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Executive Summary
Many economic and business decisions are affected by geography and location. For example,
spatial factors that affect power plant location include resource availability, distance to the grid and key
electricity demand nodes, as well as the location of competitors. However, current mainstream
methodologies for economic and business analysis do not model the type and scale of these spatial
impacts in a systematic, scientific way. Concurrently, there have been exciting developments in
Geographical Information Systems (GIS) and in the statistical tools needed to analyze how spatial
factors may affect estimation analyses. Adapting and applying these innovative techniques adds
significant insights to the evaluation of specific business and economic problems.
This report summarizes the research within a project conducted at the FCN where we study the
impacts of spatial dynamics on decision-making in the energy sector. In the first part, we review the
current literature and existing methodologies for the spatial analysis of economic and energy-related
research questions. In particular, we briefly introduce key concepts and provide an overview of the
theoretical frameworks adopted in spatial economic analysis.
In the second part, we apply these tools in a variety of contexts related to the energy sector. We
implement and discuss three estimation techniques associated with hedonic price modeling. Then, we
analyze the impact of wind farms on property values, study the economic feasibility of small-scale wind
turbines (SWT) under varying urban conditions, and evaluate the local PV potentials in a GIS-based
case study for the city of Aachen. The case studies illustrate the broad scope of analysis and the
heterogeneous field of applications associated with the toolbox acquired through this research grant, a
toolbox that we plan to put to use and enrich further in future projects.
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1 Introduction
There is a tremendous increase in the application of GIS and spatial analysis in social sciences in
general, and in applied research in energy, environmental and resource economics in particular. This
trend is driven by the growing availability of geospatial data, modeling tools, and methodological
advances. Hence, a spatial perspective has also become increasingly relevant to our understanding of
economic phenomena.
Spatial analysis is particularly pertinent to the field of energy economics, as energy resources and
the related infrastructure for consumption and production are defined over time and space. The
growing importance of renewable and distributed energy sources is one such example. According to
the International Energy Agency (IEA), in modern electric power systems about 45% of the electricity
costs to final consumers are due to transportation1. As a result, the location of a power plant in
relation to electricity load sinks is an important issue with respect to the ongoing heavy investment in
new, often distributed generation units.
Several economic decisions for both energy consumers and producers are fundamentally related
to geographical aspects. The potential scope of applications is so vast, that a priority of this project
has been the acquisition of a methodological toolbox suitable for spatial analysis in the context of a
variety of economic research questions. As an illustration of the knowledge capacity and research
conducted within this project, the following sections present an overview of key techniques adopted in
spatial economic analysis, and demonstrate a series of diverse applications related to the energy
sector.

1.1 Goals of the project
The main goal of this research project is to build extensive knowledge capacity in the field of
spatial economics and spatial econometrics at the E.ON ERC, particularly at the FCN. Therefore, we
aimed at acquiring and developing a toolbox that would enable us to enhance our ability to perform
energy-related research also in the spatial dimension. These tools are then tested and validated by
applying them to real-world energy problems where spatial components play a particularly important
role. We also show how these tools can be used to benchmark and quantify the impacts of a wide
range of economic and policy decisions. In addition, we aim to exhibit the flexibility and simplicity of
some of our spatial tools, which are based on recent developments in statistical theory and algorithm
design.
As most of the research projects within the E.ON ERC comprise a spatial dimension, establishing
and strengthening the methodological and empirical competence in this research field is of great
importance. In addition, due to their wide range of applications, spatial tools can be valuable
contributions to several research areas within the E.ON ERC. In particular, the following objectives
were accomplished in this project:
 Overview of the literature on spatial econometrics and statistics
 Development of the statistical toolbox for spatial analysis, with particular emphasis on
applicability to the energy sector
 Collection, collation and descriptive analysis of data on energy facility location and spatial
aspects of consumer investment behavior
 Application of tools to the data while testing different model specifications and spatial
correlation structures
 Evaluation of hypothetical economic decisions by using the forecasting capabilities of our tools
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The electricity costs to final consumers might be divided into three components: 50% is due to generation,
45% is due to transport (transmission + coordination + distribution), and 5% is associated to retailing and trade.
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1.2 Positioning of the project within the E.ON ERC strategy
This project provides an important addition to the energy researchers’ toolbox, thereby
strengthening the methodological and empirical competences of E.ON ERC (and FCN in particular)
with respect to spatial analyses and their impact on energy-economic decisions. The applicability of
the toolbox to a wide and heterogeneous group of research questions will prove to be a valuable asset
for future research projects. One such example is the gGmbH Project “A GIS-based Decision Support
System for the Optimal Siting of Wind Farm Projects”, a cooperation between FCN and PGS. The two
E.ON ERC institutes plan to adopt a multi-criteria optimization tool that takes into account technical,
economic, environmental and social acceptance-related aspects with the help of a Decision Support
System (DSS) model. Another implementation of the broad range of spatial economic analysis tools
and econometric methodologies gained through this research grant is the currently planned project
“Trends and Developments on Brazilian Energy Markets”. The aim of this project is to investigate the
market potential for investments in renewable energies and energy infrastructure in Brazil, in order to
identify principal market characteristics (regional differences, demand developments, potential
production options etc.) and derive opportunities and challenges for private and public investments.
Further, from an economics research perspective, the geographical focus on Brazil offers an
interesting spatial dimension, due to stable and comparable institutions spanning over a large
economy with high regional differences (e.g. in terms of living standards and technology, demand
structure, natural geographical factors relevant for the supply structure and potential for renewable
energies, urban vs. rural areas, etc.).

2 Literature overview and theoretical framework
2.1 Spatial perspectives
Spatial analysis and spatial econometric models have become increasingly important ever since
the groundbreaking work of Anselin (1988). In the last two decades the theoretical foundations of geostatistical methods has been further developed (e.g. Le Sage and Pace, 2009), allowing the
application of these techniques to address an extended array of research questions that also include
energy-related investment decisions and consumer behavior. The growing interest in spatial
applications has been coupled with the increasing availability of geospatial data, the development of
dedicated software, and significant methodological advances. In particular, the accessibility of
Geographical Information Systems (GIS) and reduced complexity in software applications has allowed
researchers to identify, estimate and analyze spatial phenomena.
Spatial analysis is a general term used for a variety of formal techniques applied to topological,
geometric, or geographic properties of objects or data sets. Spatial econometrics emerged from a
combination of classical economic analysis, econometric methods and techniques of geospatial
science. It is a subfield of econometrics that focuses on the methodological concerns surrounding the
explicit consideration of spatial effects in econometric models (Anselin, 1988). Originally, spatial
econometric techniques were applied mostly on research questions in regional science and economic
geography, but they are recently being applied to a wide range of economic issues, including energy
economics. The incorporation of spatial analysis in research on investment decision-making and other
economic behaviors is relevant and often necessary since resources, consumption and investments in
the field of energy economics are usually defined over time and space (see e.g. Burnett 2012).
The motivation for formal spatial analysis is primarily due to two fundamental spatial phenomena:
spatial autocorrelation and spatial heterogeneity. Spatial autocorrelation (also known as spatial
dependence) assumes that spatially contiguous observation units are (mutually) influenced by each
other. Spatial heterogeneity (also defined as spatial non-stationarity) arises when different types of
dependencies between spatial neighboring observations take place in the data observed, so that the
assumed or estimated relationship between the data varies within the sample. These spatial effects
3

