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ABSTRACT. The expansion of renewable energies, such as wind power, is a promising way of mitigating climate change.
Because of the risk of collision with rotor blades, wind turbines have negative effects on local bird populations, particularly on
raptors such as the Red Kite (Milvus milvus). Appropriate assessment tools for these effects have been lacking. To close this
gap, we have developed an agent-based, spatially explicit model that simulates the foraging behavior of the Red Kite around its
aerie in a landscape consisting of different land-use types. We determined the collision risk of the Red Kite with the turbine as
a function of the distance between the wind turbine and the aerie and other parameters. The impact function comprises the
synergistic effects of species-specific foraging behavior and landscape structure. The collision risk declines exponentially with
increasing distance. The strength of this decline depends on the raptor’s foraging behavior, its ability to avoid wind turbines,
and the mean wind speed in the region. The collision risks, which are estimated by the simulation model, are in the range of
values observed in the field. The derived impact function shows that the collision risk can be described as an aggregated function
of distance between the wind turbine and the raptor’s aerie. This allows an easy and rapid assessment of the ecological impacts
of (existing or planned) wind turbines in relation to their spatial location. Furthermore, it implies that minimum buffer zones
for different landscapes can be determined in a defensible way. This modeling approach can be extended to other bird species
with central-place foraging behavior. It provides a helpful tool for landscape planning aimed at minimizing the impacts of wind
power on biodiversity.
Key Words: collision risk; foraging behavior; impact assessment; individual-based model; Milvus milvus; Red Kite; spatial
model; wind power
INTRODUCTION
The expansion of renewable energy production is encouraged
across Europe to mitigate climate change. In many European
countries, this entails increasing the number of new onshore
wind-power plants. Land scarcity and land-use conflicts make
this a challenging task (Ohl and Eichhorn 2010). Determining
suitable sites for wind turbines (WTs) requires not only
addressing the demands of wind-farm operators, but also
considering relevant adverse effects of wind-power
generation, e.g., impacts on human health and wildlife.
Biologists have highlighted the potential consequences for
bird populations, such as disturbance and displacement
(Percival 2000, 2005, Drewitt and Langston 2006, Larsen and
Guillemette 2007, Pearce-Higgins et al. 2009). Collisions
result in high mortality rates, particularly for raptors observed
in the vicinity of WTs (Erickson et al. 2001, Hunt 2002, Barrios
and Rodriguez 2004, Smallwood and Thelander 2007,
Lekuona and Ursúa 2007, de Lucas et al. 2008, Krijgsveld et
al. 2009).
The present study concentrates on the risk of the Red Kite
(Milvus milvus) colliding with WTs. This predatory bird
belongs to the species with the highest frequencies of rotorblade strikes (Mammen and Dürr 2006, Brandenburg State
Bird Conservation Centre (BSBCC) 2010). The reasons for
these exceptionally high collision rates are not fully
understood, but some facts are important. Wind turbines are
1

