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abstract

The present paper tries to identify the optimal size of a wind farm using North Eu-
ropean data. An empirical analysis of 61 sites constructed between 2004 and 2014 
suggests that economies-of-scale are highly heterogeneous across on-shore and 
off-shore projects. A Varying Coefficient Model captures such diversity by making 
the impact of the farm site on the amount of its potential capacity a non-linear 
function of the number of installed turbines. The resulting scale elasticities sug-
gest that small on-shore farms have a bigger per-turbines output than off-shore 
ones, while the opposite is true for big projects.
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1. INTRODUCTION

In order to achieve the Paris Agreement’s goals, reducing greenhouse emissions from the 
power sector has become a priority of the global energy agenda (Stern, 2007). Among different re-
newable technologies, wind seems to be the most competitive (IEA et al., 2015). Therefore, it might 
become the primary option to achieve ambitious climate policy targets (Lantz et al., 2012).

The industry learning processes and economies-of-scale are the main factors which al-
lowed wind to become competitive over the years (Junginger et al., 2005a). The link between the 
gains in efficiency and the investment’s effort has been studied in detail (Ibenholt, 2002; Neij et al., 
2004; Junginger et al., 2005b; Neij, 2008). Less attention has been given to the relation between the 
average costs and the number of installations. Among the few notable exceptions, (Berry, 2009a) 
highlighted the existence of two types of returns. The first ones are the economies-of-scale of a 
single turbine. Here, the per-unit cost declines till three Mega Watts (MW) are installed, then it 
increases (Wiser and Bolinger, 2011). The second ones are the economies-of-scale of an entire wind 
farm.

For nearly a century, it has been a widespread conjecture that large-scale power generation 
installations can deliver lower cost electricity. This idea is indeed right for fossil fuel and nuclear 
power stations where: 1) larger volume components add more usable space than the related materi-
als costs; and 2) the fixed costs associated with the generation of power tend to be extremely high. 
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However, the coexistence of two contrasting effects makes the analogy inappropriate for wind. On 
the one hand, taller turbines can support bigger rotors, which generate more electricity. On the other, 
each turbine generates a wake effect directly proportional to the size of the rotor’s arm, preventing 
the installation of tall turbines close to one another (González-Longatt et al., 2012; Kim et al., 2012). 
Furthermore, off-shore farms tend to produce more electricity than on-shore ones, as they often use 
bigger turbines which usually are more productive than the on land ones. However, they need to be 
connected with the grid increasing the capital expenditures of this type of projects (Wüstemeyer et 
al., 2015).

Traditionally, studies which try to explore the economies-of-scale of an entire wind farm, 
either concentrate on the existence of different economies-of-scale for different cost components 
(Blanco, 2009), or on the returns of one particular type of installation (Morgan et al., 2003; Dis-
mukes and Upton Jr, 2015). The present paper aims to overcome these limitations introducing a 
production function able to calculate the amount of per-turbine installed capacity both for on-shore 
and off-shore farms using a unique econometric specification. The key to analyse different projects 
using a single regression model is to allow for high degrees of cross-farm heterogeneity.

Varying Coefficient Models (VCM) are a generalization of traditional parametric regres-
sions specifically designed to include diversity across economic units (Hastie and Tibshirani, 1993). 
In the case of the wind energy sector, the number of turbines is the factor which changes the impact 
of the site on the amount of installed capacity. This means that a VCM can quantify how a delta in 
the number of installed turbines impacts the competitiveness of off-shore and on-shore platforms 
shading light on the trade-off between the size of the rotors and the total number of installed turbines.

Different regions have instituted market support policies for wind. While several jurisdic-
tions support on-shore wind, fewer sponsor off-shore projects. According to the Bloomberg New 
Energy Finance’s database, among the few areas which sustain both technologies, the North of 
Europe is the one with the biggest number of installations. The widespread use of on-shore and off-
shore farms combined with a rather homogeneous market design makes this region an interesting 
case study to analyse the economies-of-scale of the wind industry.

