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ABSTRACT 

Wind power is the most important renewable energy source in many countries today, 
characterized by a rapid and extensive diffusion since the 1990s. However, it has also 
triggered much debate with regard to the impact on landscape and vista. Therefore, 
siting processes of wind farm projects are often accompanied by massive public 
protest, because of visual and aural impacts on the surrounding area. These mostly 
negative consequences are often reflected in property values and house prices. The aim 
of this paper is to investigate the impacts of wind farms on the surrounding area 
through property values, by means of a hedonic pricing model using spatial fixed 
effects and a geographically-weighted regression model. Focusing on proximity and 
visibility effects caused by wind farm sites, we find that proximity measured by the 
inverse distance to the nearest wind turbine causes negative impacts on the 
surrounding property values. Thereby, local statistics reveal varying spatial patterns of 
the coefficient estimates across and within the city areas and districts. In contrast, no 
evidence was found for a statistically significant impact of the visibility of the wind 
farm turbines. The analysis was done for a study area in western Germany.   
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I. INTRODUCTION 

Against the background of climate change and increasing scarcity of energy resources, 
the expansion of the renewable energy supply and the substitution of fossil fuel-based energy 
sources have become key topics on political agendas worldwide. Therefore, national energy 
policies are increasingly focusing on the promotion of wind, solar, biomass, geothermal, and 
other sources through extensive support schemes. As a result, the share of renewable sources 
has substantially increased in many countries since the 1990s. Although, the further expansion 
and promotion of renewable energies is crucial with regard to a substantial transition of the 
future energy mix, renewable energy projects often trigger public concern and resistance.  

In Germany, considerable growth in the share of renewable energies is attributable to the 
introduction of the Act of Granting Priority to the Renewable Energy Sources (Erneuerbare-
Energien-Gesetz, EEG) in 2000, amended in 2004, 2009, and 2012 (EEG, 2000, 2004, 2009, 
2012). Introducing this regulatory framework for the promotion of electricity and heat from 
renewable energy sources (RES), which is essentially based on feed-in tariffs (FIT) 
guaranteed over 20 years, had a substantial impact on the speed and extent of the diffusion of 
renewable energy technologies. Particularly, the wind energy sector in Germany saw a rapidly 
increasing market share, with a total of 22,297 installed wind turbines (onshore and offshore) 
and an installed capacity of 29,075 MW by 2011 (Figure 1). Although wind energy already 
accounts for the highest share of electricity production within the renewable energy sector1, 
its annual growth rate of installed capacity in 2011 of about 7% was still fairly high. 
Regarding the total electricity consumption in Germany in 2011, wind power accounted for 
7.6%, which renders it the most important renewable energy source overall (BMU, 2012). 
 

 
FIGURE 1  

Development of the wind energy sector in Germany, 1990-2011 
Source: BMU (2012), own illustration 

 
The extensively promoted expansion of renewable energy technologies is mostly justified 

by referring to the advantages and benign attributes associated with them. In the case of wind 

                                                 
1 Wind energy accounted for 38.1%, biomass energy for 30.3%, hydro power for 16.0% and photovoltaics for 

15.6% of the total amount of electricity produced by the renewable energy sector in 2011.   
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power, these attributes are, e.g., a “green” and CO2-free energy generation without fuel costs 
as well as reasonable land consumption (Ackermann and Söder, 2002; Manwell, et al., 2009, 
pp.443-447; BWE, 2012). However, not only advantages and positive effects are associated 
with wind farm sites. Firstly, the amount of electricity produced is to some extent unreliable 
and unpredictable due to unsteady wind conditions. Secondly, the hub heights of wind 
turbines, both newly constructed and after repowering2, have been increased over the last 
years in order to raise efficiency (Junginger et al., 2005; Sieros et al., 2012). As a 
consequence, the upscaling of wind turbine nacelles to heights of 100 m and more has led to a 
substantial change of landscape and vista. 

The negative externalities caused by wind farm sites have led to major public concern 
that particularly refers to the impact on the environment and landscape. The latter tends to 
result in massive public protest, because of apparent visual3 and aural4 impacts on the 
surrounding area, with negative consequences that are supposed to be reflected in property 
values and housing prices. Public debates accompanying siting processes solely involve the 
argument of the expected devaluation of property or house prices as a consequence of siting in 
the proximity of a property or a house. Apart from the existing economic and regulatory 
complexity of siting processes, social acceptance and, especially in the case of wind farms, 
“NIMBY” (Not In My Backyard) attitudes become increasingly important (Wolsink, 2000; 
van der Horst, 2007; Wolsink, 2007). However, with decreasing social acceptance regarding 
siting decisions, the sound and transparent estimation and valuation of potential 
environmental impacts and other acceptance-biasing aspects should play a paramount role 
within the siting process in order to mitigate public protests and related unanticipated and 
underestimated project costs. 

There have been a number of studies investigating the impact of wind farm sites on the 
surrounding area from a social acceptance point of view using survey-based approaches (e.g. 
Krohn and Damborg, 1999; Wolsink, 2000; Álvarez-Farizo and Hanley, 2002). The number 
of studies that aim at quantifying wind farm impacts are much less. Albeit there are a number 
of studies in this context using non-market valuation techniques, with the hedonic pricing 
approach most commonly being applied (e.g. Hoen et al., 2009; Canning and Simmons, 
2010)5, to our knowledge there are only a few analyses in the peer-reviewed literature so far 
(Sims and Dent, 2007; Sims et al., 2008; Laposa and Mueller, 2010; Heintzelman and Tuttle, 
2011; Hoen et al. 2011) that will be briefly be discussed in turn. 

Sims and Dent (2007) investigated the impact of a wind farm near Cornwall, UK, on 
house prices, using a hedonic pricing approach and comparative sales analysis. Applying 
straightforward OLS regression, they found some correlation between the distance to a wind 
farm and property values. Due to data limitations, the overall model results had a fairly weak 
explanatory power. 

                                                 
2 Repowering is the replacement of older turbines in favor of new and more efficient ones, which most often 

also have a higher installed capacity.  
3 Visual impacts comprise general visibility and shadowing effects (Álvarez-Farizo and Hanley, 2002).  
4 Aural impacts refer to turbine noise and sound pressure (Rogers et al., 2006; Harrison, 2011).   
5 There is also research on the impact of wind farm proximity published in the form of project reports 

applying a simple quantitative approach (Sterzinger et al., 2003). They compared property transactions within a 
five-kilometer radius around the site, using a group of comparable control transactions outside of this range, but 
without controlling for other property price explaining factors.  



Sims et al. (2008) modeled the impact of wind farm proximity to houses for a region near 
Cornwall, UK. There was some evidence to suggest that noise and flicker effects as well as 
visibility may influence property value in a wind farm’s vicinity. The hedonic analysis, in 
which standard OLS regression techniques were used, showed no significant impacts caused 
by the wind farm. 

Laposa and Müller (2010) examined the impact of wind farm project announcements on 
property values for northern Colorado, US. Including observations before and after the 
announcement of the wind farm project, they applied a hedonic pricing model accounting for 
announcement and spatial characteristics of three location groups. The results obtained 
indicate no significant impact of the planned projects announcement. 

Exploring the impacts of new wind facilities on property values in northern New York, 
US by means of a fixed effects hedonic pricing model, Heintzelman and Tuttle (2011) found 
that nearby wind facilities can significantly reduce property values. Decreasing the distance to 
the wind farm to one mile indicated a property price devaluation of between 7.73% and 
14.87%. In addition, they controlled for omitted variables and endogeneity biases by applying 
a repeat-sales analysis. 

In a peer-reviewed and published version of the Hoen et al. (2009) report, Hoen et al. 
(2011) investigated 7,459 sales of single-family houses surrounding 24 wind farm sites in the 
United States. They applied various hedonic pricing model specification using spatial fixed 
effects to account for spatial dependence and spatial autocorrelation. A main focus lay on the 
impact of view and distance to the site. Overall, they found no statistical significant effects on 
property sales. 

Table 1 provides an overview of selected hedonic pricing analyses on wind farm impacts. 
 

TABLE 1 
Overview of hedonic pricing studies 

Source: own illustration 
 

The aim of this paper is to investigate the impacts of wind farms on the surrounding area 
through property values, by means of a hedonic pricing model using spatial fixed effects and a 
geographically-weighted regression model. The main focus lies on the investigation of site 
proximity and visual impacts of wind farms, such as the impact of visibility and shadowing, 
as these are most often the central subject of public debates associated with siting processes. 
Therefore, in a first step, we apply three different spatial fixed effects models in order to 

        

Study Study area n 
Time 
period 
[years] 

Pre-/Post- 
construction 

Distance to 
wind farm 

[km] 

Repeat 
sales 

Property 
value 

impact 
        

Sims and Dent (2007) Cornwall, UK 919 5.5 post < 16 no negative 
Sims et al. (2008) Cornwall, UK 199 7.5 post 0.8-1.6 no none 
Laposa and Müller (2010) Colorado, US 2,910 9 pre < 80 no none 
Heintzelman and Tuttle 
(2011) 

New York (state), 
US 11,331 10 pre/ post < 86 yes negative 

Hoen et al. (2009, 2011) US (24 sites) 7,459 11.5 pre/ post < 17.6 yes none 

Canning and Simmons 
(2010) Ontario, Canada 83 2.5 post n.a. yes none 



capture effects of unobserved spatially-related factors.6 As spatial fixed effect models have 
been applied to the case of wind farm effects (e.g. Heintzelman and Tuttle, 2011 and Hoen et 
al., 2009, 2011), we improve upon the already applied methodologies in the literature 
investigating the importance of the view on the facility by means of a fixed viewshed effect 
model specification. Controlling for visibility effects will emphasize and highlight the 
importance of distance to the facility. In this context, the application of Geographical 
Information System (GIS) techniques7 allow for an accurately derivation of viewsheds8 in a 
3D environment on basis of high resolution geodata.  

