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1. Introduction

The global shift toward renewable energy has accelerated the
development of offshore wind farms (OWFs) as a key source of sus-
tainable energy. However, this expansion often targets relatively un-
disturbed areas, introducing new anthropogenic impacts to marine
habitats and species. In Europe, the shallow waters of the North Sea
provide an ideal setting for the installation of OWFs, making the region a
global hotspot for offshore wind energy. Between 2010 and 2021, 20
OWFs have been constructed in the German North Sea, and significant
growth is legally stipulated for the coming years (WindSeeG, 2016).

With the increase in OWF installations, concerns have been raised
about their environmental impacts, particularly on marine fauna. Many
bird populations rely on the North Sea as permanent or migratory
habitats, making them especially vulnerable to habitat alterations and
disturbances caused by wind farms (Welcker and Nehls, 2016). Effective
spatial planning and conservation measures require robust assessments
of these impacts, yet limitations in methodologies and spatial analyses
present significant challenges (Dierschke et al., 2016; Furness et al.,
2013). Current environmental impact studies often lack the spatial
resolution and methodological consistency over the necessary long-term
period required to capture the full extent of the impact of offshore wind
farms on marine populations.

In Germany, mandatory five-year post-construction monitoring
programmes aim to assess OWF impacts, including monthly, large-scale
digital aerial surveys around each wind farm to survey seabirds and
marine mammals with standardised methods (BSH, 2013). Hence,
extensive monitoring data are available around each wind farm. While
recent studies have begun to address OWF effects at broader spatial and
temporal scales (e.g., Garthe et al., 2023; Vilela et al., 2021), significant
gaps remain in understanding the spatial extent and variability of im-
pacts, particularly for vulnerable species like divers. Red-throated

* Corresponding author.
E-mail address: raulvile@gmail.com (R. Vilela).

(Gavia stellata) and Black-throated divers (Gavia arctica), which are
part of the North-west European wintering population, are highly sus-
ceptible to OWF disturbances (Heinanen et al., 2020; Mendel et al.,
2019). These species migrate through the German Bight and are most
abundant during the spring migration (Mendel et al., 2008), overlapping
spatially and temporally with OWF development.

Protective measures, such as the designation of the Special Protec-
tion Area (SPA Eastern German Bight) within the European Natura 2000
network, have restricted OWF development near critical habitats (BMU,
2009). Covering 3135 km?, the SPA is surrounded by a defined main
concentration area of 7000 km?, established in 2009, which includes six
offshore wind farm areas. Within this area, the development of new
offshore wind farms is currently on hold to safeguard the ecological
integrity of the region (BMU, 2009).

However, the displacement of divers due to OWFs and associated
activities, such as ship traffic, remains a key concern. Avoidance
behaviour has been widely documented in divers and, more recently, in
auks, with reported displacement distances ranging from 1.5 to 16 km
across studies (Heinanen et al., 2020; Allen et al., 2020; Vilela et al.,
2021; Garthe et al., 2023; Peschko et al., 2024). These estimates, often
derived from monitoring programmes around single or multiple wind
farms, show high variability and depend heavily on the methods, spatial
coverage, and temporal scales used (Mendel et al., 2014; Petersen et al.,
2014; Webb and Nehls, 2019). This variability suggests that displace-
ment responses are context dependent and may differ among wind farms
and regions, reinforcing the need for long-term, regional-scale studies
that encompass multiple developments and assess cumulative effects.

Individual divers have occasionally been observed within OWFs.
While some studies, such as at the Kentish Flats wind farm, have sug-
gested a possible reduction in displacement over time (Percival, 2014),
this habituation pattern has not been consistently observed elsewhere,
underscoring the need for analytical approaches that can be applied
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across broad spatial and temporal scales while retaining sufficient res-
olution to detect local and heterogenous responses.

Given the variability in displacement patterns and the methodolog-
ical differences across studies, there is a need to explore and refine tools
that can better address spatial complexity and data limitations in OWFs
assessments. This study aims to address these challenges by employing a
fully spatially explicit joint-likelihood Bayesian hierarchical approach to
statistically estimate the extent and magnitude of Gavia spp. displace-
ment during the spring season. Using a comprehensive dataset of
monitoring flights conducted before (2001-2008) and after
(2017-2021) OWF development in the German Bight, this study pro-
vides a robust framework for evaluating wind farm impacts.

This methodology not only provides a robust statistical framework
for integrating spatial and temporal dependencies but also allows for a
more accurate estimation of uncertainty by incorporating latent vari-
ables and hierarchical structures. By capturing both observed and un-
observed variability in the data, it offers a comprehensive understanding
of displacement patterns and their associated confidence levels,
enhancing the reliability of the results.

Specifically, this study aims to.

1. Quantify changes in diver distribution before and after OWF con-
struction using a fully spatially explicit joint-likelihood Bayesian
hierarchical approach.

2. Estimate avoidance distances for different OWF clusters and evaluate
spatial variability in displacement patterns.

3. Compare our approach and findings to existing displacement esti-
mates for Gavia spp., highlighting the advantages and limitations of
the applied modelling framework.

By integrating high-resolution spatial data collected over two de-
cades with a novel modelling strategy that accounts for spatial auto-
correlation and latent structures, this study provides a flexible
framework for long-term, spatially explicit impact assessments that can
be applied to a wide a wide range of species and ecological contexts.

Rather than proposing our framework as a universal standard, we
present it as a complementary alternative to existing approaches used in
offshore wind farm impact assessments. Bayesian spatial hierarchical
models, such as the one used here, are increasingly recognised for their
ability to handle complex ecological data, account for spatial and tem-
poral structure, and propagate uncertainty in a principled way (Cressie
et al., 2009; Cressie and Wikle, 2011; Hobbs and Hooten, 2015). While
our approach offers important advantages, such as predictor-agnostic
estimation and robustness to sampling design limitations, it also
shares some challenges, particularly with respect to causal inference. We
therefore frame it as one valuable addition to the toolbox for assessing
spatial changes on species distributions.

The methods employed here offer a flexible and scalable approach
that can be broadly applied in environmental impact assessments to
evaluate changes in species distribution caused by human activities. We
also critically examine how different analytical methods, spatial-
temporal coverage, and study designs influence the estimation of OWF
effects, highlighting the need for standardised approaches in future
impact assessments.

2. Methods
2.1. Study area and time frame

This study utilises data from aerial surveys conducted between 2001
and 2021 over a large part of the German North Sea, covering an area of
28,625 km?. The survey area encompasses all major offshore wind farm
projects in the German North Sea, as well as additional monitoring
programmes (Fig. 1).

The surveyed area includes a primary concentration zone for Gavia
species (BMU, 2009), which extends over 7000 km? and shows the
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Fig. 1. Total prediction area in the German Bight (North Sea). Operational
wind farms as of 2018 are shown in red; labels indicate the wind farm clusters
defined for this study, not individual wind farm names. The grey line delineates
the German Exclusive Economic Zone (EEZ), while the orange line indicates the
limits of the study area. The Natura 2000 Special Protected Area (SPA)
“Ostliche Deutsche Bucht” (Eastern German Bight) is shown in yellow
for reference.

highest densities during spring, and a southern area, covering 13,
375 km? that mainly includes areas of low or medium densities. Addi-
tionally, data collected beyond the EEZ borders, extending into Denmark
and the Netherlands, were included in the models. However, the pre-
diction area was subsequently limited to within the EEZ border.

All surveys included in this study were conducted during the species-
specific spring season, from March 1st to May 15th, as defined by Garthe
etal. (2007), representing the peak period of Gavia spp. abundance in the
German Bight, when spring migrants’ distribution overlaps most
extensively with OWF footprints (Vilela et al., 2020). The mandatory
monitoring programme (BSH, 2013) was also specifically designed to
cover this seasonal peak. However, previous winter studies from UK sites
are included in the discussion. Spatial survey coverage varied over time,
being low to moderate between 2001 and 2005, and no spring data were
available for 2006 or 2007. Coverage improved substantially between
2008 and 2015 and remained consistently high until 2021 (Fig. 2).

2.2. Species identification

Identification at the species level is rather difficult using aerial sur-
veys. For both methods (digital and visual) a significant part of all in-
dividuals was only identified as Gavia spp. Analyses were therefore
conducted including all individuals observed. However, it is known from
previous studies (e.g. Mendel et al., 2008; Garthe et al., 2015) and from
the wind farm monitoring projects that the majority of Gavia spp.
(~90%) in this area are Red-throated divers.

Monitoring data from the baseline, construction, and operational
phases of 20 different wind farm projects were included in the analyses
(Fig. 2). To implement the joint-likelihood approach and estimate
changes in the Gavia spp. density likelihood, we defined two survey
periods of five years each. The first period, referred to as the “pre-OWF
development” period, spanned from 2001 to 2008, although data were
unavailable for 2006 and 2007. The second period, designated as the
“post-OWF development” period, covered 2017 to 2021 and began after
the completion of the last wind farm in the northern area (OWF Sand-
bank). Survey spatial coverage varied between years. Uneven sampling
is handled directly by the model structure. As the model is fitted at the
mesh nodes per year and method, each node only contributes data for
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Fig. 2. Survey coverage (short black lines) and construction timeline for offshore wind farm projects in the German North Sea. Thick coloured bars indicate con-
struction periods with colours denoting wind farm cluster assigned for each wind farm. Red lines delimit the “before” (pre-2008) and “after” (post-2017) time periods

used in the analysis.

the years in which it was surveyed. Nodes covered in fewer years carry
more uncertainty, which is reflected in the posterior estimates.

