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Abstract 
The purpose of this paper is to provide an econometric analysis of innovation and diffusion in 
the European wind power sector. We derive models of wind power innovation and diffusion, 
which combine a rational choice model of technological diffusion and a learning curve model 
of cost reductions. The learning model attempts to account for the presence of both domestic 
learning-by-doing as well as international knowledge spillovers (global learning), and test the 
extent to which the respective learning-by-doing rates differ. The models are estimated using 
pooled annual time series data for five European countries (Denmark, Germany, Spain, Swe-
den and the United Kingdom) over the time period 1986-2001. The empirical results indicate 
that reductions in investment costs are an important determinant of increased diffusion of 
wind power, and these cost reductions are in turn explained by both domestic and global 
learning-by-doing but less so by knowledge accumulating as a result of public R&D support. 
Feed-in tariffs also play a role in the innovation and diffusion processes. The higher is the 
feed-in price the higher is, ceteris paribus, the rate of diffusion, and we also test the 
hypothesis that the impact on diffusion of a marginal increase in the feed-in tariff will differ 
depending on the support system used. The results support the notion that the UK competitive 
bidding system was (ceteris paribus) less effective in inducing wind power diffusion 
compared to the other countries’ fixed tariff support schemes. Overall the estimates generated 
by the learning models are sensitive to the way in which learning-by-doing impacts are 
included, and the results indicate that the global learning-by-doing rate is significantly higher 
than the domestic rate. The analysis also indicates that empirically it is difficult to separate the 
impacts of R&D and learning-by-doing on cost reductions, respectively.  
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1. Introduction 
The challenge of global climate change implies a strong policy focus on technological 

innovation and diffusion. However, there exists a need to understand in more detail the 

process of technological change and market penetration in the energy sector, and to analyze 

the implications for the choice between different policy measures aimed at promoting new 

carbon-free energy technology. In this paper we address the case of wind power innovation 

and diffusion and the role of policy in stimulating these processes.  

Although there exists an extensive theoretical literature on technology diffusion – the 

adoption of new technologies – empirical applications are few.1 Past research efforts on the 

diffusion of wind energy per se have mostly been case studies on the experiences in 

individual countries and have drawn extensively on qualitative evidence (e.g., Bergek, 2002; 

García-Cebrián, 2002; Jacobsson and Johnson, 2000; Wolsink, 1996; Söderholm et al., 2007), 

while quantitative (econometric) studies have relied almost exclusively on so-called learning 

curve analysis. In the latter type of studies cost reductions for wind power are normally 

explained by cumulative capacity or production (e.g., Neij, 1999; Hansen et al., 2001; 

Ibenholt, 2002; Klaassen et al., 2005), but no attempt is generally made to link this type of 

analysis to a quantitative model of technology diffusion.  

Given this empirical gap in the literature, it is important to learn more about the process 

of technological diffusion in the wind energy sector. The main purpose of this paper is to 

provide a quantitative analysis of the main determinants of wind power diffusion and 

innovation in Europe. We achieve this by combining a rational choice model of technological 

diffusion and a learning curve model of dynamic cost reductions. We draw on the work by 

Jaffe and Stavins (1994, 1995), developed and modified in Söderholm and Klaassen (2007), 

and derive econometric models of technological innovation and diffusion. The models are 

estimated using an unbalanced panel data set containing annual time series data for five 

European countries – Denmark, Germany, Spain, Sweden and the United Kingdom (UK) – 

over the time period 1986-2000. Thus, an important contribution of this paper is the 

quantitative nature of the analysis in combination with an explicit focus on the inter-

relationship between diffusion and learning in the wind power sector. In addition, in contrast 

to most previous learning curve studies we explicitly account for the presence of both 

domestic learning-by-doing as well as international knowledge spillovers (global learning), 

and test the extent to which the respective learning-by-doing rates differ in magnitude. 

                                                 
1 For an overview of this literature, see, for instance, Kemp (1997), Jaffe et al. (2002) and Stoneman (2002).  
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The choice of countries is motivated by the fact that the development of wind power 

differs among these countries (see also section 2). It is important to note, though, that since 

our main purpose is to scrutinize the determinants and the interrelations of innovation and 

diffusion over time, we do not attempt to explain differences in the speed at which wind 

power is introduced between these countries. However, the design of the support systems for 

wind power have been different in these countries and the models used permit an empirical 

test of whether the outcome (in terms of installed capacity and in terms of costs) of the 

different support schemes are significantly different. The analysis also provides an overall 

assessment of how diffusion of wind power domestically influences cost reductions compared 

to the case where new knowledge can be drawn from global capacity developments.  

The paper proceeds as follows. In the following section we describe the general features 

of the measures undertaken so as to promote wind capacity in the selected countries. Section 3 

outlines the theoretical framework used in the paper, and derives a simultaneous innovation-

diffusion model of wind power. Section 4 discusses some important data and model 

estimation issues, while the empirical results from the model estimations are presented in 

section 5. The paper ends with some concluding remarks and implications in section 6.  