often located in open agricultural landscapes, which represent
the primary habitat of the Red Kite. Moreover, the ranging
(flight) behavior of the raptor within these landscapes fosters
collision fatalities. In addition, Red Kites are attracted to areas
closer to the turbine, which usually have high abundance of
prey (Dürr 2009, Jedicke 2010).
To reduce the impact of WTs on raptors such as the Red Kite,
WT sites have to be chosen carefully. In Germany, which hosts
about half of the world’s Red Kite population, an uncontrolled
growth of wind-farm sites occurred in the 1990s. Since then,
the federal states have tended to direct the allocation of WTs
through regional planning. As a result, WTs are concentrated
(and will also in future be concentrated) in certain areas and
excluded from others. However, as Madders and Whitfield
(2006) point out, planning decisions tend to be based
exclusively on subjective judgments, due to the paucity of
information on the processes that determine collision risk.
Different scientific approaches have been established for this
assessment. One possible approach is spatial modeling
(depicting home ranges and behavior) to identify areas of
greatest sensitivity for birds at the landscape scale by
predicting the ranging activities of the species of interest
(Williams et al. 1996, McGrady et al. 1997, McLeod et al.
2003, Madders and Whitfield 2006). Madders and Whitfield
(2006) rated such spatial models as good starting points for
impact assessments because they are cost effective and can
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identify critical locations. However, statements about the
resulting collision risk are hard to derive because the foraging
behavior and flight patterns of the species are not considered.
A second approach is the use of collision risk models (CRM),
first developed by Tucker (1996) and further developed by
Biosis Research (2003) and Podolsky (2003, 2005). These
consider explicitly the interaction of WTs and birds. The
CRMs are based on mathematical equations that incorporate
empirical data according to the number of birds observed in
the area of the proposed wind farm and the proportion of flight
time within the rotor-swept volume. Furthermore, the WT
parameters and the size, flight direction, and flight speed of
the targeted birds are considered (Madders and Whitfield,
2006). The so-called “Band Collision Risk Model” (Band et
al. 2007) is a CRM widely used in the UK.
The spatial models are able to predict whether a species resides
in a certain area but provide no information on collision risk.
In contrast, CRMs are able to predict collision risks but are
designed for specific wind-farm projects and need a lot of input
data based on field surveys (Band et al. 2007).
In this study, aspects of both approaches were incorporated
into a spatially explicit simulation model, taking into account
the Red Kite’s flying and foraging behavior and the spatial
structure of the landscape. We investigate how the collision
risk in a landscape depends on the distance between the WT
and the Red Kite’s aerie. Such an impact function (IF) has
been proposed in a landscape-planning context by Eichhorn
and Drechsler (2010). It describes collision risk in a spatially
explicit but aggregated way and, therefore, represents a fast
and practical tool for collision risk assessment of candidate
WT sites. However, the IF used by Eichhorn and Drechsler
(2010) predicts impacts only in a qualitative manner and is
based on a number of ad hoc assumptions. Thus, its actual
form and dependence on species and landscape characteristics
remain unclear.
To gain insights into the large-scale effects of species behavior
in specific landscapes, agent- or individual-based models
(ABM/IBM) are well suited (Huston, et al. 1988, DeAngelis
and Mooij 2005, Grimm and Railsback 2005). We developed
an ABM for the quantitative prediction of collision risk as a
function of the aerie–WT distance and combined it with
specific findings from the Band CRM. In our ABM, the
“agent” represents a single raptor individual with a ranging
behavior depending on habitat requirements and landscape
characteristics. To determine collision probabilities for
variable aerie–WT distances, virtual experiments were carried
out with the ABM. To validate the ABM, a pattern-oriented
approach (Wiegand et al. 2003, Grimm et al. 2005) was
followed whereby model fitting exercises are carried out
between simulated outputs and field observations.