Although development of OWF continued after 2017 (see Fig. 2), all
OWF built after that year were constructed in the southern area, within
clusters that were already considered impacted.

2.3. Data collection methods

This study utilised exclusively aerial methods for data collection,
following the protocols described by Vilela et al. (2021). These methods
included visual aerial surveys and digital aerial surveys, with some
temporal and spatial overlap between the two types. The flights were
conducted on different dates depending on weather conditions, resulting
in varying survey efforts across years. Data were subsequently pooled by
year and data collection method.

Data from ship-based observations were excluded from the analysis
due to their unsuitability for assessing displacement effects in these
species. Divers are highly sensitive to approaching survey vessels, often
responding by flying away or diving at distances of up to several kilo-
metres (Bellebaum et al., 2006; Burger et al., 2019). This behaviour
reduces the reliability of abundance estimates from ship surveys and
makes it difficult to compare with aerial survey data.

Observer-based visual survey flights were primarily conducted as
part of baseline monitoring from 2001 to 2013 and adhere to standards
set by the German Federal Maritime and Hydrographic Agency (BSH,
2007). The probability of detection for conventional visual surveys
was corrected using distance sampling techniques (Burt et al., 2014).

Starting in 2013, digital aerial surveys progressively replaced visual
methods, following updated standards from BSH (2013). These surveys
employed three different techniques: APEM, DAISI and HiDef. The
APEM technique (Busch, 2015) utilises four cameras to capture simul-
taneous images with a resolution of ~3 cm (improved to 2 cm in January
2017) on the sea surface. Transect lines were spaced ~1.6 km. The DAISI
technique (Coppack et al., 2015) uses two medium-format cameras with
a resolution of 2 cm on the sea surface. Photos were taken at intervals of
1.5 s, resulting in ~48% overlap between frames. Transect lines were
spaced 3-4 km apart. Finally, the HiDef technique (Weif et al., 2016)
uses a high-resolution video camera system consisting of four indepen-
dent cameras with a resolution of 2 cm on the sea surface. Camera angles
are adjustable to minimise glare, with transect lines spaced ~3-4 km

apart. This method served as the reference technique for digital surveys.

Surveys were conducted under favourable weather conditions, with
sea states of less than 4 for visual surveys and less than 5 for digital
surveys, and no clouds below flight altitude. Modelling the diver
displacement.

To assess diver displacement accurately, we adopted a spatially
explicit Bayesian modelling framework utilising Latent Gaussian Models
(LGMs) and the Integrated Nested Laplace Approximation (INLA) with
Stochastic Partial Differential Equations (SPDE) to account for spatial
autocorrelation (Lindgren et al., 2011). This approach ensures proper
handling of model error and acknowledges that observations collected at
nearby locations are more correlated than those collected farther apart.

The INLA approach (Rue et al., 2009) was developed as a compu-
tationally efficient alternative to Markov Chain Monte Carlo (MCMC)
methods (Robert and Casella, 2010; Brooks, 2011). LGMs are highly
flexible models that have been successfully applied across diverse fields,
particularly in ecological studies, thanks to the availability of the
R-INLA package (Martino and Rue, 2008) and the more recent inlabru
package (Bachl et al., 2019), specifically designed for modelling spatial
distributions and changes in ecological survey data.

To incorporate spatial and spatio-temporal dependencies, we com-
bined INLA with the SPDE approach proposed by Lindgren et al. (2011).
The SPDE method represents a continuous spatial process, such as a
latent stationary Gaussian Field (GF) with a Matérn covariance function,
as a discretely indexed Gaussian Markov Random Field (GMRF; Rue and
Held, 2005). This combination ensures computational efficiency while
capturing spatio-temporal autocorrelation and dependencies, including
latent variables that capture unobserved factors, making INLA-SPDE
highly suitable for complex problems such as quantifying diver
displacement caused by offshore wind farms (OWFs).

A refined Delaunay spatial mesh (Vilela et al., 2021) was constructed
for the entire survey area with a maximum distance of 5 km between
nodes. The mesh included a buffer zone beyond the prediction area to
avoid boundary effects (Lindgren et al., 2011). Sightings and survey
effort by season were aggregated at the mesh nodes, preserving infor-
mation about the data collection method (HiDef, DAISI, APEM or Visual)
and survey time-period.

For this before-after analysis, data from each time-period (before-
OWF: 2001-2008; after-OWF: 2017-2021) were aggregated by method
and grid node. A spatial model was developed to infer spatial
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distribution changes using a joint-likelihood spatial Gaussian Random
Field (GRF) with a Matérn covariance to describe spatial and temporal
dependencies. The data was fitted using a negative-binomial family
distribution, where the intensity of the observed process was the pri-
mary driver of the posterior probability.

Conventional visual surveys were flown during the before period,
while digital surveys dominated the after period, with a few visual
flights remaining in the southern area during 2017 and 2018. Survey
technique and period are therefore largely, though not entirely, coin-
cident, and the overlap is too limited to estimate a technique effect from
these data. Each observation was instead assigned the detection rate of
the technique that produced it. HiDef was used as the reference, since a
detection rate of 100% has been established for it (Mendel et al., 2018;
Vilela et al., 2021). The remaining rates were taken from Vilela et al.
(2021), who estimated them for this same survey programme using a
year-by-year spatio-temporal model: 0.90 for DAISI, 0.67 for APEM and
0.80, for conventional visual surveys after distance-sampling correction.
For each survey technique, the detection rate entered the model as a
multiplicative offset on the exposure.

2.4. Model validation

The modelling framework used here was previously validated in
Vilela et al. (2021) using the same dataset at an annual resolution. That
work included year-by-year comparisons of observed and predicted
distributions and cross-validation checks, confirming the model's
robustness. As this study applies the same model structure to five-year
periods, it builds on an already tested and reliable approach. Addition-
ally, Vilela et al. (2021; Fig. 2 and Fig. S1) provides an overview of the
spatial distribution of aerial survey effort across years, including both
before and after periods, helping to contextualise data coverage and
spatial consistency over time.

We assessed model adequacy using the deviance information crite-
rion (DIC), the Watanabe-Akaike information criterion (WAIC), and
leave-one-out cross-validation. The latter was used to calculate condi-
tional predictive ordinates and probability integral transform values.
Because the negative binomial response distribution is discrete, the or-
dinary probability integral transform (PIT) is not uniform even when the
model is correctly specified. We therefore used the randomised PIT
described by Czado et al. (2009), repeating the randomisation 20 times
and pooling the resulting diagnostics. The design and results of these
analyses are presented in Appendix A.

2.5. Joint-likelihood model

To assess changes in diver distribution, we implemented a joint-
likelihood model in which observations from the before and after pe-
riods were analyzed simultaneously within a single hierarchical frame-
work. Both datasets contribute to a joint likelihood and share a common
latent spatial process, allowing consistent estimation of the underlying
spatial field across periods.

Spatial differences between periods were estimated from the poste-
rior change field of the joint model rather than by comparing separate
model fits, allowing uncertainty from both periods to propagate into it.
The model also included a separate intercept for each period to account
for differences in overall density level. Separate single-period fits of the
same model structure were used only to produce the period-specific
density surfaces shown in Figs. 4 and 5 and to estimate abundance
within the affected zones.

The detection factors for the conventional visual surveys were fitted
by Vilela et al. (2021) using the mrds package (Laake et al., 2015),
stratified by group size and sea state, and absolute numbers were
derived with MRSea (Scott-Hayward et al., 2013); the corrected counts
from that study are the input to the present analysis. The models pre-
sented here were fitted in R 4.5.2 (R Core Team, 2025) using inlabru
2.13.0 (Bachl et al., 2019) and R-INLA 25.10.19 (Rue et al., 2009), with
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fmesher 0.7.0, sf 1.1-0 and terra 1.8-93 for the spatial operations. The
complete analysis is available as a documented script together with the
input data (see Data availability).

2.6. Wind farm distance effect and diver displacement

Areas with strong evidence of negative change between the before
and after periods, as identified by the joint-likelihood model, were used
to estimate zones affected by OWF development. A location was counted
as affected if the posterior probability of a decrease was at least 0.975,
that is, if the entire 95% credible interval for the estimated change lay
below zero (Fig. 3A).

Wind farms in the same cluster were merged into a single polygon,
and average displacement distances were calculated only for the
northern (West of Sylt and Butendiek) and southern (North of Borkum)
clusters, where well supported declines were detected.

For each cluster, we kept only the adjacent area of decline. We then
used a 1 km grid to calculate the distance from each boundary cell to the
nearest wind farm within the cluster (Fig. 3B). Distances were sum-
marised by their mean and 95% confidence interval, with their distri-
bution shown in Fig. 7.