 

2. Wind Power Development and Promotion in Five European Countries 

The development of wind power has been promoted by the national governments in all the 

European countries included in our study since the mid 1970s. In order to achieve this goal 

several different measures have been undertaken, although the degree and form of support 

have differed between countries as well as over time. The outcome of these efforts, in terms 

of the diffusion record of wind energy, is mixed. Figure 1 displays the development of wind 

power capacity in five selected European countries. The wind power diffusion record appears 

to differ a lot when compared across countries. Denmark, Germany, and more recently Spain, 

have experienced considerable growths in the installed capacities of wind mills, while the 

corresponding developments in Sweden and the United Kingdom have been much more 

modest. This clearly begs the question why this is the case, and what the main determinants of 

wind technology diffusion are. Wind conditions are no worse in Sweden compared to, say, 

Denmark or Germany, and modern wind turbines can be bought on the global market (most 

notably from Denmark). Moreover, the increase in wind power investments over time is 

largely a result of continuous technology cost reductions, and it is important to analyze the 

main driving forces behind these. 
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 Figure 1: Installed Wind Power Capacity in Selected European Countries (MW) 
  

Source: International Energy Agency (annual). 

 

In the feed-in price systems that prevailed in Denmark, Germany, Spain and Sweden 

(during the time period covered here), a minimum price was guaranteed ex ante for electricity 

obtained from wind power. Within the Danish, German and Spanish feed-in price schemes 

electricity prices have been regulated in the sense that utilities have been required to pay the 

wind electricity producers a given proportion of the consumer electricity price (between 85 

and 90 percent). Although the Danish support scheme was changed in 1999 when a system 

with tradable renewable certificates was considered, the wind power producers are guaranteed 

fixed tariffs for a transitory period of up to ten years (IEA, 2001; Menges, 2003). In Spain, 

utilities are obliged to pay a guaranteed price to wind producers over a five-year period. In 

practice wind producers can choose between either a fixed price or a variable price which 

includes an additional bonus per kilowatt-hour produced. Both the fixed price and the bonus 

are updated every year according to variations in the electricity market price (IEA, 2001). 

Wind power producers in Sweden did compete in the same market as conventional electricity 

producers but above the market price for electricity they have received an ‘environmental 

bonus’ in the form of a production subsidy. The level of this subsidy was however revised 

annually. Both the environmental bonus and the extra support to small-scale renewable power 

producers have been phased out at the present, and in 2003 they were replaced by a new 

tradable “green” certificate scheme which was implemented in Sweden (Ibid.).  
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 The UK is the only country that – under the time period we study – relied on a so-called 

competitive bidding system (the Non-Fossil Fuel Obligation, NFFO). In this system calls for 

tenders were made at alternating intervals. Renewable energy were given a quota, and the 

providers of the lowest asking prices were given long term contracts to supply electricity at 

the bidding price. The contract price received by all wind generators consequently was equal 

to the bidding price of the marginal producer. The scheme has been successful in achieving 

low prices through the competitive bidding process but the success has been limited in terms 

of realized projects, the installed capacity in 2001 was, for instance, significantly lower than 

the 2675 MW capacity of the contracts (IEA, 2001; European Commission, 1999). In 2002, 

the NFFO system was replaced by the – in principle – similar Renewables Obligation system. 

The Renewable Obligation is a tradable renewable certificate system, similar to the one 

introduced in Sweden in 2003. Given the time period covered in this paper (1986-2001) 

neither the UK nor the Swedish certificates systems appear in the empirical investigation.  

In addition to the competitive bidding system and the feed-in price schemes, other 

support measures have also been adopted. Public support to R&D as well as demonstration 

programs have been prevalent in all our selected countries. Direct investment support 

(corresponding to between 10 and 35 percent of the total investment costs) have also been 

used in Denmark, Germany and in Sweden during the 1990s.2 In the empirical analysis below 

we focus primarily on the different types of production subsidies provided to wind power, and 

the impact of public R&D support on cost reductions for the wind power technology.  

It is often argued that the fixed feed-in tariff schemes – such as those in Germany and 

Spain – have had the greatest success in promoting the use of wind electricity; they reduce 

uncertainty and make it easier for wind energy producers to obtain bank financing compared 

to systems were the level of support is endogenously determined – as in the tradable 

certificates systems as well as in the former NFFO (e.g., Meyer, 2003, Menanteau et al., 

2003). Nevertheless, it is also important to note that the extent to which a support scheme 

reduces uncertainty is determined not only by the form of support scheme but also by the 

more specific conditions attached to the schemes. Clearly, the German feed-in law that 

guarantees a fixed price for a period of 20 years will be more secure for investors compared to 

the Swedish system (in which the level of the bonus has been decided annually). It is unclear 

whether differences in wind power diffusion rates between, say, the UK and Denmark are due 

                                                 
2 One should also note, however, that renewable energy is not the only electricity source that is being subsidized; 
the coal industry, primarily in Germany but also in Spain, receives substantial support and the nuclear industry in 
the UK has previously been subsidized (e.g., Darmstadter, 2003). 
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to differences in support systems as such or on other factors such as variations in planning 

procedures and/or local opposition. Moreover, the impact on innovation activities and thus on 

cost reductions may also differ depending on the support scheme chosen (e.g., Mitchell, 2000; 

Menanteau et al., 2003). In this paper we therefore provide quantitative tests of the impact of 

wind support schemes on technology diffusion and on innovation activities, but overall the 

analysis also provides empirical tests of the impact of other important variables on the wind 

power innovation and diffusion in the respective countries.  

