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a b s t r a c t
There are currently no offshore wind energy developments (OWEDs) in North America, although numerous OWEDs have been proposed along the Atlantic Coast. Development pressure has been a catalyst for
marine spatial planning (MSP) to identify suitable areas for OWED. However, integrating complex ecological information to guide OWED siting remains a substantial challenge. We developed spatial distribution
models of marine birds from aerial surveys that we conducted from 2010 to 2012 throughout a 3800 km2
area off the coast of Rhode Island. For seven groups of marine birds, we constructed either a density surface model or a presence–absence model that incorporated relevant environmental covariates. We integrated our spatial models, along with uncertainty, using spatial conservation prioritization (SCP)
software. This identiﬁed sites with high marine bird conservation priority that aided evaluation of proposed OWED sites. We found that shallow nearshore waters had the highest conservation priority overall,
but we also detected key offshore areas of high priority. Hypothetical OWEDs placed in conservation priority areas signiﬁcantly reduced the overall distribution of focal species. Currently proposed OWED sites
are located in areas of relatively low conservation priority and so would not substantially reduce the
overall distribution of marine birds. This SCP approach when combined with quantitative models of bird
distribution given relevant environmental covariates provides a robust framework that satisﬁes the principles of ecosystem-based MSP. Thus, this combined SCP-distribution modeling framework should be
extremely helpful to decision makers as they evaluate proposed siting locations of OWEDs in the context
of a dynamic marine system.
Ó 2013 Elsevier Ltd. All rights reserved.

1. Introduction
There is increasing interest in the ecological consequences of
offshore wind energy development (OWED), particularly on marine birds (Langston, 2013). This is in part due to the substantial increase in the number of OWEDs in Europe, where energy
production has increased from 5 MW in 1993 to 4995 MW in
2012 (EWEA, 2013), and the consequent potential cumulative
impacts on marine ecosystems. In North America, no OWEDs have
been constructed, although there are several projects in the
planning stages on the Atlantic continental shelf (US Department
of Energy, 2011). Due to the potential for large-scale OWED in
the eastern United States, several states have developed marine
spatial plans (MSPs) including Massachusetts (Massachusetts Final
Ocean Plan, 2009), North Carolina (Street et al., 2005) and Rhode
Island (Rhode Island Ocean Special Area Management Plan,
2010). Recently, ecosystem-based MSPs have been proposed as a
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more rigorous framework (Foley et al., 2010) to ensure the ocean’s
ecological resources are protected in the face of future development by maintaining: (i) native species and diversity, (ii) habitat
diversity and heterogeneity, (iii) populations of key species, and
(iv) connectivity. Few examples exist that have integrated complex
ecological information to evaluate various siting and development
proposals for both marine and terrestrial spatial planning, therefore this rigorous approach remains a signiﬁcant challenge
(Polasky et al., 2008).
Marine birds include a diverse assemblage of key species from a
variety of foraging guilds that may be negatively affected by largescale OWEDs as a result of: (i) direct mortality from collision with
turbine blades, (ii) turbines acting as barriers to migratory or daily
movements that increase overall energy expenditure of individuals
(barrier effect), or (iii) turbines displacing birds from important
foraging and resting areas within the footprint of the development
(Desholm and Kahlert, 2005; Petersen et al., 2006; Larsen and
Guillemette, 2007; Masden et al., 2009; Langston, 2013). However,
potential impacts on marine bird populations are still not thoroughly understood as interactions between OWEDs and marine
birds have only been studied for a limited number of species at a
few sites over the past decade. Current empirical evidence suggests
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that collision and barrier effects are minimal for marine birds and
likely do not result in negative impacts to marine bird populations
(Desholm and Kahlert, 2005; Masden et al., 2012). Yet, there is
considerable uncertainty regarding the effects of displacement of
marine birds from OWEDs. Some monitoring studies documented
decreased densities of marine birds following OWED construction
(Petersen et al., 2011), whereas other studies found some species
habituate to the structures over time and return to pre-construction densities (Leonhard et al., 2013). In contrast, other studies
have not found any changes in the density of some species of marine bird after the construction of OWEDs (Petersen et al., 2006;
Vanermen et al., 2012). One primary issue with most OWED evaluation studies is that recent power analyses have revealed critical
weaknesses in the current approaches used to evaluate displacement, with many studies not having adequate statistical power
to detect changes even when declines are in excess of 50%
(Maclean et al., 2013). In addition, investigators often develop
statistical models that ignore important factors such as spatial
autocorrelation and environmental conditions at the time of survey, which can impact the conclusions from displacement studies
(Pérez Lapenã et al., 2010, 2011, 2012).
One approach to minimize the potential effects of OWEDs displacing marine birds under such uncertainty is an ‘‘impact avoidance approach’’ (Moilanen, 2012), which suggests a precautionary
approach by siting OWEDs outside of conservation priority areas
until the direct and indirect effects of OWEDs on marine birds,
and marine bird population demographics are better understood.
This is a reﬁnement of the approach that Bright et al. (2008)
undertook to map avian sensitivities to onshore wind facilities
in Scotland to guide conservation planning. To our knowledge,
no previous studies have integrated such an impact avoidance
approach with an ecosystem-based MSP to evaluate proposed
OWED scenarios while explicitly considering conservation
priorities.
Species distribution models (SDMs) based on systematically
collected survey data can provide robust estimates of the spatial
distribution of animals, including marine birds (Clarke et al.,
2003; Certain et al., 2007; Nur et al., 2011; Oppel et al., 2012;
Winiarski et al., 2013) and thus could be used to inform biologists
and regulators about important areas for marine birds. As a modelbased approach, SDMs can incorporate environmental covariates to
determine the relationships of biotic and abiotic variables to species’ distributions (Miller et al., 2013). Occupancy or abundance
can then be predicted from these models across the surveyed region to create maps that highlight important areas to the species
or taxa in question. However, the number of species’ distribution
maps (and associated model uncertainty maps) that need to be reviewed to decide where to locate or evaluate a proposed OWED can
quickly become complex and overwhelming, thus making it difﬁcult to identify areas of conservation priority without a robust integrated approach.
Here we model distributions of marine birds off the coast of
southern New England using two SDM approaches: density surface
modeling (DSM; Miller et al., 2013) and presence–absence modeling (PAM; Guisan and Thuller, 2005). DSMs and PAMs were used to
predict the distribution of marine birds across the Rhode Island
Ocean Special Area Management Plan (RI OSAMP, 2010). We then
integrated these predictions (and associated model uncertainties)
using spatial conservation prioritization (SCP) software (Zonation;
Moilanen et al., 2005) to identify sites with high conservation priority to marine birds to satisfy the requirements of ecosystembased MSP. This approach has been applied to the development
and evaluation of marine protected areas (Leathwick et al., 2008;
Delavenne et al., 2012; Oppel et al., 2012), but to our knowledge
has not been used to guide siting decisions of OWEDs to minimize
risk to marine animals, including marine birds.