We also report the mean distance and the affected area for required
probabilities from 0.975 down to 0.50, the latter being the zero contour
of the change field, or the boundary at which a decrease and an increase
are equally probable.

Statistical differences in displacement distances between wind farm
clusters were evaluated using Welch's t-test, and effect sizes were
quantified using Hedge's g. The estimated change in the number of in-
dividuals within each cluster was calculated by integrating the posterior
mean density for each period over the affected zone and subtracting the
after-period from the before-period abundance.

3. Results

The joint-likelihood model returned a DIC of 13,780.5 and a WAIC of
13,831.6. Leave-one-out cross-validation produced valid conditional
predictive ordinates without failure for all 2666 observations. The mean
log conditional predictive ordinate was —2.69 and was higher for the
after period (—2.33) than for the before period (—3.35). The randomised
probability integral transform (PIT) was approximately uniform, indi-
cating good overall model calibration (mean = 0.503, SD = 0.298;
Kolmogorov-Smirnov distance from uniformity of 0.025).

3.1. Diver distribution before offshore wind farm development

During 2001-2008, Gavia spp. distribution in the German Bight
(Fig. 4) was concentrated in the north-eastern part of the study area,
within the SPA (BMU, 2009), where the mean predicted density was 1.9
individuals per km?, and the highest density anywhere in the study area,
8.2 individuals per km?, also felt within it, driven by a strong aggrega-
tion observed during spring 2003 (Vilela et al., 2020). Across the study
area, mean density was 0.5individuals per km?2.

Densities remained consistently under 1.8 individuals per km? in the
area between the North of Helgoland, Nordergriinde and North of Bor-
kum clusters, and it was lowest around the North of Helgoland cluster,
where mean density was 0.2 individuals per km? and no cell exceeded
0.8.

This distribution pattern highlights the variability in diver densities
across the study area prior to the development of offshore wind farms.

3.2. Diver distribution after offshore wind farm development

Meaningful changes in Gavia spp. distribution were observed during
the 2017-2021 period (Fig. 5). The population shifted away from the
northern areas but continued to occupy the SPA, with a mean density of
1.7 individuals per km? and a maximum of 6.5.
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calculated as the mean distance from all points to the nearest OWF.

Densities increased north-east of Helgoland Island, and decreased
close to the windfarm clusters. Together, these changes indicate a
redistribution of divers across the study area following the development
of offshore wind farms.

3.3. Estimated diver displacement effect due to the wind farms

Strong distribution changes were observed between the “before” and
“after” distributions (Fig. 6). Areas of total gain were identified in the
central region of the German Bight, particularly around the North of
Helgoland cluster, in the southern area of the West of Sylt cluster, and on
the cluster North of Borkum.

On the other hand, a well-supported decline was detected in the West
of Sylt, Butendiek and North of Borkum clusters, as well as around the
Riffgat OWF and north of Cluster 6.

3.4. Estimated displacement around wind farms

The average estimated displacement effect was 7.23 km (Clgso, [6.73,
7.73]) for the combined West of Sylt and Butendiek cluster, over an
affected area of 1138 km?, and 6.11 km (Closy, [5.37, 6.84]) for the
North of Borkum cluster, over 874 km?2. The difference in displacement
distances between these two areas (Fig. 7) was statistically significant
(Welch's t = 2.49, p = 0.013) with a small effect size (Hedge's g = 0.26).
These mean distances summarise how far the boundary of the affected
zone lies from the cluster; they are not the radius of a circular buffer, and
the effect does not extend equally far in all directions.

No significant negative impact on population abundance was
observed in the clusters North of Helgoland, and Cluster 6, or in the OWF
Nordergriinde. This interpretation should be viewed with caution for the
OWF Nordergriinde, where no sightings were available in the before
period, resulting in higher uncertainty in the baseline distribution for
that cluster.

It is important to note that the displacement effects in the West of
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Sylt - Butendiek and North of Borkum clusters were highly asymmetric,
and any single value for displacement should be considered a rough
approximation of the overall cluster effect.

Because the affected zone is defined by how much evidence is
required, its extent depends on where that requirement is set (Table 1).
Lowering the required probability from 0.975 to 0.95 raises the northern
estimate from 7.23 to 7.87 km and the southern one from 6.11 to
7.07 km. Below that, the two clusters behave differently. The northern
zone grows smoothly, reaching 13.11 km at the zero contour, although
by then 30% of its boundary lies on the edge of the prediction area
(Fig. 6). The southern zone instead expands abruptly between 0.95 and
0.90: its area more than doubles, the mean distance jumps from 7.07 to
18.44 km, and a third of the boundary moves onto the edge of the
prediction area. At and below 0.90, the southern zone is no longer a
buffer around the cluster but becomes a diffuse region bounded by the
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Fig. 6. Estimated net gain (blues) and loss (reds) in diver density estimated by
the joint-likelihood model between the before OWF development period (2001-
2008) and the after OWF period (2017-2021). Isolines show the posterior
probability of a decrease (solid) and of an increase (dashed) at 0.975, 0.95,
0.90, 0.85. Black lines indicate locations of the OWFs. Diver main concentration
area (BMU, 2009) in thick grey line, and SPA Eastern German Bight in green are
shown as reference.

extent of the survey; distances derived from it can therefore no longer be
interpreted as an effect range.

Integrating the posterior density over the two main areas enclosed by
the 0.975 contour, which cover 1138 km? in the northern cluster and
874 km? in the southern cluster (Fig. 6), it was estimated a decline of
1523 individuals in the northern cluster, from 1994 in the before period
to 471 in the after period, and 295 individuals in the southern cluster,
from 396 to 101. These changes correspond to reductions of 76% and
75% respectively within the affected zones. Because the zones are
defined as areas with strong support for a decline, the percentages
represent the magnitude of the local change rather than a reduction in
regional abundance. Previous studies suggest that total diver abundance
in the German Bight has remained stable over the study period (Vilela
et al., 2020, 2021), indicating that the birds were redistributed within
the region rather than lost from it. As with the displacement distances,
these estimates are lower bounds and increase as the evidential
threshold is relaxed (Table 1).

4. Discussion
4.1. Effects of distance to OWFs on Gavia spp

The northern German North Sea consistently supports the highest
densities of Gavia spp. during spring, (Garthe et al., 2007), making
displacement in this area particularly significant in terms of individuals
affected. Comparing pre-OWF (2001-2008) and post-OWF periods
(2017-2021), while the Main Concentration Area (MCA) in the SPA
remained the highest density zone, but post-construction patterns were
more clustered. Such aggregation may reflect reduced habitat avail-
ability, leading to increased competition for resources within the
remaining high-density areas (Furness et al., 2013; Busch and Garthe,
2016) and increased vulnerability to local environmental changes or
anthropogenic pressures, such as fishing or shipping (Burger et al., 2019;
Mendel et al., 2019). The reduced spatial extent of their distribution
could also undermine population resilience, making it harder for in-
dividuals to relocate when disturbed (Dierschke et al., 2016).

Previous studies have confirmed displacement effects for Gavia spp.
in the German Bight due to OWFs (Mendel et al., 2019; Vilela et al.,
2021), even though overall population numbers have remained stable
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Fig. 7. Violin plot showing the estimated distance effect for each cluster area calculated as the distance between the OWFs boundaries and the boundaries of the
zones with strong evidence of a decrease (north: affected area surrounding the OWF cluster West of Sylt and Butendiek; south: affected area surrounding the North of
Borkum cluster). Each point represents every point of the boundary, valued by its distance to the cluster.

Table 1
Mean effect distance and area of the affected zone as a function of the posterior
probability of a decrease required.

P(decrease) North mean North area South mean South area
(km) (km2) (km) (km2)

0.975 7.23 1138 6.11 874

0.95 7.87 1387 7.07 1062

0.90 8.62 1669 18.44 2459

0.80 9.64 2026 21.67 3516

0.70 10.65 2318 24.20 4250

0.60 11.57 2539 25.80 4866

0.50 (zero 13.11 2811 28.84 5538

contour)

across the 2001-2021 period despite fluctuations (Vilela et al., 2020,
2021). Our results extend these findings by revealing spatially hetero-
geneous and asymmetric patterns around OWF clusters. Displacement
was more pronounced along the E-W axis in the West of Sylt-Butendiek
clusters and along the N-S axis in the North of Borkum cluster, consistent
with Garthe et al. (2023). Such asymmetry may be shaped by environ-
mental gradients, such as currents, wind patterns, or prey availability
(Skov and Prins, 2001; Kleinschmidt et al., 2019) or by OWF-specific
factors including turbine layout and density, and nearby human activ-
ities such as fishing or shipping (Dierschke et al., 2016; Mendel et al.,
2019).

