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Abstract
We present a statistical approach to investigate the influence o f o ffshore w ind f arms o n t he d ensity and
distribution patterns of Gaviidae. For this purpose, we combine and apply two state-of-the-art regression
techniques frequently used in environmental modelling and impact studies, namely a ”before-after controlimpact” (BACI) approach as well as ”generalised additive models” (GAM’s). The combination of these
approaches allows for a proper discrimination of natural/stochastic spatial-temporal distribution patterns
from the pure effect of wind farms. Especially, the presented method provides (1) spatial distribution maps as
well as total population numbers before vs. after wind farm construction; (2) the evaluation of a minimal
significant avoidance distance; and (3) significance and effect size of abundance reduction in close vicinity to
wind turbines.

1.

Introduction

monitored before and after the activation of
the impact, and relative comparisons of spatial
and temporal differences allow to extract the
unbiased impact [25, 26].

A frequent challenge in environmental
impact studies is the discrimination of natural/stochastic spatio-temporal population
fluctuations from the true influence of the
impact.
Simple before-after designs, for
example, always suffer from the fact that
population changes in the ”impact-period” vs.
the ”before-period” may also represent natural
population fluctuation between subsequent
years. Analogously, a comparison of an
”impact-area” with a ”control area” within the
same year always runs the risk to be biased
due to spatial population fluctuations depending on other (often unknown) covariates than
the impact.

Although originally, such data have been
evaluated with an ANOVA [26], it appears that
BACI-analyses can also be formulated in the
framework of modern regression techniques
[25], since ANOVA and linear regression are
highly related to each other [10]. This is an
important feature in order to allow for an
appropriate analysis, since ecological data
often require regression methods specifically
tailored to an actual data structure and
research question [33, 17, 5, 14].
Especially, the use of modern regression
techniques e.g. enables that count data can
be modelled with appropriate probability
distributions in the framework of generalised
linear modelling [8, 16, 15, 18, 30, 19, 38]
or that highly nonlinear dependencies (as
frequently observed in ecological systems) can
be appropriately described based on additive
modelling [12, 11, 32, 34].

Thus, the modern ”before-after controlimpact” (BACI) approach is increasingly
suggested [25, 20, 26], since it allows to evaluate the possible effect of anthropogenic impacts
on animal populations while eliminating the
above mentioned bias due to natural spatial or
temporal abundance fluctuations. Especially,
an ”impact area” and a ”control area” are
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Indeed, in the presented study, the combination of the above mentioned modelling
approaches is required in order to obtain
unbiased results, since we deal with overdispersed count data as well as highly nonlinear
relationships (such as the dependency of the
abundance on the distance to a wind turbine).
This finally leads to a BACI analysis formulated within the framework of generalised
additive models (GAM’s), the latter being
a well established analysis method in the
context of ecological studies and is frequently
described in the literature of statistical ecology
(e.g., [33, 37, 34, 35, 32, 11]).

2.

Material and Methods

In this section we present in detail the underlying data and applied methods.

Bird count raw data
Bird count data are given based on observerbased aerial or ship surveys as well as on
digital-based aerial surveys from 2000-2017
and restricted to the spring (01.03.-30.04.). The
data comprise 25.077 detected Gaviidae and a
total monitored area of 47.985 km2 . Furthermore, the data have been assigned to wind
farm clusters based on the minimal distance
to the next turbine (after construction); taken
together the clusters ”Nördlich Borkum”, ”Helgoland”, ”Butendiek”, ”DanTysk”, as well as
”Bard/Austerngrund” have been investigated.

Correcting for incomplete bird detection
It is well known that at least for observer-based
surveys, bird detection is incomplete. On the
one hand, the probability of detection may decrease with the distance to the observer (where
the shape and strength of distance-dependent
decrease may again depend on other covariates
such as survey method, bird flock size, or sea
state [27, 28, 7]). On the other hand, also the

detection probability on the transect line (i.e.,
distance-independent detection) may vary
between different methods and may depend
on additional covariates (such as sea state).

Figure 1: Average detection functions in the context of
distance sampling for observer-based counts
from airplanes (left-hand side) as well as ships
(right-hand side).

