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1. Introduction
Renewable energy deployment is growing rapidly on a global scale. China, Germany and the
US are among the countries with highest capacity of renewables installed. In Germany, for
example, the large growth in renewable power generation (RPG) capacities in the past has
been mainly due to demand supporting policy measures. Globally, increasing deployment is
accelerated by strongly decreasing costs of these technologies. Deployment, in turn, leads to
cost decreases via scale effects. This interdependence can be captured in learning curves,
which is a concept used to model technological change. Using this concept it is possible to – at
least partly – endogenize technological change in economic models. Introducing endogenous
technological change is necessary to adequately analyse not only the direct effects of
technological change in the renewable power generation sector, but also the indirect effects
on important macro-economic indicators such as growth, employment, welfare and trade as
well as their feedback to the electricity sector.
The BMBF project ``The impact of the German policy mix on technological and structural
change in renewable power generation technologies'' analyzes the impact of a renewable
energy policy mix on technological change, welfare (economic development, employment),
trade and structural change using a global macro-economic input-output model. The analysis
requires several steps:
1. Identifying the effect of the policy mix on innovation and hence on technological
change.
2. Quantifying the effect of technological change on the model parameters and variables.
3. Analyzing the resulting effect on the economy.
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In this paper a renewable power generation module for the INFORUM type econometric
input-output models (see Eurostat, 2008, for more details) such as GINFORS (Lutz & Wiebe,
2012) and PANTA RHEI (Lehr et al., 2012) is developed. This module can then be linked with
the energy sector model based on the energy balances of the IEA. Renewables have only been
a small aggregated part in the model previously, but are now represented in more detail. This
is a first step towards endogenizing technological change in the RPG sector in the INFORUM
models. Wind (on and offshore), PV, and concentrating solar power (CSP) generation
technologies have been selected for further analysis.
The next section shortly reviews the literature on technological change of RPG technologies.
Section 3 introduces the main features of INFORUM type models and places the RPG module
in this context, followed by some preliminary results in Section 4. Section 5 concludes.
2. Renewable power generation and technological change
The importance of innovations for social change, international competition, structural change
and economic growth has been thoroughly analyzed in the past decade. However, how and
why innovation comes about and what triggers it or slows it down is still an open question.
There is evidence, that knowledge is the most important input in the process of innovation;
the importance of knowledge in certain innovative industries has been empirically shown
(Dosi 1988, Hullmann 2001). Sparks of innovation emerge through the interplay of different
forms of heterogeneous knowledge: their confrontation, combination, fusion, transformation.
Different schools of thought describe the accumulation and the distribution of knowledge
within the firm, in the economic sector and in innovation system differently.
Most studies on technological change in the renewable power generation sector are case
studies on success or failure of specific eco-innovations such as wind mills or solar panels. To
get a complete picture, Lehr et al. (2010) screened studies on the relation between
environmental regulation and price-based policy instruments. They conclude that “the studies
reviewed suggest that environmental regulation in general, and price-based policy
instruments such as environmental taxes and investment subsidies in particular, can (in
theory) and do (in practice) have a positive impact on both innovation and diffusion of
environmental technologies. However, the supporting empirical and case study evidence is
not universal and the effectiveness of these instruments would appear to vary across different
sectors and different types of innovation.”
All of this suggests that caution should be exercised in drawing general, definitive conclusions
about the impacts of price-based policy instruments such as environmental taxes and
investment subsidies on innovation – particularly relative to other policy instruments. While
it would appear that they can be effective in stimulating both innovation and diffusion in
many cases – at least in terms of the rate of technological change, there may be situations in
which other policy instruments may be more appropriate. In general, the stringency and point
of incidence of an environmental policy intervention may be more important than the choice
of a particular policy instrument in determining the rate and direction of eco-innovation.
In macro models the treatment of technological change is still a major source of cost
differences of climate change mitigation (IIASA 2009), despite various research efforts in the
last years. Most models compared in a OECD/IEA (2009) study set technological progress
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exogenously by assumption. In a literature review on eco-innovation and economic
instruments Lehr et al. (2010) conclude that quantification of eco-innovation is still difficult,
despite evidence on the positive impact of higher energy prices. Johnstone and Hasic (2009, p.
161) examined the effects of public policies on innovation in the area of renewable energies in
a cross-section of OECD countries over the period 1978-2003, finding that the empirical
results indicate a strong influence of policies on innovation in renewable energy technologies.
Schwark (2010) compares two CGE models with regard to the modeling of technical change
(endogenous/exogenous) and the resulting effects on the impacts of carbon taxes on different
industries. The main finding is that endogenizing technical change using ‘gains from
specialization’ reveals dynamic growth patterns that cannot be reproduced in a model with
exogenous technical change. Overviews on modeling technical change in growth theoretic
models as well as large-scale econometric models can be found in Löschel (2002) and for
models developed more recently in Kahouli-Brahmi (2008).
Most recent efforts to endogenize technological change in economic models of climate change
mitigation often abstract from specific technologies. Acemoglu et al. (2012) look at
environmentally directed technological change in a simple one-good-two-sector growth
model with environmental constraints. According to their analysis substitutability of clean
and dirty inputs is very important to avoid growth losses. Optimal environmental policy
includes carbon taxes and research subsidies. One major conclusion (on p.28 in the
forthcoming version) is that “it would be useful to develop a multi-country model with
endogenous technology and environmental constraints,” to discuss global policy coordination
and to deploy the link between environmental and trade policy.
Popp et al. (2010) differentiate between price-induced, R&D-induced and learning-induced
technological change to be included in aggregate energy-environment models. Interesting
areas for further research include modeling of policy instruments that are closer to the real
world policy mix, progress on learning curve and directed R&D modeling. Löschel and
Schymura (2013) additionally consider directed technological change, e.g. the support of
clean technologies. They further give a comprehensive overview on technological change in
CGE models. Kahouli-Brahmi (2008) distinguishes between four types of learning: learningby-doing, learning-by-researching, learning-by-using, learning-by-interacting, and economies
of scale.
Both, learning-by-doing and learning-by-searching can be modeled using learning curves.
Learning curves model the economic development of technologies; this is for example the
costs of a certain technology depending on the cumulative production volume of the
technology. The general idea is that through the learning-by-doing effect, i.e. when producing
more and more of the technology, costs decrease. The one-factor learning curve is
represented by
Ct  mQt 