In a second step, we additionally apply a Geographically Weighted Regression (GWR) 
analysis in order to gain a more detailed picture of local impacts and spatially varying 
relationships compared to global estimation results. This particularly includes the 
consideration of spatial correlation and the analysis of the biasing influence of spatial non-
stationarity on the estimation results. To our knowledge, there is no hedonic pricing analysis 
applied to wind farm impacts that specifically adopted a GWR approach or specifically 
emphasized the importance of local dependencies. Hence, the merit of our contribution is the 
specific investigation of spatial patterns and locational dependencies in the frame of a hedonic 
pricing model applied to the case of a wind farm site.  

As most of the hedonic pricing studies on wind farms were conducted in the UK and the 
US, respectively, such a study investigating the impacts of wind farms in Germany can yield 
interesting new insights. To our knowledge, there is also no scientific study on wind farm 
impacts using German real estate market data. A wind farm near the cities of Rheine and 
Neuenkirchen in the federal state of North Rhine-Westphalia (Germany), constructed in 2002, 
is chosen for conducting a pilot application of the model. 

The remainder of this paper is organized as follows. Section 2 provides the theoretical 
background and literature overview. Section 3 introduces the hedonic pricing model and the 
estimation techniques applied. Furthermore, section 3 presents the dataset and the description 
of the estimation variables. Section 4 reports on the results obtained from the different model 
specifications. Section 5 concludes and also draws attention to future research needs. 
 

II. THEORETICAL BACKGROUND AND RELATED LITERATURE 

The methodology adopted in this paper is associated with non-market valuation 
techniques. These comprise various techniques for estimating the value of goods and services 
that are not traded in markets and which is, therefore, not revealed in market prices 

                                                 
6 The three spatial fixed effect model specifications are varying according to their geographical scale, where 

smaller scales of the fixed effects allow for tighter control with regard to omitted variable bias (Heintzelman and 
Tuttle, 2011). The spatial fixed effects included in our analysis are fixed city effects, fixed city district effects 
and fixed cadastral district effects. For a detailed description of the model specifications, see section 3.  

7 GIS software is a powerful tool for enhancing the spatial precision of estimation techniques. With the 
capability to capture, store, manage, analyze, and display space-related information, GIS software systems are 
frequently used for underpinning hedonic pricing models. In this context, implementation possibilities are quite 
diverse, such as analyzing spatial heterogeneity (Geoghegan et al., 1997) or developing Digital Elevation Models 
(DEM), in order to apply visibility analyses (Paterson and Boyle, 2002; Lake et al., 2010). 

8 Viewsheds display areas of land, water, or other environmental elements that are visible to the human eye 
from a fixed vantage point (in our case the considered properties). The visibility of a large-scale wind farm in the 
close vicinity of a property might have a significant impact on its value. 



(Tietenberg and Lesiw, 2009, p.35). This applies particularly to environmental goods, such as 
air and water quality, as well as landscape and related positive or negative externalities.  

There are different methods in the field of non-market valuation, which can be 
categorized according to the individuals’ preferences that are either stated or revealed. Stated 
preference methods, such as contingent valuation or choice modeling, are based on practical 
survey techniques, essentially investigating the willingness to pay (WTP) for obtaining a 
particular good (Kriström, 2002; Bateman, 2010; Tisdell, 2010, p.203; Krueger et al., 2011). 
Alternatively, revealed preference methods ground on the assumption that individuals’ 
preferences can be derived from their consumption behavior (Tietenberg and Lesiw, 2009, 
p.39; Tisdell, 2010, p.203), and comprise methods like the travel cost method and the hedonic 
pricing method. 

Rosen (1974) pioneered the economic formalization of a hedonic pricing model, although 
earlier studies tackled the approach of implicit markets (Tiebout, 1956) and statistical 
relationships between air quality and housing values (Ridker and Henning, 1967). According 
to Rosen (1974), hedonic pricing models seek to explain the overall price p=p(x) of a 
differentiated product that is characterized by a bundle of n attributes x = (x1,…, xn). The 
hedonic function, therefore, results from the market interaction of demand and supply. 
Product differentiation implies the availability of alternative bundles, so that in market 
equilibrium, p equals each consumer’s bid for the differentiated product (Rosen, 1974).     

In the field of environmental economics, hedonic pricing models are widely used to 
estimate the WTP for improvements in environmental goods (Palmquist, 2002), most 
frequently applied to the housing or property market. Houses or properties are compound 
products, characterized by sets of structural (e.g. house/lot size, age, and type of building), 
neighborhood (e.g. income distribution, crime rate, and taxes), spatial (e.g. distances to local 
amenities or disamenities) and environmental (e.g. noise levels, air quality, and vista) 
attributes. The functional form of the price is monotonically increasing in desirable 
characteristics, whereas it remains silent about the correct relationship between the price and 
the characteristics (Palmquist, 2002). 

Hedonic studies show a wide range of application fields. Commonly investigating air 
quality (Nelson, 1978; Kim et al., 2003; Chay and Greenstone, 2005), water quality (Steinnes, 
1992; Leggett and Bockstael, 2000; Poor et al., 2007), noise (Espey and Lopez, 2000; Theebe, 
2004; Baranzini and Ramirez, 2005; Dekkers and van der Straaten, 2009) and proximity to 
hazardous facilities (Kohlhase, 1991; Nelson et al., 1992; Simons et al., 1997), hedonic 
models are, moreover, increasingly applied in the field of energy and the environment 
(Gamble and Downing, 1982; Clark et al., 1997; Clark and Allison, 1999; Des Rosiers, 2002). 
While the number of studies on the impact of renewable energy technologies, including wind 
farms, is increasing, still only few peer-reviewed articles exist. 

 

III. HEDONIC PRICING MODEL 

Estimation methods 

An attempt to estimate the impacts of wind farm proximity in the framework of a hedonic 
pricing study has to take into account the possible bias caused by model misspecification, 
particularly through omitted variables. In this context, the main concern refers to regional or 



local factors which remain unobserved. In case of unobserved factors, partly explaining the 
variation in property prices or being correlated with included variables, the model estimations 
will likely be biased and, therefore, unreliable (Chay and Greenstone, 2005; Greenstone and 
Gayer, 2009; Kuminoff et al., 2010). 

The unobserved variables bias can directly be addressed applying a spatial fixed effects 
model specification. Spatial fixed effects basically capture spatially clustered unobserved 
influences in the considered study area through incorporating a set of dummy variables, e.g. 
representing city districts of the study area. According to this example, the fixed city district 
effect will then implicitly absorb all unobserved factors within the defined geographical scale 
of this fixed effect. However, the effect of this approach in capturing spatially clustered 
unobserved factors crucially depends on the definition of the geographical scale. The 
definition of the geographical scale is accompanied by a tradeoff between the level of control 
and the variation in the explanatory variables (Heintzelman and Tuttle, 2011). Therefore, a 
higher level of control for omitted variables, i.e. a small geographical scale of the fixed effect, 
results in less variation in the explanatory variables due to the limited scope of the fixed effect 
(Heintzelman and Tuttle, 2011). The definition of several scales for spatial fixed effects in 
different model specifications might seem reasonable in order to derive a comprehensive 
picture of the ability of spatial fixed effects in capturing spatially clustered unobserved 
factors.  

Accompanied by spatially clustered omitted variables, we have to be aware of spatial 
dependence and spatial heterogeneity. Spatial dependence refers to dependencies among 
spatially contiguous observations within the dataset which cause spatial autocorrelation 
(Anselin and Getis, 2010). Thus, based on Tobler’s First Law of Geography, spatially nearby 
observations are stronger correlated to each other than observations farther away (Tobler, 
1970). Likewise, unobserved factors for one observation may be correlated to unobserved 
factors for a neighboring observation, inevitably causing spatial autocorrelation. Therefore, 
not controlling for spatial autocorrelation would bias our estimations. We address this spatial 
dependence problem applying spatial fixed effects and error clustering in a procedure 
proposed by Heintzelman and Tuttle (2011). According to this, using spatial fixed effects is 
methodologically related to the application of a spatial lag model, where the spatially 
weighted average of neighboring observations in the spatial lag model is given here by the 
scale of the fixed effects. Similarly, the error clustering is related to employing a spatial error 
model allowing for correlation of error terms.9 Besides the wide application of spatial 
econometric techniques, such as the spatial lag and spatial error model, “spatial fixed are 
clearly the preferable strategy for addressing spatially correlated omitted variables in cross-
section data” (Kuminoff et al., 2010, p.158), as spatial fixed effects offer a less rigid and more 
flexible structure on spatial relationships between included and omitted variables (Kuminoff 
et al., 2010). 