2. ECONOMETRIC ANALYSIS

2.1 Returns to Scale in Wind Farms

A production plan is a bundle of m non-negative inputs 1 2( , ,..., )mX X X  which delivers a 
single output Y. In the case of a wind farm, the factors of production include labour, capital and 
turbines’ technology. The outcome is the amount of installed capacity. The resulting technological 
set (TS), 

1 1 1TS = {( ,..., ; ) | ( ,..., ) and 0,..., 0},≤ ≥ ≥m m mX X Y Y v X X X X  (1)

links the quantity of installed MWs to the different inputs via the production function (.)v  (Mas-
Colell et al., 1995). In order to empirically estimate the shape of (.)v , we analyse the Bloomberg 
New Energy Finance’s database. This collection of farm-level data provides information about 1307 
investment projects realized during the decade 2004–2014 in 61 countries. For each of them, we 
know the installed capacity, the number of turbines, the site (on-shore or off-shore), the height of 
the wind turbines, the time required to complete the installation, the country of destination, the 
manufacturer, the status of the signed contract and the final buyer. The dataset contains only one 
region where both on-shore and off-shore projects are widespread, and the set of public incentives 
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is comparable, the North of Europe. The high amounts of wind in the North Sea, the Baltic Sea, the 
North European Plain and the Scandinavian Peninsula, combined with the willingness of the Euro-
pean Union to promote renewable energy markets, makes this part of the world an interesting area 
where to compare the performances of off-shore and on-shore turbines. Table 1 reports the selected 
subset of the data. 

Once the area of interest is selected the study proceeds with an increasingly more sophis-
ticated econometric analysis of the data. First, economies-of-scale are assumed to be homogeneous 
across the two technologies. Under this paradigm two enquiries are made. The first one is a fully 
parametric regression which connects the estimated coefficients to the economic theory. The second 
one is a fully nonparametric model which, while failing to deliver a unique elasticity of the inputs’ 
demand, captures the non-linear nature of the relation 1( ,..., )↔ mY X X .

Then a more elaborate analysis of the data, combined with the statistical difficulty to man-
age a homogeneous interaction between a factor and a continuous variable in a nonparametric con-
text, suggests introducing heterogeneity between off-shore and on-shore farms. A first attempt to 
model the difference between cross-sectional units, which are displaced in different sites, is done 
using a semiparametric Random Coefficient Model (RCM). Once the RCM assumptions are dis-
carded by the specificities of the wind industry, a semiparametric Varying Coefficient Model (VCM) 
is introduced. This last model can quantify the impact of the number of turbines on the installed 
capacity, shedding light on how the sites’ characteristics determine the competitiveness of adding an 
additional turbine, see Figure 1. 

2.2 Intermediate Homogeneous Returns to Scale

Assuming that all firms are profit-maximizing units, which operate at 1= ( ,..., )mY v X X , it 
is possible to overcome the lack of data about the canonical factors of production postulating that 
all the unobserved inputs deliver an observed ‘intermediate’ good: the number of turbines. This 
‘final’ factor of production can be seen as the only capital good of the installed capacity. Hence, the 
production function ( )⋅v  becomes an univariate relation between the nominal power Y and the total 
number of turbines X, 

= ( ) = 1,..., ,i iY v X i n  (2)

Table 1: Number of Wind Farms per Country
Belgium Germany Netherlands Denmark Norway Sweden Ireland UK

Off-Shore 4 19 2 3 0 3 0 16
On-Shore 3 35 5 1 5 35 13 65
Total 7 54 7 4 5 38 13 81