 

3. An Innovation-Diffusion Model of Wind Power 

3.1 A Simultaneous Equation Approach 

Modern economic analysis of technical change originates largely with the work of Joseph 

Schumpeter (1934). He stressed the existence of three necessary conditions for the successful 

deployment of a new technology: invention, innovation and diffusion. Invention involves the 

development of a new technical idea, and innovation refers to the process in which the 

technology is commercialized through cost reductions and thus brought to market. Finally, 

diffusion is the gradual adoption of the new technology by firms, who then also decide how 

intensively to use the technology. In this paper we focus on the innovation and diffusion 

stages. As was noted above, most previous studies on market deployment in the wind power 

industry have focused on the innovation stage, primarily by estimating so-called learning 

curves for wind turbine costs. The main thesis of these studies is that cost reduction will be 

achieved gradually as a result of learning-by-doing activities. A windmill is not built because 

it is cheap and efficient, but rather it becomes cheap because it is built and operated. In other 

words, according to the economic literature on technical change the diffusion of wind 

capacity leads to cost reductions. This implies that innovation activities are endogenous. 

However, one principal reason for why wind generators invest in new capacity is because 

these same activities have brought down the costs of generating wind electricity. This 

suggests that both innovation and diffusion should be viewed as endogenous variables, i.e., 

they are simultaneously determined and should not be analyzed in isolation. Or at least this 

should be tested for. In the remainder of this section we therefore develop a simultaneous 

innovation-diffusion model, which permits econometric tests of important aspects of the 

process of market deployment in the wind energy sector.  
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3.2 The Diffusion Equation Specification 

In modeling the diffusion process in the wind energy industry we rely on a modified version 

of the rational choice model outlined in Jaffe and Stavins (1995), which has been further 

developed and used by Söderholm and Klasssen (2007) to analyze the market penetration of 

wind power in Western Europe.3 We assume that the windmill owner aims at maximizing the 

present value of the net benefits (profits) of wind energy production. For our purposes the 

expected total benefit (willingness-to-pay) of adopting a windmill in country n during time 

period t, , can be written as (Jaffe and Stavins, 1995):  ntTB
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where is the chosen level of total installed wind power capacity in country n (n = 1,....N) 

for a given year t (t = 1,....T). represents the feed-in price for wind-generated electricity 

expected to prevail in year t, i.e., the market electricity price plus any explicit or implicit 

production subsidies.  is the price paid for coal in the electric power sector, while  

is the sum of levelized generation costs for gas-fired power (CCGT) (including investment, 

operation and maintenance, and fuel costs). Since we use capacity in MW (rather than 

production in MWh) in equation (1) we assume a fixed load factor over the lifetime of the 

wind mill.

ntCC

F
ntP

Coal
ntP CCGT

ntC

4 For simplicity, we also assume static price expectations for the feed-in price, the 

coal price, and the gas price. In sum, this simple model framework accounts for the fact that 

the total benefits of investing in new wind power mills will depend on the total revenues from 

wind power production as well as on the avoided costs of existing coal- and new gas-fired 

power stations.  

For the countries included in this study, except Sweden, coal constitutes an important 

fuel in the current power generation mix, and the total value of the windmill increases with 

increases in the coal price. Higher coal prices make existing coal-fired capacity less valuable 

and imply fewer incentives to extend the lives and increase the utilization of existing coal 

plants (Ellerman, 1996). Instead new investment in other power sources – not the least wind 

                                                 
3 Jamasb (2007) employs a similar approach to diffusion and learning in the energy sector, and applies this 
empirically to a range of different technologies.  
4 We also assume here (fairly realistically) that the installed capacity equals the cumulative capacity (i.e., no 
windmills have been shut down during the time period under study). 
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with its carbon-free production – becomes more attractive. For a European power producer 

who considers investing in new capacity, gas-fired power – the so-called combined cycle gas 

turbines (CCGT) – is the main substitute to wind power investments given its strong 

competitive position in the power market since the 1990s (e.g., Söderholm, 2001). Clearly, 

there exist additional competitors to wind power, e.g., biofueled power and nuclear energy, 

but we believe that overall these are the two most important ones. In some of the countries 

(e.g., Sweden) nuclear lifetime extension may also provide an important alternative to new 

investment in any power source. Still, primarily due to data availability these options could 

not be included in the empirical analysis.  

The total cost of choosing a given level of wind power capacity is here expressed as: 

 

( ) ( ) 21
0

βββ ntntnt CCCTC =                    (2) 

 

where represents the real engineering unit cost (per kW) of installing a windmill, i.e., 

including all investment cost items, such as grid connection, foundations, and the cost of the 

turbine. Due to data limitations we are unable to consider the total lifetime costs of wind 

power (including also operation and maintenance costs). However, in general these additional 

costs constitute a relatively small share of the total. The importance of legal permitting 

processes in wind power development (e.g., Toke et al., 2008) is not addressed explicitly in 

this model, but with the introduction of country-specific dummy variables in the econometric 

specification (i.e., so-called fixed-effects) we can control for such time-invariant institutional 

factors at the country-level (see also section 4.2).  

ntC

A profit-maximizing power generator will choose the level of wind power capacity at 

the point where the marginal benefits equal marginal costs. By differentiating equations (1) 

and (2) with respect to we obtain the following first-order condition: ntCC
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After rearranging, the logarithmic form of equation (3) can be written as: 
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where: 
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Equation (4) is the wind power diffusion equation, and the empirical specification of 

this equation is thus: 
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where ntε  is an additive error term representing any unobserved influences on wind power 

diffusion (see also section 4.2).5 As was noted above, however, investment costs may not be 

exogenous to capacity additions, and we therefore need to consider technology learning 

effects and the process of cost reductions as well.  