(1)

with Ct being the costs of the technology at time t , Qt being the cumulative production of the
technology at time t ,  the elasticity of learning-by-doing with the corresponding progress
rate 2   or learning rate 1  2   , and m a normalization parameter with respect to the initial
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conditions, e.g. C (Q0 ) . The learning rate corresponds to the cost decrease which can be
realized with every doubling of the cumulative production.
According to Wiesenthal et al. (2012b) early investment, policy intervention and the initial
market conditions for the technology are important for cost reduction. Hence, not only
cumulative production volumes, but also other factors influence the economic development of
the technology. This can for example be captured in two factor learning curves, which
combine learning-by-doing and learning-by-searching:
Ct  mRt Qt  ,

(2)

with Rt being the cumulative R&D spending on the technology at time t (as a proxy for the
knowledge stock) and  the elasticity of learning-by-searching. Wiesenthal et al. (2012b)
further propose an improvement to the one-factor learning curve by disaggregating the costs
into two parts, one part (  ) corresponding to the “learning” components and the other part
1    where no cost improvements take place. This results in the following learning curve:

Q
C (Q)  C (Q0 )
 Q0







 (1   )C (Q0 )

(3)

This case may be for example useful when looking at the total costs of installing a PV module
on a roof, where not only the module but also labor needs to be paid. Wang et al. (2011)
estimate that in a conventional PV system the costs for the module are only about half of total
specific investment costs. The non-module costs are usually summarized as balance of system
(BOS) costs. Kahouli-Brahmi (2008) analyzes 77 learning-by-doing and 17 learning-by(re)searching rates that were estimated in different energy-environment-economy models
between 1974 and 2007. Among these were 33 learning rate estimates for wind, nine for solar
PV and one for CSP. The learning-by-doing rates for wind vary between -3% and +20%, with a
median of 12% and half of the estimates being between 6% and 15% (Fig. 5 on p. 143); For
solar PV the variation in the rates is lower: the median is at about 20% and half of the rates
are between 18% and 22%. The variation in the learning rates is not only due to the use of
different data sets, different geographical coverage (some look at the global development,
while others only consider the development in individual countries or country groups) or
different time spans, but also due to the use of different proxies for cost and cumulative
production volume development. Investment costs, capital costs and prices (all in EUR/USD
per kW) or energy production costs (in EUR/USD per kWh) were used as proxies for the cost
development and cumulative installed capacity or cumulative sales (in MW) or cumulative
electricity production (in TWh) were used as proxies for experience (cumulative production
volume). The reviewed learning-by-researching rates for wind differ even more, with values
between 5% and 28%, while those for solar PV are between 5% and 14%.
In Wiesenthal et al (2012a), the authors estimate both one-factor (1FLC) and two-factor
learning curves (2FLC) using the same dataset. They find learning rates of 7%, 7.5% and 20%
for Wind onshore, Wind offshore and PV, respectively for the 1FLC with respect to capacity,
and 9.5%, 10.5%, and 25% for the 1FLC with respect to R&D. For the 2FLC the learning rates
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with respect to capacity installed are 3%, 2% and 18% and with respect to R&D 10%, 10%
and 9.5%, for wind onshore, wind offshore and PV respectively (Table 4, p. 110).
3. INFORUM type macro-econometric models
The global INFORUM type model GINFORS (Global INterindustry FORecasting System)
describes the economic development, energy demand, CO2 emissions and resource inputs for
50 countries, 2 regions, 41 product groups, 12 energy carriers and 9 resources. The regions
are “OPEC” and “Rest of the World”. The explicitly modelled region “OPEC” and the 50
countries cover about 95% of world GDP and 95% of global CO2 emissions. The aggregated
region “Rest of the World” is needed for the closure of the system. The model is documented