The hedonic pricing model in a spatial fixed effects and error clustering specification is 
given by:  

               ln ijt j t ijt ijt ijt jt ijtp W S Nα λ β γ δ η ε= + + + + + + ,                                 [1] 

                                                 
9 For details on the spatial lag and error model, see Anselin (1988). 



where pijt is the sales price of property i in group j at time t, αj represents the spatial fixed 
effect, λt denotes the set of time dummy variables (month and year), Wijt represents the wind 
farm related variables, Sijt describes a set of structural variables, Nijt denotes the neighborhood 
variables, ηjt and εijt are grouped and individual-level error terms, and β, γ as well as δ are the 
parameters to be estimated.10  

We use three different spatial fixed effect specifications which are derived according to 
the administratively defined structure of the study area. The study area contains two cities 
which again consist of four defined city districts and 39 cadastral districts, respectively.11 
From large to small geographical scale, the first three group the observations with regard to 
their location in one of the cities (2 groups), in one of the city districts (4 groups) and in one 
of the cadastral districts (39 groups). In a fourth specification, the fixed viewshed effects, we 
group the observations according to the number of visible turbines (10 groups). Compared to 
three specifications described above, the fixed viewshed effects are not deduced from 
administrational structure, rather from an underlying spatial structure. The fixed viewshed 
effects should essentially absorb the influence of wind farm visibility on properties, therefore, 
highlighting the importance of pure proximity in the sense of distance measures. In many 
hedonic pricing studies focusing on wind farm impacts, simple distance measures are used as 
a proxy for various effects that is caused by proximity to the facility. But besides the 
measurement of distance, proximity can also be investigated in the sense of visibility, 
shadowing effects and aural impacts. Therefore, applying the fixed viewshed effect 
specification, we try to provide a more differentiated picture on potential impacts caused by 
wind farms presence.       

Spatial heterogeneity is a further concern that we should be aware of. Spatial 
heterogeneity refers to the presence of spatial non-stationarity within the dataset, as the 
measurement of a relationship depends on where the measurement is taken (Fotheringham et 
al., 2002, p.9). There might be various dependencies between spatially nearby observations, 
so that spatial relationships may vary across the considered study area. We address a form of 
spatial heterogeneity, again, using spatial fixed effects. Furthermore, we explore spatial 
heterogeneity in our dataset by means of a GWR, as this approach allows for a comprehensive 
view on spatial relations providing local statistics.  

Most importantly, compared to conventional regression models, the GWR provides 
separate, local regressions for each observation, instead of generating a single, global 
regression. Therefore, it is possible to account for different local relationships, weighting each 
observation adaptively.   

According to this, the GWR model specification is given by: 

                                                 
10 We apply a semi-log specification with  

W = {w’, lnw’’}, where  w’ (w’’) does not enter (does enter) the regression in the log scale; 
S = {s’, lns’’}, where s’ (s’’) does not enter (does enter) the regression in the log scale; 
N = {n’, lnn’’}, where n’ (n’’) does not enter (does enter) the regression in the log scale. 
The semi-log specification is a commonly used regression form in hedonic pricing studies (Clark and Allison, 
1999; Baranzini and Ramirez, 2005; Heintzelman and Tuttle, 2011), which allows for an intuitive interpretation 
of the results. The estimated coefficients can be interpreted as elasticities if the independent variable enters the 
model in the log scale and as semi-elasticities if the variable does not enter in the log scale (Gujarati and Porter, 
2009, p.162). In the case where the independent variable is a dummy variable, the coefficients are interpreted as 
median impacts (Gujarati and Porter, 2009, p.298). In addition, using a semi-log regression form often reduces 
heteroscedasticity (Gujarati and Porter, 2009, p.394). 

11 A more detailed description on the study area is provided in the data subsection.  



    ln ( , ) ( , ) ( , )it it i i it i i it i i itp W u v S u v N u vβ γ δ ε= + + + ,                            [2] 

where (ui,vi) indicates the coordinates of the ith observation. Again, following Tobler (1970), 
the GWR has to be calibrated in a way that observations near to observation i have more 
influence on the estimation of the parameters (β(ui,vi), γ(ui,vi), δ(ui,vi)) than data located 
farther away from i. The calibration of the model is set by spatial kernels which can be fixed 
or adaptively fitted to the spatial distribution of the regression points. Figure 2 graphically 
illustrates a spatial kernel and a GWR with adaptive spatial kernels. 
 

 

FIGURE 2 
A spatial kernel and a GWR with adaptive spatial kernels 

Source: Fotheringham et al. (2002, pp.44 and 47) 
 

The estimation of the parameters for each location depends on the particular weighting 
function chosen in order to capture the spatial differences in a certain area. According to the 
weighting function and its bandwidth, the weight of the data point wij decreases with 
increasing distance to the regression point dij. The definition of the optimal bandwidth of the 
weighting function is crucial for the precision of the GWR. Therefore, it might be useful not 
to assume fixed spatial kernels with fixed bandwidth for each regression point, but rather 
adaptive kernels that take account of differing density of data points around regression point i 
(Figure 2).  

In order to determine the optimal spatially-varying weighting method, we adopt an 
adaptive kernel that uses an Nth nearest neighbor weighting of point i with a bi-square decay 
function.12 Following Fotheringham et al. (2002, p.58), that is, 

if j is one of the Nth nearest neighbors of i and     
b is the distance to the Nth nearest neighbor        [3] 

    0 otherwise.  

                                                 
12 We are aware that the appropriability of the Nth nearest neighbor weighting is an empirical matter, as this 

is a nonparametric approach, forcing each observation to have the same number of neighbors (Anselin, 2002). 
However, accounting for spatial variations in the framework of a GWR, the Nth nearest neighbor weights 
provide a straightforward method capturing the ‘bump of influence’ around i, without assuming that the given 
administrational structure of the study area (e.g. through cadastral districts) is representing local variations 
appropriately. There is vast body of literature on the specification of the weight matrices in spatial analysis. For a 
detailed discussion on the construction of weights, see Smirnov and Anselin (2001) and Anselin (2002).   

2 2[1 ( / ) ]ijd b−{ijw =



The determination of the weighting function and optimal bandwidth selection was 
obtained by minimizing the corrected Akaike Information Criterion (AICc) (Fotheringham et 
al., 2002, p.61). 

In summary, we address spatial autocorrelation caused by spatially clustered unobserved 
factors and spatial heterogeneity in the sense of spatial non-stationarity using various spatial 
fixed effect model specifications. Additionally, we emphasize the relevance of spatial 
heterogeneity through the application of a GWR. We explicitly explore the importance of 
locally varying relationships, exposing additional insights that can be derived from local 
statistics compared to global regressions. 

 
The data 

Investigating the impact of a wind farm site on surrounding property values, this study 
focuses on property sales within an area of 119 km2 in the north of the federal state of North 
Rhine-Westphalia, including parts of the city of Rheine and the city of Neuenkirchen. Both 
cities, at least two city districts in the case of Rheine (Mesum and Hauenhorst), are in the 
immediate proximity of the considered wind farm site. This northern region of North Rhine-
Westphalia can be defined as a semi-urban region mainly characterized by medium- and 
small-sized towns.13 In 2011, a population of 26,900 lived within a radius of about 5.5 
kilometers around the site. 

As Figure 3 illustrates, the considered study area contains two cities (the city of Rheine 
and the city of Neuenkirchen), each consisting of two city districts. City districts of Rheine 
are Mesum and Hauenhorst, and Neuenkirchen (city area) and St. Arnold in the case of 
Neuenkirchen. Besides the apparent spatial structure depicted in Figure 3, the German land 
register provides further spatial classifications. In the German land register, cadastral districts 
are the smallest spatial unit that groups a particular number of parcels in respect of their 
location. According to the cadastral register of the region, each property, i.e. each parcel, is 
assigned to a particular cadastral district. The property sales in our dataset can be grouped 
correspondent to 39 cadastral districts. As described in the estimation methods subsection, the 
different spatial administrative structures defined, are used to incorporate spatial fixed effects 
in our hedonic pricing model. 

In 2000, the local administration announced the construction of a wind farm consisting of 
nine turbines, which was finally built in July 2002. The nine turbines, each with a capacity of 
1.5 MW, have hub heights of 100 meters and rotor sizes of 77 meters. Particularly in view of 
the fact that this area of northern North Rhine-Westphalia is very flat regarding its relief, with 
an average altitude only varying between 30 and 90 m above sea level, the wind farm 
substantially influences the landscape. Figure 3 illustrates the study area and the location of 
the wind farm site. 
                                                 

13 The definition of town-size categories for German cities is taken from Bähr and Jürgens (2005). According 
to their categorization, towns with a population of about 2,000 to 5,000 are small rural towns, cities with a 
number of inhabitants ranging from 5,000 to 20,000 are small-sized cities, cities with 20,000 to 100,000 
inhabitants are medium-sized cities and large cities are defined by comprising more than 100,000 inhabitants. 
Rheine is a medium-sized town with an overall population of about 76,500 in 2011 (IT.NRW, 2012). In 2011, 
Mesum’s population was about 8,400 and Hauenhorst had about 4,500 inhabitants. Neuenkirchen is a small-
sized town with about 14,000 inhabitants in 2011 (IT.NRW, 2011). Corresponding to Neuenkirchen is also the 
village of St. Arnold (population about 3,000), which is about one kilometer away from the actual city area in a 
northerly direction.  