 

3.3 The Learning Curve Specification 

In this paper we follow Berndt (1991) and Isoard and Soria (2001), and derive the learning 

curve model from a standard Cobb-Douglas cost function. The current unit cost of wind 

power capacity in country n during time period t, , is specified as: C
ntC
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and where is the level of wind-generated electricity output,  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: 

ntQ ntiP

                                                 
5 It should be noted that theoretically the installed wind energy capacity in the UK bidding system is exoge-
nously given. However, in practice less than one third of the winning bids were realized during the period 
studied here, and the quota on wind power in the UK did therefore not constitute a binding constraint.  
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The constraint in equation (8) 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,  reflect advances in the state of knowledge, which is assumed to be a function of 

both learning-by-doing impacts as well as of past research and development (R&D) efforts 

(i.e., learning-by-searching).  

ntA

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 but it also 

acknowledges that the knowledge stock has one domestic and one foreign component, and 

that some learning occurs in the production of wind turbines while some also takes place as 

the wind power turbines are installed in a given country-specific context. The investment 

costs for wind power comprises 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). 

Following the literature on international R&D spillovers (e.g., Coe and Helpman, 1995), we 

thus distinguish between a domestic and a foreign ‘learning’ stock, where the former, , is 

represented by the domestic cumulative capacity in country n, while the foreign stock, , 

equals the cumulative installed wind power capacity at the global level. 

ntCC

tCCG

Second, we also build on Klaassen et al. (2005) and Söderholm and Klaassen (2007) and 

extend the learning curve concept by considering cumulative R&D expenses on wind energy 

in the model. Specifically, we acknowledge that R&D support adds to what might be referred 

to as the R&D-based ‘knowledge stock’, which is defined as:  

 

( ) ( ) ( )xtntnnt RDKK −− +−= 11 γ                    (9) 
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where is the R&D-based knowledge stock in country n and time period t,  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 3.1 for a discussion of the initial conditions used to 

construct this stock variable), and 

ntK tRD

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; and (b) knowledge depreciates in the sense that the effect of past R&D 

expenses gradually becomes outdated (Griliches, 1995).  

The construction of the knowledge stock variable is discussed in detail in section 4.1, 

but already at this stage some important methodological issues are worth commenting on. 

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. 

Second, in our empirical analysis we only employ own-country government R&D in the 

knowledge stock, and no account is thus here taken of international R&D spillovers although 

these could prove important in practice just as for the pure learning-by-doing effects.6

By drawing on this extended learning curve concept we can now define the state of 

knowledge as:  

 
KLGLD

nttntnt KCCGCCA δδδ −−−=                  (10) 

 

where LDδ  and LGδ  are the ‘learning-by-doing’ elasticities for domestic and global capacity 

expansions, respectively, and where we refer to Kδ  as the ‘learning-by-searching’ elasticity 

(see also Barreto and Kypreos, 2003). Thus, in this specification the learning-by-doing rates 

are permitted to vary depending on the geographical source of new knowledge. Substituting 

equation (10) into equation (7) yields a modified version of the Cobb-Douglas cost function: 

                                                 
6 Söderholm and Klaassen (2007) provide an attempt to incorporate such R&D spillovers in the learning model 
in a manner similar to the one employed here for learning-by-doing impacts.  
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Furthermore, the impacts of the three input prices can be captured 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 (11) by considering real (rather than current) unit costs of wind power 

capacity, . We obtain:  ntC

 
( )[ ]rr

nt
r

nt
r

t
r

ntnt QKCCGCCkC KLGLD /1/// −′= δδδ                 (12) 

 

where is defined as in equation (11). By taking natural logarithms and by introducing the 

following definitions: 

k′

kbrrbbrb KLGLD ′==== ln,//,/ 0321 δδδ and , we 

obtain an econometric specification of the Cobb-Douglas cost function in equation (12): 
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where  and  are parameters to be estimated, and 3210 ,,, bbbb 4b ntµ  is the additive error term. 

From these parameter estimates one can easily derive the returns-to-scale parameter, r, and 

the three learning curve elasticities, LGLD δδ , and Kδ . We have: 
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The learning-by-doing rates are defined as LDδ21− and LGδ21− , respectively, and they 

show the percentage change in cost due to a doubling of the respective cumulative capacities. 

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 
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learning-by-searching elasticity, Kδ , we obtain the learning-by-searching rate ( Kδ21− ). 

Finally, we also add a fourth independent variable to the learning equation in (13), namely the 

feed-in price,  (and the corresponding coefficient, ). This inclusion – although not 

derived directly from the model above – captures the following potentially important 

relationships. First, a high feed-in price will induce wind energy generators to use high-cost 

sites with, for instance, poor wind conditions and/or expensive grid connections. Thus, in our 

empirical analysis we make use of average cost estimates for different wind power projects 

pursued during a given year, and when the marginal revenue of producing wind generated 

electricity increases higher-cost production becomes profitable (just as higher mineral prices 

induce high-cost mines to come into operation). This implies, ceteris paribus, higher average 

costs. Second, if feed-in prices increase, and the competition with other energy sources thus 

becomes less intense, innovation activities aimed at reducing costs become, ceteris paribus, 

less attractive on the part of the windmill producers.  

