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1. Introduction 
The introduction of learning curves for different energy technologies (primarily bottom-up) energy system models 
has become increasingly common (e.g., Berglund and Söderholm, 2006). The basic idea is that investments in new 
renewable energy technologies are more expensive than those in old technologies, but the costs of the former can 
be assumed to decrease with increases in their market share so that at some point they will become a more 
attractive choice than the old technologies, which are (it is often argued) more mature and experience fewer 
potentials for cost reductions. Learning curves are used to empirically quantify the impact of increased experience 
and learning on the cost of a given technology, and specify thus, for instance, the investment cost as a function of 
installed cumulative capacity. 

The main purpose of this paper is to critically analyze the choice of modelling strategy in learning curve analyses 
of power generation costs. Specifically, we build on previous critical discussions of the learning curve approach 
(e.g., Nordhaus, 2009; Söderholm and Sundqvist, 2007; Gillingham et al., 2007) and note that the assumed 
character of the technology development process is very simple in most learning curve studies. This is perhaps 
most evident when it comes to the role of R&D efforts. In the paper we attempt to explicitly acknowledge the fact 
that the standard reduced-form learning approach does not address that there may well be unaccounted for R&D 
costs and thus that R&D efforts are endogenous. The role of R&D efforts in the cost reduction process for new 
technologies is likely to differ depending on whether these are initiated by private or public actors or organizations. 
Gillingham et al. (2007) note that if production costs fall, the potential competitiveness of the technology increases, 
increasing also the return on additional R&D efforts. This will induce more R&D expenses, which in turn implies 
lower costs and higher market penetration rates for the technology. However, while this notion probably is most 
valid for private R&D, public R&D can be expected to (and even should) be targeted at more immature 
technologies (with significant knowledge spillovers) and will therefore tend to decline as these technologies are 
close to being commercial.  

In this paper we outline a learning curve model approach in which public R&D efforts are endogenous, i.e., deter-
mined by investment costs. First, we follow Berndt (1991) and Isoard and Soria (2001) and derive a learning curve 
model for wind power from a Cobb-Douglas cost function. The resulting leaning curve shows how the investment 
costs for wind power (US$ per kW) depend on a number of variables, including global market penetration, scale 
effects, as well as an (international) public R&D-based knowledge stock. Second, we acknowledge that public 
R&D expenses (which add to the above knowledge stock) are endogenously determined, and they are assumed to 
be influenced by, for instance, investment costs and the opportunity cost of public R&D. We estimate these models 
using econometric techniques, and a panel data set of wind power investment costs from five Western European 
countries, Denmark, Germany, Spain, Sweden and the UK, over the time period 1986-2002.  

In the next section we outline a simple economic model of the cost reduction process in the wind power sector, 
while section 3 discusses the related data and model estimation issues. Section 4 briefly presents the results from 
the econometric analysis, while section 5 provides some conclusions and implications.  

2. An Economic Model of the Wind Power Technology Cost Reduction Process 

2.1 The Technology Learning Model 
We follow Berndt (1991) and Isoard and Soria (2001), and derive the learning curve model from a standard 
neoclassical Cobb-Douglas cost function. For our purposes the current unit cost of wind power capacity in country 
n during time period t, C

ntC , is specified as: 
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and where ntQ represents the average size of the wind turbines in rated capacity in country n and time period t, ntiP  
are the prices (i = 1,…,M), of the inputs required to produce and operate wind turbines, and r is the returns-to-scale 
parameter which in turn equals the sum of the exponents so that: 
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The constraint in equation (2) ensures that the cost function is homogenous of degree one in input prices. That is, 
for a given output level, the unit cost doubles if all input prices double. Finally, tA  reflect advances in the state of 
knowledge, which is assumed to be common for all countries and a function of both learning-by-doing impacts as 
well as of past public research and development (R&D) efforts (i.e., learning-by-searching).  
 