OWFs may also indirectly enhance prey availability by acting as no-
take zones and creating artificial reef habitat, increasing fish abundance,
biomass, and diversity within turbine areas, with possible spillover to
adjacent waters (Bergstrom et al., 2013; van Hal et al., 2017; Degraer
et al., 2018; Coolen et al., 2020; Glarou et al., 2020). While it remains
unclear whether these effects reflect true production or aggregation,
they could help sustain diver populations outside OWFs even as distri-
bution shifts occur. Low pre-construction survey coverage in some
clusters (e.g., North of Helgoland) adds uncertainty to displacement
estimates. Recent advances in spatial modelling, such as Gaussian
random fields, can help integrate sparse baseline data with
post-construction monitoring (Szostek et al., 2024; Grundlehner et al.,
2025). Our approach incorporates before-impact data within the joint
likelihood, enabling a spatio-temporal analysis that accounts for both
baseline and post-construction conditions. Although the before and after
periods span five years each, helping to reduce short-term natural
variability, the before period includes fewer survey years in some areas,
which may limit the ability to fully account for interannual fluctuations.

This limitation is partially mitigated by the model's ability to incorpo-
rate data uncertainty and spatial structure, but results in these areas (e.
g., North of Helgoland, Nordergriinde, Riffgat) should be interpreted
cautiously.

Cross-validation indicates adequate model calibration, with higher
predictive performance during the after-construction phase, consistent
with the more limited baseline coverage described above. The sensitivity
analysis in Appendix A shows in detail the effect of this limitation.
Displacement was detected in every subset of survey seasons that
retained substantial coverage around a wind farm cluster, while the
direction of the change and its location relative to the wind farms
remained stable. However, the estimated extent of the affected zone
generally decreased as survey coverage was reduced. The distances re-
ported here should therefore be interpreted as lower bounds for two
reasons: the evidential threshold used to define the affected zone the
amount of available survey effort.

These findings also highlight the need for individual displacement
assessments for each wind farm during the planning phase to account for
natural population distribution and cumulative effects from neigh-
bouring clusters.

4.2. Limitations of current methods

OWF displacement effect estimates vary depending on study design,
spatial coverage, and assumptions. BACI (Before-After-Control-Impact)
designs are widely used but rely on assumptions often violated in dy-
namic marine systems, such as homogeneous control areas and inde-
pendence of effects (Petersen et al., 2014; Mendel et al., 2019).
Confounding factors, including natural distribution shifts, population
changes, hydrodynamic variability, and cumulative impacts, can bias
BACI-based assessments (Skov and Prins, 2001; Vilela et al., 2021).

Distance-based models mitigate some BACI limitations by examining
density gradients around OWFs (Vilela et al., 2021), but likewise, their
accuracy depends on selecting the appropriate reference area. Ideally,
this area should represent the natural, unaffected density that would
occur in the OWF footprint in its absence. In practice, achieving this can
be challenging: in single-OWF assessments, survey coverage may not
extend far enough, while in regional studies, natural gradients, neigh-
bouring OWFs and other pressures can influence potential reference
areas. This is particularly problematic in highly variable habitats, where
populations can change rapidly and surrounding areas may not be
representative, especially when the OWF is in a particularly suitable
habitat.
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While these challenges are not unique to distance-based models and
can also affect BACI approaches, they highlight the need for careful
reference area selection and cautious interpretation of results consid-
ering potential biases. Other methods, such as first derivative curves
(Mendel et al., 2019) or density comparisons across distance classes
(Heinanen et al., 2020), can overestimate displacement effects if refer-
ence densities come from naturally high-density zones near OWFs, such
as the surroundings of the SPA, where broader-scale shifts in bird pop-
ulation may exaggerate contrasts with impacted zones (Vilela et al.,
2020, 2021). In this study, spatial contrasts are inferred through a
latent spatial field rather than through predefined reference distances,
which reduces sensitivity to naturally high-density areas far from OWFs
when interpreting displacement patterns.

The distribution of Gavia spp. is influenced by dynamic factors such
as hydrodynamic variability, food availability, and human activities,
which are often overlooked in impact studies relying on fixed predictors.
Daily variation in responses to OWFs and ecological gradients compli-
cate displacement modelling (Skov and Prins, 2001; Dorsch et al., 2019).
Gavia spp. may thus exhibit a spatially structured response to OWFs,
balancing avoidance behaviour with the benefits of high-quality habi-
tats. Accounting for these unknowns is essential for more accurate
assessments.

Digital aerial surveys were used almost exclusively during the after
period, so survey method and study period largely overlap in this
analysis. To account for differences in detection among survey methods,
we applied method-specific detection rates estimated for the same sur-
vey programme (Vilela et al., 2021). Separate intercepts for the before
and after periods further capture any study-wide difference, whether it
reflects a regional change in abundance or a uniform residual difference
in detection. The spatial change field therefore contains only local
variation relative to the overall change across the study area and pro-
vides the basis for the reported distance estimates.

4.3. Comparison with other studies

This study applies a spatially explicit joint-likelihood Bayesian hi-
erarchical model based on a Log-Gaussian Cox Process (LGCP) imple-
mented in INLA. By design, this approach integrates spatial
autocorrelation, latent processes and cumulative effects (Underwood,
1994; Osenberg et al., 2006) while removing the need for control
areas, addressing some specific structural assumptions of BACI designs.
This is particularly valuable in dynamic marine systems, where such
assumptions rarely hold (Liebhold and Gurevitch, 2002; Paradinas et al.,
2015). The hierarchical Bayesian framework provides a spatially explicit
estimation of change with coherent uncertainty propagation (Cressie
et al., 2009; Cressie and Wikle, 2011; Pennino et al., 2017).

Compared with approaches that represent spatial patterns only
through explicitly specified predictors, such as standard GAM formula-
tions, the LGCP-INLA framework can also account for residual spatial-
temporal dependence using latent fields.

No explicit environmental predictors were included. The covariates
available at the required resolution, including bathymetry, seabed slope,
distance to coast, substrate and habitat class, were static between pe-
riods and would therefore enter both linear predictors identically.
Including them would redistribute baseline spatial structure between
fixed effects and the latent field without altering the change field, a form
of spatial confounding described by Hodges and Reich (2010).

We therefore adopted a covariate-agnostic formulation. This allows
fine-scale patterns to be estimated without assuming or prespecifying
responses to particular ecological gradients, providing a statistically
robust and versatile tool for ecological studies and impact assessments.
Neither OWF presence nor distance from an OWF was included as a
predictor, so the correspondence between the estimated declines and
OWEF clusters arose from the estimated spatial pattern rather than being
imposed by the model. However, this association does not indicate
causality: any unmeasured driver that changed between periods is
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absorbed into the latent field and cannot be distinguished from the OWF
effect. The resulting patterns are also conditional on the assumed spatial
structure.

The cluster-specific avoidance distances estimated in this study (O -
7.23 km) are lower than BACI-GAM estimates for the German North Sea
(9 - 16 km; Mendel et al., 2019; Heinanen et al., 2020; Garthe et al.,
2023). The displacement distances reported here are conservative
lower-bound estimates, outlining the area within which the entire 95%
credible interval for the change lies below zero and so describe where
the decline is strongly supported rather than how far it reaches. This
differs from Vilela et al. (2020), where displacement was summarised
using posterior mean (median) estimates from a one-dimensional dis-
tance-based analysis. Despite these differences in reporting, the lower
bounds of the 95% credible intervals in the present study are consistent
with the lower credible limits reported in Vilela et al. (2020).

Our results are consistent with Vilela et al. (2020), who observed
high spatial variability and no measurable effects at several wind farms,
supporting the notion of asymmetric effects. This highlights the
method's ability to capture subtle displacement patterns often over-
looked in traditional analyses (Grundlehner et al., 2025). The Bayesian
hierarchical framework further allows incorporation of prior probability
distributions reflecting species behaviour (Blangiardo and Cameletti,
2015) and modelling spatial autocorrelation as a multilevel random
effect. This allows for the inclusion of potential processes and spatially
explicit factors that influence Gavia spp. distributions, resulting in a
robust analysis of displacement effects. It also accounts for multiple
sources of uncertainty in both observed data and underlying species
distribution processes, leading to more reliable inferences and realistic
predictions (Beguin et al., 2012; Pennino et al., 2017).

Using high-quality monitoring data within a standardised method-
ological framework, the LGCP-SPDE joint likelihood approach estimates
continuous spatial patterns directly from the data and propagates un-
certainty throughout. While not intended to replace all existing designs,
it offers a scalable and flexible alternative, especially well-suited for
regional-scale assessments with variable data coverage and where the
underlying spatial structure of the process under study (e.g., species
behaviour) is critical for interpretation. This approach refines our un-
derstanding of ecological impacts and supports the development of
effective, evidence-based conservation and management strategies.

Importantly, it also underscores the value of comparing before and
after data, an approach increasingly at risk in cost-driven monitoring
programmes, particularly when species distributions and planned OWF
developments may be spatially correlated, risking bias in post-hoc
impact assessments without proper baselines. Garthe et al. (2025)
further highlights the ecological risks posed by OWFs near marine pro-
tected areas, showing that such developments can lead to significant
seabird displacement and compromise conservation targets.