METHODS
To simulate the Red Kite’s foraging flights in response to
landscape structure, the model is based on the current
knowledge of the behavior of the Red Kite. Such an agentbased approach generally allows for the assessment of speciesspecific vulnerability to particular temporal and/or spatial
landscape attributes (e.g., Verboom et al. 1991, Johst et al.
2001, Wichmann et al. 2004, Rodríguez et al. 2006, Bauer et
al. 2008). The attribute of concern for a central-place forager
like the Red Kite is the location of a WT in the surrounding
vicinity of the aerie. The vulnerability is represented by the
collision risk of the raptor with this WT. We apply this
modeling approach to predict the impact of a WT on a Red
Kite in the region of West Saxony.
Model Description
The model description follows the ODD (Overview, Design
concepts, Details) protocol for describing individual- and
agent-based models (ABM/IBM) (Grimm et al. 2006).
Purpose
The purpose of the ABM is to determine the annual mortality
of a central-place forager, here the Red Kite, as a function of
the distance between the bird’s aerie and the WT. For this, the
ABM considers the species’ foraging behavior as well as the
landscape characteristics. The model incorporates the
processes essential to understand the interaction between birds
and WTs during foraging.
Based on the modeling results, we derive an impact function
that quantifies collision risk as a function of aerie–WT
distance, and which is comparable to that of Eichhorn and
Drechsler (2010). We then explore to what extent such an
aggregated approach can capture the synergistic effects of
species-specific foraging behavior and landscape structure on
collision risk.
State variables and scales
The ABM includes three types of entities: grid cells that
constitute the landscape, a Red Kite, and a WT (see Table 1).
In the present study, we consider a model landscape that has
a land-use pattern similar to West Saxony, Germany. We chose
this region because it falls within the core area of the Red
Kite’s worldwide distribution.
The Red Kite agent is designed to behave like a typical raptor
during foraging flights. Information about its behavior and
response to the landscape was derived from our own field
observations, expert interviews (Hötker, personal communication
2008), and the literature (Whitfield and Madders 2006b,
Nachtigall 2008). Only paired male raptors were considered
because of their greater flight activity during the breeding
season. Resting behavior was not considered as it does not
contribute to collision risk.
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Table 1. Quantities included in the model and their description. Table rows are grouped according to the entities of the model.
Quantity
Landscape Cells
Coordinates
Size
Number
Habitat quality (hq)

Red Kite
Coordinates
Flight distance
Circling radius
Flight speed
Flight height probability (pfh)
Flight through rotor probability (prsa)
Physical collision probability (pBAND)
Collision avoidance probability (pav)
Probability of circling and flying forward (pf)
Maximum residence time on cell (T)

Wind turbine
Coordinates
Hub height (hh)
Rotor blade length (r)

Brief description
Determine the position of the cell (cell center) in the model landscape.
The size of a cell (length (l); width (w)) represents a real-world dimension of 100 m x 100 m.
10.201 cells, which corresponds to 102 km²
The cells can take integer values for habitat quality (hq) between 0 and 3. hq = 0 represents
unsuitable foraging habitat, e.g., forest. hq = 3 represents the best foraging conditions, e.g.,
grassland with a favorable mowing regime.

Determine the position of the Red Kite in the model landscape.
Length of a straightforward flight: 100 m
Radius of a soaring circle during foraging flight: 100 m
Average speed of the Red Kite: 15 km/h (Bruderer and Boldt 2001)
Probability that the raptor ranges at a height swathed by a WT rotor; based on empirical flight height
distribution
Probability that the raptor flies through the rotor-swept area and does not pass through.
Probability of a bird being hit by a rotor blade if passing orthogonally to rotor-swept area.
The likelihood of a Red Kite actively avoiding collision with a WT.
Controls flight behavior during the search flight (see Fig. 2). The variable pf indicates the probability
of flying forward. The probability of performing a left respectively a right full circle is (1-pf)/2.
Determines how long the agent occupies the same cell, given that all neighboring cells are of lower
habitat quality.

Determine the position of the WT in the model landscape.
Height of the rotor center: 78 m
Half of the rotor diameter: ½ of 82 m = 41 m

The WT is determined by its spatial location relative to the
Red Kite aerie—which is located in the center of the model
world—and the cell’s land-use type.
Most collisions occur during the breeding season when
frequent foraging flights take place to feed the nestlings
(Mammen and Dürr 2006, Dürr 2009). The breeding season
of the Red Kite lasts 85 days (April–June), which defines the
length of a model run. Hence, we assume that collisions
occurring during this time describe sufficiently well the annual
collision risk. The 24-h day includes not only foraging flights
but also resting periods and nocturnal behavior. Based on
absence times from the aerie observed by Nachtigall (2008),
we calculated an average “activity period” (time during which
the bird is active and therefore absent from the aerie) of 10.6
h/day. Resting periods were estimated by Nachtigall (2008)
to be about 50% of the ”activity period,” so the bird flies for
about 5.3 h/day, or 450 h/85 days. One model year thus
corresponds to 450 h of flying. To calculate the elapsed time
during each model run, we recorded the distance flown and
divided it by the raptor’s flight speed (Table 1).
Process overview and scheduling
The ABM is based on three movement processes (random
flight, directed flight, and flight forward) and two event
processes (collision event and catch the prey). At the beginning
of each model step, the bird samples the habitat conditions of