2. Methods
2.1. Study area
We conducted surveys in the Rhode Island OSAMP study area,
which encompassed approximately 3800 km2 in Rhode Island
Sound, Block Island Sound, and portions of the Inner Continental
Shelf, an area currently designated for a large-scale OWED
(Fig. 1; Winiarski et al., 2012). Mean water depth in the study area
is 34.9 m ± 9.9 (SD), with approximately 8% of the area <20 m deep
and 86% between 20 and 50 m deep.
2.2. Aerial-based line transect surveys
We used aerial line-transects (Camphuysen et al., 2004; Winiarski
et al., 2013) to survey marine birds throughout our study area. We
conducted 41 aerial surveys from 20 October 2010 to 22 July 2012.
All aerial surveys occurred from 0900 to 1500 h to ensure that
birds had completed their post-dawn movements, but had not
yet begun their pre-sunset movements from feeding to roosting
areas. We conducted surveys along 24 transect lines oriented
perpendicular to the coast that were spaced 3 km apart, with an
average transect length of 46.3 km ± 12.3 km (SD) (min = 7.8 km,
max = 58.0 km) (Fig. 1; top left panel). Locations of the 24 transects
were determined using the survey design tool in program Distance
6.1 (Thomas et al., 2010) which randomly offset a grid of transect
lines over the study area. Transects terminated approximately
1 km from the coast, as the plane was required by the Federal Aviation Administration (FAA) regulations to increase ﬂight altitude to
over 305 m elevation over land. Each transect was surveyed once
per month, with every third transect surveyed during each ﬂight
to ensure that transects throughout the study area were surveyed
each ﬂight. We conducted all aerial surveys from a twin-engine
Cessna Skymaster aircraft that ﬂew at an altitude of 76 m above
mean sea level at a constant speed of 160 km/h when wind speed
was less than 35 km/h or waves were <1.2 m tall. Two observers on
each survey ﬂight were located in seats behind the pilot and copilot (one on each side of the plane) and each observer recorded
all birds observed on their side of the plane within three
distance bins out to 1000 m (A = 44–163 m, B = 164–432 m and
C = 433–1000 m; note observers could not see beneath the plane
from 0 to 44 m). A clinometer was used to mark set angles with
black tape on the aircraft’s wing struts delineating the three distance bins. Observers used their unaided eyes to detect individuals
or ﬂocks, identifying species when possible or to an avian guild
(e.g., alcid species) when necessary. Birds were recorded as either
on the water or in ﬂight. Observers recorded sightings to the nearest second on a digital voice recorder. Each observer had a digital
stopwatch that was synchronized with a global positioning system
(GPS; Garmin model No. 496) which recorded the aircraft’s
position every 2 s. Due to the orientation of the transect lines
and the position of the sun, glare affected observers on sunny days
on some transect lines when surveying from north to south. If glare
compromised the detection of birds on one side of the plane, that
observer went ‘‘off’’ survey.
2.3. Environmental variables
Explanatory variables in the SDMs included available abiotic
and biotic factors that are known determinants of marine bird distributions based on previous marine bird research (Tremblay et al.,
2009; Wakeﬁeld et al., 2009; Oppel et al., 2012; Winiarski et al.,
2013). We included six abiotic explanatory variables: latitude (y)
and longitude (x; both transformed into meters from the center
of the region of interest 41.17°N and 71.34°W), distance to nearest
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Fig. 1. Top row left to right: the twenty-four-aerial transects surveyed from 20 October 2010 to 22 July 2012 overlaid on a map of the study area; spatial distribution of water
depth; spatial distribution of sediment grain size; spatial distribution of bottom roughness. Bottom row left to right: spatial distributions of the geometric mean of
chlorophyll a for fall, spring, summer and winter (2010–2011 and 2011–2012 combined) during the period when surveys were conducted.

land (distancelandkm; Fig. 1), water depth (depthm; NOAA, 2013a),
sediment median grain size (phimedian; NOAA, 2013b) and bottom
roughness (roughness; LaFrance et al., 2010). We also included the
seasonal geometric mean of surface chlorophyll a, which is a
known proxy for primary productivity, calculated using the chlorophyll a surface concentration over a 10-year period (2002–2012)
from the Aqua MODIS satellite (NOAA, 2013c). For species modeled
in the summer; we included the geometric means of summer and
spring chlorophyll (gchl_summer, gchl_spring) and for species most
abundant in winter we included the geometric means of winter
and fall chlorophyll (gchl_winter, gchl_fall).
2.4. Spatial distribution modeling
During aerial surveys, we were able to accurately and consistently identify three bird species: common loon (Gavia immer)
common eider (Somateria mollissima) and northern gannet (Morus
bassanus). Other species were more difﬁcult to identify to species,
so we categorized these species into the following taxonomic
groups: alcids (razorbill [Alca torda], common murre [Uria aalge],
and dovekie [Alle alle]), terns (common [Sterna hirundo], roseate
[Sterna dougallii], and least [Sternula antillarum]), scoters (black
[Melanitta americana] surf [Melanitta perspicillata], and whitewinged [Melanitta fusca]), and storm-petrels (Wilson’s [Oceanites
oceanicus] and Leach’s [Oceanodroma leucorhoa]). For each species
distribution model, or species group distribution model, we developed models for the season in which they were most abundant
(Table 1). Alcids, common eiders, northern gannets, scoters and
common loons were more abundant in winter and storm-petrels
and terns were most abundant in summer (Table 1, Winiarski

et al., 2012). For each species or group, we ﬁrst attempted to ﬁt a
DSM; however, for common eiders and scoters, this was not possible due to small numbers of observations with a heavy skew in
ﬂock size (see Section 3.1 for further explanation). When ﬁtting a
DSM was not possible, we modeled binary presence or absence.
2.4.1. Density surface modeling
Constructing DSMs was a two-step approach (Hedley and Buckland, 2004; Miller et al., 2013). First, abundances were estimated
from line transect data using distance sampling methods (Buckland et al., 2001). Second, a generalized additive model (GAM;
e.g., Wood, 2006) was ﬁtted to those abundances with explanatory
variables provided by spatially referenced environmental covariates. Abundances were calculated per segment: transects were split
into contiguous sections (segments) within which there was not a
large change in density or environmental covariate values. Here
each segment was 2270 m long and 1912 m wide.
2.4.1.1. Controlling for imperfect detection. Rather than assume that
detectability was certain, observers recorded distance to each individual or ﬂock. Distance sampling methodology (Buckland et al.,
2001, 2004) can then be used to adjust the counts to take into account changes in detectability due to distance from the observer
(and possible other covariates, see below). Modeling took the form
of ﬁtting a detection function which describes the drop-off in
detectability with increasing observation distance from the plane,
assuming that detection was certain at zero distance (in our case
bin A = 44–163 m). Analyses were performed in the Distance package (Miller, 2012) for R (R Development Core Team, 2012). Both
half-normal and hazard-rate detection functions were ﬁtted to

Table 1
Model results for the seven species or species groups including the season modeled, best selected model with smooth terms (as selected by the procedure outlined in Section 2.4),
deviance explained, number of survey segments in the model and model type (density surface model (DSM) or presence–absence model (PAM)). The selected model column
indicates whether a term has been included as a smooth function (with s()) and the associated effective degrees of freedom (this is the number after the covariate name(s) which
indicates the complexity of the smooth function). Model selection details are given in Appendix A.
Species or group

Season modeled

Selected model

Deviance explained (%)

Number of segments

Model type

Alcids
Common eider
Northern gannet
Common loon
Storm-petrels
Scoters
Terns

Winter
Winter
Winter
Winter
Summer
Winter
Summer

s(gchl_winter, 1.53) + s(distancelandkm, 2.38) + s(gchl_fall, 2.97)
depthm + s(x, y, 3.94)
s(depthm, k = 5.9) + s(x, y, 12.2)
s(gchl_long, 3.6) + depthm + s(y, 2.53)
depthm + s(y, 4.03)
s(depthm, 2.49) + s(x, y, k = 6.10)
s(depthm, 3.27) + x + y