Within the INLA-SPDE framework, different modelling choices may
be appropriate for different contexts. For instance, previous studies such
as Vilela et al. (2020) and Szostek et al. (2024) applied a
one-dimensional spatial domain, modelling abundance as a function of
distance to OWFs. While effective for localised avoidance gradients, this
does not account for two-dimensional autocorrelation and may be less
reliable in areas with complex spatial structure or uneven survey
coverage. Nonetheless, such alternative approaches remain valuable
when pre-construction data are scarce or unevenly distributed. The fully
spatial LGCP-SPDE framework used here leverages the full resolution of
aerial survey data, providing a more integrated view of distributional
change.

Similarly, Grundlehner et al. (2025) proposed the EPIC design,
combining a peripheral control area with Bayesian statistics to address
seabird habitat loss around OWFs. This underscores ongoing methodo-
logical innovation and the need to match tools to data structure and
conservation objectives. We emphasise that method selection should be
guided by the specific objectives of the study, the nature and resolution
of available data, and the spatial complexity of the system under
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investigation.

Different analytical strategies represent spatial structure in different
ways. BACI-type approaches summarise observations within predefined
spatial units, offering transparency but potentially increasing sensitivity
to stochastic variation in heterogeneous systems. In contrast, LGCP-
based models represent spatial structure explicitly through a latent
field, allowing complex spatial patterns to emerge while quantifying
uncertainty directly. However, while LGCP-based models offer flexi-
bility and coherent uncertainty propagation, they are computationally
demanding (Blangiardo and Cameletti, 2015), rely on assumptions
about spatial smoothness (Illian et al., 2012), and require careful model
specification, which may reduce transparency and accessibility
compared with simpler approaches (Fuglstad et al., 2019). While
BACI/BAGI designs and LGCP-based models differ conceptually, they
should be viewed as complementary tools, with their relative suitability
depending on the ecological question, spatial complexity, and data
structure.

Taken together, these results demonstrate the value of combining
high-quality, long-term monitoring data with flexible modelling
frameworks to capture the spatially variable effects of OWFs on sensitive
species. Spatially explicit Bayesian approaches can account for complex
spatial responses, incorporate uncertainty, and reveal patterns often
overlooked by conventional methods.

The five additional UK winter studies included in the updated
Table 2 (APEM Ltd, 2015; APEM Ltd, 2021; Burt et al., 2017; Percival,
2013; Percival, 2014) provide important context for seasonal and
geographic variability in displacement. UK winter studies consistently
report shorter displacement distances or primarily within-OWF
displacement (Percival, 2013: within-site only; Percival, 2014: up to
~3 km; APEM Ltd, 2015: within 500 m buffer) compared to German
North Sea Spring estimates (5-12 km), with the notable exception of
London Array where Natural England's interpretation supports
displacement up to ~11.5 km in winter (APEM Ltd, 2021). Burt et al.
(2017) further demonstrate that shipping activity compounds OWF ef-
fects in Liverpool Bay, highlighting cumulative disturbance as an
important context-dependent factor. Overall, these studies confirm that
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displacement distances are highly site- and context-specific, varying
with OWF size, turbine configuration, local oceanography, season, and
survey methodology.

5. Conclusions and areas for future research

This study provides a spatially explicit assessment of long-term
displacement patterns of divers (Gavia spp.) associated with OWF
development in the German North Sea. By combining multiple before
and after years within a joint-likelihood LGCP-INLA framework, the
analysis reduces the influence of strong interannual variability and fo-
cuses on persistent spatial redistribution patterns.

Estimated displacement distances represent conservative, lower-
bound effects, derived only from areas where negative responses are
supported with high posterior probability. While the magnitude and
spatial extent of displacement vary among wind farm clusters, results
consistently indicate avoidance within several kilometres of OWFs, with
effects extending farther in some cases but with increasing uncertainty.

The joint-likelihood approach estimates spatial responses from the
data without prespecifying them, conditional on the assumed spatial
model structure, and provides a robust basis for assessing long-term
spatial effects in complex scenarios. The results are particularly rele-
vant to inform strategic marine spatial planning and cumulative impact
assessments at regional scales.

Future research could incorporate drivers that varied between pe-
riods, including period-averaged oceanographic conditions and prey
distribution. Models could also allow responses to static variables, such
as benthic habitat, to differ between periods, thereby testing whether
habitat associations changed over time. Extending the framework to
multi-species analyses and multi-driver cumulative impact assessments
would further support regional-scale planning for offshore development
and help assess how uncertainty in displacement estimates propagates
into higher-level planning and management decisions.

Table 2
Overview of recent studies investigating displacement of divers in the North Sea showing significant displacement effects observed during the winter and spring
seasons.
Study Time Study area/OWF Spring Winter Data source/Method
frame
Petersen et al. 2005- Horns Rev 2, Denmark 5-6 km — Aerial/BACI
(2014) 2007
2011-
2012
Webb et al. 2004- Lincs, UK 8 km — Aerial/BACI
(2017) 2016
Heindanen et al. 2016 NE German North Sea 5km — Aerial/Density gradient
(2020)
Mendel et al. 2000- NE German North Sea 9 km — Aerial and ship/BACI
(2019) 2013
2015-
2017
Vilela et al. 2001- German North Sea From 5.2 to 7.3 km — Aerial/1D LGCP-INLA
(2020) 2018
Garthe et al. 2000- German North Sea 9-12 km — Aerial and ship/BACI GAMs
(2023) 2017
Percival (2013) 2010- Thanet, UK (Thames — Within OWF only (~27% decline within site; no  Visual aerial/Buffer zones
2013 Estuary) buffer effect)
Percival (2014) 2011- Kentish Flats, UK (Thames  — 95% within OWF; ~3 km Boat counts/Buffer zones
2013 Estuary)
APEM Ltd, 2015 2009- London Array, UK — Within OWF footprint (500 m buffer analysis) Aerial grid/Buffer zones
2014 (Thames Estuary)
APEM Ltd, 2021 2009- London Array, UK — ~11.5 km (Natural England interpretation) Aerial grid/Density modelling
2019 (Thames Estuary)
Burt et al. (2017) 2004- Liverpool Bay SPA, UK — Shipping + OWF effects modelled; no specifickm  Aerial/Distribution modelling
2016 (Irish Sea) threshold reported

Current study 2001- German North Sea 0 - 7.23 km (cluster
2021 dependent)

— Aerial/Before-after Joint-
likelihood LGCP-INLA




R. Vilela et al.
CRediT authorship contribution statement

Raul Vilela: Writing — review & editing, Writing — original draft,
Visualization, Validation, Supervision, Software, Methodology, Formal
analysis, Conceptualization. Claudia Burger: Writing — review & edit-
ing, Writing — original draft, Project administration, Investigation, Data
curation, Conceptualization. Ansgar Diederichs: Writing — review &
editing, Writing - original draft, Project administration, Funding
acquisition, Conceptualization. Lesley Szostek: Writing — review &
editing, Investigation, Data curation, Conceptualization. Anika Freund:
Writing — review & editing, Investigation, Data curation, Conceptuali-
zation. Alexander Braasch: Writing — review & editing, Investigation,
Data curation, Conceptualization. Georg Nehls: Writing — review &
editing, Supervision, Resources, Project administration, Funding
acquisition.

Declaration of generative AI and Al-assisted technologies in the
manuscript preparation process

During the revision of this manuscript, the authors used Claude Opus
5 (Anthropic) to improve the language and readability of the revised
passages, to check the internal consistency of the reported values against
the analysis outputs, and to assist with debugging and documenting the
analysis code. The original manuscript and analysis were developed by
the authors, and all model specifications, analytical decisions and in-
terpretations are their own. The complete code is openly available (see
Data availability). The authors reviewed and edited the output as
needed and take full responsibility for the content of the published
article.

Declaration of competing interests

This study was funded by the Bundesverband der Windenergie
Offshore e.V (BWO). We would like to thank Bundesamt fiir Naturschutz
(BfN) at Vilm, Landesbetrieb fiir Kiistenschutz, Nationalpark und
Meeresschutz Schleswig-Holstein (LKN.SH), and the Forschungs-und
Technologiezentrum Westkiiste (FTZ) which provided additional sur-
vey data for the analysis. This study would not have been possible
without the work of the observers and technicians who collected and
analyzed the data. Special thanks to Jochen Bellebaum, Brian Beckers
and Werner Piper for their contributions during the inception of this
study.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.jenvman.2026.130885.

Data availability

The analysis code and the input data are archived at Zenodo under
DOI 10.5281/zenodo.22117556, and the working repository is at
https://github.com/rvilp/OWF-displacement (code under MIT, data
under CC BY 4.0). Counts are aggregated to the nodes of the spatial
mesh; the 2001-2018 records were first released with Vilela et al.
(2021), and the 2019-2021 records are released here for the first time.

References

Allen, S., Banks, A.N., Caldow, R.W.G., Frayling, T., Kershaw, M., Rowell, H., 2020.
Chapter 29 - developments in understanding of red-throated diver responses to
offshore wind farms in marine special protection areas. In: Humphreys, J., Clark, R.
W.E. (Eds.), Marine Protected Areas. Elsevier, pp. 573-586. https://doi.org/
10.1016/B978-0-08-102698-4.00029-0.