in Lutz et al. (2010). Current applications of the model can be found in Barker et al. (2011a),
Giljum et al. (2008), Lutz and Meyer (2009a, 2009b, 2010) and Lutz (2010). The related
German model PANTA RHEI has been applied to endogenize technological change in a few
industry sectors as iron and steel and paper (Lutz et al. 2005 and 2007) and to evaluate the
German energy concept (Lindenberger et al. 2010).
GINFORS is in many respects close to neoclassical CGE models, but shows some major
differences. One is the representation of prices, which are determined due to the mark-up
hypothesis by unit costs and not specified as long run competitive prices. But this does not
mean that the model is demand side driven, as the use of input-output models might suggest.
Even though demand determines production, all demand variables depend on relative prices
that are given by unit costs of the firms using the mark-up hypothesis, which is typical for
oligopolistic markets. Firms are setting the prices depending on their costs and on the prices
of competing imports. Demand is reacting to price signals and thus determining production.
Hence, the modeling in GINFORS includes both demand and supply elements.
Allowance prices and carbon tax rates are endogenous to the model. To avoid long solving
procedures, the prices are changed in an iterative process manually until the GHG reduction
target is reached. Allowance prices increase the shadow prices of energy carriers and reduce
energy demand according to the specific price elasticities. Different allocation methods
therefore have no direct influence on energy demand and the emission levels in the model.
But increasing profits of private companies in the case of grandfathering deliver
macroeconomic impacts other than government spending financed by auctioning revenues.
All behavioural parameters of the model are estimated econometrically, and different
specifications of the functions are tested against each other, which gives the model an
empirical validation. An additional confirmation of the model structure as a whole is given by
the convergence property of the solution which has to be fulfilled on a yearly basis. The
econometric estimations build on times series from OECD, IMF and IEA from 1980 to 2006.
However, for a number of variables the data were only available for a shorter time period. The
modelling philosophy of GINFORS is close to that of INFORUM type modelling (Almon 1991)
and to that of the model E3ME from Cambridge Econometrics. Common properties and minor
differences between E3ME and GINFORS are discussed in Barker et al (2011b).
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4. The renewable power generation module (RPGM)
The renewable power generation module (RPGM) is an extension to the usual energyenvironment-economy INFORUM-type models, as e.g. GINFORS or PANTA RHEI. These models
consist of a combination of a model for the economic development and a first extension (the
energy module), which models the energy balance. The interaction of the RPGM with the
economic core model and the energy module is multilateral: the RPGM takes information from
the other two, but also provides information. The RPGM provides information about the costs
of renewable power generation as well as capacity installed to the energy module. In turn it
gets information on electricity demand, which is jointly generated by the economic core and
the energy module. Further, the change of the composition of electricity generation
technologies also affects the input structure of the production of electricity generation
technologies. Wind mills, PV modules and CSP plants need other components than a coal or
gas fired plant to produce electricity. This has implications for the production structure of the
overall economy and, therefore, needs to be implemented in the economic core model as well.
These interlinkages are shown in Figure 1
4.1 Modeling capacity installed and costs of RPG technologies
Figure 1 also shows the basic concept of the RPGM. This basic concept holds for all
technologies (Solar PV, CSP and wind), that are modeled separately in the RPGM. Global
capacity installed at time t, C gt , is the sum of all countries’, c, capacity installed at time t, Cct
(top right box in Figure 1):