must be taken into account when analyzing economic phenomena characterized that are influenced
by, or are based on, spatial processes, such as agglomeration effects, migration patterns and
commodity flows, as well as innovation diffusion and technology spillover effects.
Spatial effects are often implicitly included in the data used for the study of several economic
problems, though their explicit analysis is prevented due to data aggregation issues. In particular,
relevant economic indicators are frequently not coupled with an adequate spatial scale or sufficient
spatial information to account for the potential spatial effect in the phenomenon under study. In the
scientific literature, the inappropriate geographical delineation or the unsuitable choice of spatial
references is referred to as the modifiable areal unit problem (Openshaw and Taylor, 1983). The
spatial scale mismatch in the data can result in spatial dependence as well as spatial heterogeneity,
which, if not accounted for, can lead to inefficient or biased estimates and misleading inferences
(Anselin, 1988, 2001).
Keeping in mind these considerations, several approaches can be implemented in order to
account for the impact of spatial effects on the analysis of economic research questions, including the
investment decisions and behavior of economic agents. In the presented research project we devoted
our attention to two different but complementary methodologies: spatial statistics and spatial
econometrics. Spatial statistics covers the basic indicators of spatial relations and characteristics,
distance and neighborhood information and concepts for visualization. Spatial econometrics, in
contrast, comprises a wide array of models and estimation techniques devoted to statistical analyses
that specifically test and account for the presence of spatial effects across the data set.

2.2 Spatial econometric models
From the previous discussion on the importance of spatial effects, it became clear that there are
two different effects that prevent the application of standard econometric techniques in statistical
analyses: spatial autocorrelation and spatial heterogeneity. Spatial autocorrelation expresses the
covariation of attributes in relation to location and implies that the characteristics of given data points
appear to be correlated at nearby location. In simpler terms, the observed values of the variables are
influenced by their degree of proximity, and thus spatially nearby observations are more likely to
display similar characteristics than variables that are spatially far apart.
Spatial heterogeneity expresses the notion that every location has some degree of uniqueness
with respect to other locations. As a result, the values of the economic indicators express some form
of variation in a process associated to the indicator’s location. As a result, there may be problems
when parameters are estimated for the entire sample and not for specific locations, potentially also
affecting spatial dependency.
Both spatial effects create significant problems for the application of standard econometric
models and the corresponding testing procedures. As a result, several alternative models and
approaches have been developed (Anselin, 1988; LeSage and Pace, 2009). In the following
subsections, we introduce the spatial lag model and the spatial error model. These are the most
commonly adopted frameworks in spatial econometrics and constitute the building blocks for more
elaborate modeling architectures, such as the Spatial Auto-Regressive lag model with an AutoRegressive error term (SARAR), the Spatial Auto-Regressive lag model with a Moving-Average error
term (SARMA), the Spatial Durbin Model (SDM), and the Spatial Durbin Error Model. In addition, we
also present a model specification using spatial fixed effects, which provides an alternative to the
spatial lag and error models.
2.2.1 Spatial lag model
In spatial econometrics, it is often assumed that spatial dependence is driven by a spatial
diffusion process, which can be of two types. First, spatial dependence can be characterized by a sort
of spillover effect influencing the same variable across neighboring observations (e.g. property prices),
4

and second, it can be described as a spillover effect of unobserved attributes associated with
neighboring data points. The first type of spatial process may be thought of as a neighborhood or
locality effect, whereby all observations in a neighborhood or locality are correlated merely by virtue of
their existence in close proximity to each other.
This type of spatial process is modeled through inclusion in the trend component of the
econometric model,2 with the dependent variable y being a function of a spatially weighted average of
neighboring observations (Anselin, 1988). The attribute values of neighbors act as positive (or
negative) externalities in the dependent variable formation for a given location. Since the dependent
variable is lagged, such models are called spatial lag models. In its simplest form, the spatial lag
model is expressed by a spatial autoregressive process:

y  Wy  ε, and ε  iid N(0, 2 I )
where, given n location units, y is the n-vector of observed dependent variables,

is a scalar

parameter and W represents the n x n weight matrix of neighbor objects. The error term ε is assumed
to be a n-dimensional vector or independent and identically distributed (iid) disturbances that follow a
normal distribution with mean 0, constant variance σ2, and zero covariance between observations
(expressed by the n-dimensional identity matrix I).
W is meant to formalize the structure of spatial dependence. Needless to say that such operation
is often complex and, for a lack of better alternatives, based upon pragmatic considerations (i.e. data
availability at a given geographical resolution). In addition, the formalization of a spatial structure
requires further assumptions concerning the type of spatial measure adopted in order to determine the
neighbors’ set of each spatial unit. W may therefore be constructed on the basis of measures of
distance3, contiguity4, or a mixture5 of the two. Given the spatial dependence structure, the individual
elements of W are expressed by wij, where wij ≠ 0 presupposes a spatial relation between elements i
and j.6 Each row of W summarizes the channel of spatial dependence between a given observation i
and all other spatial units j, and may be constructed such that wij is binary, row-weighted, globally
standardized, variance-stabilizing, or of the Cliff-Ord type (Anselin, 1988; Tiefelsdorf et al., 1999; CliffOrd, 1981).
Building on the basic spatial lag model, a more general representation that also includes the
explanatory variables X is defined by what Anselin (1988) calls the “Mixed-Regressive Spatial
Autoregressive Model”, or more simply the Spatial Autoregressive Model (SAR) (LeSage and Pace,
2009):
y  Wy  Xβ  ε, and ε  iid N (0, 2 I )

where X is a nxk matrix of explanatory variables, β is a k-vector of parameters associated with each
explanatory variable k, and the remaining terms remain unvaried.
2.2.2 Spatial error model

The second type of spatial process may be thought of as an omitted variable effect.7 It exists
because of spatial interdependencies among unobserved or poorly observed attributes. As a result,
2

Consider the standard econometric model of the form y=Xβ+ε. We refer to Xβ as the trend component and
ε as the error component.
3
Given location n, all neighbors are defined to be locations within distance d from n.
4
Contiguity may be based, for instance, on area locations. Contiguity then must decide whether the
dimension shall consider only common borders, or also common vertexes, a common radius, or second-order
neighbors, etc.
5
See for instance weight matrices based on Cliff-Ord type measures, which are calculated as a combination
of the distance measure and relative length of the common border (Cliff-Ord, 1981).
6
Note that i and j both belong to the set of all position locations N.
7
More generally, LeSage and Page (2009) provide five motivations for spatial econometric models: a timedependence motivation, an omitted variable motivation, a spatial heterogeneity motivation, an externality-based
motivation, and a model uncertainty motivation. In this brief introduction, we focused on the most important
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the spatial process is modeled through the error component. Hence, these types of models are called
spatial error models.
Assume that variable z is unobserved, though it is uncorrelated with the other set of explanatory
variables X. If the unobserved variable z follows a spatial autoregressive process, the standard
regression model needs to be adapted such that:
y  Xβ  z
z  λWz  ε, and ε  iid N (0, σ 2 I )

where λ is a scalar parameter and the remaining terms follow the notation introduced above. Such a
formulation gives rise to a spatial autoregressive error model. Alternatively, the unobserved variable
may be represented by a moving average process of the error terms, which would then be formalized
in a spatial moving average error model as:
y  Xβ  z
z  λWε  ε, and ε  iid N (0, σ 2 I ).