Figure 1: Econometric Taxonomy of the TS Estimation.
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where n is the dimension of the sample (Aigner and Chu, 1968). The first step needed to estimate 
the shape of (.)v  is to replace the theoretical unobserved variables with the collected sample. When 
( = , = )Y y X x , it is possible to redefine both theoretical and observed variables as stochastic objects 
and make the acceptance-rejection region function of the stochastic nature of the sample. This sec-
ond step allows us to transform equation (2) into = ( , )εi i iy v x , where ε i is a random error with finite 
variance (Haavelmo, 1943, 1944). Equations like = ( , )εi i iy v x  present a lot of statistical shortcomings 
(Imbens, 2007; Imbens and Newey, 2009). Therefore, it is common to impose ( , ) = ( )ε ε+i i i iv x f x  
and work with the simplified relation = ( ) ε+i i iy f x . Once the error term has been transformed into 
an additive disturbance it is possible to assume an a priori functional form for (.)f  and describe the 
relation ↔Y X  using a finite number of parameters β T , such that = ( ; )β ε+T

i i iy f x . Given that the 
aim of the study is to estimate the elasticity of the installed capacity to the number of turbines, and 
not the ratio between different inputs, a natural choice for ( ; )β T

if x  is the Cobb-Douglas production 
function 1= βY AX , where A is the technological level. The empirical match of this last specification, 

1= β
i i iy Ax e , with [ | ] = 1i iE e x  and [ ] < ∞iV e , can be log-transformed into 

0 1 0log = log where = log and log = .β β ε β ε+ +i i i i iy x A e  (3)

Equation (3) secures the concept of output elasticity into a single unit-free coefficient. There are 
increasing returns to scale if 1̂ > 1β , decreasing if 1̂ < 1β  and constant if 1̂ = 1β .

Despite being elegant and concise, the previous equation ignores any form of decoupling. 
The introduction of an interaction term between the number of turbines and the site of the farm, 

0 1 2 ,log = log log ,αβ β β α ε+ + + +T j
i i i i i iy x x sec D  (4)

where = [Off Shore,On Shore]− −isec , changes drastically the interpretation of all the coefficients. In 
equation (3), 1β  is the unique effect of log x on log y, while in equation (4) the effect of the number 
of turbines on the amount of produced electricity is allowed to be different for on-shore and off-

shore projects. This means that the returns to scale, 1 2
log =
log

β β∂
+

∂ i
y sec
x

, become function of the

type of installation. In particular, off-shore returns are equal to 1β , while on-shore ones are 1 2β β+ . 
Equation (4) further expands on (3) controlling for a set of country-specific effects, 1 8= [ , , ]α α α

T , 
which are identified using the dummies , = 0α

j
iD  for ≠i j and , = 1α

j
iD  for =i j. Assuming the con-

ditional moment restriction [ | , ] = 0ε i i iE x z , where = [ , ]α T
i iz sec , it is possible to estimate equation 

(4) using Ordinary Least Squares (OLS), see Table 2. 
Regressions which use log x as the only explanatory variable convey increasing returns to 

scale. For example in equation (3), an increase of 1% of the number of turbines leads to a 1.11% 
increase in the installed capacity. The same is true when the dummies are introduced, an increase 
of 1% of the input leads to a 1.12% increase in the output. This first result changes with the intro-
duction of the interaction term. While off-shore farms still have an expected return of 1.12, on-
shore farms have almost constant returns to scale 1.12 – 0.10 = 1.02. The magnitude of the estimated 
country-specific effects is negative for Denmark ˆ( = 0.346)α −D , Germany ˆ( = 0.057)α −G , Ireland 

ˆ( = 0.045)α −I , Sweden ˆ( = 0.144)α −S  and United Kingdom ˆ( = 0.129)α −UK  and positive for the Neth-
erlands ˆ( = 0.021)αNE  and Norway ˆ( = 0.047)αNO . None of them is statistically significant, suggesting 
that there is no relevant regional effect. This preliminary conclusion might be an indirect conse-
quence of the rigid functional form imposed by equation (4). For example, if we standardize the

residuals of (4), 1 2

1 2

ˆˆ ˆ [ ][ ] [ ]= [ , ,..., ]
ˆ ˆ ˆ. .( ) . .( ) . .( )

ε εε ε ε εε
ε ε ε

−− −SD N

N

EE E
s e s e s e

, and we order them, we can compare their 

values with the ones of an ordered vector of random draws pulled from a standardized normal dis-
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tribution, 1 2= [ , ,..., ]M    , with (0,1)
iid
  , and compare their respective rankings, 1 2[ , ,..., ]Nr r r  and 