6.67
37.87
48.32
35.87
11.18
26.78
35.81

2067
2067
1179
2019
1836
2067
1836

DSM
PAM
DSM
DSM
DSM
PAM
DSM
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the line transect data and covariates (group size and observer identity) were available for inclusion in the detection function. AIC was
then used to select between candidate detection functions. Note
that no adjustment for imperfect detection was made when a presence/absence model was used.
Having ﬁtted a detection function, the probability of detection
^j for a given segment j could be estimated (Buckland et al.,
p
2001) by integrating the detection function over the observation
window (44–1000 m) and dividing through by this interval (the
truncation distance, 956 m). crj are possible covariates (in addition
to distance) affecting detectability of a given species. If covariates
^j may be considered
were included in the detection function then p
a function of those covariates. In the analysis presented here, the
group size as a covariate as we believed that this might affect
the detectability of a group. Again, AIC was used to select whether
covariates should be included.
Note that ﬁtting a detection function will only adjust the counts
to account for effects of distance and other observed covariates on
detectability; it is possible that there are other reasons that the
counts in a given segment are incorrect. One potential source of
bias is that smaller birds are much more difﬁcult to observe (especially when ﬂock size is small). Since we cannot quantify the relative difference in detectability for smaller birds (since we do not
observe them), we interpret with caution the abundance estimates
for these more difﬁcult to detect bird species.
2.4.1.2. Density surface models. Estimated marine bird abundance
was modeled per species or species group in a given segment, j,
as a sum of smooth functions of the k explanatory variables (zjk)
using a generalized additive model (GAM) with the general
formulation:

^j exp
E½nj  ¼ aj p

bþ

!
K
X
where nj
fk ðzjk Þ
k¼1

 Negative BinomialðhÞ;
where aj is an offset (the area of the segment, taking into account
one/two-sided transects), b is an intercept parameter and fk are
smooth functions involving the K explanatory variables (see Section 2.4.3, below). The h parameter of the negative binomial distribution was estimated during model ﬁtting (Appendix A).
2.4.2. Presence/absence models
If it was not possible to ﬁt a DSM to a particular marine bird
species or species group’s data (see below), we modeled probability of presence (occupancy) instead. The model took a similar form
to the DSM, above, but observations were categorized as 1 (presence; i.e., nj > 0) or 0 (absence; i.e., nj > 0) with the response (probability of presence, Pj) modeled as binomial. The corresponding
GAM had the following form:

^ j  ¼ log it1 b þ
E½l

!
K
X
^ j Þ;
where Pj  Binomialð1; l
fk ðzjk Þ
k¼1

where b is an intercept and fk are smooths of the K explanatory
variables.
2.4.3. Smooth terms
The smooth terms (the fks) were modeled using thin plate
regression splines (Wood, 2003). Since the smooth terms were
penalized, only the maximum basis size needed to be set and further wigglyness was suppressed by optimizing smoothing parameters that control the inﬂuence of a penalty term. Smoothing
parameter selection was performed via REstricted Maximum Likelihood (REML; Wood, 2011). Both DSMs and PAMs were ﬁtted

using the dsm package (Miller, 2013) for R (R Development Core
Team, 2012).
For each species or species group, univariate smooths of all
covariates and a bivariate smooth of spatial location were included
in the ‘‘base’’ model. Covariate selection then proceeded via two
mechanisms: (i) an extra penalty for each smooth which allowed
smooth terms to be completely removed from the model during
ﬁtting (Wood, 2011) and (ii) (approximate) p-values to select
which smooth terms were signiﬁcant (Wood, 2006).
2.4.4. Prediction and variance estimation
Once a spatial model was selected, species or species group
abundance was predicted over a grid of 920 predictive cells that
encompassed the ﬂight transects and the sea between transects
with the study area boundaries (each cell was 2 km2; our ‘‘landscape’’). Environmental covariate data were available for each prediction cell. The variance of abundance in each grid cell and the
overall abundance estimate were obtained by the variance propagation method of Williams et al. (2011) when DSMs were used and
no covariates were included in the detection function. This method
incorporated uncertainty from the estimation of the detection
function parameters as well as from the GAM by including an additional term in the model representing the uncertainty in the probability of detection (see also Miller et al. (2013), Appendix B).
When there were covariates in the detection function, uncertainty
from the GAM and detection function were combined using the
delta method (Seber, 1982). For the PAMs, we used standard
GAM conﬁdence intervals (Wood, 2006). The coefﬁcient of variation was then calculated for each prediction grid cell in the study
area using the predicted abundance and the standard error for
the given cell.
2.5. Identiﬁcation of marine bird conservation priority areas
To identify potentially important marine bird conservation
priority areas in our study area, we used the spatial conservation
prioritization software Zonation (v. 3.1.0; Moilanen et al., 2005;
Lehtomäki and Moilanen, 2013). Zonation is a quantitative methodology to identify important areas for multiple species while
simultaneously maintaining connectivity between sites. The algorithm prioritizes the landscape by ranking all grid cells using a
hierarchical process. First, the grid cells with the lowest biodiversity rank are removed from the landscape, while minimizing the
marginal loss of overall biodiversity rank (Moilanen et al., 2005).
Then the biodiversity rank for each remaining cell is recalculated,
accounting for how much of the cumulative distribution remains
for each species, before removing the cell with the next lowest
diversity rank from the landscape. At each stage, losses are minimized and the remaining biodiversity rank is maximized.
Recording the order of cell removal from the landscape produces
a ranking of conservation priority from the least important (ﬁrst
cell removed from the landscape) to the most important (the last
cell remaining on the landscape). We used the ‘‘core area’’ prioritization deﬁnition of marginal loss in Zonation, which prioritized
the inclusion of high-quality locations for all species’ layers without boundary quality penalties, and used a boundary length penalty of 0.1 to retain larger areas on the landscape instead of
smaller isolated areas (Moilanen et al., 2005; Moilanen, 2007).
Uncertainty in our SDMs was incorporated by subtracting an
uncertainty surface, thus emphasizing areas of higher SDM certainty. We used coefﬁcient of variation of each SDM prediction
estimate to build our uncertainty surface and used the default
Zonation uncertainty preset (uncertainty parameter alpha = 1).
Further mathematical details regarding Zonation and the Zonation workﬂow are presented by Moilanen et al. (2005), Moilanen
(2007) and Lehtomäki and Moilanen (2013). The main output
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from Zonation consists of a conservation priority-ranked map of
the study area, representing the ranking of all cells across the
landscape and species’ performance curves which show the
proportion of distribution remaining on the landscape as cells
are removed during the prioritization process. Note that the proportion of distribution remaining at 0.90 of the landscape lost
represents how much of that species or species’ group overall distribution is included in those areas ranked in highest 10% for
marine bird conservation priority in the study area.

2.6. Evaluating hypothetical OWEDs sited in marine bird conservation
priority areas
To evaluate a worst-case scenario of the potential impact of
OWEDs on seabirds, we assumed 100% displacement of marine
birds away from turbines for this section of the analysis. Available
empirical evidence suggests that long-term displacement from
OWEDs varies by species of seabirds and may often be <100%
(Leonhard et al., 2013). After our initial marine bird SCP, we performed two SCPs, each SCP with a hypothetical OWED in a high
ranking marine bird conservation priority area. This included one
SCP with a 70 km2 development area sited west of Block Island
and one SCP with a 70 km2 development area sited east of Long Island, NY. The hypothetical OWEDs were the ﬁrst areas removed
during the SCP process (in our initial SCP lowest ranked biodiversity cells were the ﬁrst cells removed from the landscape), which
allowed us to evaluate species’ performance curves based on the
speciﬁc siting location of the hypothetical development. If hypothetical OWEDs were sited in an area that contained a signiﬁcant
proportion of a species’ distribution, then we would expect the
performance curve to have an initial sharp decrease due to the initial removal of the hypothetical development area (each ca. 0.04 of
the total study area).