C gt  c C ct .

(4)

Global capacity is the only (in case of a one-factor learning curve) or one of two (in case of a
two-factor learning curve) determinants of the costs of technology. For the model, we assume
that the initial conditions are given by capacity installed and costs in the year 2010, so that the
one-factor learning curve is

S gt

 C gt 

 S g 2010
C

g
2010



 bC

,

(5)

with S gt being the global average specific investment costs per Watt at time t and bC the
learning parameter with respect to global capacity installed. The learning parameter bC is
estimated in the model, see Section 4.2. The two factor learning curve additionally includes
government spending on R&D for each RPG technology ( R gtl ), with l being the time lag
between first R&D spending and the installation year (see e.g. Wiesenthal et al. 2012a, p. 106),
and the corresponding learning parameter b R is also estimated within the model:
 R

S gt  S g 2010 gtl 
R

 g 2010 

 bR

 C gt 


C

 g 2010 

 bC

.

(6)
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Figure 1: Model structure
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Explanations:
Individual countries

Global variables
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Specific investment costs S ct differ between countries. Therefore, national costs are estimated
depending on global average costs (and possibly other parameters that may influence
national specific investment costs):
S ct ~ S gt ,...

(7)

These costs in turn influence the amount of new installation of PV modules, CSP plants and
wind mills. New capacity installed however is heavily influenced by policy measures, i.e.
investment support, feed-in-tariffs, quotas, etc., all captured in variable Pct below:

N ct ~ S ct , Pct ,...

(8)

Investment in each technology I ct can then be calculated as
7

I ct  N ct S ct . (9)
Total capacity installed in every country is then determined by capacity installed in the
previous year plus new installations1.

Cct  Cct 1  N ct .

(10)