1 2[ , ,..., ]Ms s s , calculating the Anderson’s T, 

2 2

=1 =1
( 1) ( 1)

4 1= .
( ) 6( )

− + −
−

−
+ +

∑ ∑
N M

i j
i j

N r M s
MNT

NM N M M N
 (5)

The values returned by (5) reject the hypothesis that y and ŷ originate from the same distribution 
(Anderson, 1962). In the same way, a Kolmogorov-Smirnov statistics based on the obtained stan-
dardized residuals ε SD

i  and the simulated ones , 

, [ , ][ , ]
=1 =1

1 1= | |sup
εε

ε −∞−∞
−∑ ∑

N M
SD

N M SD i i
i j

D I I
N M  

      
  (6)

where 

[ , ][ , ]

1 if <1 if <
= and =

0 otherwise0 otherwiseε

ε ε
−∞−∞

 
 



SD SD
ii

SDI I 

 

rejects the hypothesis that y and ŷ originate from the same distribution. Given that both statistics 
reject the hypothesis that the dependent variable and the response of regression (4) originate from 
the same distribution, the estimates 1 2

ˆ ˆ( , )β β  could be far away in probability to the true unobserved 
population parameters 1 2( , )β β . Hence, it would be risky to rely on Table 2 in order to understand 
the economies-of-scale of the wind industry. A possible way out of this shortcoming is to avoid any 
specific functional form and estimate a nonparametric regression, 

0log = ( ) [ | ] = 0 ,β ε ε+ +i i i i iy f x E x  (7)

able to bypass some of the rigidities imposed by equation (4). The price to pay for this increased 
flexibility is the necessity to use relatively complex estimation techniques to identify the unknown 
shape of the function (.)f  (Hastie and Tibshirani, 1990). Among the different available options, thin 
regression splines tend to outperform traditional alternatives like local polynomial approximations, 
marginal integration and kernels (Wood, 2004). Since the rest of the paper will use this methodol-

Table 2: Parametric Homogeneous Returns to Scale
Dependent variable: log y 

No Country Effect Country Effect 

 (1) (2) (3) (4) 

β0 0.567*** 0.741*** 0.792*** 0.838***
(0.076) (0.077) (0.164) (0.152)

log(x) 1.114*** 1.126*** 1.107*** 1.127***
(0.025) (0.023) (0.025) (0.024)

log(x) ∙ On-Shore –0.102*** –0.103***
(0.017) (0.018)

Observations 209 209 209 209
Adjusted R2 0.91 0.92 0.91 0.92

Note: *p < 0.1; **p < 0.05; ***p < 0.01
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ogy, it is useful to see how it works in practice. Like for the parametric specification, the value of the 
splines can be obtained minimizing the sum of the squared errors 

2 2
0

=1 =1
min = min (log ( )) ( ),ε β λ− − +∑ ∑

n n

i i i m
i i

y f x J f  (8)

where λ is a smoothing parameter which weights the penalty term 2
1= 11 1 1

!( ) = ( )
! νν νℜ

∂
∂

∑∫
m

m m

m fJ f dx
x

, 

added to measure the ‘wiggliness’ of the estimated function (.)f  and n + 1 is a sequence of non-de-
creasing real numbers which define the domain of each basis function (Duchon, 1977). The smooth-
ing parameter [0, )λ∈ ∞  controls for the trade-off between model fit and smoothness. If λ →∞, ˆ (.)f  
is a straight line which converges to the LS estimate of equation (3). To the contrary, if 0λ → , ˆ (.)f  
is an un-penalized regression spline which does not correct any form of over-fitting. It can be shown 
that the function minimizing equation (8), given a fixed λ, is 

2 1
2 1/2

=1 =1

(1/ 2 )ˆ ( ) = ( ) ( ) ,
2 ( 1)!λ θ φ δ

π
−Γ −

+ −
−∑ ∑

M n
m

j j i im
j i

mf x x r x x
m

 

 (9)

where δ i and θ j are coefficients to be estimated, ( )φ j x  is the vector of 
1