2.7. Evaluating currently designated OWED areas
Currently, two different areas are designated for OWED in
our study area including a relatively small wind development
(i.e., 5 turbines, 30 MW) off of the coast of Block Island, Rhode
Island in state waters (referred to as the ‘‘Block Island Renewable Energy Zone’’) and a much larger area of federal lease
blocks between Block Island and Martha’s Vineyard, Massachusetts, which were recently auctioned by the federal Bureau of
Ocean Energy Management to an offshore wind energy developer (potentially up to 200 turbines, 1000 MW, referred to as
the ‘‘Area of Mutual Interest’’ between these two states; see
Fig. 3 top left panel). Again, if these two OWED areas were sited in an area on the landscape that contained a signiﬁcant
proportion of a species’ distribution, then we would expect
the performance curve to have an initial sharp decrease in distribution remaining due to the initial removal of the designated
OWED areas (each ca. 0.20 of the total study area). We also ran
an additional SCP applying a weighting value to each individual
species or species’ groups based on a species concern index
value (see Furness et al. (2013)) that was a function of a given
species’ or species’ group disturbance and/or displacement
sensitivity and conservation status. Based on Furness et al.
(2013), common loon had the highest displacement sensitivity
weighting (27), followed by scoters (24), common eider (16),
alcids (14), terns (9), northern gannet (2) and storm-petrels
(2). Note these values presented in Furness et al. (2013) are
based on the results of OWED monitoring in European waters
as well as basic ecological knowledge of the species in question,
as no OWEDs currently exist in US waters.
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3. Results
3.1. Marine bird species distribution models
We were able to develop DSMs for common loon, northern gannet, terns, alcids, and storm-petrels. We were unable to adequately
ﬁt DSMs for common eider and scoters because the abundance of
these two species were characteristically clumped with most areas
having no birds and a few areas with large ﬂocks. Therefore, we
constructed PAMs for common eider and scoters and DSMs for
the other species or species groups (Table 1). DSMs and PAMs typically included water depth in the ﬁnal model, and most species or
species groups had higher abundances or higher probabilities of
occurrence in nearshore waters, particularly common loon, common eider, scoters and terns (Fig. 2; top panels and Table 1). Alcids,
northern gannet and storm-petrels were widespread across the
study area, with alcids more abundant southwest of Block Island
and in the eastern portion of the study area, northern gannets
slightly more abundant offshore in those waters southwest of Long
Island, NY, and storm-petrels more abundant in deeper offshore
waters (Fig. 2; top row). Again, water depth was an important driver of the distribution of these species and species groups (Table 1).
Model uncertainty was highest in areas closest to shore and furthest from shore, which can be attributed to lower sampling effort
in those portions of the study area (Fig. 2; bottom row).
3.2. Spatial conservation prioritization of marine bird SDMs
3.2.1. Marine bird conservation priority areas
Marine bird conservation priority ranking was highest in the
western portion of our study area in nearshore, shallow waters
southwest of Block Island, east and southeast of Long Island, and
the south west coast of mainland RI, but was also high in an offshore area in which water depths were signiﬁcantly deeper than
surrounding offshore areas (diagonal line east of Block Island)
and in some areas furthest from shore in the western portion of
our study area (Fig. 3a, left side). Lowest ranked conservation priority areas included mainly offshore areas in the eastern portion of
the study area, where marine bird densities and presence were
predicted to be relatively low for our 7 guilds (Fig. 3a). Proposed
OWED areas had highest conservation priority ranking in the
southern section of the AMI area and Block Island Renewable Energy Zone and lowest conservation priority ranking in the northern
section of the AMI area (Fig. 3a).
Performance curve shape for individual species or species’
groups in this initial base prioritization was driven by their distribution across the study area (Fig. 3a, right side). Species or species
groups that were widespread or distributed farther offshore in our
study area (storm-petrels, common loons, alcids and northern gannets) lost a higher proportion of their overall distribution as cells
were removed from the landscape (Fig. 3a). This differed from
those species or species’ groups that tended to have a more limited
distribution that was restricted to nearshore habitats including
scoters, common eider and terns – these species lost a much lower
proportion of their overall distribution as cells were removed from
the landscape (Fig. 3a). Species such as scoters, common eider and
alcids that occurred at highest densities or had the highest probability of presence in nearshore waters or in those waters southwest
of Block Island and east of Long Island where the conservation
priority ranking was highest lost less of their distribution even
when 0.90 of the landscape was removed (Fig. 3a, right panel).
3.2.2. Effects of hypothetical OWEDs on marine bird SCP
If OWEDs were placed in waters west of Block Island or east of
Long Island, then the spatial pattern of the marine bird
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Fig. 2. Density surface models or presence–absence models of marine bird species or species groups (see Table 1 for type of model) observed during aerial surveys off the
coast of Rhode Island. Top panels are predictive plots with the darker colors indicating higher predicted abundance or probability of presence. Bottom panels are model
uncertainty (coefﬁcient of variation) for the predicted surface with darker colors indicating greater model uncertainty.

conservation priority rankings was very similar to that from our
initial prioritization (Fig. 3b and c, left side), although the individual species or species’ group performance curves differed from our
initial SCP and depended on siting location on the landscape
(Fig. 3b and c, right side). These two hypothetical OWEDs had
the greatest negative effect on the performance curves of those
species or species’ groups that were distributed nearshore
(Fig. 3b and c). Placing the hypothetical OWED east of Long Island
had a dramatic effect on the performance curve of scoters, as this
area had the highest probability of presence for scoters (Fig. 3b).
This effect was minimal when the hypothetical OWED was placed
just west or north of Block Island, where the probability of scoter
presence was lower (Fig. 3c).
3.2.3. Effects of current OWED designated areas on marine bird SCP
The Block Island Renewable Energy Zone and the Area of Mutual
Interest were both located in areas of relatively low conservation
priority based on our SCP, although portions of the southern section of the Area of Mutual Interest did have a relatively high conservation priority ranking (Fig. 3d). When we removed these two
proposed OWED areas ﬁrst during the SCP, conservation priority
ranking was very similar to the ranking found with the initial
SCP (Fig. 3d, left side). Individual species or species’ group performance curves exhibited few differences between the SCP with the
current OWED designated areas removed during the SCP and our
initial SCP (Fig. 3a and d, right side). However, there were some
exceptions. For storm-petrels, when 0.20 of the landscape was removed, 0.74 of their distribution remained, which represented a
0.10 decrease compared with our initial SCP (Fig. 3a and d). In contrast, common loon and northern gannet had an increase in the
proportion of their distributions remaining (0.04 and 0.02, respectively) when 0.20 of the landscape was removed compared with
our initial SCP (Fig. 3a and d).
3.2.4. Effects of current OWED designated areas on marine bird SCP
when weighting species vulnerability to OWED
When we removed the two currently designated OWED areas
(Block Island Renewable Energy Zone and the Area of Mutual Interest) ﬁrst from the SCP and included a weighting for each individual
species or species group based on displacement sensitivity and
conservation status (Furness et al., 2013), there was higher conservation priority ranking of areas in shallower waters, nearer the
shore and lower conservation priority ranking of areas in offshore
waters than compared with the initial SCP (Fig. 3a and e, left side).
Areas with high conservation priority ranking increased around
Block Island (especially southwest of Block Island), east of Long
Island and south of the Rhode Island coastline, while cells with
low conservation priority ranking increased in the western portion