First, following the learning curve literature we assume that the state of knowledge in country n at time period t 
depends on learning-by-doing effects as expressed by the cumulative installed capacity of windmills (e.g., Neij, 
2008). Essentially learning curve studies assume that the stock of knowledge based on the learning from the 
production and implementation of wind power can be approximated by the cumulative capacity of wind power 
installations and/or production. Our approach builds on this simple assertion, and we assume that learning-by-
doing in the wind turbine industry is a global public good, and tCC represents the cumulative installed wind power 
capacity at the global level.1 
 
Second, we also build on Klaassen et al. (2005) and Söderholm and Klaassen (2007) and extend the learning curve 
concept by considering cumulative public R&D expenses on wind energy in the model. Specifically, we 
acknowledge that public R&D support in Europe adds to what might be referred to as the R&D-based knowledge 
stock, which is defined as:  
 

( ) xttt RDKK −− +−= 11 γ                         (3) 
 
where tK is the R&D-based knowledge stock in Europe as whole in time period t, tRD  are the annual public R&D 
expenditures, x is the number of years it takes before R&D expenditures add to the knowledge stock (see section 
2.3 for a discussion of the initial conditions used to construct this stock variable), and γ  is the annual depreciation 
rate of the knowledge stock ( 10 ≤≤ γ ). In other words, this formulation takes into account that: (a) the R&D 
support does not have an instantaneous effect on innovation, but will only lead to tangible results after some year’s 
time;  (b) knowledge depreciates in the sense that the effect of past R&D expenses gradually becomes outdated 
(Griliches, 1995); and (c) the knowledge generated by public R&D expenses in Europe are a public good. The 
construction of the knowledge stock variable is discussed in detail in section 2.3, but already at this stage some 
important methodological issues are worth commenting on.  

                                                           
1 We also tested the for the impact of domestic learning, i.e, learning-by-doing that takes place as the wind power turbines are 
installed in a given country-specific context. However, empirically global learnng appears to exert most influence on wind 
power costs. The investment costs for wind power comprise a national and an international component; the wind turbine itself 
(which can be bought in the global market) constitutes about 70 percent of total investment costs while the remaining 30 
percent can be attributed to largely nation-specific costs (e.g., installation, electric connections, siting, territorial planning 
activities etc).  
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R&D support is an important policy variable, and so far the few empirical applications of the extended learning 
curve formulation have relied on the use of public R&D expenses. Due to limited data availability this paper also 
focuses solely on public R&D support towards wind power. Nevertheless, private R&D expenses are equally 
important in the innovation process, not the least since R&D activities undertaken by private firms normally are 
more applied (and are thus probably associated with shorter time lags, x). Since these two categories of R&D tend 
to play distinctive roles in different phases of the innovation and diffusion processes, there lies clearly an empirical 
challenge in modeling such impacts in a consistent manner.  
 
Nevertheless, by drawing on this extended learning curve concept we can now define the state of knowledge as:  
 

KLD
ttt KCCA δδ −−=                        (4) 

 
where LDδ  is the ‘learning-by-doing’ elasticity for global capacity expansions, and where we can refer to Kδ  as 
the ‘learning-by-searching’ elasticity (Barreto and Kypreos, 2004). Substituting equation (4) into equation (1) 
yields a modified version of the Cobb-Douglas cost function: 
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Furthermore, the impacts of the three input prices can be removed (due to lack of data) by the use of the GDP 
deflator. By assuming that the shares of the inputs in production costs are the same as those used as weights in the 
computation of the GDP deflator, we can effectively remove the price terms from equation (5) by considering real 
(rather than current) unit costs of wind power capacity, ntC  (Berndt, 1991). We obtain:  
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where k ′ is defined as in equation (5). By taking natural logarithms and by introducing the following definitions: 

kbrbrb KLD ′=== ln,/,/ 021 δδ and ( )[ ]rrb /13 −= , we obtain an econometric specification of the Cobb-Douglas 
cost function in equation (6): 
 

ntntttnt QbKbCCbbC µ++++= lnlnlnln 3210                     (7) 
              

where 210 ,, bbb  and 3b  are parameters to be estimated, and ntµ  is the additive error term. From these parameter 
estimates one can easily derive the returns-to-scale parameter, r, and the two learning curve elasticities, LDδ and 