=
1
− 

 
 

m
M  un-penalized

polynomials of x with degrees up to m – 1 and 2 1/2(1/ 2 ) / 2 ( 1)!πΓ − −mm m  is a function which mod-
els additional non-linearity using the Gamma probability density (.)Γ  and the Euclidean distance r 
between any x and the observed xi.1

The resulting estimates for equation (7) are summarized in Table 3. The estimated ˆ (.)f  is 
growing in x. Its minimum value is –2.0687 for projects which have only one turbine, this means 
that, given the value of the intercept 0

ˆ = 3.83β , the shape of ˆ (.)f  returns an estimated amount of 
installed capacity of four MWs. As the number of turbines increases, the values associated to the 
splines of (.)f  increase achieving a maximum value of 3.32, see Figure 2. 

 The estimated function is very similar to a text book production function which has 
(.) > 0′f  and (.) < 0′′f . However, unlike for the parametric regression, ˆ (.)f  does not have a single 

parameter which directly measures the instantaneous rate of change of production. Furthermore, 
there is no single spline from which to obtain a derivative, making an immediate interpretation of 
ˆ (.)f  impossible. One way out of this shortcoming is to approximate ˆ (.)′f  using the method of finite 

differences. The first step is to select a set of equidistant points 1 2[ , ,..., ]zx x x  and then to obtain a 
linear projection (LP) of ˆ (.)f , 

1 2
ˆ ˆ ˆ[ ( ), ( ),..., ( )] ,LP LP LP

zf x f x f x  (10)

for each of them. Moving marginally to the right, it is possible to obtain a new set of values from 
which the LPs of ˆ (.)f , 

1. After a series of rearrangements, it can be shown that a penalized likelihood can be used to estimate ( , )δ θi j . For all 
the mathematical details in a frequentist and in a Bayesian framework see (Milivinti and Benini, 2018).

Table 3: Nonparametric Homogeneous Returns to Scale
NAM Minimum 1st Quantile Median Mean 3rd Quantile Maximum 
ˆ ( )f x –2.069 –0.760 0.115 0.000 0.528 2.199 
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1 2

ˆ ˆ ˆ[ ( ), ( ),..., ( )] with = 1 10 ,−+ + + ×LP LP LP
zf x d f x d f x d d

can be recomputed. For every couple of points, the approximated derivative becomes 

ˆ ˆ( ) ( ) .+ −LP LP
r rf x d f x

d
 (11)

The precision of the approximation is function of the total amount of points. For example, Figure 3 
shows how an increase in the number of points makes the approximated derivative (the red lines) 
closer and closer to the true non-observable derivatives of ˆ (.)f . 

Figure 2: Non-linear fit of ˆlog y (Left plot). Non-linear fit of ˆ (.)f  (Right plot).

Figure 3: Five points evaluation of ˆ (.)′f  (Left plot). Eleven points evaluation of ˆ (.)′f .
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 Once this first step has been completed, it is possible to extract from the estimated splines 
the values of the parameters θ̂ j which multiply the basis ( )φ j x . These parameters can be used to gen-
erate ‘new’ simulated values derived from a multivariate normal distribution, which has the mean 
of the vector of estimated parameters θ̂ j and as variance-covariance matrix the one obtained again 
from the values of 1

ˆ ˆ( , )θ θ +j j . For example, if we have three points to determine the function, such 
that M = 3, the simulation would be 

0 0 1 0 200

1 1 1 0 1 1 2

2 2 2 0 2 1 2

ˆ ˆ ˆ ˆ ˆˆ ( ) ( , ) ( , )
ˆ ˆ ˆ ˆ ˆ ˆ, ( , ) ( ) ( , ) .
ˆ ˆ ˆ ˆ ˆ ˆ( , ) ( , ) ( )

θ θ θ θ θθθ
θ θ θ θ θ θ θ
θ θ θ θ θ θ θ

                              

S

iid
S

S

Var Cov Cov

N Cov Var Cov

Cov Cov Var

  (12)

The simulated θ S
j  can be multiplied by equation (11) in order to obtain the value of the derivative. A 

t-test can check whether the resulting posterior simulation is statistically significant. 
 Figure 4 identifies only one segment where the first order derivative is increasing in a 

statistically significant way, ˆ (.)′f  grows together with x almost without interruption till 70 turbines, 
then it is statistically insignificant.