of the study area furthest from shore and in the deeper waters
southeast of Block Island (Fig. 3e).
Removal of the two proposed OWEDs and including no weighting for species or species groups did not substantially change the
distribution of species or species groups relative to the initial prioritization (Fig. 3a and d, left side), whereas including the weightings for individual species or species group substantially
affected the performance curve shape of certain species or species
groups (Fig. 3a and e, right side). For example, common loon, alcids
and terns had an increase in the proportion of their distributions
remaining (0.17, 0.14 and 0.11, respectively) with 0.80 of the landscape removed (with a species weighting), compared to the prioritization with no species weighting (Fig. 3d and e). Storm-petrels
and northern gannet had a decrease in the proportion of their distributions remaining (0.08 and 0.16, respectively) with 0.80 of the
landscape removed (with a species weighting), compared to the
prioritization with no species weighting (Fig. 3d and e). Scoters
and common eider showed no change in their remaining distributions when 0.80 of the landscape was removed (Fig. 3d and e).
4. Discussion
We developed SDMs for seven species or species’ groups of marine birds common to our study area and used SCP software to identify areas of marine bird conservation priority based on overall
marine bird biodiversity. We then evaluated how placement of
hypothetical OWEDs in conservation priority areas changed conservation priority ranking and individual species or species’ group
performance curves. We found that currently proposed OWEDs
areas follow an ‘‘impact avoidance approach’’ (Moilanen, 2012) in
that they are in areas of relatively low ranking conservation priority, and these areas rank even lower when marine bird taxa are
weighted based on their sensitivity to displacement by OWED.
Our analyses were limited to marine birds, but such a SCP approach facilitates the integration of ecological information across
taxa and trophic levels (Ballard et al., 2012), thus allowing the principles of ecosystem-based marine spatial planning to be met.
4.1. Marine bird conservation priority areas
The use of Zonation to conduct the SCP allowed us to (a) integrate our SDMs (DSMs, PAMs) of marine birds and the associated
model uncertainty into the site assessment process, (b) identify
conservation priority areas in our study area, and then (c) use this
information to quantitatively assess how the location of OWEDs affects marine birds. SCP of marine birds (or other taxa) across the
landscape requires robust models of the distribution species or
taxa of interest. In our example, we used DSMs to estimate distribution and abundance for several species or species groups of
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Fig. 3. Marine bird conservation prioritization maps (left panels) and associated marine bird performance curves (right panels) that were generated using Zonation software
(Moilanen, 2012). Five different prioritizations include: (a) initial base prioritization with our 7 modeled marine bird taxa, (b and c) initial prioritization but with two different
hypothetical OWEDs (light rectangles) removed from the landscape (each OWED was ca. 4% of the overall study area), (d) initial prioritization but with currently designated
OWED areas (polygons with black borders) removed (ca. 20% of the overall study area) and (e) same as (d) but with a displacement sensitivity weightings given to each
marine bird taxa from Furness et al. (2013). Darker cells on prioritization maps represent higher ranked areas of conservation priority. Performance curves that stay relatively
ﬂat with increasing loss of landscape represent species that are restricted to a small number of highly ranked areas, whereas those performance curves that linearly decrease
with increasing loss of landscape represent species that tend to be uniformly distributed or distributed further offshore in lower ranking areas. Note that in (b and c) the
performance curves that show a sharp decrease in proportion of distribution remaining suggest the hypothetical OWEDs occur in areas of highly ranked conservation priority
for the species or species group (e.g., scoters). Note that in (d) no performance curves exhibit a sharp decrease with the initial removal of the currently designated OWED areas
from the landscape. Note that in (e) the weighting of species or species’ groups based on displacement sensitivity results in a prioritization with higher ranking of nearshore
areas, as offshore areas are now removed earlier from the landscape as they have a lower biodiversity value and that performance curve shape differs from (d) based on the
displacement sensitivity weightings.
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marine birds, and occupancy-based models (i.e., PAMs) for others.
Most species or species’ groups had highest densities in nearshore
waters, although storm-petrels and northern gannet were found in
highest densities in offshore waters. Similar spatial patterns of
marine birds were found in the nearshore and offshore areas of
the New York Bight (Kinlan et al., 2012).
Not surprisingly, SCP of our SDMs ranked the highest conservation priority areas as those nearshore waters off of Rhode Island’s
mainland coast and those waters southwest of Block Island, RI
and east of Long Island, NY. These areas have been previously
shown to be important for marine birds based on satellite telemetry and other surveys (Loring et al., in press; Winiarski et al., 2013).
These waters are strongly inﬂuenced by signiﬁcant freshwater input from the Connecticut River and have high tidal velocities, both
of which likely attract a high diversity and density of prey eaten by
marine birds (Mau et al., 2007; Codiga and Ullman, 2010). Our SPCs
were limited to marine birds, although they are broadly relevant
because marine bird distributions overlap with those of other top
marine predators (Le Corre and Jaquemet, 2005; Ainley et al.,
2009; Ballard et al., 2012) and the diet of marine birds encompasses a wide range of lower trophic level marine organisms (Litzow et al., 2000; Ainley et al., 2009).
4.2. Improved siting of OWEDs
Spatial conservation prioritization combined with quantitative
SDMs provides a user friendly decision support tool and a robust
framework for integrating ecological information about many taxa
into the OWED siting process, and the means to emphasize the
importance of single species that are of conservation concern
(i.e., threatened or endangered). Development or evaluation of
marine protected areas has previously used marine bird SDMs
and a spatial conservation prioritization approach (Oppel et al.,
2012; Ballard et al., 2012), but to our knowledge has not been used
to compare competing OWED siting options. Siting of large-scale
OWEDs could potentially become more streamlined if conﬂicts
over siting decisions are reduced by involving stakeholders in a
transparent SCP process and if OWEDs are proposed in areas of
low conservation priority ranking. We showed how placement of
OWEDs in areas of high conservation priority ranking resulted in
a sharp initial decrease in the performance curves for particular
marine bird species or species’ groups and that minor adjustments
in the location of OWEDs can be evaluated and can have remarkably different effects on marine birds.
If currently proposed OWEDs are constructed in our study area,
then our analyses suggest that the species or species groups of
marine birds we were able to model will not be substantially affected. For example, when the proposed OWED locations were removed from the landscape this did not result in large decreases in
the performance curves. This result occurred because the currently
proposed OWED areas are not in areas of high ranking conservation
priority for marine birds (although, portions of the southern
section of the Area of Mutual Interest did have a relatively high
conservation priority ranking). Weighting of marine birds in the
SCP based on their displacement sensitivity and conservation priority from Furness et al. (2013) increased the conservation priority
ranking of nearshore waters. However, further development of displacement sensitivity weightings (Furness et al., 2013) are needed
because they are currently based on relatively few OWED monitoring studies in Europe that were all conducted in relatively shallow
waters. Increased monitoring of European OWEDs and future monitoring of OWEDs in US waters will lead to more accurate estimates
of displacement sensitivity for species or species’ groups of marine
birds. It is possible that OWED will actually create habitat for some
marine bird species (we assume in our study that development
leads to a complete loss of habitat) and it has recently been found