Note that the spatial moving average in the disturbance term is meant to capture local effects
caused by immediate neighbors, while the autoregressive process in the error term is meant to
capture the global effects of spatial dependencies (Anselin, 2003; LeSage and Pace, 2009).
2.2.3 SARAR and SARMA models

Further modeling frameworks for the inclusion of spatial effects can be obtained by combining the
spatial lag model and the spatial error model, always under the assumption that there is no correlation
between the observed and unobserved explanatory variables (X and z), and that the error components
follow a homoscedastic8, independent, and identically distributed Gaussian function. A spatial
autoregressive lag model with autoregressive error terms (SARAR) takes the following form:
y  Wy  Xβ  z
z  Wz  ε, and ε  iid N (0, 2 I )
 y  Wy  Xβ  (I - W) 1 ε, and ε  iid N (0, 2 I ).

By assuming that the error term follows a moving average, the spatial dependence is captured by
a spatial autoregressive lag model with a moving average error component (SARMA):

y  Wy  Xβ  z
z  Wε  ε, and ε  iid N (0,  2 I )
 y  Wy  Xβ  (I  W)ε, and ε  iid N (0,  2 I ).

2.2.4 The Spatial Durbin Model

One last commonly adopted spatial regression framework is the Spatial Durbin Model (SDM). As
LeSage and Pace (2009) note, the SDM can also be explained both in the context of omitted variables

elements calling for specific spatial econometric models: spatial dependence and spatial heterogeneity, which
may in turn result in spillover effects and estimation problems due to omitted/unobservable variables.
8
Homoscedasticity means that the normal (or Gaussian) distribution has a constant variance (σ2) for all of its
observations.

6

and spillover effects9. However, in this case it is assumed that the omitted variable z is correlated with
the explanatory variables X. In particular, it may be assumed that disturbances of the error term η in z
are correlated with X, such that the model may take the form:
y  Xβ  z
z  λWz  η,
η  Xγ  ε, and ε  iid N (0, σ 2 I )
 y  Xβ  (I  λW )1 Xγ  (I  λW )1 ε, and ε  iid N (0, σ 2 I )

where γ represents a k-vector of parameters associated with the explanatory variables X, and the
remaining variables adopt the same notation already adopted.
The SARAR and SARMA models differ from each other with respect to how their disturbances
are modeled, thereby generating also slightly different data-generating processes. In general, it may
be said that the SARAR model places more weight on higher powers of the weight matrix W in
comparison to the SARMA model (LeSage and Pace, 2009). Nevertheless, both models focus on their
elaborate representation of the disturbances. The SDM, on the other hand, may be thought of as a
further elaboration on the model for spillovers10.
2.2.5 Spatial Fixed Effects

Finally, another approach directly addressing the issue of unobserved variables bias is the
application of 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, a fixed city
district effect will implicitly absorb all unobserved factors within the defined geographical scale of this
fixed effect (the city district). 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 seems reasonable in order to
derive a comprehensive picture of the ability of spatial fixed effects in terms of 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 the estimations.
This spatial dependence problem can be addressed by 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. Besides the wide application of spatial econometric techniques, such as the
use of the spatial lag and spatial error model, “spatial fixed effects are clearly the preferable strategy
for addressing spatially correlated omitted variables in cross-section data” (Kuminoff et al., 2010,
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LeSage and Page (2009) refer to spillover effects in the context of spatial heterogeneity.
LeSage and Page (2009).
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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 spatial fixed effects and error-clustering specification is given by:
y  α  Xβ  η  ε

where α represents the spatial fixed effects and η and ε are grouped and individual-level error terms.
2.2.6 Consequences for estimation techniques

Standard estimation techniques based on the ordinary least squares (OLS) method do not work
in the presence of spatial dependence and spatial heterogeneity. In particular, in the presence of
spatial dependence, the OLS estimator is known to be no longer the best linear unbiased estimator.
As mentioned before, this spatial dependence may arise from both systematic linkages and nonsystematic shocks. While spatial dependence in the dependent variable causes bias in OLS estimates,
spatial dependence in the error terms leads to asymptotically unbiased but inefficient estimates
(Anselin, 1988; Anselin et al., 2004). If the residuals are not independent and identically distributed
(i.e. iid), the standard OLS regression cannot be applied. Alternative estimation approaches can be
classified in three groups: maximum likelihood (ML) estimations, generalized methods of moments
(GMM) and instrumental variables (IV) approaches, and Bayesian methods (BM). We do not discuss
in detail the theoretical foundations and the implications on spatial econometrics of these estimation
techniques, as it would be beyond the scope of this report. Nevertheless, a useful further introduction
to these methods is included in section 3.2.
A second potential source of bias in spatial analysis is the existence of unobserved regional
characteristics influencing the dependent variable. Using cross-sectional OLS – that is, in the absence
of a panel – it is not possible to control directly for unobserved regional characteristics. However, it is
well-established in spatial econometrics that the inclusion of spatial lags in both the dependent and the
explanatory variables allows one to capture unobserved regional characteristics indirectly (LeSage and
Pace, 2009). Put differently, modeling spatial dependence can act as a substitute for regional fixed
effects. The intuitive reason is that neighboring regions are likely to have unobserved regional
characteristics in common, which should thus in turn exhibit spatial dependence on their own.
An alternative to ML, GMM, IV and BM estimation methods that accounts for spatial effects while
making use of standard OLS techniques is provided by Geographically Weighted Regression (GWR)
analysis, which generate parameters disaggregated by the spatial units of analysis and allow the
assessment of the spatial heterogeneity in the estimated relationships between the independent and
dependent variables.
As spatial data contains both attribute and locational information (Fotheringham et al., 2002, p.3),
estimations provided by a global multiple regression might be inadequate in capturing spatially-varying
relationships, as global statistics are only describing average relations between the dependent and the
considered explanatory variables. But there may be local differences in the determinants of the
dependent variable across the study area. Consequently, with increasing spatial variation of the local
data points, the reliability of the global model estimates decreases (Fotheringham et al., 2002, p.2).
Accounting for spatially-varying relationships, a global OLS function can now be specified in terms of a
GWR, thus allowing for the estimation of local parameters:
y  Xβ(u,v )  ε

where (ui,vi) indicates the coordinates of the ith point in space. Note that a simple OLS specification11
represents a special case of the GWR specification, in which the considered parameters are assumed
to be spatially invariant (Fotheringham et al., 2002, p.52). In the context of Tobler’s first law of
11
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The simple OLS specification is given by y  Xβ  ε .

geography, the GWR has to be calibrated in a way that data points near to point i have more influence
on the estimation of the parameters 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 1 graphically illustrates a spatial kernel and a GWR with adaptive spatial
kernels.

FIGURE 1
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 1).