To account for the first, we applied distance
sampling methods (e.g., as presented in Ref.
[6, 7]) to the observer-based raw data. Especially, we tested different detection functions
(half-normal vs. Hazart-rate) as well as various
different predictor combinations (main-effects
as well as interaction terms based on the
predictors sea state, bird flock size, log(bird flock
size)) via AIC-analysis [33, 10] separately for
aerial and ship-based data. The best detection
function has been subsequently used to correct
the raw-data case sensitive (i.e. depending
on the distance class, the method, and all
other covariates appearing as predictors in
the best detection model). Raw data based
on digital-based aerial surveys have not been
distance-corrected, assuming that detection
probability is distance-independent here.
To account for differences in the detection
on the transect line, in final regression analysis
(i.e., applied to distance-corrected data), the
detection-related variables sea_state and method
have been used as predictors, such that relative
differences between methods are considered
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and estimated. Indeed, all three methods have
various overlapping time frames, so that an
estimation of such differences is possible.

Data pooling
For the sake of moderate computation
times as well as a manageable amount of
autocorrelation, it was necessary to pool
the (distance-corrected) raw data. Hence,
separately for each method (observer-based
aerial survey vs. observer based ship survey
vs. digital-based aerial surveys), and period
(before construction vs. after construction),
data have been spatially pooled in a grid
with cells of 1.0 × 1.0 km. This optimal grid
size (i.e., large enough to be not too strongly
autocorrelated, but small enough to provide
a sufficient spatial resolution) has been
determined based on semi-variogram- and
bubble-plot-analyses of final regression model
residuals (e.g., described in [17, 33]).
During the spatial pooling, for each grid cell
separately, bird numbers and monitored area
has been summed up whereas geographical coordinates and environmental covariates (such
as water depth or distance to the coast) have
been averaged.

Covariates
Beside the above mentioned detection-related
categorical covariates sea_state and method,
in final regression analyses (c.f., following
subsections) we also considered smooth terms
of the location-specific variables dist_land (=
nearest distance to the mainland) and depth
(=mean water depth). The aim was to further
reduce the amount of unexplained variance
and thus increase the power and quality of
predictions in final regression models. These
variables were given in an extra data sheet on
a regular grid with a high spatial resolution of
0.2 × 0.2 km, and have been transferred to the
bird count data using cubic interpolation.
Furthermore, we introduced a 2D-spatial
smooth predictor (especially a thin plate

regression spline), depending on Longitude
and Latitude. The aim was to account for
additional spatial abundance heterogeneities
not explained by the other used covariates.
Since 2D thin plate splines are optimised for
variables on the same scale [32], we rescaled
geographical coordinates before analysis such
that they are given in Kilometers.
For all smooth terms, the optimal amount
of smoothing has been determined based on
generalised cross-validation methods [32].
Importantly, this spatial smooth as well as
the above mentioned environmental covariates
were not allowed to vary between the periods
(before construction vs. after construction)
when direct effect of wind turbines has been
evaluated. Thus, they account for long-term
spatially varying bird densities, but do not
interfere with the in the following introduced
variables investigating the change in patterns
and densities due to wind farm construction.
In order to investigate the influence of wind
farm construction on bird distribution patterns
and abundance, firstly, for each wind farm
cluster separately, a ”before construction” and
”after construction” period has been defined
and introduced as the additional binary variable period. Furthermore, the distance to the
nearest wind turbine (after construction of all
turbines) was given by the variable dist_owp,
most importantly giving the same distance
for both periods (before vs. after). Thus, in
the before-period, this variable measures the
distance to a wind turbine which does not yet
exist, which is important to evaluate changes
in response to this variable in the before vs.
the after period.
The exact integration of dist_owp into regression analyses followed the general principles
of a BACI-analysis [25, 20, 26]: If the change
in abundance within a distinct impact-area
(delimited from a control-area) has been
investigated, the binary variable B_dist_owp
has been defined (based on dist_owp), e.g.
defining a certain proximity to a wind turbine
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as ”inside”, and ”outside” else. In regression
analyses, B_dist_owp has been used as a main
effect (just as the variable period) but also
in interaction with the variable period. This
interaction term B_dist_owp : period finally
represents the relative change in abundance
in the impact vs. control area due to the wind
turbines. Especially, it measures the relative
difference in abundance in the impact vs.
control area in the after-period, and corrects
this value for the ”natural difference” between
these areas as given in the before-period.
This value is called the ”BACI-value” or
”BACI-reduction effect”.
In order to investigate the minimal avoiddistance (Meide-Distanz), B_dist_owp has
been defined such that all locations with
dist_owp > x km and dist_owp < y km have
been defined as ”inside”, all locations with
dist_owp > y km have been defined as ”outside”, and all location with dist_owp < x km
has been excluded from the analysis. Thus,
the impact area is given by a ”ring” or ”belt”
around the wind turbines with inner radius
x and outer radius y, where the control
area is given by the area outside this belt,
and the area inside is excluded from the
regression. Stepwise increasing the diameter
of the ring (using an annulus width of 3 km)
and repeating the BACI-analysis allows to
investigate at which distance to the wind
turbines the BACI-effect within the ring is still
significant, eventually leading to an estimate
of the avoid-distance.
In order to investigate the overall effect
of wind turbines on Gaviidae abundance,
B_dist_owp has been defined such that
> 10 km distance to a wind turbine has
been defined as ”outside”, and ”inside” else.
This order of magnitude has been derived
from different studies (including this work),
showing that Gaviidae abundance is strongly
reduced within a distance of 10 km around
wind turbines.
If the ratio ”inside vs. outside” has been