4.2 Data for RPGM
Data for global capacity installed and average global PV module and wind turbine prices are
taken from the Bloomberg NEF (2012). Historical data is available for the years 1990 to 2011
and projections are provided until 2030. Here, prices are used as a proxy for the costs in the
learning curve. The price data is provided in million Euros per megawatt for wind turbines
and in USD per watt for PV modules, both in 2011 prices.
Figure 2 shows the development of global average PV module and wind turbine prices in
Euros per MW2 (dashed lines) and the development of specific investment costs in Germany
(solid lines). The prices serve as proxy indicators for the development of specific investment
costs for installation of wind turbines and PV modules on the global level. The price decrease
is especially visible for the PV module prices that decreased from about 6 Euro/Watt in the
nineties to less than 1 Euro in 2012. The prices for wind turbines, which are a more mature
technology, decreased very slowly compared to PV module prices, from about 1.80 Euro/watt
to about 1.00 Euro/watt.
German specific investment costs, that not only include the costs for PV modules, but also for
the remaining components for a PV system, which are usually summarized as the balance of
system (BoS) components, decreased at a similar rate as global average module prices. Figure
Y1 shows that the costs of the module accounts for about half the specific investment costs,
which confirms the finding of Wang et al. (2011). Still, global average prices for the years
around 2000 are significantly higher that half of German specific investment costs. However,
this is due to the large share of new PV installations in Asia (see Figure 3), where PV module
prices were higher than in Europe. During those years where new installations were
dominated by installation in Europe, i.e. in the beginning of the 1990s and around 2010, the
relationship between module prices and investment costs suggested by Wang et al. (2011)
holds.
Global capacity installed increased significantly in the last two decades for both wind and
solar PV. Germany dominated wind capacity installed until about the year 2000, when it
started to loose shares to other countries, especially Spain and the US. Deployment in Spain
doubled between 2006 and 2011, while deployment in the U.S. even quadrupled during those
years. Solar PV installations still are highest in Germany, quintupling between 2008 and 2011,
and, thus, driving the global development of solar PV capacity installed.
1

New capacity installed is calculated for the past as the difference between capacity installed in year t minus capacity
installed in year t-1, so that “new capacity installed” is in fact only the increase of capacity installed. Hence, no
depreciation is necessary. This assumption is possible because the model only covers 40 years (1990 to 2030), which is
less than twice the life span (about 25 years) of the RPG technologies.
2
The USD values were converted into Euro using the Official exchange rate (LCU per US$, period average),
Indicator PA.NUS.FCRF from WDI (2013).
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Figure 2: Prices and costs for wind and solar PV
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Source: Bloomberg NEF (2012) for global data, BMU (2011) for German data.

Figure 3: Regional shares of new solar PV module installations
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Figure 4: Global capacity installed (wind and solar PV) based on Bloomberg NEF (2012)
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Figure 5: Global government R&D spending on wind and solar technologies
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The data for global government R&D spending on Wind, solar PV and CSP technologies is
calculated as the sum over all countries included in OECD & IEA (2013)3, since no global, IEA
or OECD aggregate is available. The underlying assumption is – of course – that no other
countries’ governments spend a significant amount on R&D for these technologies. Since
government R&D mainly finances basic research, the effect of government spending on R&D
on actual capacity installation may only have a lagged effect, as has also been suggested by see
Wiesenthal et al. (2012a). Hence, Figure 5 displays annual government R&D on wind, solar PV
and CSP since the mid-seventies, when it was first recorded. Global R&D spending reached its
first maximum for the three technologies in the years around 1980, when the oil crises hit the
global economy.
5. RPGM results
Currently, two of the four technologies are modeled, that is solar PV and wind onshore.
Further, the country specific modeling is only available for Germany, for which the data
presented above is readily available.
5.1 Global learning curves
The learning curves are assumed to be the same across the globe, i.e. they are estimated using
data on global capacity installed and global average prices by Bloomberg NEF (2012). Figures
6 and 7 show the relation between capacity installed of solar PV / wind and the
corresponding module / wind turbine prices for learning curves. The negative relation
between capacity installed and prices is clearly visible. The global learning parameters were
estimated using the one-factor learning-by-doing specification of the learning curve as well as
the two-factor learning-by-doing and learning-by-searching learning curve:
One-factor specification for each technology
 S gt 
 C 
  bC  gt    t
ln 
S

C

 g 2010 
 g 2010 
Two-factor specification for each technology
 S gt 
 R

 C 
  bR ln  gtl   bC  gt    t .
ln 
S

R

C

 g 2010 
 g 2010 
 g 2010 

(11)

(12)

The estimation results are displayed in Table 1. The learning-by-doing parameters and
corresponding learning rates are almost the same for the one- and two-factor specification for
both technologies. This shows that they are quite robust to changes in the specification. The
learning rates though are quite low compared to the majority of rates reviewed in KahouliBrahmi (2008), compare Section 2. The learning-by-doing rates of 3.8% for Wind and about
16% for solar PV would belong to the lower quarter of the total set of rates. However, they are
still higher than the minimum rates found in the literature.