that some marine bird species may habituate to the offshore wind
energy development after a few years of being displaced from the
developed footprint (Leonhard et al., 2013). SCP maps could also be
used to determine maintenance and construction routes for ships,
which have also been shown to displace marine birds (Schwemmer
et al., 2011). It is important to emphasize that some areas will always be ranked as having low conservation priority because the
ranking is relative to the biodiversity values of the overall study
area. Therefore, it is important for regulators to balance the importance of models for guiding conservation planning with other
available information. These low ranking areas may still be potentially important for certain species. For example, some offshore
waters in our study area were ranked low conservation priority,
but these sites had relatively high predicted abundances of
storm-petrels.
4.3. Advantages and disadvantages of SCP
SCP software packages, such as Zonation, have previously been
used to make real-world conservation decisions in terrestrial, riverine, marine and urban environments (Kremen et al., 2008; Leathwick et al., 2008; Lehtomäki et al., 2009; Leathwick et al., 2010;
Bekessy et al., 2012; Delavenne et al., 2012). We chose to use Zonation because it does not require individual conservation targets to
be deﬁned a priori for each biodiversity feature of interest and it allows for a combination of different types of SDMs (Moilanen et al.,
2005; Kukkala and Moilanen, 2013; Lehtomäki and Moilanen,
2013) which in our case was essential given the diversity of marine
birds. SCP is transparent for stakeholders and has a strong scientiﬁc
basis. Software such as Zonation can also prioritize very large high
resolution datasets (e.g., as it has been applied to areas with
30 million effective grid cell sizes; Kukkala and Moilanen, 2013),
which is important for large-scale spatial planning. Zonation can
also incorporate information about connectivity in the environment, which could be particularly important for central place foragers, such as colonial-nesting birds during the breeding season. In
our case, we assumed that marine birds could easily move across
the different habitats in our study area (Arponen et al., 2012;
Kukkala and Moilanen, 2013).
There are, of course, limitations and potential shortcomings to
SCP software. As with any sophisticated software package, practitioners must develop a conceptual understanding of the analysis
and the software that takes time. Well-designed aerial surveys
for marine birds and the development of the SDMs is time intensive and expensive, and requires skilled biologists who can accurately conduct the surveys and who have expertise in conducting
and knowledge of spatial statistics. Poor input models or taxonomically limited models will lead to SCPs that are inaccurate and
potentially meaningless (Lehtomäki and Moilanen, 2013). Building
reliable input models is difﬁcult due to the highly dynamic nature
of the marine environment, and this inevitably leads to spatial
models that often have low predictive power (Oppel et al., 2012;
Winiarski et al., in press). Improving the predictive power of DSMs
is a complicated matter: maintaining generality in the model and
avoiding overﬁtting to outlying data is essential. Bias incurred from
incomplete detection can be accounted for using distance sampling
methods, although improving the quality of the observational data
is most important and recent advances in high-speed, digital imaging are promising if the costs are reduced (Buckland et al., 2012).
Replication of survey effort makes it possible to evaluate whether
patterns are ‘‘one offs’’ or reﬂect the true distribution of birds in the
area over time. In general, long-term multi-year surveys of marine
birds are needed so that spatial distribution models incorporate inter-annual variability, and so provide the foundation for more
accurate conservation planning in the context of a dynamic marine
system.

K.J. Winiarski et al. / Biological Conservation 169 (2014) 79–88

Acknowledgments
We wish to thank the following people for their assistance with
various aspects of the project. For help collecting survey data, we
thank observers John Veale J and Ellen Jedrey. Joe Chronic and
Dan McGowan of New England Specialized Aviation Services, Inc.
piloted the Cessna Skymaster aircraft and we thank them for their
professionalism and for making safety their number one priority.
We also thank Jay Osenkowski, Deputy Chief of Wildlife for the
Rhode Island Department of Environmental Management, for providing ﬁnancial support to Kristopher J. Winiarski and David L.
Miller during the ﬁnal stages of manuscript preparation. This research was funded by grants from the US Department of Energy,
the American Recovery and Reinvestment Act, and the State of
Rhode Island.
Appendix A. Supplementary material
Supplementary data associated with this article can be found,
in the online version, at http://dx.doi.org/10.1016/j.biocon.2013.
11.004.
References
Ainley, D.G., Dugger, K.D., Ford, R.G., Pierce, S.D., Reese, D.C., Brodeur, R.D., Tynan,
C.T., Barth, J.A., 2009. Association of predators and prey at frontal features in the
California current: competition, facilitation, and co-occurrence. Mar. Ecol. Prog.
Ser. 389, 271–294.
Arponen, A., Lehtomäki, J., Leppanen, J., Tomppo, E., Moilanen, A., 2012. Effects of
connectivity and spatial resolution of analyses on conservation prioritization
across large extents. Conserv. Biol. 26, 294–304.
Ballard, G., Jongsomjit, D., Veloz, S.D., Ainley, D.G., 2012. Coexistence of
mesopredators in an intact polar ocean ecosystem: the basis for deﬁning a
Ross Sea marine protected area. Biol. Conserv. 156, 72–82.
Bekessy, S.A., White, M., Gordon, A., Moilanen, A., McCarthy, M.A., Wintle, B.A.,
2012. Transparent planning for biodiversity and development in the urban
fringe. Landscape Urban Plan. 108, 140–149.
Bright, J., Langston, R., Bullman, R., Evans, R., Gardner, S., Pearce-Higgins, J., 2008.
Map of bird sensitivities to wind projects in Scotland: a tool to aid planning and
conservation. Biol. Conserv. 141, 2342–2356.
Buckland, S.T., Anderson, D.R., Burnham, K.P., Laake, J.L., Borchers, D.L., Thomas, L.,
2001. Introduction to Distance Sampling: Estimating Abundance of Biological
Populations. Oxford University Press, London.
Buckland, S.T., Anderson, D.R., Burnham, K.P., Laake, J.L., Borchers, D.L., Thomas, L.,
2004. Advanced Distance Sampling. Oxford University Press, London.
Buckland, S.T., Burt, M.L., Rexstad, E.A., Mellor, M., Williams, A.E., Woodward, R.,
2012. Aerial surveys of seabirds: the advent of digital methods. J. Appl. Ecol. 49,
960–967.
Camphuysen, C.J., Fox, A.D., Leopold, M., Petersen, I.K., 2004. Towards standardized
seabirds at sea census techniques in connection with environmental impact
assessments for offshore wind farms. In: UK COWRIE 1 Report. Royal
Netherlands Institute for Sea Research, Texel, Netherlands.
Certain, G., Bellier, E., Planque, B., Bretagnolle, V., 2007. Characterising the temporal
variability of the spatial distribution of animals: an application to seabirds at
sea. Ecography 30, 695–708.
Clarke, E.D., Spear, L.B., Mccracken, M.L., Marques, F.F.C., Borchers, D.L., Buckland,
S.T., Ainley, D.G., 2003. Validating the use of generalized additive models and atsea surveys to estimate size and temporal trends of seabird populations. J. Appl.
Ecol. 40, 278–292.
Codiga, D.L., Ullman, D.S., 2010. Characterizing the physical oceanography of coastal
waters off Rhode Island, Part 1: literature review, available observations, and a
representative model simulation. Appendix to Rhode Island Ocean Special Area
Management Plan, Narragansett, Rhode Island.
Delavenne, J., Metcalfe, K., Smith, R.J., Vaz, S., Martin, C.S., Dupuis, L., Coppin, F.,
Carpentier, A., 2012. Systematic conservation planning in the eastern English
Channel: comparing the Marxan and Zonation decision-support tools. ICES J.
Mar. Sci. 69, 75–83.
Desholm, M., Kahlert, J., 2005. Avian collision risk at an offshore wind farm. Biol.
Lett. 1, 296–298.
European Wind Energy Association (EWEA), 2013. Wind In Power 2012. <http://
www.ewea.org/>, (accessed 29.07.13).
Foley, M.M., Halpern, B.S., Micheli, F., Armsby, M.H., Caldwell, M.R., Crain, C.M.,
Prahler, E., Rohr, N., Sivas, D., Beck, M.W., Carr, M.H., Crowder, L.B., Emmett
Duffy, J., Hacker, S.D., Mcleod, K.L., Palumbi, S.R., Peterson, C.H., Regan, H.M.,
Ruckelshaus, M.H., Sandifer, P.A., Steneck, R.S., 2010. Guiding ecological
principles for marine spatial planning. Mar. Pol. 34, 955–966.
Furness, R.W., Wade, H.M., Masden, E.A., 2013. Assessing vulnerability of marine
bird populations to offshore wind farms. J. Environ. Manage. 119, 56–66.