 
FIGURE 3 
Study area 

Source: Own illustration, based on data provided by the Geodatenzentrum NRW (2011) 
 

Property market data for the two cities contained 1,405 property sales within the period of 
1992 until 2010 and was provided by the Expert Advisory Boards (Gutachterausschüsse) of 
the federal district of Steinfurt14 and the city of Rheine. The dataset included the sales prices 
of the properties, lot sizes, sales dates, and the address-based location. All property prices in 
the dataset were deflated by the German Construction Price Index, with 2005 as the base year 
(German Federal Statistical Office)15. The distance of the observations to the wind farm site 
ranges between 945 m to 5,555 m, so that, compared to other hedonic studies (cf. Table 1), 
the properties are very close to the site. Table 2 gives an overview of the observations and 
their distribution according to cities, city districts, wind farm announcement and construction.      
 

TABLE 2 
Summary statistics – Property sales in the study area, 1992-2010 

   

 N Percentage 
   

Total no. of observations             1,405 100.0 

City of Rheine    690 49.1 
   City district Hauenhorst    220 15.7 
   City district Mesum    470 33.4 
   
City of Neuenkirchen    715 50.9 
   City district Neuenkirchen (city area)    556 39.6 
   City district St. Arnold    159 11.3 

Total sales 
Total re-sales 

            1,202 
   203 

85.6 
14.4 

   Pre-announcement 
   Post-announcement 

   766 
   639   

54.5 
45.5 

   Pre-construction 
   Post-construction 

   872 
   533  

62.1 
37.9 

   

                                                 
14 Rheine and Neuenkirchen are cities that both belong to the federal district of Steinfurt. In this context, the 

term ‘federal district’ is equivalent to a ‘county council’. 
15 Available online at https://www.destatis.de/EN/FactsFigures/Indicators/ShortTermIndicators/Prices/bpr 

110.html. (accessed January 14, 2012). 



A major difference to most of the hedonic pricing studies in the literature is the usage of 
property values, i.e. prices of parcels of land, and not house prices. This is mainly due to data 
availability issues and privacy restrictions of address-based house price data in Germany.16 
Nevertheless, we assume that properties are likewise suitable for conducting a hedonic pricing 
study, as their values are also sensitive to changes of the surrounding location. Only the 
selection of the (structural) variables differs compared to hedonic pricing studies using house 
prices.17 Furthermore, in our study, we only consider developed and undeveloped properties 
for residential utilization only.18 The regional land use, such as residential utilization, is 
defined in the regional development plan.   

Table 3 provides summary statistics of the 15 wind farm related variables and the other 
17 explanatory variables that were tested in different model specifications in order to explain 
the variation in the property prices.  

The set of wind farm related variables tries to measure the wind farm presence in 
different ways. First of all, the set includes Euclidean distance measurements as the most 
commonly used proxies of wind farm effects.19 We used the inverse distance from each 
property to the nearest wind turbine which also allowed for the consideration of the date of 
construction.20 Besides the inverse distance measure from each property to the wind farm, we 
also tried to identify local distance effects within five kilometers around the wind farm, using 
dummy variables containing properties in 0.5 km steps. 

Negative environmental effects often associated to wind farm sites refer to the shadowing 
effect caused by the rotor blades in relation to the position of the sun (Hau, 2006). In order to 
capture the shadowing effects caused by the rotor blades, we determined the potentially 
affected areas, taking into account the heights of the turbine, the rotor blade diameter and the 
positions of the sun during a day. Identifying the affected areas, we were able to determine the 
presence of the shadowing effect for each property. In this context, we tested a simple dummy 
variable as well as a variable taking into account shadowing caused by multiple turbines.  
  

                                                 
16 The data provided by the Expert Advisory Boards only contained the separated price for the property in 

terms of a parcel of land.   
17 Hedonic pricing studies using house prices include a large set of structural variables, such as the number of 

rooms, the age of the house, or the availability of a garage, which are irrelevant for properties in terms of parcels 
of land. For parcels of land, structural variables can be limited to the lot size and the development status, 
whereas more emphasis has to be put on neighborhood variables, capturing locational attributes.  

18 In comparison to an untilled parcel, we include four types of possible development statuses: a parcel with a 
single-family house, a parcel with a duplex house, a parcel with a row house and a parcel with a multi-family 
house.   

19 All distance variables, also these that were used to capture general neighborhood features, were calculated 
using GIS software. We used the ESRI ArcGIS Desktop software package (Version 9.3.1), including the Spatial 
Analyst Tool, Spatial Statistics Tool, and the 3D Analyst Tool. 

20 Using inverse distance measures to the nearest turbine, the measured values increase with decreasing 
distance. Values for property sales with sales dates before the turbines existence measure the inverse distance to 
the next existing wind farm in neighboring regions at that time.     



TABLE 3 
Descriptive statistics 

       

  Variable Units Mean Std. dev. Min Max 

Wind farm 
related 

ln (Inverse Wind farm distance) ln m    -9.26 0.99   -8.57     -6.89 
Distance 0.5 - 1 km dummy 0.00 0.06 0 1 
Distance 1 - 1.5 km dummy 0.03 0.18 0 1 
Distance 1.5 - 2 km dummy 0.01 0.11 0 1 
Distance 2 - 2.5 km dummy 0.06 0.24 0 1 
Distance 2.5 - 3 km dummy 0.01 0.11 0 1 
Distance 3 - 3.5 km dummy 0.04 0.20 0 1 
Distance 3.5 - 4 km dummy 0.09 0.28 0 1 
Distance 4 - 4.5 km dummy 0.04 0.19 0 1 
Distance 4.5 - 5 km dummy 0.09 0.28 0 1 
Shadowing dummy 0.03 0.18 0 1 
Shadowing (No. of turbines) classes 0.08 0.47 0 3 
Visibility (No. of visible turbines) classes 0.29 0.99 0 9 
Announcement effect dummy 0.45 0.50 0 1 
Construction effect dummy 0.38 0.49 0 1 

Structural 

ln p ln €   10.43 0.84 4.34    12.59 
ln Lot size ln m² 6.18 0.70 1.10      9.83 
Waterfront  dummy 0.00 0.07 0 1 
Type single-family house dummy 0.55 0.50 0 1 
Type duplex house dummy 0.17 0.38 0 1 
Type row house dummy 0.02 0.15 0 1 
Type multi-family house dummy 0.02 0.15 0 1 

Neighborhood/ 
Spatial 

ln CBD ln m    -6.83 1.12  -8.28      2.30 
ln Supermarket ln m    -6.28 0.60  -7.45     -2.52 
ln Commercial area ln m    -7.36 0.88  -8.56     -3.71 
ln School ln m    -6.41 0.60  -8.01     -4.25 
ln Forestland ln m    -5.29 0.90  -6.54      2.30 
ln Major road ln m    -5.25 0.89  -6.72     -2.11 
ln Road ln m    -2.48 0.42  -4.53     -0.02 
Street noise classes 1.07 0.38 1 5 
ln Railroads ln m    -7.53 1.28  -8.91     -3.54 
ln Transmission line ln m    -6.85 0.74  -7.72     -3.47 
ln Lake ln m    -6.40 0.73  -7.52     -3.23 
      

 
To measure the visibility of the wind farm site, we calculated viewsheds for each 

property. Viewsheds refer to the visible area from an observer’s perspective, in our case from 
a property. A precise measurement of the view crucially depends on capturing all features in 
the landscape that are visible from the observer’s point of view. The view of a certain feature 
in the landscape might be hindered by heights, slopes, vegetation, or buildings. In order to 
calculate viewsheds as precisely as possible, we applied a digital surface model21 with an 
                                                 

21 The digital surface model is essentially based on multipoint information that contains x and y coordinates 
as well as the z-value, referring to longitude, latitude, and height. The surface model for the whole study regions 
consists of about 120 million data points. For reasons of data operability, the multipoint surface information was 
converted into a surface raster. Raster data on surface information correspond to a surface as a grid of equally 
sized cells that comprise the attribute values for representing the x and y coordinates and the z-value. We are 
aware of the suggested potential inaccuracies using predicted viewshed in the GIS-literature (Maloy and Dean, 
2001; Riggs and Dean, 2007). There is tradeoff regarding the effort of conduction systematic field visits for a 
whole region, which would surely guarantee for an accurate definition of visibility, and the use of GIS 
techniques, which dependent on the data resolution that might produce inaccuracies. However, we do believe 
that in our case, an appropriate degree of accuracy of the viewshed calculations is ensured, given the precision of 
the obtained digital surface model. The digital surface model used, recorded elevations every single meter and is, 



accuracy of one meter, which was provided by the Geodatenzentrum NRW.22 The digital 
surface model included height level information of the terrain, the vegetation, and buildings, 
and allowed us to calculate a raster of the area terrain. On the basis of raster data we were able 
to conduct a viewshed analysis using the ESRI ArcGIS Spatial Analyst and 3D Analyst tool. 
Figure 4 illustrates the results of the viewshed analysis, indicating the areas with a view of the 
wind farm. Overall, for 128 properties in the dataset at least one turbine was visible.23 The 
calculated viewsheds were used to specify the fixed viewshed effect model, described in the 
estimation methods subsection.  

