaches of modelling technological change are used in a selection of different energy models?’
SAVE production is a descriptive model developed by ECN in the mid-90s, with a time horizon of approximately 20
years, focussing on developments in the manufacturing industry of the Netherlands. The model contains detailed data
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concerning technologies, such as investment costs, O&M costs, energy savings over time, economic lifetime, etc. For
predictions of market share of the technologies S-curves are used that are based on the Internal Rate of Return.
SAWEC was developed by ECN around 2003, and models the energy consumption of residential buildings. It
approaches technological change as a cost reduction over time which is manually updated in the model. For the
penetration rate of the technologies S-curves are used as well. The possibility to endogenise an experience curve (i.e.
coupling the unit cost price to the penetration rate of the technology) is not used in practice.
Vesta MAIS originated in 2011 and is a spatially oriented model concerning the Dutch built environment with a time
horizon up to 2050. It uses experience curves based on cost parameters of a technology over time, whereby (partly)
the costs consist of labour and material costs, including a bandwidth with a minimum and maximum. The model uses
an experience curve of wind turbines as an approximation, and expert judgment is used to determine where on this
curve the separate technologies are situated. From this information new learning curves are determined for every
technology, whereby a minimum and maximum cost reduction over time is being calculated. No direct calculation of
market share is included. However, constraints to control the penetration of a technology can be added by the model
user.
CEGOIA stems from 2014 and is like Vesta MAIS a spatially oriented model, and it also includes learning curves based
on cost parameters of a technology over time. CEGOIA is a more explorative model compared to the three
abovementioned models, and it distinguishes three simple options for cost reductions due to technological learning:
flat (no cost reduction over time), moderate (25 percent cost reduction in 2050) and steep (50 percent cost reduction
in 2050), without including a minimum or maximum. No direct calculation of market share is included. However, like
in the Vesta MAIS model, constraints to control the penetration of a technology can be added by the model user.
Development of TIMES started in 1998. It is a technology-rich model, commonly used to analyse the energy system as
a whole. It can be used for an extremely long time horizon up to 2100, but commonly 2030 and 2050 are used. It has a
process-oriented definition of technology (unlike the four other models which have a product-oriented definition), but
cost reductions over time are also inserted manually in the model. This is similar to the other models with a high
granularity concerning technology (i.e. SAVE production and SAWEC). However, users of the model have the option to
use the endogenous technological learning extension, whereby the cumulative investment in the technology is made
dependent of the investment decisions taken by the model. This option is not used with TIMES Belgium.