87

Guisan, A., Thuller, W., 2005. Predicting species distribution: offering more than
simple habitat models. Ecol. Lett. 8, 993–1009.
Hedley, S.L., Buckland, S.T., 2004. Spatial models for line transect sampling. J. Agric.
Biol. Environ. Stat. 9, 181–199.
Kinlan, B.P., Menza, C., Huettmann, F., 2012. Predictive modeling of seabird
distribution patterns in the New York Bight. In: Menza, C., Kinlan, B.P.,
Dorfman, D.S., Poti, M, Caldow, C. (Eds.), A Biogeographic Assessment of
Seabirds, Deep Sea Corals and Ocean Habitats of the New York Bight: Science to
Support Offshore Spatial Planning. NOAA Technical Memorandum NOS NCCOS
141. Silver Spring, Maryland (Chapter 6).
Kremen, C., Cameron, A., Moilanen, A., Phillips, S.J., Thomas, C.D., Beentje, H.,
Dransﬁeld, J., Fisher, B.L., Glaw, F., Good, T.C., Harper, G.J., Hijmans, R.J., Lees,
D.C., Louis, E., Nussbaum, R.A., Raxworthy, C.J., Razaﬁmpahanana, A., Schatz,
G.E., Vences, M., Vieites, D.R., Wright, P.C., Zjhra, M.L., 2008. Aligning
conservation priorities across taxa in Madagascar with high-resolution
planning tools. Science 320, 222–226.
Kukkala, A.S., Moilanen, A., 2013. Core concepts of spatial prioritisation in
systematic conservation planning. Biol. Rev. 88, 443–464.
Lafrance, M., Shumchenia, E., King, J., Pockalny, R., Oakley, B., Pratt, S., Boothroyd, J.,
2010. Benthic habitat distribution and subsurface geology selected sites from
the Rhode Island Ocean Special Area Management Plan study area. Rhode Island
Ocean Special Area Management Plan, Narragansett, Rhode Island.
Langston, R.H.W., 2013. Birds and wind projects across the pond: a UK perspective.
Wildlife Soc. Bull. 37, 5–18.
Larsen, J.K., Guillemette, M., 2007. Effects of wind turbines on ﬂight behavior of
wintering common eiders: implications for habitat use and collision risk. J.
Appl. Ecol. 44, 516–522.
Le Corre, M., Jaquemet, S., 2005. Assessment of the seabird community of the
Mozambique Channel and its potential use as indicator of tuna abundance.
Estuar Coast Shelf Sci. 63, 421–428.
Leathwick, J., Moilanen, A., Francis, M., Elith, J., Taylor, P., Julian, K., Hastie, T., Duffy,
C., 2008. Novel methods for the design and evaluation of marine protected areas
in offshore waters. Conserv. Lett. 1, 91–102.
Leathwick, J.R., Moilanen, A., Ferrier, S., Julian, K., 2010. Complementarity-based
conservation prioritization using a community classiﬁcation: and its
application to riverine ecosystems. Biol. Conserv. 143, 984–991.
Lehtomäki, J., Moilanen, A., 2013. Methods and workﬂow for spatial conservation
prioritization using Zonation. Environ. Model Softw. 47, 128–137.
Lehtomäki, J., Tomppo, E., Kuokkanen, P., Hanski, I., Moilanen, A., 2009. Applying
spatial conservation prioritization software and high-resolution GIS data to a
national-scale study in forest conservation. Forest Ecol. Manage. 258, 2439–
2449.
Leonhard, S.B., Pedersen, J., Grøn, P.N., Skov, H., Jansen, J., Topping, C., Petersen, I.K.,
2013. Wind farms affect common scoter and red-throated diver behaviour. In
Danish Offshore Wind: Key Environmental Issues – A Follow-up. The
Environment Group: The Danish Energy Agency, The Danish Nature Agency,
DONG Energy and Vattenfall, pp. 70–93 (Chapter 5).
Litzow, M.A., Piatt, J.F., Abookire, A.A., Prichard, A.K., Robards, M.D., 2000.
Monitoring temporal and spatial variability in sandeel (Ammodytes
hexapterus) abundance with pigeon guillemot (Cepphus columba) diets. ICES J.
Mar. Sci. 57, 976–986.
Loring, P.H., Paton, P.W.C., Osenkowski, J., Gilliland, S.G., Savard, J.P.L., McWilliams,
S.R. Habitat use of black scoters in southern New England and siting of offshore
wind energy facilities. J. Wild Manage. (in press).
Maclean, I.M.D., Rehﬁsch, M.M., Skov, H., Thaxter, C.B., 2013. Evaluating the
statistical power of detecting changes in the abundance of seabirds at sea. IBIS
155, 113–126.
Masden, E.A., Haydon, D.T., Fox, A.D., Furness, R.W., Bullman, R., Desholm, M., 2009.
Barriers to movement: impacts of wind farms on migrating birds. ICES J. Mar.
Sci. 66, 746–753.
Masden, E.A., Reeve, R., Desholm, M., Fox, A.D., Furness, R.W., Haydon, D.T., 2012.
Assessing the impact of marine wind farms on birds through movement
modeling. J. Royal Soc. Int. 9, 2120–2130.
Massachusetts Final Ocean Plan, 2009. <http://www.mass.gov/eea/ocean-coastalmanagement/mass-ocean-plan/ﬁnal-massachusetts-ocean-managementplan.html>.
Mau, J.C., Wang, D.P., Ullman, D.S., Codiga, D.L., 2007. Comparison of observed (HF
radar, ADCP) and model barotropic tidal currents in the New York Bight and
Block Island Sound. Estuar Coast Shelf Sci. 72, 129–137.
Miller, D.L., 2012. Distance: a simple way to ﬁt detection functions to distance
sampling data and calculate abundance/density for biological populations. R
package version 0.7.1. <http://CRAN.R-project.org/package=Distance>.
Miller, D.L., 2013. DSM: Density surface modelling of distance sampling data. R
package version 2.0.1. <http://CRAN.R-project.org/package=dsm>.
Miller, D.L., Burt, M.L., Rexstad, E.A., Thomas, L., 2013. Spatial models for distance
sampling data: recent developments and future directions. Method Ecol. Evol.
http://dx.doi.org/10.1111/2041-210X.12105.
Moilanen, A., 2007. Landscape Zonation, beneﬁt functions and target-based
planning: unifying reserve selection strategies. Biol. Conserv. 134, 571–579.
Moilanen, A., 2012. Planning impact avoidance and biodiversity offsetting using
software for spatial conservation prioritization. Wildlife Res. 40, 153–162.
Moilanen, A., Franco, A.M.A., Early, R.I., Fox, R., Wintle, B., Thomas, C.D., 2005.
Prioritizing multiple-use landscapes for conservation: methods for large multispecies planning problems. Proc. R. Soc. 272, 1885–1891.
NOAA. 2013a. Geophysical Data Center Coastal Relief Model. <http://
www.ngdc.noaa.gov/mgg/coastal/crm.html>, (accessed 29.07.13).