F
ntP 5b

 

4. Data and Model Estimation Issues 
4.1 Data Descriptive and Sources 

In this paper we employ pooled annual time series data consisting of 55 observations over 

five European countries: Denmark (1986-1999), Germany (1990-1999), Spain (1990-1999), 

Sweden (1991-2001) and the United Kingdom (1991-2000). Following the above, the data 

used to estimate the simultaneous innovation-diffusion model include: (a) the cumulative 

(installed) capacity of windmills (MW) in each country; (b) the feed-in price for electricity 

produced by windmills (US cents per kWh); (c) the price paid for coal by electric utilities 

(US$ per toe); (d) windmill investment costs (US$ per kW); (e) estimated levelised costs for 

gas-fired power (see Appendix A for details about how these costs were calculated); (f) the 

cumulative (installed) capacity of windmills globally (MW); and (g) wind-generated electri-

city production (Mtoe). All prices and costs have been deflated to 1998 prices using country-

specific GDP deflators. Data on wind-generated power generation and the installed capacity 

of windmills, respectively, are available from the International Energy Agency’s (IEA) annual 

volume Electricity Information, while the data on cumulative world capacity were obtained 

from the Earth-Policy Institute. The prices received by wind producers have been drawn from 

Ibenholt (2002) (Denmark, Germany, and the UK), for Spain from the National Energy Com-

mission (Comisión Nacional de Energía CNE) in Spain (www.cne.es), and the Swedish prices 

were obtained directly through contacts with wind power producers (Karlsson, 2003).  
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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).7 In contrast to most other estimates of windmill investment costs our data 

cover all investment costs 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).  

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. (2003) 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.  

 

4.2 Econometric Issues 

In estimating the diffusion and learning 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
+=
+=

                   (16) 

 

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 diffusion and innovation 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.8 We assume that these 

                                                 
7 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.  
8 Toke (2002) compares the impact of ownership on wind power diffusion in Denmark and the UK. In Denmark 
local co-operatives own a large share of the windmills installed, and this has proved to be an effective way of 
enforcing an ambitious central wind promoting policy while at the same time avoiding local opposition.  
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differences are fixed over time for a given country, and we can then eliminate the country-

specific components by introducing different intercepts 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.  

As was noted in section 3 both underlying theory and intuition suggest that investment 

costs (innovation) and cumulative capacity (diffusion) could be viewed as being endogenous 

and thus simultaneously determined. In order to test for the simultaneity problem, we 

employed the Hausman specification test (Hausman, 1978). When we tested whether 

investment costs for wind power is an endogenous variable in the diffusion equation we could 

reject the null hypothesis of no simultaneity at the one percent significance level. This 

problem of simultaneity was solved by the use of instrumental variables. We regressed the 

endogenous variable (wind power investment costs) on a set of variables considered 

exogenous, and employed the fitted values from this first regression as instruments.9  It could 

however be reasonable to expect some of the explanatory variables in the learning equation to 

be exogenous as well. If learning occurs as a result of increased installed cumulative capacity 

and if cumulative capacity is determined by investment costs as well, the cumulative capacity 

would be an endogenous variable in the learning equation. The feed-in price and knowledge 

stock could also be expected to be endogenous variables since the feed-in prices include 

subsidies received by wind producers and these, as well as investments in R&D, might 

decline as a result of cost reductions. However, when we performed the Hausman 

specification test for the cumulative capacity variables, the feed-in price variable, the stock of 

knowledge variable in the learning equation we found no support for endogeneity. Therefore, 

we applied OLS when estimating the learning equation. 

The use of instrumental variable techniques and the estimation of one equation at a time 

builds on the assumption that the remaining error terms in the two equations ( ntν  and ntϕ ) are 

independent and not correlated. If this is not the case, though, the estimations could be 

improved by using three-stage least squares estimation techniques. The choice between the 

system method estimation and single equation estimation is however not clear-cut. Although 

the system methods are asymptotically better, they have two problems. First, any specification 

error in the structure of the model will be spread throughout the system. Second, the gains in 
                                                 
9 These instruments include the investment costs for gas, the feed-in price, the knowledge stock, the wind-
generated electricity output, and the country specific dummies.  
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efficiency by using system method estimation in finite samples are doubtful, the finite sample 

variance of three-stage least squares estimation may well be equal or even larger than the 

variance of two-stage least squares estimation (Greene, 2000, p 698). In our case, the 

correlation coefficient of the estimated error terms of the diffusion and the learning equations 

was relatively low (-0.31). Given the limitations associated with three-stage least squares 

estimation and the relatively weak correlation, we apply two-stage least squares estimation. 

We also extend the above use of dummy variables to test the assumption of common 

slope coefficients for the feed-in price variable in the diffusion and learning equations 

between different support schemes. Specifically, we multiply the feed-in price by the dummy 

variable for the UK since it applied a competitive bidding scheme during the study period. 

This approach permits us to test the null hypotheses that marginal increases in the feed-in 

price have equal effects on cost development and on diffusion in countries with different 

public support schemes for wind power.  

 

5. Empirical Results 
Table 1 presents the parameter estimation results for the diffusion equation. All variables 

except the country dummies are in logarithms. In a second model specification we present the 

results of our test of equal impact on diffusion of wind power between different support 

schemes with respect to marginal changes in the feed-in price. 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.  

The first column of Table 1 indicates, as would be expected, that an increase in the feed-

in price leads, ceteris paribus, to the installment of more windmills, this impact is however 

only statistically significant at the 11 percent level. The results indicate that the most 

important driving force behind the diffusion of windmills is reductions in investment costs. 