[SQ3] ‘Which model characteristics influence the approaches of modelling technological change and how do the
approaches in the analysed models compare with approaches as described in scientific literature?’
Empirical study of the five models showed that the hypotheses concerning five of the seven characteristics remained
unconfirmed (see section 4.3.8), and one hypothesis (concerning geographical coverage) could not be tested. Only the
hypothesis concerning the model structure (i.e. that models having a higher granularity when it comes to
technologies, also use a more detailed approach concerning technological change and experience curves) was found
substantiated by the empirical study. Therefore it seems justified to conclude that modelling technological change in
the analysed five models is not so much dependent on the seven identified model characteristics as such.
Instead, the empirical study revealed that several other (partly external) factors appear to be of influence on how
technological change is modelled. Thereby it should be noted that these factors appear to be of influence on all the
analysed models, and do not define the differences between the analysed models. Yet, these are general factors taken
in consideration by models experts when making projections with energy models. The identified factors are: (1) the
relative (in)significance of technological change, (2) transparency and (3) labour-intensity. These will be discussed
below.
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1. Relative (in)significance of technological change
Model experts stressed that technological change is a factor in the models outcomes, yet they also remark that
models have been constructed so that other factors are more influential, such as economic growth and energy
policies. For example, a policy which forbids the installation of condensing boilers per 2025 will result in a fast phaseout of condensing boilers; possibly much faster than via cost reductions of heat pumps which are in competition with
condensing boilers. This pleads for a relative simple approach of modelling technological change, which for example
was expressed in the fact that in none of the models technological change was fully endogenised.
2. Transparency
During the empirical study several model experts explicitly mentioned that it is vital that the model is transparent and
that its outcomes can be explained. If an expert cannot explain the outcomes to a (public or commercial) client, the
results will not have any added value. This is especially important if the effects of policies are calculated, or when
policies are devised based on the outcomes of the model. Therefore a model expert likes to remain – to a certain
extent – "in control" of the model outcomes; including too many factors might add noise to the outcomes. Thus,
transparency and (relative) simplicity are regarded as important characteristics of energy models. On the other hand,
when models include too little factors or remain on a high aggregation level in order to remain transparent, they
might prove unsuitable to calculate (detailed) policy effects. This remains a delicate balance.
However, it was also noted that adding more factors or details to the modelling of technological change could create a
false sense of certainty. Intuitively, after studying scientific literature concerning modelling technological change one
would say that adding details improves a model since it then more closely resembles reality. But as a model expert put
it: "it [i.e. modelling technological change] is above all a form of tasseography [Dutch: koffiedik kijken]; nobody knows
exactly what cost reductions are to be expected."
3. Labour-intensity
A third factor identified during the empirical study was the labour-intensity of models. Labour-intensive models are
expensive to maintain, since it costs many man-hours to keep the model up-to-date. This also influences how
technological change is modelled; more (input) data requires more maintenance, and thus makes a model more costly
– this can be a consideration to implement a simplified experience curve (see CEGOIA for example, which uses three
standard curves of zero, 25 and 50 per cent cost decline).
In addition, a model expert remarked: "[We have the] wish to be able to transfer it decently internally ". For an
institute it is more practical that several people can work with a model, therefore knowledge has to be transferred
easily – the more complicated the model, the more difficult it will be to transfer this knowledge, thus reducing the
flexibility of the institute.
Looking at the difference between approaches in scientific literature and the analysed model, we see that following a
strict theoretical definition, a learning curve is a decrease in manufacturing costs due to cumulating installed capacity.
This study showed that there are two major differences between theory and practice. Firstly, these costs are set
against time, not cumulated installed capacity. The advantage of this is that no estimations have to be made how fast
cumulated installed capacity is going to grow, thus limiting the amount of uncertainty brought into the model. In
addition, assuming that learning takes place on a global scale, it eliminates the necessity to collect data of global
cumulative installed capacity. One could say that in practice the definition of a learning curve is less strict and could
more aptly be called an experience curve.
Secondly, price and cost are used interchangeably, and it differs between models what costs are included and
excluded; for example SAVE production distinguishes between investment costs and O&M costs, while CEGOIA only
uses market prices of technologies. In the models concerning the built environment usually (expected) market prices
of a technology are used as input. This also shows that in practice a less strict definition of learning curves and their
cost reductions as described in literature is being used.
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When more detailed data concerning costs is available, it is not always used (in the analysed models). For example,
the theoretical inclusion of labour costs is mentioned in the three-factor experience curves (section 3.1.1.3). In this
case it is interesting to note that Vesta MAIS distinguishes between price of materials and labour costs in a few of its
experience curves, albeit not in the experience curves of the separate technologies. On the other hand, in the supplied
data of SAWEC this distinction between material and labour costs is also made, but not present in the curve.
In addition, it was noted that economies of scale can also play a role in the reduction of costs. Not the economies of
scale of production as described in the scientific literature (see also section 3.1.1.3), but economies of buying scale in
the purchase of technologies. With large scale renovations technologies like heat pumps or solar panels can be
acquired at a lower cost (i.e. price) than in individual cases. For example the supplied data for the SAWEC model make
a distinction, though also here this distinction is not implemented in the experience curve(s). This shows that while
data is available, it is not always implemented in the model due to the three factors mentioned above.

[SQ4] ‘What are the potential drawbacks and advantages of different approaches and how could these be interpreted
for proposing improvements of energy models?’
Scientific literature (e.g. Nemet, 2006, see also section 3.1.1) seems to favour cumulative capacity over time when it
comes to the learning rate of a technology, but practice is different. The cost development of a technology is much
easier to model as a dependent of time, than as a dependent on cumulative capacity. This has two main reasons:
firstly, time does not require data, while data concerning cumulative capacity might prove complicated to obtain – in
particular when a model contains a large amount of different technologies. Secondly, when a model has a small
geographical coverage (e.g. national), the learning rate is not defined by the cumulative capacity within the
geographical boundaries of the model, but might be determined globally. For example, the cost reduction of PV in the
Netherlands is not solely attributable to the installed PV capacity in the Netherlands. Therefore in practice it is
favourable to model technological change as a cost development over time, since it also diminishes the labour
intensity compared to modelling it as a dependent variable of cumulative capacity.
In similar vein, endogenisation of technological change is proposed in scientific literature, but in practice it proves to
have several drawbacks. Firstly, a small change in cost then can have a relatively large influence in the outcome of the
model, since there is a feedback loop between cost and market share of a technology. Secondly, it diminishes
transparency of a model. Empirical research showed that model experts prefer to keep the model as simple and
transparent as possible in order to control the outcome(s) of the model. This also is an important factor when model
outcomes have to be accounted for with regard to a (public or commercial) client.
In general model experts do not want to make a model too data-intensive (and thereby expensive) and they want to
avoid ‘noise’ in the model. Historic data regarding cost reductions of technologies is often difficult to obtain, which
makes it difficult to construct a proper experience curve. On the other hand, when it can be empirically proven that
endogenising technological change eventually leads to lower investment costs (e.g. Messner, 1997) it should be
considered.
The last subquestion – namely [SQ5] ‘How can (a) different approach(es) be meaningfully incorporated in energy
models to improve future projections?’ – will be answered in the next sections.