the occupied and the neighboring cells. Three conditions are
possible:
●

The occupied and all neighboring cells are of the same
and not of the worst habitat quality, leading to the
random-flight procedure. Here, the agent moves one cell
forward and then decides with a certain probability (1pf)/2 to fly a right or a left full circle, respectively;

●

The neighboring cells differ in habitat quality, leading to
the directed-flight procedure. Here, the agent moves
forward to one of the cells with the best habitat quality
and decides with a probability of (1-pf)/2 to fly a right or
a left full circle, respectively; and

●

The occupied cell is of the worst habitat quality, initiating
the flight forward procedure, where the agent moves one
cell (100 m) forward.

Within these procedures, the two event processes were
executed: the “collision-event” procedure and the “catch-theprey” procedure. The collision-event procedure determines
under what conditions collisions occur between the Red Kite
and the WT. Different circumstances have to coincide for a
collision to occur: the raptor has to occupy a cell where a WT
is located, it has to fly at a height at which the rotor blades
operate, and it has to move through the part of the cell affected
by the rotor blades.
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If the raptor crosses the area spanned by the WT rotor blades
and does not actively attempt to avoid the strike, it will be hit
by a blade. These circumstances are incorporated into the
ABM through the determination of the respective
probabilities:
1. The basic condition for a collision to occur is that the
raptor reaches an area (cell) where a WT is located.
2. The probability that the Red Kite ranges at a height
swathed by a WT rotor (pfh). Taking a WT with hub height
hh = 78 m and rotor length r = 41 m and using empirical
data from Mammen (2010) we estimate a probability of
pfh = 0.34.
3. The probability (prsa) of the raptor passing the area
affected by the rotor. To derive a simple estimation, we
assume that the raptor flies horizontally to the land
surface and orthogonally to the plane swept by the rotor.
Given that the raptor flies within the height interval
determined by the WT’s hub height (hh) plus/minus one
rotor blade length (r). This results in a flight window
spanned horizontally by the cell width (w = 100 m) and
vertically by the rotor diameter (2r) resulting in a
rectangular area of 2rw. The circular area spanned by the
rotor blades equals πr2. Assuming that the flight height
distribution within the flight window is uniform, the
probability that the raptor flies through the rotor swept
area equals:
(1)

4. The probability of a bird being hit when flying through
the rotor (i.e., the physical collision probability pBAND) is
calculated using stage 2 of the Band Collision Risk Model
(Band et al. 2007). “The probability depends on the size
of the bird (both length and wingspan), the breadth and
pitch of the turbine blades, the rotation speed of the
turbine, and of course the flight speed of the bird”
(Scottish National Heritage (SNH) 2000). The SNH, a
nature conservation agency funded by the Scottish
Government, provides a template for calculation (SNH
2010). Uncertainties in the wind speed are considered by
using different values for the pitch angle of the rotor
blades, resulting in values of pBAND between 0.144 and
0.205.
5. The probability that the raptor recognizes the threat and
actively avoids collision (pav). In most cases, raptors scan
their surroundings and do actively avoid collisions with
infrastructure. This behavior is summarized by the
avoidance probability pav. Estimating the avoidance
probability is a challenging task (Chamberlain et al. 2006,