Wind power investment costs have fallen substantially due to innovation efforts during the 

last 10-15 years, and such efforts provide an important explanation to the increase in installed 

wind power capacity in Europe. This role of investment costs implies that a close scrutiny of 

the determinants of these cost reductions is motivated, and we revert to this question when 

considering the estimation results for the learning equation.  
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Table 1: Parameter Estimates for the Diffusion Equation 

 Model Specification I Model Specification II 
Variables Estimates  t-ratios Estimates  t-ratios 

Feed-in price 0.943  1.608 2.018  1.622 
Investment cost 
for wind power 

-7.078 *** -4.151 -7.697 *** -3.909 

Investment costs 
for gas power 

-0.600  -0.588 -0.978  -0.828 

Denmark 53.387 *** 4.043 54.265 *** 3.738 
Germany 54.624 *** 4.016 55.384 *** 3.706 
UK 53.577 *** 3.864 57.184 *** 3.659 
Spain 53.306 *** 3.902 54.198 *** 3.609 
Sweden 50.754 *** 3.775 52.210 *** 3.522 
Feed-in price*UK 
(slope dummy) 

 -1.212 ** -2.138 

 R2 = 0.50   R2 = 0.51   

  *,**,*** = Statistically significant at the 10, 5 and 1 percent level, respectively. 

 

The negative sign of the estimated impact of investment costs in gas-generated power 

would suggest that decreased costs in gas generation induce an increased willingness to invest 

in the wind power industry, which is not in accordance with our a priori expectations. This 

coefficient is however not statistically significant. Probably this reflects the fact that we have 

been unable to implement entirely satisfactory proxies for the costs of power generation 

substitutes in our model (e.g., the assumption of static prices). However, the lack of results 

consistent with economic theory in this area may also reflect that wind power still is 

essentially a non-commercial power generation option, which relies heavily on government 

support. Investments are not always made because they are currently cheaper than the 

alternatives; however, the future competitive position of wind power is expected to improve 

substantially – not the least in the light of climate policy – and it therefore makes sense for 

power generators to invest in order to gain learning experiences and remain competitive in the 

longer run. Furthermore, during the time period studied here many wind mill investments 

were undertaken by farmer, co-operatives and small-scale producers who do not own any 

conventional power plants and for which new investment in CCGT has not been an option. 

We also tested whether changes in the coal price affect the diffusion of wind power. 

According to our results this impact was however highly statistically insignificant and the 

coal price was therefore not included in the model specification presented in Table 1. 

The interpretations of the country dummy coefficients in the diffusion model are of 

limited empirical interest, but technically they show the differences in windmill capacities 

across countries for the case when feed-in prices, investment costs, coal prices would be equal 
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across all countries. As was noted in section 4, these differences are likely to stem from cross-

country variations in wind conditions and/or institutional and legal arrangements, but it is not 

possible here to distinguish between the relative contributions of these factors behind 

diffusion.  

In the literature on wind power diffusion it is often suggested that since a fixed feed-in 

tariff system imposes less uncertainty on the account of the wind power investor, it is likely to 

encourage more diffusion than is the case for a competitive bidding system (e.g., Menanteau 

et al., 2003; Meyer, 2003). Our model permits an explicit test of this widespread notion. 

Specifically, we introduce an interactive slope-dummy variable for the feed-in price variable 

and the UK dummy. The UK is the only country of the four included that supported wind 

power through a competitive bidding system, and we test whether an equal one percent 

increase in the feed-in tariff has a different impact on the cumulative capacity in the UK than 

is the case in the other three countries (which all have relied on fixed feed-in tariff systems). 

The results of this exercise are presented in the second column of Table 1. The results lend 

support for the notion that the UK competitive bidding system is less effective in inducing 

wind power diffusion than the other countries’ fixed tariff support schemes. A one percent 

increase in the feed-in tariff implies on average a 2.0 percent increase in the cumulative 

capacity of wind power in Denmark, Germany, Spain, and Sweden while the corresponding 

impact in the UK is only 0.8 percent. This difference in impact associated with the UK system 

is also statistically significant.   

Table 2 shows the parameter estimates for the learning curve equation. In this case the 

difference between the first and the second model specification is that first we only include 

domestic learning, while the global learning stock is added in the second specification. Again, 

for both specifications we could reject the hypothesis of no autocorrelation at the one percent 

significance level when we performed the Godfrey test for AR (1). The results in Table 2 have 

therefore been obtained after taking this autocorrelation into account.  

For the first model specification we note that both learning parameters, (domestic) 

learning-by-doing and learning-by-searching, have the expected negative signs and both of 

them are significant from a statistical point of view. The parameter estimates in the first 

model specification imply, for instance, a learning-by-doing rate of 2.7 percent. This estimate 

is in the lower range of typical learning-by-doing rates reported in previous studies on wind 

power learning (e.g., McDonald and Schrattenholzer, 2000). The estimated learning-by-

searching rate equals 10.3 percent, which is somewhat lower than, for instance, Klaassen et al. 

(2005) and Söderholm and Klaassen (2007). This shows that public R&D support may have 
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significant impacts on cost reductions. For instance, one may note that in the Danish case the 

public R&D stock has doubled twice during the period under study, and our results suggest 

that the R&D expenses underlying this increase has (ceteris paribus) contributed to an almost 

20 percent decrease in investment costs (1-[(1-0.103)(1-0.103)] = 0.195). The corresponding 

impacts in the other four countries are however more modest.  