5.2

Discussion

In this study, the science behind technological change was compared with empirical research of a selection of energy
models. As shown in section 3.1, there exists a long history on the study of technological change, its drivers and how
to include it in energy models. This is important, because as Söderholm and Sundqvist (2007: p. 2560/2561) note:
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"[I]f energy models are to generate meaningful and policy-relevant results, reliable estimates of the
learning rates are needed. However, it is probably fair to conclude that previous empirical studies of
learning rates provide few uniform conclusions about the size of these rates."
That being said, so far it has not been researched which model characteristics influence how technological change is
modelled. This study is an attempt thereto. It is a different approach than Berglund and Söderholm (2006), who
investigate how learning-by-doing is integrated in bottom-up energy models, but somewhat similar to Clarke et al.
(2008), who develop a framework on how technological change is represented in formal models. However, in this
study the models are differentiated according to several characteristics, i.e. model purpose, model structure, sectoral
coverage, geographical coverage, time horizon, data demand and model age. For each characteristic a hypothesis is
stated on how this characteristic influences the modelling of technological change. Subsequently, an analysis is made
to test these hypotheses. This is a new approach in this field of study.
Regarding the proposed model characteristics which are of influence for the way technological change is modelled,
only very limited evidence was found that this relation exists – only the model structure (i.e. granularity) seems to be
of influence. Other factors, being (1) the relative (in)significance of technological change, (2) transparency and (3)
labour-intensity appear to have a larger influence. These factors may explain the relatively simple, straightforward
modelling of technological change in the analysed models.
As described in section 3.1, scientific literature suggests several ways to improve those straightforward experience
curves (e.g. including R&D via two-factor experience curves, endogenising experience curves, etc.), but it also is noted
that these methods have caveats as well. The question is: do the more sophisticated approaches as suggested in
scientific literature improve the models?
After comparing theory and practice, there appears to be a trade-off between (theoretically) improving the modelling
of technological change, and practical considerations such as transparency. This makes the term "improvement" a
rather ambiguous term. The empirical study of five models suggests that the disadvantages of for example
endogenisation outweigh the (theoretical) advantages. In order to verify whether this is justified, more research is
necessary (see section 5.3).
The outcome of this (future) research can be twofold: (1) there will not be much difference between the outcomes of
"sophisticated" and "quick-and-dirty" modelling of technological change, or (2) it will make a large difference, for
example endogenising technological change causing "runaway effects" of a certain technology (i.e. feedback loops
causing one technology to become cheaper very fast). If there will not be much difference, the present methodologies
used for modelling technological change are good enough. They may not be very detailed or sophisticated, but putting
costly effort in changing this does not lead to significant improvement of the model.
However, in the case where it will make a large difference, it is important to look at the goal (and purpose) of the
model. When a model is more descriptive and aimed at calculating the effects of energy policies, increasing the
complexity of modelling technological change might add "noise" to the policy effects (see also section 5.1) – thus
diminishing the usefulness of the model.
For explorative models looking at long term developments it can be useful to endogenise technological change, in
order to make predictions about the potential of new(er) technologies, and compare outcomes based on different
scenarios. This could provide valuable insights for innovation-oriented policies for example, focusing on long term
developments. New technologies can profit from targeted innovation policies, increasing cost reductions and lowering
the threshold for market entry. This way the underestimation of a technology (as shown in figure 1.1 in section 1.1)
might be prevented. Though it should also be mentioned that especially in the early development stage of a
technology it is difficult to determine a proper experience curve: "Note that the largest differences between the price
surveys are in the early stages of commercialization when using experience curves may be least appropriate" (Nemet,
2006: p. 3220).
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It should also be noted that learning-by-doing is only one of several factors of cost developments, but other drivers
such as R&D and spillovers are difficult to include in models; furthermore, it is difficult to determine when a cost
reduction is due to technological change (i.e. learning-by-doing) or due to economies of scale. Therefore, it is good
that research concerning uncertainties of technological change (and more in particular experience curves) is evolving
as well – albeit this has been held outside the scope of this study.
Furthermore it should be mentioned that in order to be able to draw scientifically sound conclusions concerning
technological change in energy models, the models need to be comparable. Therefore it was attempted to select
models which are similar in many aspects, but differ on one characteristic, e.g. either on geographical coverage, time
horizon, etc. However, this implicates that there exists a chance that models are too similar to draw sound
conclusions. For example, Vesta MAIS has a national geographical coverage, but is increasingly used on a regional
level, thereby approaching CEGOIA which has a local and regional focus. In addition, with some model characteristics
(e.g. model purpose, model structure) it is more difficult to classify a model than with other model characteristics (e.g.
model age); testing of hypotheses where there exist subtle differences concerning the classification of models makes
the results less robust.