Whitfield and Madders 2006a, Whitfield 2009). Smales
and Muir (2005) use three arbitrary avoidance
probabilities of 95%, 98%, and 99% for collision risk
modeling in Australia. Using data of several predatory
birds at 13 wind farms in northern Spain, Whitfield and
Madders (2006b) empirically estimated avoidance
probabilities between 98% and 100% with a probable
value of 99% for the Red Kite. In the present study, we
consider four possible levels for pav: 98%, 98.5%, 99%,
and 99.5%.
Summing up, if the modeled Red Kite occupies the same cell
as a WT, its probability of colliding with the WT is:
(2)

The catch-the-prey procedure determines the point in time
when the Red Kite catches a prey and returns to its aerie before
it starts the next foraging flight. This procedure is
parameterized using the frequency distribution of absence
times from the aerie provided by Nachtigall (2008), taking
into account that ca. 50% of the absence time is used for flying
(see subsection State Variables and Scales). This frequency
distribution of flight times is discrete by providing the
probability of observing a flight time within a particular
interval. We assume that within each of these time intervals
the flight times are equally distributed to obtain a continuous
probability density function of flight times (Fig. 1). A flow
chart of the ABM with the described procedures is given in
Fig. 2.

Fig. 1. Probability density function of flight duration based
on Nachtigall (2008).
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Fig. 2. Process overview.

Relevant design concepts
Stochasticity
The virtual landscape is generated randomly, assuming fixed
shares of the different habitat types. Furthermore, the
behavioral decisions of the raptor during its flight are largely
stochastic and, among others, depend on the probability pf of
flying forward and the probability density function of the flight
duration (Fig. 1). The model was run 10,000 times and relevant
variables were statistically analyzed.
Initialization
The model landscape is initialized by creating a random
landscape for each simulation run. The number of cells with
a particular habitat quality (hq = 0, 1, 2, 3) is fixed and based
on the landscape structure in the region of West Saxony. The
Red Kite agent is initialized at the aerie placed in the center
of the model world. The WT entity is initialized at a randomly
chosen location limited by two constraints. First, it can only
be located on suitable habitat cells so, e.g., forest (hq = 0) is
excluded. Second, it is located at a specified distance to the

aerie, which varies between 100 m and 500 m in steps of 200
m and from 500 to 5,000 m in steps of 500 m.
Input
Input data are used for two procedures. First, the proportions
of land-use types, observed in our reference region West
Saxony, are used to generate a virtual landscape. The region
is characterized by a high proportion of open agricultural land
and a small proportion of forested area. The different land-use
types extracted from real land-cover data (ATKIS 2007) are
summarized into four classes with different habitat quality
levels. Grassland and pasture have the highest habitat quality
(hq = 3) and comprise about 11% of West Saxony, habitat
quality hq = 2 (e.g., croplands) comprises about 55%, and
habitat quality hq = 1 (e.g., settlements) comprises about 4%
whereas forested area is of the lowest quality (hq = 0) and
comprises about 17% of the landscape.
Interaction
The Red Kite agent interacts with the surrounding landscape
whereby the quality of the landscape influences the flight
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behavior of the agent. A second interaction takes place
between the Red Kite and the WT. If the conditions defined
in the collision-event process (see section Process Overview
and Scheduling) are fulfilled, the Red Kite collides with the
WT.
Validation of Simulated Foraging Behavior
We validated the foraging behavior in the model by comparing
its output to empirical behavior data. Although detailed field
data for the Red Kite were rare, residence frequencies outside
the aerie in a certain distance class to the aerie and its maximum
distance to the aerie were determined by Nachtigall (2008)
and have been used for validation.
Strategies
There are two model parameters, which predominantly control
the flight behavior of the Red Kite agent: the probability pf of
flying forward and the maximum residence time T on a cell
during the flights. Due to their uncertainties, plausible values
are estimated by pattern-oriented modeling (Grimm et al.
2005). The probability pf ranges from 0 to 1 and the residence
time T ranges from 1.2 min to 12 min (Nachtigall, personal
communication, 2009). Varying pf in steps of 0.1 and T in steps
of 1.2 min, and systematically combining pf and T for all values
leads to 110 parameter combinations, henceforth termed
“strategies.”
Determination of best strategies
To determine which of these strategies leads to the best fit
between modeled and empirical behavior, we ran the model
10,000 times for each strategy and recorded the residence
frequencies xi of the raptor in four different distance classes (i
= 1,...,4) from the aerie: between 0 and 1 km (i = 1), between
1 and 2 km (i = 2), between 2 and 3 km (i = 3), and greater
than 3 km (i = 4). Nachtigall (2008) determines frequencies
for these distance classes of: y1 = 0.6, y2 = 0.2, y3 = 0.15, and
y4 = 0.05 for male Red Kites. Besides the distance classes, we
compared the modeled maximum distance from the aerie
(denoted as k) with the value lmax = 4,500 m observed in the
field by Nachtigall (2008).
The relative deviation σi of xi from the empirical data yi for
each distance class (i) was calculated by
(3)
and the mean relative deviation over all distance classes σdistclas
by