Kδ . We have: 
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The learning-by-doing rate is defined as LDδ21− and it shows the percentage change in cost due to a doubling of the 
global cumulative capacity of wind power. A learning-by-doing rate of 0.14 implies thus that the cost of the 
technology is reduced to 86 percent of its previous level after a doubling of cumulative capacity. Similarly, from 
the learning-by-searching elasticity, Kδ , we obtain the learning-by-searching rate ( Kδ21− ). 
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2.2 The Public R&D Model 
In the above technology learning model annual public R&D expenses in European countries add to a common 
R&D-based knowledge stock, and in this section we pay attention to a number of factors that in turn influence 
countries’ decisions to invest in public R&D. Most notably, while technology costs are influenced by R&D efforts, 
it is equally important to recognize that the reverse is true as well. We therefore specify the following simple R&D 
model:  
 

ntntntntntnt ECaGDaGBaCaaRD ε+++++= lnlnlnlnln 43210        (9) 
 
where ntRD equals the annual public R&D expenses on wind power in country n during time period t, which thus 
add to the public knowledge stock that is an argument in the technology learning equation. As noted above, these 
expenses are assumed to be influenced by the contemporary cost level for wind power, ntC , and as noted above 
public R&D expenses are assumed to take on a greater role in the case of relatively immature – and hence 
expensive – technologies. Furthermore, ntGB  represents the opportunity cost of public R&D, here measured by the 
real rate of return on long-term treasury bonds, while ntGD  is the share of government debts out of total GDP. We 
would expect increases in both of these variables to have a negative impact on public R&D efforts. ntEC addresses 
the electoral cycle and assumes a higher value the more intense the election activities are in a given year (see 
Franzese (2000) for details). The impact of the electoral cycle is a priori ambiguous, but one may hypothesize that 
inm time periods with election the more likely it is that other policy areas (not the least labor market policy) gain 
increased attention from politicians (possibly at the expense of energy R&D). Finally, ntε denotes the error term in 
the R&D equation.  
 
3. Data and Model Estimation Issues 
3.1 Data Sources and Definitions 
The above system of equations in (7) and (9) is estimated using econometric techniques and a data set that builds 
on – and extends – the one used by Söderholm and Klaassen (2007). We employ pooled annual time series data 
over five European countries: Denmark (1986-1999), Germany (1990-1999), Spain (1990-1999), Sweden (1991-
2002) and the United Kingdom (1991-2000). Following the above, the data used to estimate the two models 
include: (a) the cumulative (installed) capacity of windmills (MW) globally; (b) windmill investment costs (US$ 
per kW); (c) the average size of wind turbines installed each year (kW); (d) annual public R&D expenses targeting 
wind power in each country (US$); (e) the real rate of return on government bonds (percent); (f) the share of 
government debt out of total GDP (percent); and (g) the electoral cycle (index). All prices and costs have been 
deflated to 1998 prices using country-specific GDP deflators.  
 
The data on cumulative world capacity were obtained from the Earth-Policy Institute. The investment cost data 
used here represent averages of various wind energy installations (with the exception of the UK 1992 observation, 
which is only based on one project), and are drawn from ISET (2002), Durstewitz (2000) and Milborrow (2000). 
The Swedish wind power investment cost data were obtained from the Swedish Energy Agency (Persson, 2003).2 
In contrast to most other estimates of windmill investment costs our data cover all investment cost items such as 
grid connections, foundations, electrical connection and not only the costs of the wind turbine. This is important 
since the non-turbine part of the investment costs may amount to as much as 10 to 40 percent of the total (Rohrig, 
2001; Varela, 2001). Furthermore, data on the average size of wind turbines (in kW) for each country and year 
have been collected from Henderson et al. (2001) and BTM Consult (2005).   
 
Annual public R&D expenditure data from the International Energy Agency’s online database were used to 
construct the knowledge stock variable. For this assumptions are needed on the time lag between R&D 
expenditures and their addition to the knowledge stock as well as the depreciation rate of the knowledge stock. 
Klaassen et al. (2005) survey previous studies on these issues, and based on earlier work they suggest a time lag of 
2 years and a depreciation rate of 3 percent. These are also the assumptions employed in this paper. The IEA 
                                                           
2 For 1997 there are no wind power project costs available in the Swedish Energy Agency data. So as to obtain an estimate for 
1997 we fitted the annual average costs on time and subtracted the estimated annual decrease in investment costs from the 
average 1996 investment costs.  
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provides public R&D data for wind power starting in 1974. In this year the respective national R&D expenses were 
virtually (but not entirely) zero. These low figures represent our initial conditions when constructing the R&D 
based knowledge stock. For instance, the knowledge stock reported in 1990 for a specific country is a function of 
the annual R&D expenses during the time period 1974-1987 and with the above depreciation rate attached to the 
stock.  
 