5.3

Recommendations

This section will provide modelling recommendations (section 5.3.1), and recommendations for further research
(section 5.3.2).

5.3.1

Modelling recommendations

A number of modelling recommendations is described below.
1. Open source database of technologies
Intuitively, after studying scientific literature concerning modelling technological change one would say that adding
details improves a model since it will more closely resemble reality. However – per definition – models are a simplified
representation of reality, and therefore their simplicity and transparency are important features of every model.
Simplicity and transparency make that the outcomes can be understood by a model expert, and subsequently
explained to a (public or commercial) client. Taking this one step further, in order to increase transparency one could
advocate to make a model open source. All data and assumptions would be publicly available, and could be verified by
outsiders (e.g. technology experts, clients, etc.). This of course is easier for models developed and owned by public
institutes than for models owned by commercial firms. Nevertheless, when it comes to making projections concerning
future energy use (and the societal implications that accompany it), it is important to have a possibility to check
results and eliminate possible errors. Yet, making a model open source does not mean that maintaining a model
becomes more efficient or diminishes its cost of maintenance; it is likely that maintenance costs will increase due to
the time and cost involved concerning the online platform (e.g. Github).
It therefore is not advocated here to make a model completely open source, but instead it is suggested to strive for an
open source database including standardised parameters (e.g. the different costs, prices, economic lifetime, technical
lifetime, etc.) of a technology. Modellers can then use this database as input, though maintain freedom to select
technologies, which costs they want to include and to construct expected experience curves. This adds to the
transparency concerning input data and corresponding assumptions.
2. Diversification of costs in descriptive models
The current energy transition concerning renewable technologies and greenhouse gas mitigation entails large costs
and benefits. It is therefore important to be able to estimate the costs (and benefits) involved. Although it adds
complexity to a model, it is advocated here that models aimed at detailed analysis of the effects of (energy) policies
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on the short to medium term should distinguish between labour and material costs. Developments concerning
technologies are usually a global activity, while installation and maintenance is a local activity. This influences the cost
development of a technology; for example, in the Netherlands cost of labour is relatively high, and labour adds costs
to the installation of a technology. Including material cost and labour cost separately in a model can provide valuable
insights – also with regard to expected cost developments of materials and labour, e.g. due to a shift from tax on
labour to tax on resources (materials).
3. Endogenise technological change in explorative models
Following scientific literature (e.g. Gillingham et al., 2008), it is suggested to make it possible for the more explorative
oriented models aimed at providing long term scenarios to endogenise technological change. It adds complexity and it
makes a model less transparent, but one could run a model without endogenised technological change and with
endogenised technological change and interpret the differences between the two outcomes. Each outcome then
should also be tested for robustness and sensitivity in order to understand the strengths and weaknesses of the
outcomes.

5.3.2

Research recommendations

In addition to the modelling recommendations, this section describes several specific research recommendations.
1. Increase sample size
It should be noted that with regard to this study the evidence to reject or confirm the hypotheses regarding the
influence of the different model characteristics is very limited and not very robust, since this study only analysed five
models. A first proposal is to include a model with a large geographical coverage, i.e. large than a national coverage.
This study included the TIMES model, which can be used on a local, national, multi-regional, or global level – but here
it was analysed on a national level. Examples of models with a large geographical scope are PRIMES and POTEnCIA
(both focussing on the EU). A second proposal is to include a variety of models focussing on the industrial sector. This
way the role of R&D in technological change can be studied empirically; this especially might be of value to
technological change with regard to innovation policies.
2. Expand empirical research I
In order to test which approach of modelling technological change is better at predicting the cost development of
technologies, it is necessary to perform multiple runs with a model, but each with a different approach. Subsequently
the outcomes for a particular year, e.g. 2030 should be compared. Yet, only in 2030 will it become clear which model
provided the best projection – and then it will have to be proven that this is due to the way technological change is
modelled, and not by other factors; i.e. test the robustness of the results.
3. Expand empirical research II
Experience curves concentrate on the production costs (e.g., learning-by-doing, economies of scale), but do not
provide an understanding of drivers for the observed cost dynamics (Junginger et al., 2008, as mentioned in section
3.1.1). More empirical research is necessary to identify and better understand the drivers for the different cost
dynamics in order to better understand future cost developments.
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Appendix I – List of interviewees
Name