  

 
FIGURE 4 

Visibility analysis 
Source: Own calculation and illustration, based on data provided by the Geodatenzentrum NRW (2011) 
 
The dummy variables capturing possible effect of project announcement and construction 

base on the date of the wind farm project announcement (June 2000) and date of the wind 
farm construction (August 2002). 

Aural impacts of wind turbines that result in an increase of the dB-level above the 
average ambient noise level in urban or semi-urban regions24 are only measureable within the 
immediate vicinity of a turbine of about 350 m (Hau, 2006; Rogers et al., 2006; Harrison, 
2011). As in our case the shortest distance to a property is 945 m, aural impacts are not 
considered. 

The structural variables, such as the sales price, the lot size, and the four types of 
development statuses of the properties, were directly taken from the property sales dataset 
provided by the Expert Advisory Board. We investigated the impact of different development 
statues compared to an undeveloped, untilled, parcel. The waterfront variable was derived 
using data services of the Topographic Information Management of the federal state of North 
                                                                                                                                                         
therefore, more precise compared to the digital terrain models investigated and reviewed in the GIS literature 
mentioned.   

22 The Geodatenzentrum NRW provides geodata on the basis of the ordnance survey. Available online at 
www. geodatenzentrum.nrw.de/. (accessed November 2, 2011) 

23 The visibility analysis only included properties that were sold after the construction of the wind farm. 
24 The average noise level in urban areas is 55 dB during the day and 40 dB at night, respectively. In semi-

urban or rural areas these values range between 50 dB during daytime and 35 dB at night, respectively (Hau, 
2006). 



Rhine-Westphalia (Topographisches Informationsmanagement NRW).25 Most importantly, 
we expect a highly positive relationship between the property price and the lot size.  

The spatial variables characterizing the neighborhood for each property also 
predominately contain Euclidean distance measures to the amenities and disamenities in the 
surrounding area, e.g. shopping opportunities or proximity to the road network. Data on the 
neighborhood features and their location was obtained from statistical offices on the state, 
district, and city level.26 Commonly used data on neighborhood variables, such as crime rates, 
unemployment or income distribution was only available at the city district level or even city 
level. As these variables only vary over time and the four different city districts (or two cites), 
effects are implicitly captures by the spatial fixed effects and time dummies.    

 

IV. RESULTS 

In this section, we firstly discuss the results obtained from the different spatial fixed 
effects model specifications, focusing on the wind farm related variables. Secondly, we 
further investigate wind farm proximity and visibility in a GWR model.  

  
Spatial fixed effects 

Table 4 provides an overview of the estimation results obtained from applying different 
spatial fixed effects specifications. 

According to the overall model performance, we find that all four spatial fixed effects 
specifications performed very well with regard to the adjusted R2 obtained.27 The 
specification with the tightest controls for spatially clustered omitted variables, the fixed 
cadastral district specification, performed best. Overall, we obtained mostly consistent results 
across all specifications regarding the expected signs. 

As described, we used a stepwise procedure of introducing the wind farm related 
variables in order to prevent multicollinearity, particularly in case of the different distance 
measures.  

Regarding the wind farm related variables, most importantly, the inverse distance to the 
nearest turbine is negatively significant across all models. Therefore, a 1% increase in the 
inverse distance (i.e. a decrease of distance to the nearest turbine) decreases the property sales 
price by -.047% to -.098%. Taking into account the different geographical scales of the fixed 
effects, tighter controls lead to less significance and lower coefficients, confirming the 
mentioned tradeoff between control for omitted variables and variation. The fixed viewshed 
effect model revealed the highest coefficient (-.098 at 1% significance level) for the inverse 
distance variable. Therefore, controlling for visibility effects underlined the importance of 
proximity measured by simple distance.  

 

                                                 
25 Available online at http://www.tim-online.nrw.de/tim-online/nutzung/index.html. (accessed February 2, 

2012)  
26 The data was obtained upon request from the federal statistical office of North Rhine-Westphalia, the 

federal district administration of Steinfurt and the city administration of Rheine and Neuenkirchen. 
27 We tested for autocorrelation, multicollinearity and heteroskedasticity applying the Durbin-Watson test, 

variance inflation factor (VIF) and the White test, respectively, and corrected if necessary.  



TABLE 4 
Estimation results for the different spatial fixed effects specifications  

     

 Fixed City Effects Fixed City District 
Effects 

Fixed Cadastral 
District Effects 

Fixed Viewshed 
Effects 

Variable ‡ coef (SE) coef (SE) coef (SE) coef (SE) 

ln (Inverse wind farm distance)  -.067*** (.024) -.053** (.043) -.047** (.022) -.098*** (.042) 
Distance 0.5 - 1 km -.287** (.139) -.215* (.152) -.297** (.148) -.286* (.303) 
Distance 1 - 1.5 km -.153* (.101) -.079 (.105) -.175* (.102) -.180 (.291) 
Distance 1.5 - 2 km -.107 (.111) -.044 (.141) -.115 (.131) -.108 (.290) 
Distance 2 - 2.5 km -.080  (.091) -.118  (.106) -.116  (.072) .031  (.285) 
Distance 2.5 - 3 km -.178 (.216) -.218 (.119) -.300 (.199) -.110 (.370) 
Distance 3 - 3.5 km -.176 (.123) -.194* (.109) -.195 (.133) -.128 (.290) 
Distance 3.5 - 4 km -.114 (.109) -.139 (.107) -.155 (.147) -.098 (.273) 
Distance 4 - 4.5 km .011 (.115) -.000 (.115) -.142 (.124) .035 (.321) 
Distance 4.5 - 5 km .009 (.114) .006 (.123) -.108 (.143) .051 (.308) 
Shadowing -.091** (.043) -.022 (.054) -.058 (.047) -.157*** (.039) 
Shadowing (No. of turbines)  -.034** (.016) -.001 (.019) -.023 (.017) -.054*** (.014) 
Announcement effect  -.032 (.103) -.039 (.087) .044 (.097) -.077* (.042) 
Construction effect -.102 (.068) -.108*** (.039) -.119* (.068) -.028 (.039) 
ln Lotsize  1.069*** (.037)  1.069*** (.033)  1.082*** (.030)  1.063*** (.027) 
Waterfront .076 (.280) .005 (.286) .026 (.313) .051 (.341) 
Type single-family house .183*** (.054) .175*** (.022) .138*** (.068) .180*** (.079) 
Type duplex house .293*** (.058) .282*** (.027) .235*** (.073) .291*** (.082) 
Type row house .270** (.106) .241** (.057) .164** (.093) .222** (.079) 
Type multi-family house .326*** (.077) .311*** (.056) .295*** (.098) .343*** (.069) 
ln CBD .049*** (.036) .048*** (.043) .029** (.030) .030*** (.023) 
ln Supermarket .058*** (.051) .053*** (.050) .027 (.057) .077*** (.042) 
ln Commercial area .067*** (.038) -.035* (.025) .017 (.057) .029* (.023) 
ln School .016 (.025) .024 (.030) -.019 (.038) -.004 (.035) 
ln Forestland -.021** (.020) -.022** (.032) -.019 (.032) -.014 (.022) 
ln Major road -.026** (.027) -.024** (.025) -.031** (.030) .005 (.010) 
ln Road .099*** (.048) .102*** (.038) .090*** (.040) .109** (.048) 
Street noise -.022 (.023) -.031* (.017) -.013 (.026) -.036* (.022) 
ln Railroads -.056*** (.043) -.029* (.042) .007 (.074) .017 (.024) 
ln Transmission line -.014 (.013) -.001 (.035) .024 (.085) .012 (.024) 
ln Lake -.023* (.024) -.006 (.024) -.027 (.044) -.027* (.025) 
(Intercept)  2.891*** (.717)  3.551*** (.991)  2.986** (1.397)  3.293*** (.779) 
Number of observations 1,405 1,405 1,405 1,405 
Adjusted R² 0.889-0.890 0.890-0.892 0.903-0.904 0.886-0.888 
AICc 458.5-469.8 440.3-454.4 311.5-318.5 495.7-517.2 
Time dummies (year and month) Yes Yes Yes Yes 
Clustered errors Yes Yes Yes Yes 
     

 

*, ** and *** indicates significance at the 10%, 5% and 1% levels respectively. 
‡ Following the regression procedure of Heintzelman and Tuttle (2011), the wind farm related variables (ln (Inverse Wind farm 
distance), Shadowing, Shadowing (No. of turbines), Announcement effect and Construction effect) were included individually to the set 
of structural, neighborhood and spatial variables. The set of the nine distance variables were included jointly. Because of high 
consistency in the estimates for the structural, neighborhood and spatial variables, we have taken the coefficients from the ln (Inverse 
Wind farm distance) regression representatively. In the bottom part of the table we present the ranges for the adjusted R2 and the AICc, 
respectively.   
 