The data on government bond rates stem from the International Monetary Fund (2003), while estimates of the share 
of government debt out of total GDP in the five countries are reported in Jaimovich and Panizza (2006). Finally, 
Franzese (2000) constructs a measure of the electoral cycle, which thus takes a higher value the more intense the 
electoral activities are in a given year.  
 
3.2 Econometric Issues 
In estimating the learning and R&D equations we have to consider a number of important econometric issues. We 
assume that both equations have an additive error structure, and we decompose each of the error terms, ntε and ntµ , 
into two components so that:  
 

ntnnt

ntnnt

ϕφµ
νλε
+=
+=

                        (10) 

 
where nλ  and nφ  are the country-specific effects, while ntν  and ntϕ  are the remainder stochastic disturbance 
terms. The country-specific errors may be interpreted as unobserved fundamental differences in wind innovation 
and public R&D efforts, respectively, across the four countries. These may include geographic differences such as 
wind conditions and/or institutional variations such as ownership patterns and planning and permitting constraints. 
We assume that these differences are fixed over time for a given country, and we can then eliminate the country-
specific components by introducing different intercepts (dummies) for the different countries. This approach is 
referred to as the fixed-effects model and it overcomes the bias in the estimation results that can occur in the 
presence of unobserved country effects that are correlated with the regressors (e.g., Baltagi, 1995). It also means 
that our estimates are based only on within-country variations, i.e., on time series variations.  
 
It is reasonable to assume that the investment costs for wind power are endogenously determined since it seems 
likely that costs should decrease as a result of increased investments in public R&D, but R&D efforts are also 
likely to be influenced by the maturity (and hence costs) of the technology. We test for the presence of this 
simultaneity problem by employing the Hausman specification test (Hausman, 1978). However, when we 
performed the Hausman specification test for the investment cost variable in the R&D equation, we found no 
statistically significant support for endogeneity. Therefore, we applied OLS when estimating these equations. 
Moreover, the hypothesis of no serial correlation between the error terms could be rejected at the one percent 
significance level when a Godfrey test for AR (1) was performed (Greene, 2003). Therefore, all results are 
estimated after correcting for autocorrelation applying the Cochrane-Orcutt procedure.  
 
4. Empirical Results 

Table 1 shows the parameter estimates for the learning curve equation. The results illustrate substantial learning-
by-doing as a result of global learning in manufacturing and installation of wind turbines. The coefficient 
representing the European R&D-based knowledge stock in wind power is however statistically significant only at 
the 12 percent level, but indicates that costs will tend to fall with new investments in public R&D. The returns-to-
scale effect is positive. This is not expected; the installation of larger wind turbines over time should contribute to 
cost decreases over time, but also this effect is not statistically significant. Overall these results confirm the impor-
tant role of technology learning in the wind power, but they also suggest – as Nordhaus (2009) points out – that 
there are serious methodological difficulties in empirically separating scale effects, learning and R&D impacts. One 
example of this is that domestic learning-by-doing (i.e., approximated by the cumulative national wind capacity) is 
difficult to distinguish empirically from the European R&D-based knowledge stock. It can be noted however that 
overall the results in Table 1 are not altered significantly by the introduction of a simple time trend.  
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Table 1: Parameter Estimates for the Learning Curve Equation 
 

Variables 

 

  Estimates

 

 t-ratios

 

Prob 

Cumulative global capacity 
(learning by doing) 

-0.270 *** -5.170 0.000 

Stock of knowledge  
(learning by searching) 

-0.333  -1.578 0.121 

Returns-to-scale 0.148  1.526 0.134 

Denmark -0.002  -0.050 0.960 

Germany 0.216 *** 5.773 0.000 

UK 0.349 *** 9.772 0.000 

Spain 0.219 *** 5.789 0.000 

Constant 10.780 *** 9.563 0.000 

 R2 = 0.88    

*** = Statistically significant at the one percent level. 

 
Table 2 presents the results from the econometric estimation of the R&D equation. The explicit treatment of R&D 
expenses provides a more detailed picture of the role of R&D in the cost development process, and permits, for 
instance, an assessment of if – and if so how much – cost reductions will affect R&D into wind power. The 
empirical results confirm our a priori notion that public R&D efforts will – and arguably should – be lowered as 
the technology matures and thus becomes less expensive. From an economic efficiency point-of-view this public 
support can be motivated by the presence of knowledge spillovers that are generated by these efforts. However, 
most economists are more reluctant to argue for government intervention when it comes to commercializing and 
deploying new technology on a large scale (Newell, 2008). Instead private R&D efforts should become more 
pronounced as the technology matures.   
 