Model

Institute

Ton van Dril

SAVE production

ECN (as of April 2018 part of TNO)

Frank Meinke-Hubeny

TIMES Belgium

VITO/EnergyVille

Larissa P. N. de Oliveira

TIMES Belgium

VITO/EnergyVille

Steven van Polen

Vesta MAIS

ECN (as of April 2018 part of TNO) // PBL

Benno Schepers

CEGOIA

CE Delft

Casper Tigchelaar

SAWEC

ECN (as of April 2018 part of TNO)

Wouter Wetzels

SAVE production

ECN (as of April 2018 part of TNO)

Ruud van den Wijngaart

Vesta MAIS

PBL
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Appendix II – Interview protocol
Below is shown an example of an interview protocol; the one shown concerns TIMES – the type of questions were
similar for each model, but they were adjusted to reflect the model characteristics.

GENERAL QUESTIONS
1) Can you describe in your own words what kind of model TIMES is, what you can do with it, and with what purpose
it was developed? Follow-up questions:
o

In your opinion, has TIMES been developed to answer certain questions? If so, what questions, and whose
questions?

o

For what purpose is it used by VITO?

o

TIMES is more a model “generator” than a model, therefore:

o

-

Can different forms/options of the model work with different assumptions?

-

Do different options influence how technological change is modelled?

Is it always used to calculate the complete energy sector, or is it used for separate sectors as well? (And if it is
used for both cases, does this influence the working of the model?)

2) In your opinion, is TIMES a bottom-up model, or a top-down model? Why? What is the influence / significance of
this for the structure of the model?
o

Can an optimisation model like TIMES be used for projections?

o

Does it optimise in a purely economic sense, or are behavioural aspects also included?

3) Do you know of any models which are similar to TIMES? What do you see as the strengths of the model
(compared to other similar models?)? And what do you regard as weaknesses?
4) What is the effect of input data on the model? Does it lead to a better answer to the questions for which the
model has been designed, or does it lead to answering other questions?
5) Is the model calibrated? How are the outcomes tested for robustness?
TECHNOLOGICAL CHANGE
From scientific literature it follows that three ‘sources’ of technological change can be modelled: (1) learning /
experience curves, whether or not endogenised (or internalised), and the risks involved, such as lock-in or lock-out of
technologies, (2) R&D, (3) spillovers.
6) How does the model deal with these aspects? What factors are involved?
o

What circumstances do you think influence the modelling of technological change? (e.g. the purpose (and
type) of the model, the type of sector, the geographical scope, the time horizon, having perfect foresight or
not, etc.)? (See also question 1.)
For example, the time horizon of TIMES is flexible; for example the end date can be set at 2030, or 2100 –
does this influence whether the endogenous technology learning (ETL)-extension is used or not?

o

What influence do these factors have on the choice for a particular modelling choice of technological change
or technological learning?
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7) Are there any limitations that affect the model (e.g. computing power, programming language, data availability,
etc.), and what impact does this have on modelling technological change?
8) There are many (input) factors that influence the outcome of a model, each with their own uncertainties. Does
technological change (as it is now included in the model) have a major influence on the outcome of the model?
9) Does the model also consider the market share of each technology? (S-curve, investment decisions based on
vintages?)
10) Can the model handle technologies that are not yet known? (Or new developments?)
11) Does district heating qualify for the “lumpy investment” option in TIMES?

LEARNING CURVES & ENDOGENOUS TECHNOLOGY LEARNING (ETL)
12) Why does TIMES look at investment cost of a technology, rather than unit cost or unit price?
13) Which input data are used for the investment costs, and for which technologies (specifically for the built
environment)?
14) Is the ETL extension of the model used?
o

If not: why not? How does this influence the rest of the model and its outcomes?

o

And if not: is technological change in any other way incorporated in the model?

15) Does the programming language GAMS have an impact on the complexity of (endogenising) learning curves?
16) In your opinion, does endogenised learning lead to lock-out of (initially expensive) technologies?
o

Do you impose additional constraints in order to control the penetration of learning technologies?

17) Is it possible to include other indicators of technological change besides learning, for example R&D, or spillovers?

CLOSING QUESTION
18) If you were allowed to develop a new model (that models the built environment) from scratch, what would you
do differently?
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