 

Table 2: Parameter Estimates for Learning Curve Equation 

 Model Specification I Model Specification II 
Variables Estimates t-ratios Estimates t-ratios 
Constant 8.070 *** 24.979 8.592 *** 26.263 
Cumulative capacity: 
domestic 

-0.039 ** -2.572 -0.033 ** -2.540 

Cumulative capacity: 
  global 

 -0.171 *** -4.755 

R&D knowledge stock 
(learning-by-searching) 

-0.156  ** -2.057 -0.010  -0.155 

Returns-to-scale -0.033  -1.350 0.010  0.432 
Feed-in price 0.131 ** 2.420 0.046  0.979 
Denmark 0.064  0.108 0.024  0.277 
Germany 0.449 *** 5.746 0.239 *** 6.065 
United Kingdom 0.335 *** 4.850 0.323 *** 5.788 
Spain -0.017  -0.134 0.156 *** 1.457 

 R2 = 0.66   R2 = 0.67   

  *,**,*** = Statistically significant at the 10, 5 and 1 percent level, respectively. 
 

Furthermore, the results from the first model specification with only domestic learning 

show that we cannot reject the null hypothesis that the returns-to-scale parameter equals 

zero.10 We also find that an increase in the feed-in price implies, ceteris paribus, higher 

investment costs. This effect is significant, both from an economic and a statistical point of 

view, and it shows that as prices and/or subsidies increase there is less reason for the wind 

generator to keep costs down by, for instance, selecting relatively favorable (i.e., low-cost) 

sites. In Germany, for instance, the fairly generous fixed tariffs for wind producers have 

created windfall profits for wind generators at favourable sites but have also induced windmill 

installations at sites with poor wind conditions or expensive grid connections and thus high 

costs. In addition, as subsidies are high there will be fewer incentives to keep costs down in 

existing windmills. This suggests that it is very important for policy makers to set appropriate 

feed-in tariffs. For new technologies some kind of feed-in tariffs are necessary as they 

encourage diffusion, learning-by-doing activities and ultimately cost reductions. However, 

apart from this they also restrict competition and thus induce higher-cost windmills to come 

                                                 
10 For this reason we assume constant returns-to-scale when calculating the learning rates.  
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into operation. This latter effect is likely to be more destructive for relatively mature 

technologies (i.e., technologies with high diffusion levels) such as wind power. Thus, clearly 

announced gradual decreases in feed-in tariff levels over the lifetime of the windmill may be 

an important element of an efficient renewable energy technology policy. Recent policy 

developments also move in this direction. The new German so-called Renewable Energy 

Sources Act of 2000 stipulates decreasing feed-in tariffs over the years in order to take into 

account technical progress over the lifetimes of the mills. The Danish Council for Sustainable 

Energy has proposed a similar arrangement for renewable energy sources in Denmark.  

Previous analysts have suggested that the incentives to reduce costs differ across support 

schemes and are generally lower in a fixed feed-in tariff system than in a competitive bidding 

system. The latter system encourages competition among different producers (and thus cost 

reductions) because of the pressures of the bidding process, and the UK system is often 

brought forward in support of this argument (e.g., Mitchell, 2000). In order to provide a 

quantitative test of this notion, we added an interactive slope-dummy variable for the feed-in 

price variable and the UK dummy, and a corresponding coefficient, to the learning curve 

equation. The result from this test showed no support of different marginal impact of changed 

feed-in prices between different support schemes for wind power.11 This result is in contrast 

with earlier analyses, which stress that competitive bidding systems will produce stronger 

incentives for cost reductions than fixed tariff systems. One reason for our result may be that 

even though fixed feed-in tariffs do not promote competition as such between generators, 

technical progress increases the producers’ surplus and in this way encourages them to 

innovate. In a competitive bidding system, however, the surplus that is attributed to producers 

is normally more limited since the marginal bidding price decreases as a result of technical 

advances (Menanteau et al., 2003).   

In the second model specification, for which the results are reported in Table 2, we 

introduce also the global learning-by-doing component. The results show that both learning-

by-doing impacts are statistically significant but differ in magnitude. The domestic learning-

by-doing rate now equals 2.3 percent while the corresponding global rate is estimated at 11.2 

percent. That is, a doubling of domestic capacity gives rise to a lower percentage reduction in 

investments costs than a corresponding doubling in global wind power capacity. These results 

do not support the notion of equal learning-by-doing rates for global and domestic capacity 

developments, and illustrates in part that most of the technical progress in this energy sector 

                                                 
11 The results from this estimation are available on request from the authors.  
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occurs within the international wind turbine industry. Still, the domestic effect should not be 

neglected. Our results show, for instance, that for a country with a total installed capacity of 

about 500 MW (e.g., Sweden) a 10 percent increase (50 MW) in the cumulative capacity 

would achieve the same cost reduction as a 2 percent increase (960 MW) in the global 

capacity stock. For a country like Spain – with an installed capacity of about 8000 MW – a 10 

percent increase is equivalent to a capacity increase of 800 MW, where the difference 

compared to the Swedish case reflects the built-in assumption that learning-by-doing is 

subject to diminishing returns (Arrow, 1962).  

The results in Table 2 show also that as we introduce the global learning variable, the 

R&D stock and the feed-in price variables both become statistically insignificant. One 

explanation for this may be that in analyzing the process of technical change it may be 

difficult to separate learning-by-doing from learning-by-searching impacts (e.g., Gillingham 

et al., 2007). For instance, global capacity additions indicate an increased competitiveness of 

wind power stations, thus increasing the rate-of-return on additional R&D. This implies that 

R&D expenses will tend to be highly correlated with global capacity additions, and there is 

also less need for price support for the maturing technology.  