APEM Ltd, 2015. London Array Additional Analysis. London Array Limited, Report
512905. London Array Ltd. January 2015.

APEM Ltd, 2021. Final Ornithological Monitoring Report for London Array Offshore
Windfarm — 2021. APEM Scientific Report. London Array Limited. January 2021.

10

Journal of Environmental Management 417 (2026) 130885

Bachl, F.E., Lindgren, F., Borchers, D.L., Illian, J.B., 2019. Inlabru: an R package for
Bayesian spatial modelling from ecological survey data. Methods Ecol. Evol. 10,
760-766. https://doi.org/10.1111/2041-210X.13168.

Beguin, J., Martino, S., Rue, H., Cumming, S.G., 2012. Hierarchical analysis of spatially
autocorrelated ecological data using integrated nested laplace approximation.
Methods Ecol. Evol. 3 (5), 921-929.

Bellebaum, J., Diederichs, A., Kube, J., Schulz, A., Nehls, G., 2006. Flucht- Und
Meidedistanzen Uberwinternder Seetaucher Und Meeresenten Gegeniiber Schiffen
Auf See, pp. 86-90. Orn. Rundbrief Mecklenburg-Vorpommern 45, Sonderheft 1
(Tagungsband 5. deutsches See-und Kiistenvogelkolloquium).

Bergstrom, L., Sundgqvist, F., Bergstrom, U., 2013. Effects of an offshore wind farm on
temporal and spatial patterns in the demersal fish community. Mar. Ecol. Prog. Ser.
485, 199-210. https://doi.org/10.3354/meps10344.

Blangiardo, M., Cameletti, M., 2015. Spatial and spatio-temporal Bayesian Models with
R-INLA. John Wiley & Sons, Chichester. https://doi.org/10.1002/9781118950203.

BMU, 2009. Positionspapier des Geschaftsbereichs des Bundesumweltministeriums zur
kumulativen Bewertung des Seetaucherhabitatverlusts durch Offshore-Windparks in
der deutschen AWZ der Nord- und Ostsee als Grundlage fiir eine Ubereinkunft des
BfN mit dem BSH. In: Einfithrung Eines Neuen Fachlich Begriindeten
Bewertungsverfahrens. Berlin (DEU).

Brooks, S. (Ed.), 2011. Handbook for Markov Chain Monte Carlo. Taylor & Francis, Boca
Raton. https://doi.org/10.1201/b10905.

BSH, 2007. Standard Konstruktive Ausfithrung von Offshore-Windenergieanlagen. In:
Bundesamt Fiir Seeschifffahrt Und Hydrographie, p. 48. Hamburg. http://www.bsh.
de/de/Produkte/Buecher/Standard/7005.pdf.

BSH, 2013. Standard: investigation of the impacts of offshore wind turbines on the
marine environment (StUK4). Retrieved from. https://www.bsh.de/DE/PUBLIKATI
ONEN/_Anlagen/Downloads/Offshore/Standards/Standard-Investigation-impacts-
offshore-wind-turbines-marine-environment_en.pdf.

Burger, C., Schubert, A., Heinénen, S., Dorsch, M., Kleinschmidt, B., Zydelis, R.,
Morkiinas, J., Quillfeldt, P., Nehls, G., 2019. A novel approach for assessing effects
on distributions and movements of seabirds in relation to shipping traffic. J. Environ.
Manag. 251, 109511. https://doi.org/10.1016/j.jenvman.2019.109511.

Burt, M.L., Borchers, D.L., Jenkins, K.J., Marques, T.A., 2014. Using mark-recapture
distance sampling methods on line transect surveys. Methods Ecol. Evol. 5,
1180-1191. https://doi.org/10.1111/2041-210X.12294.

Burt, M.L., Mackenzie, M.L., Bradbury, G., Darke, J., 2017. Investigating effects of
shipping on common scoter and red-throated diver distributions in Liverpool Bay
SPA. CREEM Technical Report. University of St Andrews and WWT, Report to
Natural England.

Busch, M., 2015. Kurzbeschreibung Der Methodenstandards Von APEM
Digitalflugerfassungen. APEM Ltd.

Busch, M., Garthe, S., 2016. Approaching population thresholds in presence of
uncertainty: assessing displacement of seabirds from offshore wind farms. Environ.
Impact Assess. Rev. 56, 31-42. https://doi.org/10.1016/j.eiar.2015.08.007.

Coolen, J.W., Van Der Weide, B., Cuperus, J., Blomberg, M., Van Moorsel, G.W.,
Faasse, M.A., Bos, O.G., Degraer, S., Lindeboom, H.J., 2020. Benthic biodiversity on
old platforms, young wind farms, and rocky reefs. ICES (Int. Counc. Explor. Sea) J.
Mar. Sci. 77 (3), 1250-1265. https://doi.org/10.1093/icesjms/fsy092.

Coppack, T., Weidauer, A., Kemper, G., 2015. Erfassung von Seevogel-und
Meeressdugerbestdnden mittels georeferenzierter Digitalfotografie. AGIT Journal 1,
358-367. https://doi.org/10.14627/537557050.

Cressie, N., Calder, C.A., Clark, J.S., Hoef, J.M.V., Wikle, C.K., 2009. Accounting for
uncertainty in ecological analysis: the strengths and limitations of hierarchical
statistical modeling. Ecol. Appl. 19 (3), 553-570.

Cressie, N., Wikle, C.K., 2011. Statistics for spatio-temporal Data. John Wiley & Sons.

Czado, C., Gneiting, T., Held, L., 2009. Predictive model assessment for count data.
Biometrics 65 (4), 1254-1261.

Degraer, S., Brabant, R., Rumes, B., Vigin, L. (Eds.), 2018. Environmental Impacts of
Offshore Wind Farms in the Belgian Part of the North Sea: Assessing and Managing
Effect Spheres of Influence. Memoirs on the Marine Environment. Royal Belgian
Institute of Natural Sciences, OD Natural Environment, Marine Ecology and
Management, Brussels, p. 136. ISBN 978-9-0732-4242-5.

Dierschke, V., Furness, R.W., Garthe, S., 2016. Seabirds and offshore wind farms in
European waters: avoidance and attraction. Biol. Conserv. 202, 59-68. https://doi.
org/10.1016/j.biocon.2016.08.016.

Dorsch, M., Burger, C., Heinanen, S., Kleinschmidt, B., Morkunas, J., Nehls, G.,
Quillfeldt, P., Schubert, A., Zydelis, R., 2019. DIVER — german tracking study of
seabirds in areas of planned offshore wind farms at the example of divers. Final
report on the joint project DIVER. FKZ 0325747 A/B, Funded by the Federal Ministry
of Economics and Energy (BMWi) Within the Framework of the 6th Energy Research
Programme of the German Federal Government.

Fuglstad, G.A., Simpson, D., Lindgren, F., Rue, H., 2019. Constructing priors that
penalize the complexity of Gaussian random fields. J. Am. Stat. Assoc. 114, 445-452.
https://doi.org/10.1080/01621459.2018.1498872.

Furness, R.W., Wade, H.M., Masden, E.A., 2013. Assessing vulnerability of marine bird
populations to offshore wind farms. J. Environ. Manag. 119, 56-66. https://doi.org/
10.1016/j.jenvman.2013.01.025.

Garthe, S., Miiller, S., Schwemmer, H., Schwemmer, P., 2015. Verbreitung,
Jahresdynamik und Bestandsentwicklung der Seetaucher Gavia spec. in der
Deutschen Bucht (Nordsee). Vogelwarte 53, 121-138.

Garthe, S., Schwemmer, H., Mercker, M., Dierschke, V., Markones, N., Peschko, V.,
Schwemmer, P., Krause, J.C., 2025. Wind farms in proximity to marine protected
areas put conservation targets at risk. J. Nat. Conserv. 84, 126805. https://doi.org/
10.1016/j.jnc.2024.126805.