2.3 Hedonic pricing model12

Spatial models are often applied in the framework of the hedonic pricing theory. Hedonic models
are derived from a revealed preference approach of consumer theory and are employed for estimating
demand or value.
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, 1999;
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. Though not directly associated with spatial
econometrics, hedonic models may also be estimated via spatial econometric techniques.
In particular, the hedonic model is a common economic model widely used in the analysis of
property markets. An economic formalization of this model was first derived in Rosen (1974), but
earlier applications include Tiebout (1956), who used it to study the implicit market for neighborhoods,
and Ridker and Henning (1967), who found a strong statistical relationship between housing values
and air quality in metropolitan St. Louis. The latter is the first application of hedonic property value
12

Significant parts of this subsection are adopted from Ghosh and Carriazo (2009) and Sunak and Madlener
(2012), respectively.
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models to environmental valuation. Since then, hedonic theory has been used to value environmental
factors like air quality (e.g., Chay and Greenstone, 2005; Kim, Phipps, and Anselin, 2003; Smith and
Deyak, 1975), water quality (e.g., Leggett and Bockstael, 2000; Poor et al., 2001), agricultural
externalities (e.g., Palmquist, Roka, and Vukina, 1997; Ready and Abdalla, 2005), noise (e.g.,
Baranzini and Ramirez, 2005; Cohen and Coughlin, 2007) and proximity to hazardous facilities (e.g.,
Brasington and Hite, 2005; Nelson, Genereux, and Genereux, 1992), through their impacts on
property values. Furthermore, hedonic models are 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).
Hedonic price theory formalizes the notion that a differentiated commodity is in essence a
package of n attributes, x = (x1, …, xn) and its price p = p(x) a function of the levels of these attributes.
When sufficiently large numbers of x are available such that consumers can choose from a wide
variety of alternative packages, hedonic price theory stipulates that at the market equilibrium p equals
each consumer's bid or value function for the differentiated commodity (Rosen, 1974). Implicit market
valuation of attributes becomes possible since individual valuations are equalized at the margin and
set to the marginal price at equilibrium. In other words, at equilibrium, pxi = ∂p=∂xi where pxi is the
marginal implicit price of attribute xi and ∂p=∂xi is the derivative of market price p with respect to xi.
This implicit price is then used to value the attribute (see Freeman, 2003, and Taylor, 2003, for
details).
Hedonic pricing theory is applied to property market analysis because properties are easily
modeled as differentiated goods. Attributes consist of structural and neighborhood characteristics such
as house size, crime rates and distance to local amenities. The true relationship between attributes
and house price is unknown, except that it is monotonically increasing in the desirable attributes
(Palmquist, 1999). The relationship is approximated through a reduced form relationship between the
attributes and price, which by assumption is the market equilibrium price. The coefficients in the
reduced form are estimated and then interpreted as (some function of) the implicit price of the
associated attribute. Hedonic price theory allows for the valuation of non-market attributes through the
use of market information on related goods.
Hedonic price models are relevant here not only because of their use in several spatial
econometrics applications, but also because they are directly used in some of the projects discussed
in sections 3.2 and 3.3, respectively.

3 Applications to the energy markets
3.1 Data issues

Precise and accurate information is a necessary condition for optimal decision making. When
analyzing how spatial factors affect an agent’s decision problem, a crucial constraint is data
availability, since geo-referenced data is often subject to privacy regulations. High resolution data, for
instance on consumer behavior, could be traced back to the original users. Often the sample size at a
sufficiently disaggregated geographical level is too small to guarantee an appropriate anonymization.
Therefore, data availability and privacy restrictions of geographically referenced datasets with an
appropriate sample size are the major obstacles in applied spatial economic research. In the following
sections, we thus emphasize the development of datasets and, if necessary, the use of data
generation and data aggregation.
It should be mentioned that an important issue in the context of data integration and dataset
development is the degree of data aggregation. In some instances it may occur that researchers
aggregate spatially disperse data causing artificially sharp intraregional distinctions and unrealistic
interregional uniformities. Economic data in applied research is almost always aggregated over time
and space, but while temporal dynamics have received a huge amount of attention from economists
for decades, cross-sectional data that are inherently spatial have rarely been explored in view of their
10

underlying spatial relationship. However, there could be substantial differences between spatially
aggregates and disaggregated data, particularly with regard to local effects. A spatial variant of
Simpson’s Paradox, illustrated in Figure 2, reveals the problematic nature of estimations based on
aggregated data in capturing local relationships (Simpson, 1951; Fotheringham et al., 2002, p.8).

FIGURE 2
A spatial variant of Simpson’s Paradox
Sources: Simpson (1951); Fotheringham et al. (2002, p.8)

Simpson’s Paradox considers the differences in the results obtained when datasets are analyzed
in a spatially aggregated or disaggregated form. In Figure 2, house prices are plotted against
population density. The spatially aggregated data contains combined information of different locations
that show a positive relationship. The spatially disaggregated data differentiate between two locations
and find a negative relationship for both locations. The danger of analyzing aggregate datasets refers
to the presence of spatial non-stationarity, as the measurement of a relationship depends on where
the measurement is taken (Fotheringham et al., 2002, p.9).

3.2 A comparison of three estimation methods for hedonic pricing models13

The first case study in this report illustrates an application of the hedonic price model presented in
Section 2.3 above. The importance of hedonic pricing within the spatial analysis toolbox acquired in
this project is also testified by its use in the case study presented in Section 3.3. While the research
question in Section 3.3 is centered on wind farms and thereby provides a direct application to the
energy markets, we first introduce the hedonic pricing approach in a non-energy-related example. We
do so in order to present three key estimation techniques applied in the literature. The focus of this first
example lies purely on the comparison of three econometric estimators, while the case study
presented in Section 3.3 depicts an interesting application to the energy sector.
The data set14 used for this methodological comparison is based on property market values from
Bogotá, Colombia, to predict prices at set locations. The purpose of this case study is to compare the
predictive performance of three different methods of estimation for spatial hedonic models. The
estimation techniques compared are Least Squares, Maximum Likelihood and Bayesian methods,
using a spatial hedonic model in a semi-log specification. The basic analytical frameworks mentioned
here have already been introduced in Sections 2.2 and 2.3.

13

cf. Ghosh G., Carriazo F. (2009). A Comparison of Three Methods of Estimation in the Context of Spatial
Modeling. FCN Working Paper No. 9/2009.
14
The data set was chosen because it is sufficient for the analysis and was available at an early stage of the
project.
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The main methodological finding is that the Maximum Likelihood method delivers the best
predictions and trend parameter estimates, while the Bayesian method is best at modeling the
structure of the spatial correlation. Overall, these two methods perform similarly, but with the Bayesian
method being slightly more efficient and the Likelihood method being slightly more accurate. However,
the suitable choice of method is, to some degree, contingent on the research question. In line with that
are a wide range of alternative methods applied in the following applications. The objective of this
subsection is to give a brief overview of the employed data set and empirical results. The main
purpose of this study was the testing of different methods.
The data