 

6. Concluding Remarks 
This paper has examined the quantitative impacts of different economic and political factors 

on innovation activities and diffusion in the wind energy sector. Previous empirical studies 

and theoretical considerations suggest that innovation and cost reductions are a necessary 

condition for the successful diffusion of wind power, but the opposite is also true. For this 

reason we developed a simultaneous innovation-diffusion econometric model, which was 

estimated using a panel data set covering five significant wind power producing countries in 

Europe. Our research effort has been limited due to data availability reasons, but the results 

still indicate that further quantitative analysis of renewable energy diffusion should be fruitful 

and serve as a complement to the vast number of case studies in the field.  

The results suggest that a number of factors are important in determining innovation and 

diffusion patterns in the wind energy industry. Most notably, the role of price subsidies – and 

in particular a fixed feed-in price system – is important for the diffusion of wind power, but 

there is a need to carefully design the time development of the tariff levels. Increases in the 

feed-in price for wind power promote diffusion of wind capacity, which in turn encourages 

learning and generates cost reductions. However, there exists also a direct negative effect of 
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feed-in price increases on learning. The reasons for this are that high feed-in prices (a) induce 

wind power producers to select high-cost sites (e.g., locations with expensive grid 

connections and/or poor wind conditions); and (b) discourage the competitive pressure from 

other energy sources, and – as a result – innovation activities become less attractive. The 

results also lend some support for the notion that the UK competitive bidding system has been 

(ceteris paribus) less effective in inducing wind power diffusion than the other countries’ 

fixed tariff support schemes. Still, additional research is needed before more definite 

conclusions can be drawn, not the least considering the data limitations inherent in the present 

study and also given the fact that many countries now are reforming their renewable energy 

promotion systems and some are moving towards green certificate systems.  

We show that cost reductions in the wind power sector are heavily induced by learning-

by-doing activities, and in the learning model we introduce both domestic and global learning. 

The results show that we can reject the hypothesis of equal learning-by-doing rates across 

these two learning processes. A doubling of global cumulative wind power capacity achieves 

a greater percentage cost reduction than a corresponding doubling of domestic capacities, 

probably reflecting the importance of the international wind turbine industry as a vehicle for 

technical progress in wind power generation costs. This shows also that one should be careful 

in using learning rates based on global capacity developments in domestic context. Still, the 

domestic effects are also important and for a country with modest cumulate capacity levels a 

given 1 MW increase in the domestic capacity results in higher percentage reductions than a 

corresponding increase globally.  

When we introduce global learning we find very little evidence of significant R&D 

impacts on cost reduction (i.e., learning-by-searching). In part this is likely to reflect the close 

relationship between the global development of wind power capacity on the one hand and the 

rate-of-return of spending more money on wind power R&D on the other. At a more general 

level, however, this suggests that there exists a need for the development of enhanced causal 

models of the effect of R&D in technological innovation and diffusion. The role of private 

R&D also represents an important issue for future research endeavors.  
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Appendix A: The Levelized (Lifetime) Costs of Gas-fired Power Generation 

In order to compare the economics of different power generating technologies, a project 
appraisal technique is needed. The most common approach is to use a discounted cash flow 
model (DCF). For power generation an extension of DCF, the levelized cost (LC) 
methodology is widely used. The LC model takes the net present value (NPV) of all power 
generation costs divided with the NPV of the power plant’s lifetime output so that:  
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where Ct represents the capital costs, Mt operation and maintenance costs, Ft fuel costs, Pt 
carbon price, and Et is the net electrical output. T is the economic lifetime of the plant and r 
represents the private discount rate. The LC model generates an internal average life time cost 
per unit electricity generated, 
 
The investment costs reported in the updates of the OECD-reports Projected Costs of 
Generating Electricity (1992, 1998) were used as starting points when the levelized costs 
(LC) for gas-fired power generation for each country and year were calculated. For year 1991, 
the projected levelised investment costs expressed in USmill per kWh, were available for 
Denmark, Spain, Sweden, and the UK (OECD, 1992). For year 1996, country-specific 
investment costs were available only for Denmark and Spain (OECD, 1998). Thus, for 
Germany European averages of these costs were used as estimates for both 1991 and 1996. 
For Sweden and the UK, no country specific costs were reported in the 1998 report. Country 
specific costs for Sweden and the UK in 1996 were thus obtained by using these countries 
costs in relation to the European average cost in 1991 (assuming that these cost shares were 
constant). In order to obtain cost estimates for each country and year, cost reductions were 
assumed to be linear and the average annual cost decline between 1991 and 1996 were 
assumed to be the prevailing during the years before 1991 as well as the years after 1996.  
Then, this levelised investment cost for each country was added to the levelised fuel cost for 
each country and year.  
 
The gas prices used were obtained from the IEA database (annual). Since no gas prices were 
available for Sweden, we used European import costs as a proxy for these Swedish costs. The 
lifetime fuel costs, per kWh, were calculated under the same assumptions as the OECD 
investment costs; i.e., a load factor of 75 percent, 40-year lifetime and a discount rate of 5 
percent. Since the power sector in the UK primarily is owned by private producers a higher 
discount rate, 10 percent, were used for UK. Operation and maintenance costs for gas power 
production are thus not included. These costs constitute to a relatively low share of total costs 
(the European average in the 1998 report constituted to less than 10 percent) so this is not 
considered to be a major drawback. Finally, all costs and prices were deflated to 1998 prices 
using country specific GDP-deflators.  
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