Incorporating the decoupling in equation (7), while controlling for country-specific effects, 

0 ,log = ( , ) [ | , ] = 0 ,αβ α ε ε+ + +T j
i i i i i i i iy f x sec D E x z  (13)

requires to model the interaction between x and sec. If both variables were continuous, it would be 
possible to reuse the methodology just described and evaluate ˆ (.)′f  applying the finite difference 
method (Wood, 2017). However, given that sec is a categorical variable, it would be ‘meaningless’ 
to use a thin plate regression spline to fit ( , )i if x sec  because it is nonsensical to smooth over a factor. 
There are different ways to model the interaction. The next section shows one which originates from 
the data.

Figure 4:  LP approximation of ˆ (.)′f  obtained using 10,000 simulations evaluated at 200 
equidistant points.



Heterogeneous Returns to Scale of Wind Farms in Northern Europe / 9

Copyright © 2019 by the IAEE. All rights reserved.

2.3 Intermediate Heterogeneous Returns-to-Scale

All the previous specifications imply a homogeneous impact of the number of turbines on 
the installed capacity. In the first case, it is the sum of coefficients 1 2

ˆ ˆβ β+ sec, in the second one the 
value taken by ˆ ( )′f x  at X = x. A quantile analysis suggests that this simplification is not justified. 
Dividing x into quantiles and making a simple regression of log y on log x for the different values of 
sec returns heterogeneous intercepts and slopes, see Table 4. 

The previous analysis gives an intuition on how to model the interaction between X and 
SEC. Given that the regressions’ returns are non-constant, there must be a significant amount of 
cross-sectional heterogeneity. Varying Coefficient Models (VCM) are a semiparametric extension 
of linear regressions specifically designed to acknowledge the possibility that different units respond 
differently to the same explanatory variables (Hastie and Tibshirani, 1993). They can be used when 
the impact of one regressor on the dependent variable changes smoothly over different groups char-
acterized by a certain feature, the so called effect modifier(s). In energy economics, they are mostly 
implemented to fit and forecast electricity demand, often assuming that the effect modifier is time 
(Harvey and Koopman, 1993; Chang et al., 2003; Mount et al., 2006; Karakatsani and Bunn, 2008). 
Their use on the supply side is similar. In the case of the wind industry, they are either used to under-
stand the optimal placement of the turbines (Sanchirico and Wilen, 2005; Pookpunt and Ongsakul, 
2013) or to forecast the wind power (Nielsen et al., 2002; Sanchez, 2006), but always using time 
as the only effect modifier. However, given that VCMs allow to quantify how a change in a contin-
uous variable can affect the impact of an other on the response, it might be useful to propose other 
smoothers to study cross-fields trade-offs.

Table 4 suggests to re-adapt an intuition which originated in agricultural economics. Agrar-
ian, as well as farming, firms are able to extract different amounts of output given different exten-
sions of their operating facilities. This means that changing the extensive margin of the field changes 
its intensive margin. For example, enlarging the size of a grain field by 1 square kilometre changes 
the crop yield per square kilometre. In other words, the amount of crops obtainable per acre is a 
function of the total number of ploughed kilometres. In a similar way, the amount of milk obtain-
able per-cow is a function of the total amount of livestock managed by a dairy industry (Løyland 
and Ringstad, 2001). One of the reasons which might be behind the heterogeneous returns-to-scale 
is the intervention of non-market forces in the decisions taken by farmers (Severance-Lossin and 
Sperlich, 1999).