calculated separately for the before vs. the
after period, two separate regression models
have been fitted to the data, each applied to the
data restricted to one of the periods. Especially,
the variable period thus has been neglected,
and B_dist_owp appeared only as a main effect
(defining all data with dist_owp < 10 km as
inside). Importantly, here, all dependencies on
depth, dist_coast and Longitude/Latitude have
been neglected, since they would interfere
with (and thus bias) the measured effect.
In order to investigate distribution patterns
and census estimates in the before- vs. afterperiod, dist_owp-related variables have been
excluded from regression models. Instead, the
dependency on depth, dist_coast as well as on
the spatial smooth were allowed to vary with
the period, and period was introduced only as
a main effect. Thus, distribution patterns and
bird numbers were estimated separately for
both periods completely independent of any
information of wind turbine location, leading
to the most objective estimation of abundance
and distribution patterns.

Regression model structure
For final analyses, we formulate the BACIapproach as well as our population models
(the latter for distribution pattern- and
census-estimates) in the framework of
modern regression methods, as suggested
frequently in recent biostatistical literature
[33, 37, 38, 17, 25]. Especially (and as motivated within the introduction-section), we
make use of generalised additive models
(GAM’s), which allow to adapt the analysis
to various characteristics of our data, such
as count-data and overdispersion (requiring
generalised modelling [16, 18, 33, 37, 4]), offsetmodelling (since counts have to be related to
varying sizes of monitored area [17, 37]), and
strongly nonlinear dependencies (requiring
additive modelling [12, 9, 11, 32, 34]).
The ”most complex” BACI-GAM (which has
not yet been thinned regarding its predictors as
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described in the following subsection) is given
by
log(y j )

= β + method j + sea_state j (1)
+ s(depth j ) + s(dist_coast j )
+ s(latitude j , longitude j )
+ B_dist_owp + period j
+ B_dist_owp × period j
+ offset(log( area j )) + e j ,

with e j ∼ N (0, σ2 ) i.i.d. Here, y j is the
vector of bird numbers, where the index j
refers to the observation number. β is the
intercept, s(.) depicts a cubic regression spline,
where the optimal number on knots has been
estimated via generalised cross-validation.
For each wind farm cluster separately, an
appropriate probability distribution as well
as an appropriate subset of predictors has
been selected based on AIC analysis [2] (c.f.,
following subsection).
As motivated within the previous subsections, for distribution-pattern- and census analyses, a slightly modified version of the model
has been used, namely:
log(y j )