(4)

The relative deviation σmaxdist with regard to the maximum
distance was calculated by

(5)

By minimizing σdistclass and σmaxdist, we identified the strategies
that best fit the empirical data.
Collision Risk Analysis
For the strategies that provide the best model fit to the
empirical data, we determined the collision risk for a set of
scenarios. Each scenario is defined by a combination of aerie–
WT distances and the avoidance probability pav. The aerie–
WT distance ranges in 11 steps from 100 to 5,000 m and the
avoidance probability pav in three steps from 0.98 to 0.995 (see
subsection Process Overview and Scheduling), leading to a
total of 48 scenarios.
We ran the model 10,000 times for the best strategies and the
48 scenarios. For every model run, a random landscape with
the same proportions of habitat types as in the study region
was generated, the WT was placed randomly at the specified
distance from the aerie, and we recorded whether a collision
occurred or not. The collision risk was then calculated for each
scenario by dividing the number of collision events by the
number of model runs.
RESULTS
Foraging Behavior
The flight behavior in the model is characterized by flying
forward probability and residence time on a cell. For 110
different strategies, each defined by a combination of the
probability of flying forward pf and the maximum residence
time T, the relative deviations between modeled and empirical
data (Nachtigall 2008) for σdistclass and σmaxdist were calculated
as detailed in the Methods sub-section “Validation of foraging
behavior,” above.
Figure 3 shows the results of the model fit for frequencies the
raptor is observed in different distance classes as a function
of pf and T. It strongly varies for pf but depends only weakly
on T. The minimum relative deviation σdistclass of 0.17 is found
for strategy pf = 0.4, T = 12 min.
A model fit was also applied for maximum flight distance to
the aerie (σmaxdist) as a function of pf and T. Similar to σdistclass
in Fig. 3, σmaxdist strongly varies for pf but depends only weakly
on T. The minimum relative deviation σmaxdist of 0.01 is
obtained for strategy pf = 0.3 and T = 3.6 min.
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Fig. 3. Relative deviation σ_distclass between model output
and empirical data as a function of the model parameters pf
and T (for details see text).

The two strategies derived from the model fits (pf = 0.4, T =
12 min and pf = 0.3, T = 3.6 min) represent similar levels for
pf (0.4 vs. 0.3) and differ considerably in T (12 min vs. 3.6
min). However, as noted above, the level of T only weakly
determines the deviation between model output and the
observed values (Nachtigall 2008). Therefore, both strategies
provide a satisfactory model fit with relative deviations below
20%. As strategy pf = 0.4, T = 12 min performs slightly better
with regard to σdistclass whereas strategy (pf = 0.3 and T = 3.6
min) performs better for σmaxdist, we consider both in the
analysis of the collision risk.
Collision risk
Our model fit concerning the flight behavior revealed two
strategies that correspond to observed field data. For these
strategies, (pf = 0.4, T = 12 min, Fig. 4b,d, and pf = 0.3 and
T = 3.6 min, Fig. 4a,c), the collision risk analysis was
performed and the impact function was derived.
Figure 4 shows collision risk in terms of the annual mortality
rate as a function of aerie–WT distances for four avoidance
probabilities pav and two different physical collision
probabilities pBAND. As expected, the collision risk decreases
with increasing aerie–WT distance. The curves have an
exponential shape so that the collision risk declines rapidly
near the aerie and more slowly at greater distances. These
impact functions show that an exponential dependency (i.e.,
exp(-distance)) is more appropriate than the bell-shaped
impact function (i.e., exp(-distance2)) assumed in our previous
study (Eichhorn and Drechsler 2010).