Table 4: Heterogeneous Returns to Scale
Dependent variable: log y 

On-Shore Off-Shore

Quantile 1st 2nd 3rd 4th 1st 2nd 3rd 4th

β0 0.350** 1.691* 0.221 1.211** 1.592*** 0.194 1.099*** 0.291
(0.140) (0.988) (0.937) (0.492) (0.241) (1.487) (0.000) (0.900)

log(x) 1.272*** 0.603 1.217*** 0.935*** 0.917*** 1.272*** 1.000*** 1.218***
(0.092) (0.406) (0.322) (0.114) (0.096) (0.404) (0.000) (0.195)

Economies-
of-Scale 

Yes No Yes No No Yes Yes Yes

Observations 40 45 30 20 8 18 4 17
Adjusted R2 0.831 0.027 0.315 0.778 0.928 0.345 1.000 0.704

Note: *p<0.1; **p<0.05; ***p<0.01
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The case of the wind power industry is more complex. On one side, the amount of installed 
capacity depends upon the number of turbines, and on the other, depends upon the height and the 
size of the rotors. Given the presence of significant wake effects, a project manager faces a critical 
trade-off: either few tall turbines with installed large rotors, or many small ones with small engines.

One way to portray this complex situation is to use the continuous variable xi a thin plate re-
gression spline with a modified penalty, which shrinks to zero when there is a high enough smooth-
ing parameter, and a random effect for seci. In this case, we would produce a full tensor product 
where the first base is a thin plate regression spline, with extra shrinkage, while the second one is a 
random effect transforming (13) into 

0 ,log = ( ) (0,1) ,αβ γ α ε γ+ + +T j
i i i i i i iy g x sec D N

 (14)

a Random Coefficient Model (RCM), where ( , ) = ( )γi i i i if x sec g x sec . An implicit assumption of 
equation (14) is that the impact of sec on log y is independent from x. Therefore, any difference 
between on-shore and off-shore is uncorrelated with the total number of turbines. However, this 
assumption does not hold in the wind power industry because the number of installed turbines 
is a function of the site of deployment. Furthermore, equation (14) does not explain why differ-
ent cross-sectional units behave heterogeneously. A less restrictive technique is to have a separate 
smoother for each level of the factor sec, and associated with it, a single smoother ˆ (.)g  (Rose et al., 
2012). The resulting specification is a VCM, 

0 1 ,log = ( ) [ | , ] = 0 ,αβ β α ε ε+ + + +T j
i i i i i i i i iy sec g x sec D E x z  (15)

where 1( , ) = ( )β +i i i i if x sec sec g x sec . Even though equation (15) might look similar to (14) or even 
to (13), it is not. The VCM transforms the individual returns of every wind farm into a non-random 
function of the number of turbines discovering eventual hidden paths of the dataset while maintain-
ing the linearity of the sec. Consequently, the impact of the factor on the response changes jointly 
with the specific qualities of the cross-sectional observations. In particular, since each coefficient is 
no longer an average but a function, it is possible to detect latent patterns while keeping an interpre-
tation of the estimate very similar to that of a linear specification. Furthermore, this new specifica-
tion relaxes one of the assumptions about the information set of the decision makers. In particular, 
assuming that equation (13) is the result of an optimization process, decision-makers need to know 
the joint impact of (X,SEC) on Y. To the contrary, in (15) they need to know only the impact of the 
turbines on the amount of generated electricity, while being unaware of the effect of the site (Benini 
et al., 2016). The resulting scale elasticities, obtainable using the estimation technique presented in 
Section 2.2, are summarized in Table 5 and portrait in Figure 5. 

 Like in the simpler nonparametric case, it is not possible to directly measure the instanta-
neous rate of change of the production function. At the same time, due to the presence of the factor 
seci, it is not possible to reuse the method of finite differences presented in Section 2.2. An alterna-
tive solution is to evaluate the obtained smoothsϕj(x) for the two set of values [On-Shore, Off-Shore] 
(Rose et al., 2012). In order to do that, the first step is to re-evaluate the model using a set of LPs, 

Table 5: Varying Coefficient Heterogeneous Returns to Scale
VCM  Minimum 1st Quantile Median Mean 3rd Quantile Maximum 

1̂ ˆ ( )β + g x  Off-Shore –1.535 0.045 0.579 0.457  1.101 2.754 
ˆ ( )g x  On-Shore –2.695  –1.374 –0.546 –0.655 –0.160 1.572 
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like in (10), for each factor. These new values can be multiplied by the basis coefficients obtained 
from (15). Once the LPs have been multiplied by ˆ ˆ( , )δ θi j , it is possible to row-sum them and to use 
the resulting matrix to compute differences between the φ̂ j before the actual splines are calculated2. 