88

K.J. Winiarski et al. / Biological Conservation 169 (2014) 79–88

NOAA. 2013b. Geophysical Data Center Seaﬂoor Sediment Grain Size
Database. <http://www.ngdc.noaa.gov/mgg/geology/size.html>, (accessed
29.07.13).
NOAA. 2013c. Environmental Research Division’s Data Access Program. <http://
coastwatch.pfeg.noaa.gov/erddap/index.html>, (accessed 29.07.13).
Nur, N., Jahncke, J., Herzog, M.P., Howar, J., Hyrenbach, K.D., Zamon, J.E., Ainley, D.G.,
Wiens, J.A., Morgan, K.E., Balance, L.T., Stralberg, D., 2011. Where the wild things
are: predicting hotspots of seabird aggregations in the California Current
System. Ecol. Appl. 21, 2241–2257.
Oppel, S., Meirinho, A., Ramírez, I., Gardner, B., O’Connell, A.F., Miller, P.I., Louzao,
M., 2012. Comparison of ﬁve modelling techniques to predict the spatial
distribution and abundance of seabirds. Biol. Conserv. 156, 94–104.
Pérez Lapenã, B., Wijnberg, K.M., Hulscher, S.J.M.H., Stein, A., 2010. Environmental
impact assessment of offshore wind farms: a simulation-based approach. J.
Appl. Ecol. 47, 1110–1118.
Pérez Lapenã, B., Wijnberg, K.M., Stein, A., Hulscher, S.J.M.H., 2011. Spatial factors
affecting statistical power in testing marine fauna displacement. Ecol. Appl. 21,
2756–2769.
Pérez Lapenã, B., Wijnberg, K.M., Stein, A., Hulscher, S.J.M.H., 2012. Spatial
variogram estimated from temporally aggregated seabird count data. Environ.
Ecol. Stat. 20, 353–375.
Petersen, I.K., Christensen, T.K., Kahlert, J., Desholm, M., Fox, A.D., 2006. Final results
of bird studies at the offshore wind farms at Nysted and Horns Rev, Denmark.
In: National Research Institute Report, Ronde, Denmark.
Petersen, I.K., MacKenzie, M.L., Rexstad, E., Wisz, M.S., Fox, A.D., 2011. Comparing
pre- and post-construction distributions of long-tailed ducks Clangula hyemalis
in and around the Nysted offshore wind farm, Denmark: a quasi-designed
experiment accounting for imperfect detection, local surface features and
autocorrelation. In: CREEM Technical Report 2011-1.
Polasky, S., Nelson, E., Camm, J., Csuti, B., Fackler, P., Lonsdorf, E., Montgomery, C.,
White, D., Arthur, J., Garber-Yonts, B., Haight, R., Kagan, J., Starﬁeld, A., Tobalske,
C., 2008. Where to put things? Spatial land management to sustain biodiversity
and economic returns. Biol. Conserv. 141, 1505–1524.
R Development Core Team, 2012. R: A Language and Environment for Statistical
Computing. R Foundation for Statistical Computing, Vienna, Austria, ISBN: 3900051-07-0, URL: <http://www.R-project.org>.
Rhode Island Ocean Special Area Management Plan, 2010. <http://
seagrant.gso.uri.edu/oceansamp/>, (accessed 29.07.13).
Schwemmer, P., Mendel, B., Sonntag, N., Dierschke, V., Garthe, S., 2011. Effects of
ship trafﬁc on seabirds in offshore waters: implications for marine conservation
and spatial planning. Ecol. Appl. 21, 1851–1860.
Seber, G.A.F., 1982. The Estimation of Animal Abundance and Related Parameters,
second ed. Edward Arnold, London.

Street, M.W., Deaton, A.S., Chappell, W.S., Mooreside, P.D., 2005. North Carolina
Coastal Habitat Protection Plan. North Carolina Department of Environment and
Natural Resources. Division of Marine Fisheries, Morehead City, North Carolina.
Thomas, L., Buckland, S.T., Rexstad, E., Laake, J.L., Strindberg, S., Hedley, S.L., Bishop,
J.R.B., Marques, T.A., Burnham, K.P., 2010. Distance software: design and
analysis of distance sampling surveys for estimating population size. J. Appl.
Ecol. 47, 5–14.
Tremblay, Y., Bertrand, S., Henry, R.W., Kappes, M.A., Costa, D.P., Shaffer, S.A., 2009.
Analytical approaches to investigating seabird-environment interactions: a
review. Mar. Ecol. Prog. Ser. 391, 153–163.
US Department of Energy, 2011. Offshore Energy Workshop. A Joint Workshop by
the Energy Department’s ofﬁce of Energy Efﬁciency and Renewable Energy and
the Department of the Interior’s Bureau of Ocean Energy Management,
Washington, DC.
Vanermen, N., Stienen, E.W.M., Onkelinx, T., Courtens, W., Van de walle, M.,
Verschelde, P., Verstraete, H., 2012. Seabirds and Offshore Wind Farms
Monitoring Results 2011. Research Institute for Nature and Forest, Brussels.
INBO.R.2012.25.
Wakeﬁeld, E.D., Phillips, R.A., Matthiopoulos, J., 2009. Quantifying habitat use and
preferences of pelagic seabirds using individual movement data: a review. Mar.
Ecol. Prog. Ser. 391, 165–182.
Winiarski, K.J., Burt, M.L., Rexstad, E., Miller, D.L., Trocki, C.L., Paton, P.W.C.,
McWilliams, S.R. Integrating aerial and ship surveys of marine birds into a
combined density surface model: a case study of wintering common loons.
Condor (in press).
Williams, R., Hedley, S.L., Branch, T.A., Bravington, M.V., Zerbini, A.N., Findlay, K.P.,
2011. Chilean blue whales as a case study to illustrate methods to estimate
abundance and evaluate conservation status of rare species. Conserv. Biol. 25,
526–535.
Winiarski, K.J., Paton, P.W.C, McWilliams, S.R., Miller, D.L., 2012. Studies
investigating the spatial distribution and abundance of marine birds in
nearshore and offshore waters of Rhode Island. Rhode Island Ocean Special
Area Management Plan, Narragansett, Rhode Island.
Winiarski, K.J., Miller, D.L., Paton, P.W.C., McWilliams, S.R., 2013. Environmental
factors determining the distribution and abundance of a diving marine birds:
conservation implications for the common loon Gavia immer. Mar. Ecol. Prog.
Ser. 492, 273–283. http://dx.doi.org/10.3354/meps10492.
Wood, S.N., 2003. Thin plate regression splines. J. Roy. Stat. Soc. Ser. B 65, 95–114.
Wood, S.N., 2006. Generalized Additive Models: An Introduction With R. Chapman
and Hall-CRC, Boca Raton, Florida.
Wood, S.N., 2011. Fast stable restricted maximum likelihood and marginal
likelihood estimation of semiparametric generalized linear models. J. Roy.
Stat. Soc. Ser. B 73, 3–36.