3

These countries are Australia, Austria, Belgium, Canada, Czech Republic, Denmark, Finland, France, Germany,
Greece, Hungary, Ireland, Italy, Japan, Korea, Luxembourg, Netherlands, New Zealand, Norway, Poland, Potugal,
Slovak Republic, Spain, Sweden, Switzerland, turkey, UK and US.
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Figure 6: Learning curve data - Wind
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Figure 7: Learning curve data – Solar PV
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Table 1: Learning curve estimations
Technology
Wind 1F
Learning-by-doing parameter bC
0.0563
(t-value)
(2.8)
Learning-by-searching parameter bR
(t-value)
Adj. R²
0.788
DoF
21
Learning-by-doing rate
3.83%
Learning-by-searching rate

Wind 2F
0.0563
(2.8)
0.0003
(0.001)
0.777
20
3.82%
0.02%

Solar 1F
0.2530
(3.25)

0.641
20
16.08%

Solar 2F
0.2482
(3.25)
0.0307
(0.037)
0.623
19
15.81%
2.11%
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In Kahouli-Brahmi (2008), the learning rates estimated using turbine and module prices as a
proxy for costs seem to be lower than the rates estimated using specific investment costs. The
learning-by-researching parameters in Table 1 are not significant in the estimation. In
addition, the rates of 0.02% for Wind and 2.11% for solar PV are very low, especially
compared to the rates mentioned in Kahouli-Brahmi (2008).
The specific investment costs for each country are estimated using the global price
development for wind turbines or PV modules according to Equation (7). Table 2 displays the
estimation results for Germany. For now, specific investment costs only depend on turbine
/module prices. However, these prices only account for about half of the specific investment
costs. Thus, this estimation can be further improved by including other factors, e.g. the
balance of plant/system (BOS) components or the costs for transportation and installation.
Table 2: Specific investment cost estimation for Germany
Specific investment cost
intercept
(t-value)
Global price
(t-value)
Adj. R²
DoF

Wind
0.0684
(0.630)
1.0608
(12.101)
0.874
20

Solar
0.5132
(0.599)
1.3274
(7.194)
0.707
20

5.2 Learning curve scenarios
The capacity development underlying the following results is not yet determined
endogenously in the model, but taken from Bloomberg NEF (2012). Figures 8 and 9 show the
projections of the PV module and wind turbine prices from Bloomberg NEF (2012) as well as
for our calculation based on the one-factor (1FLC) and two-factor (2FLC) learning curves.
As the estimated learning rates, see previous section, are more conservative than most rates
found in the literature, we expect that the projected cost decrease in our model will be slower
than those given by Bloomberg NEF (2012). But, our estimates predict a faster decrease in the
PV module price in the first two years after 2011, compare Figure 8. The remaining price
development is very similar, with the one corresponding to the two-factor learning curve
being slightly faster. This however also depends on the development of government R&D
spending, which is currently assumed to grow at a constant annual rate of 5%.
The projection for the wind turbine prices based on the learning curves are less optimistic
than those published in Bloomberg NEF (2013), see Figure 9. The development based on the
different specifications of the learning curves is hardly visible, as the coefficient of R&D
spending in the 2FLC is very low. However, the 2FLC again predicts a slightly faster decrease
in prices than the 1FLC.
Figures 10 and 11 show the projection of the specific investment costs for Germany, based on
Equation (7) and Table 2. The expected effect of the lower learning rates is confirmed. The
specific investment costs per MW in BMU (2012) decrease significantly faster than those
13

projected here. However, this may also be due to the fact that we only include one part of the
costs in Equation (7), the PV module / turbine price and disregard the price development of
the remaining BoS components or of transport and installation. The rather low values of the
adjusted R² also suggest that the specific investment cost development is not yet explained
very well.