= β + method j + sea_state j
(2)
+ period j + s(depth j , by = period)
+ s(dist_coast j , by = period)
+ s(latitude j , longitude j , by = period)
+ offset(log( area j )) + e j ,

where the term by = period indicates that
smooth terms are estimated independently for
each period.
Finally, the ratio ”inside vs. outside” has
been calculated using the following model

Model validation strategy
In order to obtain and validate the optimal
GAM-model, we modified the selection and
validation strategies as described e.g. by Ref.
[36, 37, 34, 38, 17, 10]. Especially, for each wind
farm cluster separately, this included the following steps:
1. Based on this ”maximal complex model”
as given in the previous subsection, choosing an appropriate probability distribution
/ stochastic part of the model based on
the Akaike Information Criterion (AIC)
[2]. Namely we compared a Poisson-, negative binomial-, Tweedie- , and a zeroinflated Poisson-distribution among each
other. All four probability distributions
have been shown to describe the stochastic part in regression models of (p.r.n.
overdispersed) count data reasonable well
[8, 16, 15, 18, 30, 19, 38];
2. Using the favoured probability distribution, selecting an optimal subset of
predictors (again based on the AIC).
Especially, we permuted over all possible combinations and formulations of
dispensable predictors, leading to the
comparison of 16 different models;
3. based on the model with the favoured
probability distribution and subset of
predictors, performing model validation
(mainly relied on graphical analysis via
residual plots [36]) in order to test all required model assumptions. P.r.n., adding
corresponding auto-correlation structures
to the model.

Final measures of relative bird reduction / avoidance

= β + method j + sea_state j (3)
+ B_dist_owp
+ offset(log( area j )) + e j ,

In summary, the following measures of relative bird reduction / avoidance have been
extracted from the regression models as introduced above:

separately applied to the data restricted to each
period.

• From the model based on Eq. (1), the relative change of bird abundance within a

log(y j )
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10 km radius around wind turbines compared to outside the 10 km zone has been
evaluated. Importantly, this ratio has been
corrected for the ”natural ratio” (inside vs.
outside) as given before construction of
the turbines (”BACI-effect”);
• Based on the same principles, the relative
change of bird abundance can be evaluated with rings/belts around the wind turbines (compared to the area outside these
rings). The annulus width of these rings
has been set to 3 km. Increasing stepwise
the average distance of the rings from the
wind turbines allows to investigate up to
which distance the bird abundance is significantly reduced;
• From the model based on Eq. (2), the relative change of abundance inside 10 km vs.
outside 10 km distance from wind turbines
can be evaluated independently for each
period (before vs. after construction). A direct comparison of these values shows on
the one hand the reduction effect (respectively the measures underlying the BACIeffect). On the other hand, it gives an impression if wind turbines are placed within
areas with relative high or low Gaviidae
abundance values (compared to the surroundings).

close to the real bird numbers, i.e. detection is
close to 100 %.

Software
All statistical analysis, validation procedures
and visualisations have been performed using
the statistical software R [24]. Especially, we
used the following packages: sp [23] and gstat
[22] for the analysis of spatial auto-correlation
(e.g. via variograms and bubble-plots); ggplot2
[31] for all other visualisations and plots; the
Rmisc [13] and matrixStats [3] for different functions regarding data analysis and utility operations, MASS [29], pscl [1], and mgcv [32]
for regression analyses, Distance [27, 28, 7, 21]
for distance sampling-related procedures, and
parallel [24] for the use of parallel computing.

Calculation of distribution maps and
total bird numbers
In order to calculate distribution maps and total numbers of Gaviidae in the before vs. afterperiod, we used the model based on Eq. (3).
Especially, we used the fitted model to predict bird densities on a prediction map of the
investigated area with a resolution of 1 km2
and including values for all environmental
covariates. Regarding the detection-related
variables method and sea_state, we investigated which method-sea_state-combination led
to the highest predictions, and used them subsequently within the predict-routine. However, this implies the assumption that at least
for one method-sea_state-combination, detected
bird numbers (after distance-correction) are
BIONUM - Büro für Biostatistik – info@bionum.de – www.bionum.de – Tel: +49 163 2357 602
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