Table 2: Parameter Estimates for the R&D Equation 

 

Variables Estimates

 

 t-ratios

 

Prob 

Investment costs for wind 1.390 * 1.802 0.078 

Government bonds -1.131 *** -2.618 0.012 

Electorcal cycle -0.041  -0.274 0.785 

Government debt out of GDP -0.882  -1.341 0.186 

Denmark 0.595 * 1.949 0.057 

Germany 0.495  0.590 0.558 

UK -0.683  -1.293 0.203 

Spain -0.450  -1.007 0.319 

Constant -2.707  -0.747 0.459 

 R2 = 0.64   

*, ** and *** indicate statistical significance at the 10, 5, and 1 percent levels, respectively 
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Table 2 also shows that domestic public R&D expenses are determined by the opportunity cost of R&D, i.e., the 
real rate of return on long-term treasury bonds. The higher this opportunity cost the lower is the amount spent on 
public R&D. This is an important finding, not the least since most learning studies in the energy sector ignore the 
fact that allocating public funds to one specific sector of the economy lowers the productivity in other parts of the 
economy. This also provides support for the notion that the standard reduced-form learning curve approach does 
not address that there are unaccounted for R&D costs in the technology development process.3 Finally, the political 
variables included in the R&D equation all have the expected negative signs, but none of estimated coefficients are 
statistically significant from zero.  

5. Conclusions 
The learning curve literature often suffers from the metholodogical problems involved in separating learning-by-
doing from other influences on costs, including scale effects, R&D and exogenous technical change. The proper 
empirical assessment of learning-by-doing warrants a more systematic effort in assessing the global energy 
innovation system, and to put R&D activities into that context in order to develop appropriate policies to guide the 
system. This paper has attempted to address some of the related issues and highlights in particular the role of public 
R&D expenses in the cost reduction process for wind power investments. Overall the results confirm the role of 
both (global) learning-by-doing and public R&D, and they show that public R&D expenses have declined in 
response to lowered investment costs for wind power. This is probably economically efficient as public funds are 
best targeted at technologies which are far from being commercial. In future research efforts the role of private 
R&D needs, though, to be addressed in greater detail. The paper also illustrates the role of the opportunity cost of 
R&D and the results indicate that governments in the selected European countries have been sensitive to these in 
the energy R&D budget process.  
 
Our inability to fully resolve the modelling of R&D impacts on the learning activities in the industry should also 
open up the field for new and interesting research. A more in-depth empirical understanding of the nature of the 
R&D spillovers in the wind power industry would provide a useful guide for modelling the impacts of different 
R&D increases. The wind power industry case is even of some general interest when it comes to this issue; for 
technological achievement and national pride motives many countries have set goals for developing domestic wind 
power technology companies. The degree of “protectionism” is therefore comparatively high in some countries 
(Lewis and Wiser, 2005), and over the longer run this may hamper technological progress in the industry. The 
impacts of and the relation between public and private R&D towards wind power are also an important area for 
future research, especially given the difficulties in modelling these impacts in a consistent manner. For instance, 
one could introduce two types of knowledge stocks in the learning equation, one private and one public. In each 
case R&D expenses would add to the stock but with different time lags (probably longer in the public case), and 
varying depreciation rates. However, with this approach there is also the risk of double-counting. Public R&D 
support may well be used to promote private companies to conduct applied research and run demonstration 
projects.  
 

                                                           
3 In contrast to the (bottom-up) technology learning approach, in most top-down models introducing endogenous technical 
change resources for R&D are supplied more or less inelastically, i.e., increased accumulation of knowledge in one sector of 
the economy will reduce the rate of accumulation in other sectors (Sue Wing, 2006).  
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