The impact function generally depends on the residence time
T, the avoidance probability pav, and the physical collision
probability pBAND. A flight behavior with shorter residence time
results in a higher annual mortality rate due to WT collision.
Decreasing the avoidance probability increases the collision
risk. For example, at short aerie–WT distances (<1500 m) it
varies up to 0.4 in mortality rate for pav between 0.98 and 0.995.
An increase in pBAND due to increasing wind speeds displays a
higher probability for the raptor to be hit by the rotor blade,
due to geometrical changes in the WT rotor blades in adaption
to higher wind speeds (Fig. 4a,b vs. Fig. 4c,d).
DISCUSSION
An important step toward improving the sustainability of wind
energy expansion is the assessment of the ecological impact
of WTs in terms of the collision risk they pose for bird species.
An aspect that has been rarely investigated for this assessment
is the relationship between collision risk and the distance
between a bird’s aerie and a WT in the landscape. Therefore,
we developed an agent-based model with which we
investigated this relationship for a foraging predatory bird
species. Among the species that are endangered and suspected
to be impacted by WTs is the Red Kite. The agent-based model
simulates foraging flight patterns of the Red Kite and predicts
annual mortality rates due to collisions with a WT at different
distances from the aerie.
From these simulations, we were able to derive a so-called
impact function that describes the functional relationship
between the annual collision risk and the aerie–WT distance.
It aggregates the interplay of the species-specific foraging
behavior and the landscape structure including the presence
of a WT. We found that the collision risk declines
exponentially with increasing distance between a bird’s aerie
and the WT. The strength of this decline sensitively depended
on the implemented avoidance probability pav that specifies
the likelihood of a bird actively avoiding being hit by a rotor
blade and the bird’s specific flight behavior (given by the
parameters T and pf, see Table 1).
Therefore, we calculated the impact function for four different
avoidance probabilities that cover the values given by
Whitfield and Madders (2006b) and demonstrated the range
of uncertainty in collision risk. The simulated flight behavior
of the Red Kite was validated by comparing model output to
field data on the frequency of a bird observed in particular
distance classes and its maximum flight distance to its aerie.
The relative deviation between modeled and observed
frequencies was found to be below 20%. It should be noted
that, in the present model, the flight behavior of the Red Kite
depends on the actual environmental conditions, including a
random component, but not on memory. In reality, certain
sectors around the aerie are more preferred than others because
raptors are expected to be able to remember good hunting areas
(Nachtigall, personal communication, 2009). However,
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Fig. 4. Annual collision risk (mortality rate) as a function of the distance between aerie and WT for different collision
avoidance probabilities. Panel (a) is obtained for strategy (pf = 0.3 and T = 3.6 min)_with pBAND = 0.144, panel (b) for
strategy (pf = 0.4, T = 12 min) with pBAND = 0.144, panel (c) for strategy (pf = 0.3 and T = 3.6 min) with pBAND = 0.205,
and panel (d) for strategy (pf = 0.4, T = 12 min) with pBAND = 0.205.