Further, investigating distance to the wind farm site through a set of dummy variables, 
negative wind farm impacts are mostly detectable in the close vicinity within the first 1.5 km 
around the site. Hence, within the first kilometer around the wind farm, prices decreased by 
21.5% to 29.7% according to the estimations. In case of the fixed cadastral district model, the 
estimate of -29.7% is even significant at the 5% level. For a distance of 1 km to 1.5 km, the 
negative impact decreases and is only significant at the 10% level in case of the fixed city 
effect and fixed cadastral effect model (-15.3 and -17.5, respectively). The negative impact 



within 3 and 3.5 km in the fixed city district effects model seems quite ambiguous, but is 
more or less negligible with a 10% significance level only. 

According to the shadowing variables, the estimated results hardly allow a clear 
interpretation. The coefficients of the shadowing dummy are quite diverse across the different 
spatial fixed effects models, ranging from -.022 to -.157. Furthermore, the estimates only 
became significant in the fixed city effects (at the 5% level) and fixed viewshed effects model 
(at the 1% level), respectively. As the measurable effects of shadowing are only limited to 
parts of one city district (St. Arnold) and, therefore, only to a small number of observations, 
this variable might not be adequate in representing a potential effect caused by shadowing. A 
further explanation, also regarding the highly negative coefficient in the fixed viewshed 
effects model, might be that in essence the shadowing dummy is quite similar to a small scale 
distance dummy. The same argumentation applies to second shadowing variable. 

Regarding a possible effect of announcing the wind farm project, no significance was 
found in the fixed city effects, fixed city district effects and fixed cadastral district effects 
model specifications. Despite a small negative effect (-.077%) at the 10% level in the fixed 
viewshed effects model, the impact of announcing the project remains highly doubtful. 

 The construction of the wind farm negatively impacted property sales in the two overall 
best performing model specifications, with significance levels of 1% (fixed city district 
effects) and 10% (fixed cadastral effects). Thus, properties that were sold after the 
construction of the wind farm showed price decreases between 10.8% and 11.9%. Despite the 
different significance levels, there is evidence for a negative construction effect, particularly 
as we used time dummies for years and month to capture annual and seasonal variations. 

The other explanatory variables mostly also perform well in the sense of an intuitive 
interpretation. As expected, the lot size of a property is the most important determinant of its 
sales price, with estimated coefficients of 1.062 to 1.082. Therefore, a 1% increase in the lot 
size of a property increases its value about approximately 1%. Positively related to the 
property prices is also the development status compared to an undeveloped or untilled parcel. 

The proximity to the city center (variable ln CBD) and supermarkets is also positively 
significant across nearly all models. This goes along with the common circumstance that 
properties in the city center have higher values than properties in remote areas. Furthermore, 
the proximity to forestland was found to be negatively correlated to property values, with 
significance at the 5% level in the case of the fixed city effects and fixed city district effects 
specification. In this case the forestland variable cannot be in interpreted as an indicator for an 
environmental amenity but rather representing less centrality of the location.      

Major roads in the close vicinity of properties have significant negative impacts on their 
values, whereas the proximity to roads is positively significant across all models. While the 
proximity to a major road implies negative effects of high traffic density (ln Major road), the 
proximity to the cities road network indicates positive effects, such as a higher degree of 
accessibility (ln Road). 

The proximity to railroads, which is also frequently investigated by means of hedonic 
pricing studies (Bowes and Ihlanfeldt, 2001; Theebe, 2004), only appeared negative 
significant in the fixed city effects and city district effects models (at 1% and 10% level, 
respectively). Using fixed cadastral district and fixed viewshed effects, the railroads variable 
turned out to be insignificant and changed signs as well. In this case, the results obtained 
barely allow for a clear interpretation. 



No statistical evidence was found for the impact of proximity to schools, transmission 
lines, lakes as well as for higher street noise or the availability of a waterfront. 

 
Geographically weighted regression 

In a similar model setup, compared to specifications described in the last subsection, 
specifically regarding the composition of the included variables, we applied a GWR model to 
estimate local coefficients and significance levels for the variables ln (Inverse wind farm 
distance) and Visibility (No. of visible turbines). The inverse distance to the wind farm is 
analyzed in a local GWR model in order to reveal a more complex picture of the local 
variation of the estimates and significance. The information provided by the variable Visibility 
(No. of visible turbines) was used to specify the fixed viewshed effects model in the previous 
subsection. Therefore, this variable is analyzed in a GWR model in order to assess the local 
distribution of possible visibility effects and to derive more insights about the predictive 
performance of a fixed viewshed model. Statistics on the GWR coefficient estimates for both 
model specifications are provided in the Appendix (Tables A1 and A2).  

Both local model specifications performed very well in respect of the given quasi-global 
adjusted R2 (.910 for both variables) and AICc (308.1 for the distance variable and 312.5 for 
the visibility variable). Therefore, comparing the model performance of the local GWR and 
the global spatial fixed effects specifications on the basis of the two indicators, the local 
model exhibits a similar performance power like the fixed cadastral effects model. Figures 5 
and 6 map the local coefficient estimates and significance levels for the investigated variables. 

According to Figure 5(a), that provides an overview of GWR model coefficients for Ln 
(Inverse wind farm distance), we can identify strong spatial variation within the study area. 
The strongest impacts are located predominantly in Neuenkirchen (city area) and not, as 
expected, in areas which are in the immediate vicinity of the wind farm site. Now also taking 
into account the local variation of the significance levels (Figure 5(b)), there is a clear 
difference between properties located in the west and the east of the study area. In the east of 
the study area, particularly in Mesum, the inverse distance variable mainly becomes 
significant only at the 10% level or even not significant at all. On the contrary, properties 
located in the west, especially in Neuenkirchen (city area) and St. Arnold, are negatively 
influenced with significance levels at 1% and 5%, respectively. Properties in the immediate 
vicinity of the wind farm (St. Arnold and Hauenhorst) are also negatively significant affected 
(mainly at the 5% level). In the city district Neuenkirchen (city area), we can identify the 
strongest significance, whereas the significance decreases towards the city center. Overall, the 
local estimations for the inverse distance to the wind farm provide evidence for a stronger 
negative impact on the city of Neuenkirchen than on the city of Rheine. 

 



 
FIGURE 5 

GWR model coefficients (a) and significance levels (b) for Ln (Inverse wind farm distance) 
 

Figure 6(a) maps the GWR model coefficients for the variable Visibility (No. of visible 
turbines). Thus, negative coefficients are solely located in the immediate vicinity of the wind 
farms site. As the properties in the close neighborhood to the site likely have an unimpaired 
view on several turbines, these findings seem reasonable. But considering the local 
distribution of the significance levels of the visibility variable (Figure 6(b)), no statistical 
significance of a visibility impact can be detected for the entire study area. Only in the 
immediate vicinity of the site significance levels strengthen, but still remain insignificant with 
p-values between 0.1 and 0.25. Overall, no statistical evidence was found for the particular 
consideration of wind farm visibility.     

 



 
FIGURE 6 

GWR model coefficients (a) and significance levels (b) for Visibility (No. of visible turbines)  
 

In summary, the negative impact of wind farm proximity (measured by the inverse 
distance to the nearest turbine) that was found in the spatial fixed effects models could be 
confirmed, investigating the variable using the GWR method. Additionally, we found that 
proximity effects vary substantially across and within the cities. The investigation of the local 
coefficients of the visibility variable revealed that visibility has no significant impact on 
property values. Therefore, the results obtained in this case could not provide any validation 
for the relevance of applying a fixed viewshed effects model specification.     
 

V. CONCLUSIONS 

In order to investigate the impacts of wind farms on the surrounding area following the 
current public debates associated with siting processes in Germany, we applied a hedonic 
pricing model to the property market of the two neighboring cities Rheine and Neuenkirchen 



in the north of North Rhine-Westphalia. We investigated wind farm proximity by means of 
different spatial fixed effects model specifications, addressing spatial autocorrelation through 
spatially clustered omitted variables and spatial heterogeneity, and a local GWR model in 
order to further account for spatial heterogeneity caused by spatially varying relationships in 
the underlying data. As many hedonic pricing analyses investigating wind farm impacts focus 
on distance measures as a proxy for wind farm proximity, we also included variables 
capturing potential shadowing and visibility effects. We applied GIS techniques on the basis 
of high resolution geodata for the implementation of these variables.   

We used four different spatial fixed effects models accounting for the underlying 
administrational and spatial structure of the study area, with a particular focus on a fixed 
viewshed effect specification. Comparing the models, the specification with the tightest 
controls for spatially clustered omitted variables performed best.  

According to the estimation results provided by the spatial fixed effects regressions, there 
is statistical evidence for a negative impact of wind farm proximity measured by the inverse 
distance to the nearest turbine. Various distance dummies also indicated that negative impacts 
are mainly limited to properties in the immediate vicinity within 1.5 km. Due to lower 
significance levels of the distance dummy variables, local variations of coefficients and 
significance levels needed further consideration. Properties that were sold after the 
construction of the wind farm showed lower values indicating a negative post-construction 
effect. Alternatively, the announcement of the wind farm project had no measurable influence 
on property prices. The results obtained for the shadowing variables did not allow for a clear 
interpretation. 