https://doi.org/10.1016/j.jenvman.2026.130885
https://doi.org/10.1016/j.jenvman.2026.130885
https://github.com/rvilp/OWF-displacement
https://doi.org/10.1016/B978-0-08-102698-4.00029-0
https://doi.org/10.1016/B978-0-08-102698-4.00029-0
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref2
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref2
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref3
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref3
https://doi.org/10.1111/2041-210X.13168
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref5
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref5
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref5
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref6
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref6
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref6
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref6
https://doi.org/10.3354/meps10344
https://doi.org/10.1002/9781118950203
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref9
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref9
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref9
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref9
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref9
https://doi.org/10.1201/b10905
http://www.bsh.de/de/Produkte/Buecher/Standard/7005.pdf
http://www.bsh.de/de/Produkte/Buecher/Standard/7005.pdf
https://www.bsh.de/DE/PUBLIKATIONEN/_Anlagen/Downloads/Offshore/Standards/Standard-Investigation-impacts-offshore-wind-turbines-marine-environment_en.pdf
https://www.bsh.de/DE/PUBLIKATIONEN/_Anlagen/Downloads/Offshore/Standards/Standard-Investigation-impacts-offshore-wind-turbines-marine-environment_en.pdf
https://www.bsh.de/DE/PUBLIKATIONEN/_Anlagen/Downloads/Offshore/Standards/Standard-Investigation-impacts-offshore-wind-turbines-marine-environment_en.pdf
https://doi.org/10.1016/j.jenvman.2019.109511
https://doi.org/10.1111/2041-210X.12294
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref15
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref15
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref15
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref15
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref16
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref16
https://doi.org/10.1016/j.eiar.2015.08.007
https://doi.org/10.1093/icesjms/fsy092
https://doi.org/10.14627/537557050
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref20
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref20
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref20
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref21
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref22
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref22
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref23
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref23
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref23
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref23
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref23
https://doi.org/10.1016/j.biocon.2016.08.016
https://doi.org/10.1016/j.biocon.2016.08.016
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref25
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref25
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref25
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref25
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref25
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref25
https://doi.org/10.1080/01621459.2018.1498872
https://doi.org/10.1016/j.jenvman.2013.01.025
https://doi.org/10.1016/j.jenvman.2013.01.025
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref28
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref28
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref28
https://doi.org/10.1016/j.jnc.2024.126805
https://doi.org/10.1016/j.jnc.2024.126805

R. Vilela et al.

Garthe, S., Schwemmer, H., Peschko, V., Markones, N., Miiller, S., Schwemmer, P.,
Mercker, M., 2023. Large-scale effects of offshore wind farms on seabirds of high
conservation concern. Sci. Rep. 13 (1), 4779. https://doi.org/10.1038/541598-023-
31601-z.

Garthe, S., Sonntag, N., Schwemmer, P., Dierschke, V., 2007. Estimation of seabird
numbers in the German North Sea throughout the annual cycle and their
biogeographic importance. Vogelwelt 128, 163-178.

Glarou, M., Zrust, M., Svendsen, J.C., 2020. Using artificial-reef knowledge to enhance
the ecological function of offshore wind turbine foundations: implications for fish
abundance and diversity. J. Mar. Sci. Eng. 8 (5), 332. https://doi.org/10.3390/
jmse8050332.

Grundlehner, A., Leopold, M.F., Kersten, A., 2025. This is EPIC: extensive Periphery for
impact and control to study seabird habitat loss in and around offshore wind farms
combining a peripheral control area and Bayesian statistics. Ecol. Inform. 85.
https://doi.org/10.1016/j.ecoinf.2024.102981.

Heininen, S., Zydelis, R., Kleinschmidt, B., Dorsch, M., Burger, C., Morkinas, J.,
Quillfeldt, P., Nehls, Heinénen, S., Zydelis, R., Kleinschmidt, B., Dorsch, M.,
Burger, C., Morkiinas, J., Quillfeldt, P., Nehls, G., 2020. Satellite telemetry and
digital aerial surveys show strong displacement of red-throated divers (Gavia
stellata) from offshore wind farms. Mar. Environ. Res. 160, 104989. https://doi.org/
10.1016/j.marenvres.2020.104989.

Hobbs, N.T., Hooten, M.B., 2015. Bayesian Models: a Statistical Primer for Ecologists.
Princeton University Press.

Hodges, J.S., Reich, B.J., 2010. Adding spatially-correlated errors can mess up the fixed
effect you love. Am. Statistician 64 (4), 325-334.

Illian, J.B., Sgrbye, S.H., Rue, H., 2012. A toolbox for fitting complex spatial point
process models using INLA. Ann. Appl. Stat. 6, 1499-1530. https://doi.org/
10.1214/11-A0AS530.

Kleinschmidt, B., Burger, C., Dorsch, M., Nehls, G., Heinénen, S., Morkunas, J.,
Zydelis, R., Moorhouse-Gann, R.J., Hipperson, H., Symondson, W.0.C., Quillfeldt, P.,
2019. The diet of red-throated divers (Gavia stellata) overwintering in the German
Bight (North Sea) analysed using molecular diagnostics. Mar. Biol. 166, 77. https://
doi.org/10.1007/500227-019-3523-3.

Laake, J., Borchers, D., Thomas, L., Miller, D., Bishop, J., 2015. Mrds: Mark-recapture
distance sampling. R package version 2, 14.

Liebhold, A.M., Gurevitch, J., 2002. Integrating the statistical analysis of spatial data in
ecology. Ecography 25 (5), 553-557. https://doi.org/10.1034/j.1600-
0587.2002.250505.x.

Lindgren, F., Rue, H., Lindstrom, J., 2011. An explicit link between Gaussian fields and
Gaussian Markov random fields: the stochastic partial differential equation
approach: link between Gaussian fields and Gaussian Markov Random Fields. J. Roy.
Stat. Soc. B 73, 423-498. https://doi.org/10.1111/j.1467-9868.2011.00777 .x.

Martino, S., Rue, H., 2008. Implementing Approximate Bayesian Inference Using
Integrated Nested Laplace Approximation: a Manual for the INLA Program.
Norwegian University of Science and Technology, Trondheim (NOR) (Technical
Report).

Mendel, B., Kotzerka, J., Sommerfeld, J., Schwemmer, H., Sonntag, N., Garthe, S., 2014.
Effects of the alpha ventus offshore test site on distribution patterns, behaviour and
flight heights of seabirds. In: Ecological Research at the Offshore Windfarm Alpha
Ventus . Challanges, Results and Perspectives. Springer Fachmedien, Wiesbaden
(DEU), pp. 95-110. https://doi.org/10.1007/978-3-658-02462-8 11.

Mendel, B., Peschko, V., Kubetzki, U., Weiel, S., Garthe, S., 2018. Untersuchungen zu
moglichen Auswirkungen der Offshore-Windparks im Windcluster nérdlich von
Helgoland auf Seevogel und Meeressauger (HELBIRD) (Schlussbericht). In:
Forschungs- Und Technologiezentrum Westkiiste, Christian-Albrechts-Universitit Zu
Kiel, Biisum (DEU).

Mendel, B., Schwemmer, P., Peschko, V., Miiller, S., Schwemmer, H., Mercker, M.,
Garthe, S., 2019. Operational offshore wind farms and associated ship traffic cause
profound changes in distribution patterns of Loons (Gavia spp.). J. Environ. Manag.
231, 429-438. https://doi.org/10.1016/j.jenvman.2018.10.053.

Mendel, B., Sonntag, N., Wahl, J., Schwemmer, P., Dries, H., Guse, N., Miiller, S.,
Garthe, S., 2008. Artensteckbriefe von See- und Wasservogeln der deutschen Nord-
und Ostsee: Verbreitung, Okologie und Empfindlichkeiten gegeniiber Eingriffen in
ihrem marinen Lebensraum. Naturschutz und Biologische Vielfalt 59, Bundesamt fiir
Naturschutz, Bonn-Bad Godesberg (DEU), ISBN 978-3-7843-3959-7, p. 437.

Osenberg, C.W., Bolker, B.M., White, J.S.S., St Mary, C.M., Shima, J.S., 2006. Statistical
issues and study design in ecological restorations: lessons learned from marine
reserves. Foundations of restoration ecology 280.

Paradinas, I., Conesa, D., Pennino, M.G., Munoz, F., Fernandez, A.M., Lopez-Quilez, A.,
Bellido, J.M., 2015. Bayesian spatio-temporal approach to identifying fish nurseries
by validating persistence areas. Mar. Ecol. Prog. Ser. 528, 245-255. https://doi.org/
10.3354/meps11281.

Pennino, M.G., Vilela, R., Bellido, J.M., Mendoza, M., 2017. Comparing methodological
approaches to model occurrence patterns of marine species. In: Norton, K. (Ed.),

11

1 M

Journal of Enviro 417 (2026) 130885

15

Research Advances in Marine Resources. Nova Publisher, pp. 3-43. ISBN: 978-1-
53612-177-3.

Percival, S., 2013. Thanet Offshore Wind Farm. Ornithological Monitoring 2012-13 Final
Report. Ecology Consulting, Durham. Report to Thanet Offshore Wind Ltd.

Percival, S., 2014. Kentish Flats Offshore Wind Farm: Diver Surveys 2011-12 and 2012-
13. Vattenfall Ecology Consulting, Durham (UK).

Peschko, V., Schwemmer, H., Mercker, M., Markones, N., Borkenhagen, K., Garthe, S.,
2024. Cumulative effects of offshore wind farms on common guillemots (Uria aalge)
in the southern North Sea-climate versus biodiversity? Biodivers. Conserv. 33 (3),
949-970.

Petersen, 1.K., Nielsen, R.D., Mackenzie, M.L., 2014. Post-Construction Evaluation of Bird
Abundances and Distributions in the Horns Rev 2 Offshore Wind Farm Area, 2011
and 2012. Aarhus University, DCE — Danish Centre for Environment and Energy.

R Core Team, 2025. R: a Language and Environment for Statistical Computing. R
Foundation for Statistical Computing. R Foundation for Statistical Computing,
Vienna (AUT).