adequate empirical data are missing. A possible experimental
approach to gain better knowledge about foraging behavior of
birds is, e.g., GPS satellite telemetry, which has been
successfully applied for the telemetry of migratory flights
(Meyburg and Pfeiffer 2009). Similar data, if available for the
ranging behavior during the breeding season, could be
incorporated into the agent-based model as our approach is
flexible enough to allow for the incorporation of improved
movement rules.
As comparable field data are missing, we validated the derived
impact function indirectly using two major field studies
(Hötker et al. 2006, Dürr 2009). These studies did not consider

the dependency of mortality rates on aerie–WT distances but
monitored the number of dead birds per turbine per year in
different regions. Hötker et al. (2006) estimated that around
100 Red Kites are killed by WTs in Germany per year.
Assuming an equal distribution of bird strikes in Germany and
taking into account the total number of WTs (16,500 WT;
Bundesverband Windenergie (BWE) 2010), this results in an
annual collision risk per turbine of 0.006. The second study
(Dürr 2009) used records from the German Federal State of
Brandenburg, a region neighboring West Saxony. The number
of collisions of Red Kites with WTs was recorded between
2001 and 2009. From these data, Dürr (2009) estimated an
annual rate of collision per turbine of 0.028. In the derived
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impact function, the collision rates of these two studies
correspond to aerie–WT distances of 2,000–2,500 m and
1,300–1,500 m, respectively. These two ranges of derived
distances correspond well to observed aerie–WT distances in
the region and also fit typical flight distances of the Red Kite
(Nachtigall 2008). The derived impact function is, therefore,
indirectly validated.
If there are several WTs at different distances in the landscape,
the probability of not colliding with any of these is the product
of the probabilities of not colliding with each individual WT.
The individual collision probabilities can be obtained from the
derived impact function. Alternatively, the model could be run
simultaneously with several WTs in the model landscape.
Hence, the model can also be used to assess the effect of wind
farms.
The investigation of the consequences of collision risk on
population dynamics is interesting because it is unclear
whether the additional mortalities caused by the WTs lead to
a population decline or whether they only compensate for
density-dependent population regulation. Using the VORTEX
Population Viability Analysis Software package (see http://w
ww.vortex9.org/vortex.html), Hötker et al. (2006) demonstrated
a clear tendency toward a population decline caused by the
inclusion of WT-induced mortality. The study concluded that
there is a need for better data sets on mortality due to collision
with WTs. Our calculated mortality rates and the resulting
impact function can be used as inputs to such population
viability analyses and can, therefore, directly contribute to a
better estimation of population trends. Moreover, the impact
function can be used to assess the size of buffer zones around
aeries in which the erection of WTs is forbidden to minimize
the negative impact of wind power development on birds.
Our modeling approach could be applied to other raptor
species as well, provided that the foraging behavior and the
parameters are adapted appropriately. Adaption to other
regions is also possible. In both cases, sufficient field data are
required to parameterize the model. In particular, it would be
interesting to compare the impact functions obtained for
different species and different landscapes, thus supporting a
comprehensive assessment of the ecological consequences of
wind power development.
CONCLUSION
The analysis of our agent-based modeling approach reveals
that the synergistic effects of foraging behavior and landscape
structure can be captured by an aggregated relationship of
collision risk as a function of the aerie–WT distance.
Therefore, our approach of deriving impact functions through
agent-based modeling provides a helpful tool in landscape
planning for wind power development and helps meet
renewable energy targets in a sustainable manner.
The derived impact function, combined with an ecological–
economic analysis proposed by Eichhorn and Drechsler

(2010), allows determination of so-called trade-offs between
wind energy production and Red Kite protection. These tradeoffs show the functional relationship between increasing wind
energy production and the resulting ecological impact.
The quantitative specification of the impact function for a
certain species in a certain landscape, including its validation
by field data, is important for using it in concrete planning and
design processes of wind power developments. Therefore, for
endangered species, sufficient field data to parameterize and
validate such agent-based models are essential.
Responses to this article can be read online at:
http://www.ecologyandsociety.org/vol17/iss2/art1/responses/
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