The fixed viewshed effects model provided the lowest values regarding the overall model 
performance, although the results were largely consistent with the other models. The major 
insight is that absorbing potential effects of visibility, the inverse distance to the nearest 
turbine still remains negatively significant.    

The application of the GWR revealed a more complex picture of proximity effects 
through the weighting of spatial relationships and local variations in the data. The negative 
impact of wind farm proximity that was found using spatial fixed effects could be confirmed, 
applying the GWR method. Based on local GWR estimates, the negative effects are 
attributable to strong local influences of the wind farm site. Therefore, the local significance 
levels of wind farm distance provide evidence for a stronger negative impact on the city of 
Neuenkirchen than on the city of Rheine. Local coefficients and significance levels of the 
visibility variable revealed that visibility has no significant impact on property values. 
Therefore, the investigation of visibility by means of a GWR could not provide any validation 
for the relevance of applying a fixed viewshed effects model specification. Against this 
background, the results obtained by the fixed viewshed effects model remain ambiguous.  

Nonetheless, further investigation of wind farm proximity and specifically visibility, also 
combining global and local spatial regression techniques, is needed, particularly to derive 
general conclusions and reliable recommendations with regard to the impact of wind farm 
siting in Germany. As social acceptance aspects of the siting of energy facilities become more 
important, especially with regard to the increasing relevance of decentralized energy supply 
from renewables, research on external effects of these technologies is crucial. 

Future research on the impacts of wind farm proximity should essentially include a 
further investigation of spatial autocorrelation and spatial heterogeneity, also comparing and 



exploring the performance of different spatial models, such as spatial error and lag models vs. 
spatial fixed effects, and spatial weighting approaches. Further research incorporating local 
statistics, such as the GWR, along with established spatial model is needed, in order to 
underline the relevance of geographical techniques in economics.   

As local authorities are increasingly aware of social acceptance problems in Germany, 
projects that involve civic participation in the planning process become increasingly important 
in order mitigate public protests. Therefore, it might be interesting to comparatively 
investigate wind farms projects that were planned with and without civic participation by 
means of the hedonic pricing approach.  
 

Acknowledgements 

We would like to thank Franz Hüsken of the “Gutachterausschuss für Grundstückswerte im 
Kreis Steinfurt” and Wilhelm Kaldemeyer of the Rheine city administration for granting us 
access to property market data for the cities of Neuenkirchen and Rheine. We are also 
indebted to Karin Landsberg of the Geodatenzentrum NRW for providing detailed GIS data 
and maps of the considered study area. Furthermore, we are grateful for helpful comments 
and suggestions by Ben Hoen, and for student research assistance by Patrick Mittendorf.  

 

References 

Ackermann, T. and Söder, L. (2002). An overview of wind energy-status 2002. Renewable 
and Sustainable Energy Reviews, 6(1-2): 67-128.  

Álvarez-Farizo, B. and Hanley, N. (2002). Using conjoint analysis to quantify public 
preferences over the environmental impacts of wind farms - An example from Spain. 
Energy Policy, 30(2): 107-116. 

Anselin, L. (1988). Spatial Econometrics: Methods and Models. Kluwer, London. 
Anselin, L. (2002). Under the hood: Issues in the specification and interpretation of spatial 

regression models. Agricultural Economics, 27(3):247-267. 
Anselin, L. and Getis, A. (2010). Spatial statistical analysis and geographic information 

systems. In Anselin, L. and Rey, S.J. editors, Perspectives on Spatial Data Analysis. 
Springer-Verlag, Berlin/Heidelberg/New York. 

Bähr, J. and Jürgens, U. (2005). Stadtgeographie II – Regionale Stadtgeographie. 1st edition, 
Westermann Verlag, Braunschweig, Germany. 

Baranzini, A. and Ramirez, J. (2005). Paying for quietness: The impact of noise on Geneva 
rents. Urban Studies, 42(4): 633-646. 

Bateman, I. (2010). Contingent valuation and hedonic pricing: problems and possibilities. 
Landscape Research, 19(1): 30-32. 

BMU (2012). Erneuerbare Energien 2011. Bundesministerium für Umwelt, Naturschutz und 
Reaktorsicherheit (BMU), Berlin, Germany. http://www.erneuerbare-
energien.de/files/pdfs/ allgemein/application/pdf/ee_in_zahlen_2011_bf.pdf. (accessed 
December 20, 2011) 

Bowes, D.R. and Ihlanfeldt, K.R. (2001). Identifying the impacts of rail transit stations on 
residential property values. Journal of Urban Economics, 50(1): 1-25. 



BWE (2012). A bis Z – Fakten zur Windenergie. Bundesverband WindEnergie (BWE), 
Berlin, Germany. http://www.wind-energie.de/sites/default/files/download/publication/z-
fakten-zur-windenergie/a-z_2012-web.pdf. (accessed March 14, 2012) 

Canning, G. and Simmons, L. J. (2010). Wind energy study – Effect on real estate values in 
the municipality of Chatham-Kent, Ontario. Consulting Report prepared for the Canadian 
Wind Energy Association, Ontario, Canada. 

Chay, K.Y. and Greenstone, M. (2005). Does air quality matter? Evidence from the housing 
market. Journal of Political Economy, 113(21): 376-424.  

Clark, D.E., Michelbrink, L., Allison, T. and Metz, W.C. (1997). Nuclear power plants and 
residential housing prices. Growth and Change, 28(4): 496-519. 

Clark, D.E. and Allison, T. (1999). Spent nuclear fuel and residential property values: the 
influence of proximity, visual cues and public information. Papers in Regional Science, 
78(4): 403-421. 

Dekkers, J.E.C. and van der Straaten, J.W. (2009). Monetary valuation of aircraft noise: A 
hedonic analysis around Amsterdam airport. Ecological Economics, 68(11): 2850-2858. 

Des Rosiers, F. (2002). Power lines, visual encumbrance and house values: A microspatial 
approach to impact measurement. Journal of Real Estate Research, 23(3): 275-301. 

EEG (2000). Erneuerbare-Energien-Gesetz (EEG). Published in Bundesgesetzblatt Jahrgang 
2000 Teil I Nr. 13: 301–328. 

EEG (2004). Erneuerbare-Energien-Gesetz (EEG). Published in Bundesgesetzblatt Jahrgang 
2004 Teil I Nr. 40: 1918–1930. 

EEG (2009). Erneuerbare-Energien-Gesetz (EEG). Published in Bundesgesetzblatt Jahrgang 
2008 Teil I Nr. 49: 2433–2435. 

EEG (2012). Erneuerbare-Energien-Gesetz (EEG). Published in Bundesgesetzblatt Jahrgang 
2011 Teil I Nr. 42: 1634–1678. 

Espey, M. and Lopez, H. (2000). The impact of airport noise and proximity on residential 
property values. Growth and Change, 31(3): 408-419. 

Fotheringham, A.S., Brunsdon, C. and Charlton, M. (2002). Geographically Weighted 
Regression: The analysis of spatially varying relationships, John Wiley & Sons, West 
Sussex, UK.  

Gamble, H.B. and Downing, R.H. (1982).  Effects of nuclear power plants on residential 
property values. Journal of Regional Science, 22(4): 457-478. 

Geoghegan, J., Wainger, L.A. and Bochstael, N.E. (1997). Spatial landscape indices in a 
hedonic framework: an ecological economics analysis using GIS. Ecological Economics, 
23(3): 251-264. 

Greenstone, M. and Gayer, T. (2009). Quasi-experiments and experimental approaches to 
environmental economics. Journal of Environmental Economics and Management, 
57(1):21-44. 

Gujarati, D.N. and Porter, D.C. (2009). Basic Econometrics. 5th edition, McGraw-Hill, New 
York/Singapore. 

Harrison, J.P. (2011). Wind turbine noise. Bulletin of Science Technology and Society, 31(4): 
256-261. 

Hau, E. (2006). Wind Turbines: Fundamentals, Technologies, Application, Economics. 2nd 
edition, Springer-Verlag, Berlin/Heidelberg/New York. 



Heintzelman, M.D. and Tuttle, C.M. (2011). Values in the wind: A hedonic analysis of wind 
power facilities (July 15, 2011). Land Economics, forthcoming. (Available at SSRN: 
http://ssrn.com/abstract=1803601)  

Hoen, B., Wiser, R., Cappers, P., Thayer, M. and Sethi, G. (2009). The impact of wind energy 
projects on residential property values in the United States: A multi-site hedonic analysis. 
Lawrence Berkeley National Laboratory. LBNL Paper LBNL-2829E, Berkeley, United 
States. http://escholarship.org/uc/item/0gk965bg. (accessed December 15, 2011)   

Hoen, B., Wiser, R., Cappers, P., Thayer, M. and Sethi, G. (2011). Wind energy facilities and 
residential properties: The effect of proximity and view on sales prices. Journal of Real 
Estate Research, 33(3): 279-316.  

Information und Technik Nordrhein-Westfalen, IT.NRW (2010). Landesdatenbank NRW. 
https://www.landesdatenbank.nrw.de/ldbnrw/online;jsessionid=9B09A9F206AECDE9A
DA43FE21D1B7135?Menu=Willkommen. (accessed March 3, 2012)  

Junginger, M., Faaij, A. and Turkenberg, W.C. (2005). Global experience curves for wind 
farms. Energy Policy, 33(2): 133-150. 