 Using this estimation technique, the VCM captures regional differences which go be-
hind the introduction of a simple dummy variable. In particular, equation (15) computes a separate 
smoother for every level of the factor sec, so we can compare the ratio of the two smoothers for 
every sub-region of the dataset. Figures 6–8 report the outcome for the British Isles (Ireland and 

2. Note that this process should be repeated for every pair of factors. In this case, the factor sec only takes two values, 
so only one comparison is needed.

Figure 5: VCM fit of ˆlog y (Left plot). VCM fit of ˆ (.)g  (Right plot).

Figure 6: LP approximation of the differences between the estimated (.)′g  for the British Isles.
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United Kingdom), Scandinavia (Denmark, Norway, Sweden) and continental Europe (Belgium, 
Germany, Netherlands). 

 If the approximated difference is above zero, off-shore installations are more productive 
than on-shore ones and vice-versa. Like in (Voormolen et al., 2016), we find significant regional 
differences in the productivity of wind farms. The first two figures show that for small farms the 
amount of power installed per turbine is favourable to on-shore sites, while for farms with more than 
20 turbines, the off-shore sites become more competitive. The difference in extractable power per 
turbine is much bigger in the case of the British Isles, which has a difference that is almost double to 

Figure 7: LP approximation of the differences between the estimated (.)′g  for Scandinavia.

Figure 8:  LP approximation of the differences between the estimated (.)′g  for Continental 
Europe.



Heterogeneous Returns to Scale of Wind Farms in Northern Europe / 13

Copyright © 2019 by the IAEE. All rights reserved.

the Scandinavian one. In contrast, continental Europe seems to have almost insignificant difference 
between the two sites.

3. CONCLUSION AND POLICY RECOMMENDATIONS

Returns-to-scale in the wind sector are more complicated than in most other energy tech-
nologies. Using data from the North of Europe, we noticed how standard parametric regressions 
might overlook their complexity returning estimates which are functional specific and blind to re-
gional differences. More flexible semiparametric alternatives, like the VCM, capture, otherwise 
unobservable, heterogeneity in the capacity of different installations to amortize per-unit costs. In 
Continental Europe the highest per-turbine return are achieved by small on-shore installations. To 
the contrary, in the British Isles big off-shore projects are more productive. For example, off-shore 
farms with 60 turbines can extract almost one MW more per turbine than their on-shore competi-
tors. The same is true in Scandinavia, where off-shore farms with 30 turbines produce 0.65 MW per 
turbine more than the on-shore ones.

Climate conditions alone can hardly explain the disparity. National policies probably ac-
count for most of the difference between the off-shore and the on-shore performance suggesting that, 
despite a common EU framework, national stakeholders can influence the trade-off between the two 
types of installations.

Any further research should incorporate the presence of indirect costs in the the analysis 
of the farm’s productivity. In particular, wind energy is characterized by three major externalities. 
First, it varies according to the wind’s speed, and therefore it is not dispatchable according to the 
demand (Chandler, 2008). Second, wind turbines have a negative environmental impact, especially 
in terms of land use (Wang and Wang, 2015; Hadian and Madani, 2015). Third, even if the public 
attitude toward renewable energies is often positive, the actual construction of farms frequently 
faces low approval rates among local communities (Wolsink, 2007). Therefore, the empirical anal-
ysis should identify, among the projects which have the best economies-of-scale, the ones with the 
lowest indirect cost focusing on the impact that wind projects have on the grid, the environment, 
and the communities.

Furthermore this method should be applied to other regions. This research could not do so 
because of data limitations and market decoupling issues. Nevertheless, if enriched with all the indi-
rect costs, the methodology presented should identify the projects able to extract the highest amount 
of MW per turbine, across different areas of the globe.
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