The data set consists of 1853 detached or semi-detached residential properties in Bogotá. The
variables included in the hedonic price function reflect locational, structural and neighborhood
characteristics. Neighborhood characteristics include pollution, crime and amenities. Descriptive
statistics on all variables are provided in Table 115. Each housing unit is geo-referenced in Bogota
Zone Universal Transverse Mercator (UTM) coordinates. Under the UTM projection latitude is
measured in Northings and longitude in Eastings. These values increase as one moves north and
east. The location of each housing unit is shown in Figure 3(a). The origin has been shifted such that
the most southwest property in the sample has the coordinates (0; 0). The sample is collected from a
30 km × 20 km rectangle as indicated by the minimum and maximum values of Northing and Easting.
We note that the sales data is concentrated in the northeast, which is where metrocuadrado.com
concentrates its activities. Many property transactions in the south and west occur outside the purview
of the formal housing market and reliable data on such transactions is thus unavailable.
All sales occurred between 2001 and 2006 and the prices were deflated by the Colombian
Consumer Price Index, with 2005 as the base year. The price index data were obtained from
Colombian Central Bank official statistics. A contour map of log sales prices, ln p, is shown in Figure
3(b). Note that higher prices are in the north and east. This price structure is explained by
geographical and historical factors. Being naturally hilly, with a cooler climate and scenic views, north
and east Bogotá have historically been favored as residential locations, and are occupied by upper
income households. The south and west are more industrial and settled by lower income households.
We expect ln p to increase in both location variables.
TABLE 1
Descriptive statistics

15

All data was provided by metrocuadrado.com, a Colombian property price listing service, unless stated
otherwise.
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FIGURE 3
Location and prices of properties
Source: Own illustration

The next seven variables in Table 1 are site-specific and / or structural. #Baths, #Garages and ln
Area are self-explanatory. Carpet, DiningRoom and 24DoorKeep are dummy variables, set to 1 when
the house has carpeting, a dining room and 24hour door-keeping services, respectively, and 0
otherwise. Air pollution is indexed by PM10, which measures the air-borne concentration of suspended
particulates of diameter of 10 μg or less. Locations with higher PM10 levels are more polluted. A raster
of PM10 levels was produced through inverse distance interpolation of the emissions recorded at each
station. By superimposing the raster on the property map, PM10 concentrations at each location were
estimated. We expect ln p to increase in all site-specific variables except ln PM1016. The next four
variables measure the distance between properties and (dis)amenities. Historical center (HistCent)
and 72nd Street are two central business areas, Zonal Parks are small green spaces maintained by
local planning committees, and the Flood Area variable is a proxy for elevation relative to the
surrounding topography. The last two variables are defined at the neighborhood level. Stratum is a
count variable ranging from one to six and indexing average income in the neighborhood. The
neighborhoods with highest mean incomes have Stratum = 6. CrimeIndex was compiled from
neighborhood level crime data, which was geocoded by matching neighborhoods to individual
properties.
Empirical results

The sales price is found to be relatively inelastic with respect to area and pollution levels, and the
elasticity’s are almost zero for all accessibility variables except the distance to the historical center,
which indicates almost perfect inelasticity. The non-significance of location variables found might
indicate that all spatial effects have been picked up by a well-modeled spatial error structure.
However, as expected, most of the structural variables (e.g. extra bathroom, door-keeping services, or
neighborhood status) are found to have significantly positive impacts on sales prices.
A detailed list of results is given in Table 2. Note that in Table 2 so-called plug-in estimators (  )
are compared. From subsample regressions, 38 estimates of each β are obtained for each estimation
method. The plug-in estimator (  ) is the kth partial jackknife estimate of β  β (Wasserman, 2004).
The values of plug-in estimators (  ) corresponding to each variable in the trend, across the three
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Pollution data were obtained from the Departmento Tècnico Administrativo del Medio Ambiente, the
environmental authority in Bogotá.
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methods of estimation, are reported as the unbracketed values. Comparison of these



supplies

inference about mean accuracy with respect to estimation of the trend Xβ.
Each is identical in sign and similar in magnitude across the estimation methods and has the a
priori expected sign in all cases except Easting and lnZonalPark. The positive sign on the estimated
effect on lnZonalPark is explained by anecdotal evidence that zonal parks are poorly maintained and
provide negligible recreational opportunities. That the a priori expected positive effect of the location
variable Easting does not occur in the estimation results, which was made on the basis of the contour
map in Figure 3(b), can be attributed to pockets of high-priced neighborhoods scattered throughout
north Bogotá. As a result, some subsamples included high value properties located west of lower
value properties, which resulted in the negative sign for the location variable Easting. This negative
effect is significant under two methods, but values are low which implies that relocation along the EastWest axis has only a small effect on property price.
TABLE 2
Estimation results (mean, standard deviation and proportion results for plug-in estimator)
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3.3 The impact of wind farms on property values17

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 visual18 and aural19 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 virulent (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 protest and related unanticipated and
underestimated (external or internal) project costs.
The aim of this study 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 (accounting for
spatially clustered unobserved influences) and a Geographically Weighted Regression (GWR) model
(accounting for spatial heterogeneity). The main focus lies on the investigation of site proximity and
visual impacts of wind farms, such as the impact of visibility and shadow flickering, as these are the
dominant subject of public debates associated with siting processes.
In a first step, we apply three different spatial fixed effects models in order to capture effects of
unobserved spatial factors.20 Since spatial fixed effects models have been applied to the case of wind
farm effects before (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, therefore providing a more
sophisticated measure of proximity than commonly applied. A specific element is the application of
Geographical Information System (GIS) techniques21, which allow for an accurate derivation of
viewsheds22 for each property in a 3D environment on the basis of high resolution geodata.
In a second step, we additionally apply a 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 the best of our knowledge, there is no other
hedonic pricing analysis applied to wind farm impacts yet that specifically adopted a GWR approach in
combination with other regression techniques in order to emphasize the importance of local
dependencies.

17

cf. Sunak Y., Madlener R. (2012). The Impact of Wind Farms on Property Values: A Geographically
Weighted Hedonic Pricing Model, FCN Working Paper No. 3/2012.
18
Visual impacts comprise general visibility and shadowing effects (Álvarez-Farizo and Hanley, 2002).
19
Aural impacts refer to turbine noise and sound pressure (Rogers et al., 2006; Harrison, 2011).
20
The three spatial fixed effects 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.
21
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).
22
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 concerned properties). The visibility of a large-scale wind farm in the
close vicinity of a property might have a significant impact on its value.
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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 German federal state of NRW, including
parts of the city of Rheine and the city of Neuenkirchen. Both cities, or more precisely 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 NRW can be defined as a semi-urban region mainly characterized by
medium- and small-sized towns.23 In 2011, a population of 26,900 lived within a radius of about 5.5
kilometers around the site.
As Figure 4 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 4, 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. The different spatial
administrative structures defined are used to incorporate spatial fixed effects in this hedonic pricing
model.
In 2000, the local administration announced the construction of a wind farm consisting of nine
turbines, which was eventually 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 NRW 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 4 illustrates
the study area and the location of the wind farm site.