Kim, C.W., Phipps, T.T., Anselin, L. (2003). Measuring the benefits of air quality 
improvement: a spatial hedonic approach. Journal of Environmental Economics and 
Management, 45(1): 24-39. 

Kohlhase, J.E. (1991). The impact of toxic waste sites on housing values. Journal of Urban 
Economics, 30(1): 1-26.  

Kriström, B. (1999). Contingent valuation. In: van den Bergh, J.C.J.M. editor, Handbook of 
Environmental and Resource Economics. Edward Elgar, Cheltenham, UK: 777-795.  

Krohn, S. and Damborg, S. (1999). On public attitudes towards wind power. Renewable 
Energy, 16(1-4):  954-960. 

Krueger, A.D., Parsons, G.R. and Firestone, J. (2011). Valuing the visual disamenity of 
offshore wind projects at varying distances from the shore. Land Economics, 87(2): 268-
283. 

Kuminoff, N.V., Parmeter, C.F. and Pope, J.C. (2010). Which hedonic models can we trust to 
recover the marginal willingness to pay for environmental amenities?. Journal of 
Environmental Economics and Management, 60(3):145-160.  

Lake, I.R., Lovett, A.A., Bateman, I.J. and Day, B. (2000). Using GIS and large-scale digital 
data to implement hedonic pricing studies. International Journal of Geographical 
Information Science, 14(6): 521-541. 

Laposa, S.P. and Mueller, A. (2010). Wind farm announcements and rural home prices: 
Maxwell ranch and rural Northern Colorado. The Journal of Sustainable Real Estate, 
2(1): 383-402. 

Legget, C.G. and Bockstael, N.E. (2000). Evidence of the effects of water quality on 
residential land prices. Journal of Environmental Economics and Management, 39(2): 
121-144. 

Maloy, M.A. and Dean, D.J. (2001). An accuracy assessment of various GIS-based viewshed 
delineation techniques. Photogrammetric Engineering and Remote Sensing, 67(11): 
1293-1298. 

Manwell, J.F., McGowan, J.G. and Rogers, A.L. (2009). Wind Energy Explained: Theory, 
Design and Application. 2nd edition, John Wiley & Sons, West Sussex, UK. 



Nelson, J.P. (1978). Residential choice, hedonic prices, and the demand for urban air quality. 
Journal of Urban Economics, 5(3): 357-369. 

Nelson, A., Genereux, J. and Genereux, M. (1992). Price effects of landfills on house values. 
Land Economics, 68(4): 359-365. 

Palmquist, R.B. (2002). Hedonic models. In: van den Bergh, J.C.J.M. editor, Handbook of 
Environmental and Resource Economics. Edward Elgar, Cheltenham, UK: 765-776. 

Paterson, R.W. and Boyle, K.J. (2001). Out of sight, out of mind? Using GIS to incorporate 
visibility in hedonic property value models. Land Economics, 78(3): 417-425. 

Poor, P.J., Pessagno, K.L. and Paul, R.W. (2007). Exploring the hedonic value of ambient 
water quality: A local watershed-based study. Ecological Economics, 60(4): 797-806. 

Ridker, R. and Henning, J. (1967). The determinants of residential property values with 
special reference to air pollution. Review of Economics and Statistics, 49(2): 246-225. 

Riggs, P.D. and Dean, D.J. (2007). An investigation into the causes of errors and 
inconsistencies in predicted viewsheds. Transactions in GIS, 11(2): 175-196. 

Rogers, A.L., Manwell, J.F. and Wright, S. (2006). Wind turbine acoustic noise. White paper 
prepared by the Renewable Energy Research Laboratory, University of Massachusetts at 
Amherst, Wind Turbine Noise Issues, 1-26. 

Rosen, S. (1974). Hedonic prices and implicit markets: Product differentiation in pure 
competition. The Journal of Political Economy, 82(1): 34-55. 

Simons, R.A., Bowen, W. and Sementelli, A. (1997). The effect of underground storage tanks 
on residential property values in Cuyahoga County, Ohio. Journal of Real Estate 
Research, 14(1-2): 29-42. 

Sieros, G., Chaviaropoulos, P., Sørensen, J.D., Bulder, B.H. and Jamieson, P. (2012). 
Upscaling wind turbines: theoretical and practical aspects and their impact on the cost of 
energy. Wind Energy, 15(1): 3-17. 

Sims, S. and Dent, P. (2007). Property stigma: wind farms are just the latest fashion. Journal 
of Property Investment and Finance, 25(6): 626-651. 

Sims, S., Dent, P. and Oskrochi, G.R. (2008). Modelling the impact of wind farms on house 
prices in the UK. International Journal of Strategic Property Management, 12: 251-269. 

Smirnov, O. and Anselin, L. (2001). Fast maximum likelihood estimation of very large spatial 
autoregressive models: a characteristic polynomial approach. Computational Statistics & 
Data Analysis, 35(3):301-319. 

Steinnes, D.N. (1992). Measuring the economic value of water quality – The case of 
lakeshore land. The Annals of Regional Science, 26(2): 171-176. 

Sterzinger, G., Beck, F., Kostiuk, D. (2003). The effect of wind development on local 
property values. Renewable Energy Policy Project, Washington DC, US. 

Theebe, M.A.J. (2004). Planes, trains, and automobiles: The impact of traffic noise on house 
prices. The Journal of Real Estate Finance and Economics, 28(2-3): 209-234. 

Tiebout, C. (1956). A pure theory of local expenditure. Journal of Political Economy, 64(5): 
416-424. 

Tietenberg, T. and Lewis, L. (2009). Environmental and Natural Resource Economics. 
Pearson Education, Boston, U.S. 

Tisdell, C.A. (2010). Resource and Environmental Economics - Modern Issues and 
Applications. World Scientific, Singapore. 



Tobler, W. (1970). A computer movie simulating urban growth in the Detroit region. 
Economic Geography, 46:234-240. 

van der Horst, D. (2007). NIMBY or not? Exploring the relevance of location and the politics 
of voiced opinions in renewable energy siting controversies. Energy Policy, 35(5): 2705-
2714.  

Wolsink, M. (2000). Windpower and the NIMBY-myth: institutional capacity and the limited 
significance of public support. Renewable Energy, 21(1): 49-64. 

Wolsink, M. (2007), Windpower implementation: The nature of public attitudes: Equity and 
fairness instead of ‘backyard motives’. Renewable and Sustainable Energy Reviews, 
11(6): 1188-1207. 

 

  



APPENDIX 
 

TABLE A1 
Statistics of the GWR model coefficients - Ln(Inverse wind farm distance) 

      

 Minimum 25% Quartile Median 75% Quartile Maximum 

Intercept 2.771 2.881 4.719 5.119 6.009 
ln (Inverse Wind farm distance) -.111 -.094 -.070 -.055 -.047 
ln Lot size .919  .948 1.056 1.080 1.087 
Waterfront -.061  .011 .037 .113 .147 
Type single-family house .115  .145 .164 .170 .184 
Type duplex house .200  .231 .260 .271 .282 
Type row house .159  .188 .194 .199 .216 
Type multi-family house .170  .235 .341 .359 .428 
ln CBD .001  .006 .032 .065 .082 
ln Supermarket -.001  .012 .074 .089 .110 
ln Commercial area -.066 -.041 .006 .023 .036 
ln School -.013 -.006 -.008 .061 .117 
ln Forestland -.069 -.052 -.037 -.006 .012 
ln Major road -.040 -.024 -.006 .005 .012 
ln Road .031  .042 .076 .088 .103 
Street noise -.139 -.077 -.052 -.042 -.019 
ln Railroads -.185 -.055 -.036 .020 .044 
ln Transmission line -.050 -.028 .018 .071 .189 
ln Lake -.045 -.039 -.012 .004 .022 
      

 
TABLE A2 

Statistics of the GWR model coefficients - Visibility (No. of visible turbines) 
      

 Minimum 25% Quartile Median 75% Quartile Maximum 

Intercept 3.412 3.505 5.335 5.690 6.733 
Visibility (No. of visible turbines) -.005 -.002 .003 .006 .011 
ln Lot size .921 .950 1.056 1.080 1.087 
Waterfront -.039 .046 .073 .142 .175 
Type single-family house .118 .150 .161 .168 .181 
Type duplex house .207 .241 .261 .271 .287 
Type row house .157 .185 .190 .196 .213 
Type multi-family house .182 .245 .342 .358 .426 
ln CBD .003 .007 .037 .072 .093 
ln Supermarket .000 .016 .082 .095 .144 
ln Commercial area -.068 -.053 .009 .028 .043 
ln School -.015 -.005 -.010 .050 .118 
ln Forestland -.066 -.051 -.036 -.006 .014 
ln Major road -.042 -.025 -.006 .005 .012 
ln Road .031 .042 .071 .084 .100 
Street noise -.125 -.068 -.053 -.042 -.016 
ln Railroads -.222 -.059 -.042 .021 .041 
ln Transmission line -.039 -.019 .024 .084 .214 
ln Lake -.045 -.037 -.007 .001 .019 
      

 