Figure 8: Solar PV module prices
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Figure 9: Wind turbine prices
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Figure 10: Solar PV specific investment costs in Germany
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Source: Leitstudie 2011 (BMU, 2012) and own calculations

Figure 11: Wind specific investment costs in Germany
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5.3 Ideas to operationalize the policy mix
The development of renewable power capacity installed in the RPGM can currently be
influenced by policy variables in two equations (for each technology): First the cumulative
global R&D spending in case of the two-factor learning curve in Equation (6); And, second, on
the country level, the direct influence of policy measures on new installations in Equation (8).
Policy measures that may have an influence on new installations are feed-in-tariffs (which are
significant in our preliminary estimations for Germany for both technologies wind and PV),
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programs as e.g. the 100000-roof program, or deployment plans. New installation may further
depend on specific investment costs (absolute or relative to the costs of other energy
infrastructure investments) or on the electricity price.
Table 3 shows a first attempt to estimate new installation of wind and PV in Germany
according to Equation (8) depending on feed-in-tariffs and the country specific investment
costs. Note, that we use logs of the variables. However, when implementing these results in
the RPGM forecasting runs the endogenous determination of new PV installations is too
dynamic, overshooting the total global solar PV capacity projection by Bloomberg NEF (2012).
One reason for this behavior may be due to an endogeneity problem in the data, as the specific
investment costs also depend on global capacity installed, which is the sum of capacity
installed across countries. Improving this equation is left for future research at this point.
Table 3: New capacity installation estimation for Germany
ln(Additional capacity)
intercept
(t-value)
ln(Specific investment costs)
(t-value)
ln(Feed-in-tariffs)
(t-value)
Adj. R²
DoF

Wind
8.4110
(18.333)
-6.9820
(-6.152)
0.2946
(2.180)
0.882
18

Solar
13.6757
(15.480)
-5.6166
(-13.683)
0.1717
(1.876)
0.970
18

6. Conclusion and future research
The research documented in this paper is ongoing. One conclusion we can already make is
that even though our learning rates are more conservative than those found in the literature,
they give a price development for PV modules and wind turbines that is not too far off from
the Bloomberg NEF (2012) prediction. Using these to estimate the development of the specific
investment costs on the country level may not be sufficient and should be complemented by
data on the BoS components and country specific data on transportation and installation costs
including labor costs. To close the circle of interdependence, we would like to find a
specification of the estimation equation for new capacity that includes the specific investment
costs. The specification presented in the previous section though cannot be incorporated as
such into the model because it finds a relation between cost decrease and new capacity
installed which is too dynamic. In addition, many other factors, especially policy measures,
influence the deployment of renewable energy technologies. The next step in this research is
to operationalize the renewable energy technology policy mix within this model to improve
the estimation results at this point.
Technological change in the RPG sector does not only have effects on the installation costs of
renewable power generation technologies as represented by the learning curves in this paper.
The change of the composition of electricity generation technologies also affects the input
structure of the production of electricity generation technologies. Wind mills, PV modules and
CSP plants need other components than a coal or gas fired plant to produce electricity. This
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has implications for the production structure of the overall economy and, therefore, needs to
be included in the macro-economic model as well. The representation of technological change
in economic models depends on the type of model used. In theoretical growth models à la
Solow, technological change enters the model through a (exogenous) parameter in the
production function. In evolutionary growth models, technological change can be modeled
endogenously using the heterogeneity of agents, which induces the motivation for changing
products or behavior to catch up with or differentiate from others. Technological change is
then modeled as innovation and selection processes. In input-output models the technological
structure of an economy is included in the intermediate input coefficient matrix.
Technological changes are represented by changes of the corresponding coefficients. The next
step in this research to fully capture the macro-economic effects will be to link the
deployment of RPG technologies to the input-output model via the changing structure of
intermediate demand.
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