FIGURE 4
Study area
Source: Own illustration, based on data provided by the Geodatenzentrum NRW (2011)
23

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.
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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 Steinfurt24 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, published by the German Federal Statistical Office, with 2005
as the base year.25 The distance of the observations to the wind farm site ranges between 945 m to
5,555 m. Table 3 gives an overview of the observations and their distribution according to cities, city
districts, wind farm announcement and construction.26
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.27 Nevertheless, we assume
that properties are likewise suitable for conducting a hedonic pricing study, as their values are also
sensitive to changes in the surrounding location. Only the selection of the (structural) variables differs,
compared to hedonic pricing studies using house prices.28 Furthermore, in our study we only consider
developed and undeveloped properties for residential utilization.29 The regional land use, such as
residential utilization, is defined in the regional development plan.
TABLE 3
Summary statistics – Property sales in the study area, 1992-2010
N

Percentage

Total no. of observations

1,405

100.0

City of Rheine
City district Hauenhorst
City district Mesum

690
220
470

49.1
15.7
33.4

City of Neuenkirchen
City district Neuenkirchen (city area)
City district St. Arnold

715
556
159

50.9
39.6
11.3

1,202
203
724
681
872
533

85.6
14.4
51.5
48.5
62.1
37.9

Total sales
Total re-sales
Pre-announcement
Post-announcement
Pre-construction
Post-construction

Table 4 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.
24

Rheine and Neuenkirchen are cities that both belong to the federal district of Steinfurt. In this context, the
term ‘federal district’ is equivalent to the term ‘county council’.
25
Available online at https://www.destatis.de/EN/FactsFigures/Indicators/ShortTermIndicators/Prices/bpr
110.html (accessed January 14, 2012).
26
Re-sales were not excluded from the data sample as these only account for a small share of the total sales.
As a consequence, the re-sales data does not provide a sufficient basis for applying a repeat sales analysis.
27
The data provided by the Expert Advisory Boards only contained the separated price for the property in
terms of a parcel of land.
28
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.
29
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.
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TABLE 4
Descriptive statistics

Wind farm
related

Structural

Neighborhood/
Spatial

Variable

Units

Mean

Std. dev.

ln Inverse Wind farm distance

ln m

-9.26

0.99

Min

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

ln p
ln Lot size
Waterfront
Type single-family house
Type duplex house
Type row house
Type multi-family house

ln €
ln m²
dummy
dummy
dummy
dummy
dummy

10.43
6.18
0.00
0.55
0.17
0.02
0.02

0.84
0.70
0.07
0.50
0.38
0.15
0.15

4.34
1.10
0
0
0
0
0

12.59
9.83
1
1
1
1
1

ln CBD

ln m

-6.83

1.12

-8.28

2.30

ln Supermarket
ln Commercial area
ln School
ln Forestland
ln Major road
ln Road
Street noise
ln Railroads
ln Transmission line
ln Lake

ln m
ln m
ln m
ln m
ln m
ln m
classes
ln m
ln m
ln m

-6.28
-7.36
-6.41
-5.29
-5.25
-2.48
1.07
-7.53
-6.85
-6.40

0.60
0.88
0.60
0.90
0.89
0.42
0.38
1.28
0.74
0.73

-7.45
-8.56
-8.01
-6.54
-6.72
-4.53
1
-8.91
-7.72
-7.52

-2.52
-3.71
-4.25
2.30
-2.11
-0.02
5
-3.54
-3.47
-3.23

-10.02

Max
-6.89

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.30 We used the inverse distance from each property to the nearest wind turbine,
which also allowed for the consideration of the date of construction.31 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
30

All distance variables, also those 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.
31
Using inverse distance measures to the nearest turbine, the measured values increase with decreasing
distance. Note also that 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.
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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 temporary presence of shadowing
effects for each property during the year.32 In this context, we tested a simple dummy variable as well
as a variable that explicitly takes into account shadowing caused by multiple turbines.
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 model33 with an accuracy of one meter, which was provided by
the Geodatenzentrum NRW.34 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.35 The calculated viewsheds were used to specify the fixed viewshed effect model described in
the estimation methods subsection above.
The dummy variables capturing possible effects 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), respectively.
Substantial 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 regions36 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.

32

We consider properties as impacted by shadowing effects, if these are located in the affected areas.
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 pointed out in the GIS literature (Maloy
and Dean, 2001; Riggs and Dean, 2007). There is a tradeoff regarding the effort of conducting systematic field
visits for a whole region, which would guarantee an accurate definition of visibility, and the use of GIS techniques,
which, dependent on the data resolution, might produce inaccuracies. However, we do believe that in our case a
sufficient 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, therefore, more
precise compared to the digital terrain models investigated and reviewed in the GIS literature mentioned earlier
on.
34
The Geodatenzentrum NRW provides geodata on the basis of the ordnance survey. Available online at
www. geodatenzentrum.nrw.de/ (accessed November 2, 2011).
35
The visibility analysis only included properties that were sold after the construction of the wind farm.
36
The average noise level in urban areas is 55 dB during the day and 40 dB at night, respectively. In semiurban or rural areas these values range between 50 dB during daytime and 35 dB at night, respectively (Hau,
2006).
33
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FIGURE 5
Visibility analysis
Source: Own calculation and illustration, based on data provided by the Geodatenzentrum NRW (2011)

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 statuses, compared to an
undeveloped, untilled, parcel. The waterfront variable was derived using data services of the
Topographic Information Management of the federal state of NRW (Topographisches
Informationsmanagement NRW).37 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.38 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 cities), effects are implicitly captured by the spatial fixed effects and time
dummies.
Results

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 5 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 perform very well with regard to the adjusted R2 obtained.39 The
37

Available online at http://www.tim-online.nrw.de/tim-online/nutzung/index.html (accessed February 2, 2012).
The data was obtained upon request from the federal statistical office of NRW, the federal district
administration of Steinfurt and the city administrations of Rheine and Neuenkirchen.
39
We tested for autocorrelation, multicollinearity and heteroscedasticity by applying the Durbin-Watson test,
variance inflation factor (VIF) and the White test, respectively.
38
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specification with the tightest controls for spatially clustered omitted variables, the fixed cadastral
district specification, performs best. Overall, we obtained mostly consistent results across all
specifications regarding the expected signs.
We use a stepwise procedure of introducing the wind-farm-related variables in order to prevent
multicollinearity, particularly in the case of the different distance measures.
TABLE 5
Estimation results for the different spatial fixed effects specifications

Variable

‡

ln Inverse wind farm distance
Distance 0.5 - 1 km
Distance 1 - 1.5 km
Distance 1.5 - 2 km
Distance 2 - 2.5 km
Distance 2.5 - 3 km
Distance 3 - 3.5 km
Distance 3.5 - 4 km
Distance 4 - 4.5 km
Distance 4.5 - 5 km
Shadowing
Shadowing (no. of turbines)
Announcement effect
Construction effect
ln Lotsize
Waterfront
Type single-family house
Type duplex house
Type row house
Type multi-family house
ln CBD
ln Supermarket
ln Commercial area
ln School
ln Forestland
ln Major road
ln Road
Street noise
ln Railroads
ln Transmission line
ln Lake
(Intercept)
Number of observations
Adjusted R²
AICc
Time dummies (year and month)
Clustered errors

Fixed City Effects

Fixed City
District Effects

Fixed Cadastral
District Effects

Fixed Viewshed
Effects

coef (SE)

coef (SE)

coef (SE)

coef (SE)

-.067***
(.024)
-.287**
(.139)
-.153*
(.101)
-.107
(.111)
-.080
(.091)
-.178
(.216)
-.176
(.123)
-.114
(.109)
.011
(.115)
.009
(.114)
-.091**
(.043)
-.034**
(.016)
-.032
(.103)
-.102
(.068)
1.069***
(.037)
.076
(.280)
.183***
(.054)
.293***
(.058)
.270**
(.106)
.326***
(.077)
.049***
(.036)
.058***
(.051)
.067***
(.038)
.016
(.025)
-.021**
(.020)
-.026**
(.027)
.099***
(.048)
-.022
(.023)
-.056***
(.043)
-.014
(.013)
-.023*
(.024)
2.891***
(.717)
1,405
0.889-0.890
458.5-469.8
Yes
Yes