Robert, C.P., Casella, G., 2010. Monte Carlo statistical methods, 2. In: Softcover Reprint
of the Hardcover 2. Springer texts in statistics. Springer, New York, NY, 2004.

Rue, H., Held, L., 2005. Gaussian Markov Random Fields: Theory and Applications,
Monographs on Statistics and Applied Probability. Chapman & Hall/CRC, Boca
Raton.

Rue, H., Martino, S., Chopin, N., 2009. Approximate bayesian inference for latent
Gaussian models by using integrated nested Laplace approximations. J. Roy. Stat.
Soc. B 71, 319-392. http://www.jstor.org/stable/40247579.

Scott-Hayward, L., Oedekoven, C., Mackenzie, M., Rexstad, E., 2013. Using the MRSea
package. Statistical Modelling of Bird and Cetacean Distributions in Offshore
Renewables Development Areas (No. (SB9 (CR/2012/05)). University of St.
Andrews. ST. Andrews (GBR).

Skov, H., Prins, E., 2001. Impact of estuarine fronts on the dispersal of piscivorous birds
in the German Bight. Mar. Ecol. Prog. Ser. 214, 279-287. https://doi.org/10.3354/
meps214279.

Szostek, L., Vilela, R., Bauch, C., burger, C., Diederichs, A., Freund, A., Braasch, A., 2024.
Auks in the German North Sea: effects of offshore wind farms: effects of offshore
wind farms. A study into Common Guillemot (Uria aalgae) and Razorbill (Alca
Torda) distribution based on aerial and ship survey data in the German North Sea,
p. 75. https://bwo-offshorewind.de/wp-content/uploads/2024,/11,/202411_ BWO_St
udie_Trottellumme final-1.pdf.

Underwood, A.J., 1994. Spatial and temporal problems with monitoring. The rivers
handbook, hydrological and ecological principles 2, 101-123.

Van Hal, R., Griffioen, A.B., van Keeken, O.A., 2017. Changes in fish communities on a
small spatial scale, an effect of increased habitat complexity by an offshore wind
farm. Mar. Environ. Res. 126, 26-36. https://doi.org/10.1016/j.
marenvres.2017.01.009.

Vilela, R., Burger, C., Diederichs, A., Bachl, F.E., Szostek, L., Freund, A., Braasch, A.,
Bellebaum, J., Beckers, B., Piper, W., Nehls, G., 2021. Use of an INLA latent gaussian
modeling approach to assess bird population changes due to the development of
offshore wind farms. Front. Mar. Sci. 8, 701332. https://doi.org/10.3389/
fmars.2021.701332.

Vilela, R., Burger, C., Diederichs, A., Nehls, G., Bachl, F., Szostek, L., Freund, A.,
Braasch, A., Bellebaum, J., Beckers, B., Piper, W., 2020. Divers (Gavia spp.) in the
German North Sea: changes in abundance and effects of offshore wind farms: A
Study into Diver Abundance and Distribution Based on Aerial Survey Data in the
German North Sea. https://www.bioconsult-sh.de/fileadmin/user_upload/Publikati
onen/2020/studie-divers-gavia-spp-in-the-german-north-sea-changes-in-abundanc
e-and-effects-of-offshore-wind-farms-engl-dt-zusammenfass.pdf. (Accessed 11
February 2026).

Webb, A., Irwin, C., Mackenzie, M., Scott-Hayward, L., Caneco, B., Donovan, C., 2017.
Lincs Wind Farm: Third Annual Post-construction Aerial Ornithological Monitoring
Report. HiDef Aerial Surveying Limited for Centrica Renewable Energy Limited.
Unpublished report. (No. CREL LN-E-EV-013-0006-400013-007).

Webb, A., Nehls, G., 2019. Surveying seabirds. Wildlife and Wind Farms, Conflicts and
Solutions. Offshore: Monitoring and Mitigation 4, 60-95.

WeiB, F., Biittger, H., Baer, J., Welcker, J., Nehls, G., 2016. Erfassung von Seevogeln und
Meeressaugetieren mit dem HiDef Kamerasystem aus der Luft. Seevogel 37, 14-21.

Welcker, J., Nehls, G., 2016. Displacement of seabirds by an offshore wind farm in the
North Sea. Mar. Ecol. Prog. Ser. 554, 173-182. https://doi.org/10.3354/
meps11812.

WindSeeG, 2016. Windenergie-auf-See-Gesetz (WindSeeG), p. 2258. https://www.geset
ze-im-internet.de/windseeg/BJNR231000016.html. (Accessed 5 September 2026)
[Offshore Wind Energy Act] of 13 October 2016, BGBI. I 2310, as last amended by
Article 6 of the Act of 29 March 2026, BGBI. 2026 I No. 84. Federal Republic of
Germany. Available at: accessed.


https://doi.org/10.1038/s41598-023-31601-z
https://doi.org/10.1038/s41598-023-31601-z
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref31
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref31
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref31
https://doi.org/10.3390/jmse8050332
https://doi.org/10.3390/jmse8050332
https://doi.org/10.1016/j.ecoinf.2024.102981
https://doi.org/10.1016/j.marenvres.2020.104989
https://doi.org/10.1016/j.marenvres.2020.104989
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref35
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref35
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref36
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref36
https://doi.org/10.1214/11-AOAS530
https://doi.org/10.1214/11-AOAS530
https://doi.org/10.1007/s00227-019-3523-3
https://doi.org/10.1007/s00227-019-3523-3
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref39
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref39
https://doi.org/10.1034/j.1600-0587.2002.250505.x
https://doi.org/10.1034/j.1600-0587.2002.250505.x
https://doi.org/10.1111/j.1467-9868.2011.00777.x
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref42
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref42
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref42
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref42
https://doi.org/10.1007/978-3-658-02462-8_11
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref44
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref44
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref44
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref44
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref44
https://doi.org/10.1016/j.jenvman.2018.10.053
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref46
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref46
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref46
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref46
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref46
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref47
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref47
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref47
https://doi.org/10.3354/meps11281
https://doi.org/10.3354/meps11281
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref49
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref49
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref49
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref49
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref50
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref50
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref51
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref51
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref52
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref52
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref52
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref52
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref53
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref53
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref53
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref54
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref54
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref54
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref55
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref55
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref56
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref56
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref56
http://www.jstor.org/stable/40247579
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref58
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref58
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref58
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref58
https://doi.org/10.3354/meps214279
https://doi.org/10.3354/meps214279
https://bwo-offshorewind.de/wp-content/uploads/2024/11/202411_BWO_Studie_Trottellumme_final-1.pdf
https://bwo-offshorewind.de/wp-content/uploads/2024/11/202411_BWO_Studie_Trottellumme_final-1.pdf
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref61
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref61
https://doi.org/10.1016/j.marenvres.2017.01.009
https://doi.org/10.1016/j.marenvres.2017.01.009
https://doi.org/10.3389/fmars.2021.701332
https://doi.org/10.3389/fmars.2021.701332
https://www.bioconsult-sh.de/fileadmin/user_upload/Publikationen/2020/studie-divers-gavia-spp-in-the-german-north-sea-changes-in-abundance-and-effects-of-offshore-wind-farms-engl-dt-zusammenfass.pdf
https://www.bioconsult-sh.de/fileadmin/user_upload/Publikationen/2020/studie-divers-gavia-spp-in-the-german-north-sea-changes-in-abundance-and-effects-of-offshore-wind-farms-engl-dt-zusammenfass.pdf
https://www.bioconsult-sh.de/fileadmin/user_upload/Publikationen/2020/studie-divers-gavia-spp-in-the-german-north-sea-changes-in-abundance-and-effects-of-offshore-wind-farms-engl-dt-zusammenfass.pdf
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref65
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref65
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref65
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref65
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref66
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref66
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref67
http://refhub.elsevier.com/S0301-4797(26)02345-5/sref67
https://doi.org/10.3354/meps11812
https://doi.org/10.3354/meps11812
https://www.gesetze-im-internet.de/windseeg/BJNR231000016.html
https://www.gesetze-im-internet.de/windseeg/BJNR231000016.html

	Spatial redistribution of divers in response to offshore wind farms: A joint-likelihood Bayesian approach to assess seabird ...
	1 Introduction
	2 Methods
	2.1 Study area and time frame
	2.2 Species identification
	2.3 Data collection methods
	2.4 Model validation
	2.5 Joint-likelihood model
	2.6 Wind farm distance effect and diver displacement

	3 Results
	3.1 Diver distribution before offshore wind farm development
	3.2 Diver distribution after offshore wind farm development
	3.3 Estimated diver displacement effect due to the wind farms
	3.4 Estimated displacement around wind farms

	4 Discussion
	4.1 Effects of distance to OWFs on Gavia spp
	4.2 Limitations of current methods
	4.3 Comparison with other studies

	5 Conclusions and areas for future research
	CRediT authorship contribution statement
	Declaration of generative AI and AI-assisted technologies in the manuscript preparation process
	Declaration of competing interests
	Appendix A Supplementary data
	Data availability
	References