-.053**
(.043)
-.215*
(.152)
-.079
(.105)
-.044
(.141)
-.118
(.106)
-.218
(.199)
-.194*
(.109)
-.139
(.107)
-.000
(.115)
.006
(.123)
-.022
(.054)
-.001
(.019)
-.039
(.087)
-.108***
(.039)
1.069***
(.033)
.005
(.286)
.175***
(.022)
.282***
(.027)
.241**
(.057)
.311***
(.056)
.048***
(.043)
.053***
(.050)
-.035*
(.025)
.024
(.030)
-.022**
(.032)
-.024**
(.025)
.102***
(.038)
-.031*
(.017)
-.029*
(.042)
-.001
(.035)
-.006
(.024)
3.551***
(.991)
1,405
0.890-0.892
440.3-454.4
Yes
Yes

-.047**
(.022)
-.297**
(.148)
-.175*
(.102)
-.115
(.131)
-.116
(.072)
-.300
(.199)
-.195
(.133)
-.155
(.147)
-.142
(.124)
-.108
(.143)
-.058
(.047)
-.023
(.017)
.044
(.097)
-.119*
(.068)
1.082***
(.030)
.026
(.313)
.138***
(.068)
.235***
(.073)
.164**
(.093)
.295***
(.098)
.029**
(.030)
.027
(.057)
.017
(.057)
-.019
(.038)
-.019
(.032)
-.031**
(.030)
.090***
(.040)
-.013
(.026)
.007
(.074)
.024
(.085)
-.027
(.044)
2.986**
(1.397)
1,405
0.903-0.904
311.5-318.5
Yes
Yes

-.098*** (.042)
-.286*
(.303)
-.180
(.291)
-.108
(.290)
.031
(.285)
-.110
(.370)
-.128
(.290)
-.098
(.273)
.035
(.321)
.051
(.308)
-.157*** (.039)
-.054*** (.014)
-.077*
(.042)
-.028
(.039)
1.063*** (.027)
.051
(.341)
.180*** (.079)
.291*** (.082)
.222**
(.079)
.343*** (.069)
.030*** (.023)
.077*** (.042)
.029*
(.023)
-.004
(.035)
-.014
(.022)
.005
(.010)
.109**
(.048)
-.036*
(.022)
.017
(.024)
.012
(.024)
-.027*
(.025)
3.293*** (.779)
1,405
0.886-0.888
495.7-517.2
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
2
table we present the ranges for the adjusted R and the AICc, respectively.

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
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-.098%.40 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 yields the highest coefficient (-.098 at
the 1% significance level) for the inverse distance variable. Therefore, controlling for visibility effects
underlines the importance of proximity measured by simple distance.
Further, investigating the 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 the 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 effect
model seems quite ambiguous, but is more or less negligible and significant at the 10% significance
level only.41
Based on the shadowing variables, the estimates 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 (at the 1% level) model, 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 the 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 best-performing
model specifications overall, with significance levels of 1% (fixed city district effects) and 10% (fixed
cadastral effects), respectively. 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
months 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 by 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 to 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 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

40

For an average property price of about 42,500€, the estimated coefficients correspond to a decrease of
19.98€ to 41.65€ for a 1% decrease of distance to the nearest turbine.
41
Note that the number of transactions within each distance category varies substantially, particularly
regarding the number of transactions after the announcement and construction of the wind farm. In some cases,
the distance dummies only contain a very few transactions, therefore, implying a limited interpretability.
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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 negatively 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
sign 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.
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 6 and 7 map the local coefficient estimates and
significance levels for the investigated variables.
According to Figure 6(a), which 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. When also taking into account the local variation of
the significance levels (Figure 6(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 affected (mainly at the 5%
level of significance). 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.
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FIGURE 6
GWR model coefficients (a) and significance levels (b) for ln Inverse wind farm distance
Source: Own illustration

Figure 7(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 farm 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 7(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.
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FIGURE 7
GWR model coefficients (a) and significance levels (b) for Visibility (no. of visible turbines)
Source: Own illustration

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, contrasting the estimated results of the distance dummy variables. 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 effect model specification.
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 German cities Rheine and Neuenkirchen in the northern
part 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
25

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 effects 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 compared to
those which were sold before, 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 in the city of Neuenkirchen than in 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.

3.4 Economic feasibility of small-scale wind turbines (SWT) under varying urban conditions

In this research study, we investigated the potential investment in SWT for private households
dependent on the location under varying urban conditions. Therefore, we modeled six different
scenarios that differ with regard to the type of household and its electricity consumption, the type of
the SWT and associated technical parameters, support schemes and bank loans, and particularly
regarding the location and its varying conditions. Evaluating and comparing the outcomes of the
scenarios’ economic feasibility assessment, we conclude that under current support schemes and the
technological state-of-the-art, the location is crucial for an economically feasible investment in SWT.
With steadily increasing contributions to the German energy supply for over 25 years, wind power
is the most important renewable energy source. While on-shore wind power is already a mature
energy technology accounting for some 6% of the annual energy consumption, a substantial
expansion of off-shore wind power capacity is currently under discussion. Besides the two types of
wind power usage, a small market for SWT has developed in Germany. Although so far the usage of
SWT is limited to rural areas, there may be a large potential for the residential use of SWT in urban
areas. However, SWT is currently a niche technology and the development of the SWT industry is still
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in an early stage. Also, the development potential of this technology is impaired by the lack of
technological standards, an intransparent regulatory framework and the lack of reliable forecasting
tools, particularly with respect to the economic feasibility.
The data

The economic feasibility of SWT and, therefore, the investment decision of households in this
technology under urban conditions substantially depends on three factors: the technical design of the
turbine with regard to size and type, the economic and regulatory framework with respect to the
support scheme, and spatial aspects, such as the wind speed in the context of the urbanization level,
particularly with regard to building density. Especially the potential location of the SWT in the urban
area is crucial for the economic feasibility evaluation, as urban structures substantially influence local
wind speeds, and therefore the potential energy yield of a turbine.
The profitability evaluation incorporating all influential factors bases on a Net Present Value
(NPV) calculation. NPV is a straightforward method to evaluate future cash flows given various input
parameters. With our focus on spatial aspects and the specific impact of different locational conditions
in urban areas on technology investment, it allows for an accurate investigation of economic feasibility
under varying urban settings. The NPV is given by
zt
,

(1
i )t
t 0
T

NPV  I0  

where -I0 are the investment costs at t=0, zt is the cash flow at time t and i the interest rate, which is
initially assumed to be 2.5% p.a.
The technical design of the turbine varies according to type (vertical-axis or horizontal-axis wind
turbine), rotor diameter, capacity, installation as well as operation and maintenance costs. Table 11
gives an overview of the technical parameters of five different turbines.
TABLE 6
Technical parameters of selected SWTs
Skystream 3.7
Aventa AV-7
EasyWind 6 AC
HAWT
HAWT
HAWT
3.7
12,9
6
2.4
6.5
6
12,000
93,000
32,000

Parameter
Type
Rotor diameter [m]
Capacity [kW]
Installation costs [€]
Operation and maintenance
300
costs [€/a]
Source: BWE (2011), own illustration

2325

800

qr5
VAWT
3
6
55,000

Step V2
HAWT
9
15
53,500

1375

1337.5

The economic parameters included refer especially to the support scheme offered. The German
federal government supports the generation of power and heat from renewable energies through the
Act on Granting Priority to Renewable Energy Sources (Erneuerbare-Energien-Gesetz, EEG), which
includes feed-in tariffs for electricity and heat production. With regard to SWT, the EEG provides an
average feed-in payment of 0.0855 €/kWh guaranteed for 20 years.
In order to evaluate the economic feasibility dependent on the urban location and its specific
characteristics, six different urban scenarios for SWT investment are defined accounting for differing
building density and heights in the surrounding area, distance to the urban fringe and the canopy of
the area. Table 12 summarizes the main variations in the parameters of the urban sites.
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TABLE 7
Urban sites and influencing factors
Urban I
Urban II
Suburban I
Suburban II
Semi-Urban
Parameter
Urbanization level
Metropolis
Small town Suburb, inland
Suburb, coast
Urban fringe
Building heights [m]
12
7.5
6
7
7
Distance to urban fringe [m]
2500
400
250
200
100
Canopy factor [m]
1
0.8
0.7
0.7
0.7
Average wind speed [m/s]
3.1
5
3.7
5.5
3.6
Adj. urban wind speed [m/s]
3.28
4.15
2.85
5
4.34
Source: Own calculation and assumptions, based on Heath et al. (2007) and Sàenz-Diez Muro et al. (2010).

Rural
Rural
6
10
0.6
4.3
5.2

Results

The results of the economic feasibility assessments for the six different urban locations are
illustrated in Figures 8–13.

FIGURE 8
Urban I - NPV calculation
Source: Own illustration

FIGURE 9
Urban II - NPV calculation
Source: Own illustration
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FIGURE 10
Suburban I - NPV calculation
Source: Own illustration

FIGURE 11
Suburban II - NPV calculation
Source: Own illustration
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FIGURE 12
Semi-urban - NPV calculation
Source: Own illustration

FIGURE 13
Rural - NPV calculation
Source: Own illustration

Figures 8–13 illustrate the development of net present value over 20 years subject to differences
in the average wind speeds of the area (excluding the influencing factors, such as buildings, canopy,
etc.) and the adjusted urban wind speeds (including these factors). According to the results, the
economic feasibility varies substantially between the different locations. In two out of six cases an
investment in SWT turned out to be not economically feasible. A positive net present value can only be
obtained in a suburban coastal area and in rural areas. Additionally, we found that compared to an
investment in photovoltaics (PV), in these locations an investment in SWT could be more profitable.
Regarding the varying characteristics of the considered urban location, we conducted a sensitivity
analysis on the key parameters. As one may intuitively expect, the wind speed has the largest impact.
Depending on the location, a one percent increase in the wind speed increases the net present value
by 0.8% (Urban I, about €100) to 15% (Suburban II, about €430). Increasing the heights of the turbine
by one percent also yields an increase of the net present value of 0.3% (Urban I, about €40) to 6.5%
(Suburban I, about €185). Likewise an increasing distance to the city center and lower building density
raises the values by 0.2 – 1% (about €30 to €300). An increasing canopy factor results in a decreasing
wind speed and, therefore, in a decrease of the net present value of about 0.45% (according to the
location form about €130 to €2290).
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Further research on this topic will include the conduction of a regional case study, such as the
local economic potential of SWT in the city of Aachen, essentially incorporating specific urban
characteristics and the related wind conditions.

3.5 Local PV potentials – The case of Aachen

The solar land register of the city of Aachen (Solarkataster der Stadt Aachen) provides another
example of the importance of spatial aspects regarding investment decision in decentralized
generation units, such as PV. The developed dataset is based on a solar land register provided online
by the administration of the city of Aachen.42 In order to identify local solar potentials and the related
suitability for the usage of PV panels this dataset contains some information about the underlying
urban structure. The dataset essentially includes the following information:












Insolation
Location of building roofs
Direction of the building roofs
Slope of the building roofs
Type of the roofs (flat or steep roof)
Roof area
Roof area with installed PV
Degree of shadowing
PV suitability
Electricity yield in kWh per year
CO2 saving potential in g per year

Using the detailed information on the location of the buildings and the different roof
characteristics, we can make accurate predictions about the annual electricity yield and the related
CO2-saving potential. GIS tools and techniques are used to manage, map and analyze the data that
furthermore enables to identify potential ‘hot spots’ and preferential locations regarding investment
decisions. Figures 14-18 illustrate the spatial distribution of PV potentials for commercial buildings and
RWTH Aachen University buildings.

42

Online available: http://gis2.regioit-aachen.de/ac_solar/.
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FIGURE 14
PV potential classification of buildings of RWTH Aachen University
Source: Own illustration, based on the Solarkataster Aachen

FIGURE 15
Annual PV potential of buildings of RWTH Aachen University
Source: Own illustration, based on the Solarkataster Aachen
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FIGURE 16
PV potential classification of buildings in commercial areas in Aachen
Source: Own illustration, based on the Solarkataster Aachen

FIGURE 17
Annual PV potential of buildings in commercial areas in Aachen
Source: Own illustration, based on the Solarkataster Aachen
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FIGURE 18
PV electricity and CO2-saving potential of buildings in commercial areas in Aachen
Source: Own illustration, based on the Solarkataster Aachen

The empirical research on regional PV potentials initiated on the basis of this dataset is the most
recent development in building spatial economic knowledge capacity at FCN. Recent and future
research will particularly focus on investment strategies and future diffusion prospects of exploiting the
identified local potential. Thereby, focusing on investment decisions that depend on local available
potentials, the detailed geographical level in this analysis allows for different optimization perspectives.
Firstly, values for each building in the considered city area provide important information for individuals
as decision-makers, such as household considering an investment in PV panels for their homes.
Secondly, in an aggregated form, this data helps optimizing the exploitation of the solar potential
considering the whole city area from a social planner perspective. In this sense, a further extension of
the empirical research in this field might help to optimize investment decisions, both from the
perspective of individual investors and policy-makers.
In this context, a comparison and combination with the regional diffusion potential of SWT (see
section 3.2.3) might yield valuable insights as these technologies (PV and SWT) can be used
complementarily and in an interlinked manner.

4 Conclusions
This research project has enabled us to acquire and implement an important set of
methodological tools for spatial analysis that represents a valuable resource for current and future
research at the E.ON ERC. In this report we first introduced, in a simplified manner, the theoretical
background of key modeling approaches implemented for spatial statistics and highlighted recurring
problems associated with their application. Second, we illustrated a series of broad-ranging examples
that showed the wide spectrum of applications of spatial analysis in economics and in the energyrelated field.
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5 Future work
There are several potential uses to the set of techniques and empirical methods obtained through
this grant. Their future implementation may take place in heterogeneous research questions. As
already mentioned in Section 1.2, direct examples where our spatial analysis toolbox could be put to
the test include the gGmbH projects entitled “A GIS-based Decision Support System for the Optimal
Siting of Wind Farm Projects” and “Trends and Developments on Brazilian Energy Markets”. It is
nonetheless important to mention that there will be a continuous effort at the Center aimed at further
improving and updating our existing competences in the field of spatial economic analysis, in order to
keep up-to-date with the “state of the art” knowledge and know-how of spatial analysis and related
methodologies.
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