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Summary

In response to concerns about the risk of collision between seabirds and offshore wind
farms, the Offshore Renewables Joint Industry Programme (ORJIP) funded a study to collect
data on seabird collision and avoidance rates at an operational wind farm, referred to as the
Bird Collision Avoidance (BCA) study. Over the course of this study, it became clear that the
data collected in relation to avoidance behaviour, termed empirical avoidance rates, may not
be directly comparable to the avoidance rates as presently used by collision risk models,
such as the Band model. The aim of this work is to consider how best to use the data
collected as part of the ORJIP BCA study in order to inform pre-construction assessments of
collision risk at offshore wind farms.

Our analyses demonstrate how assumptions, both in relation to the model itself and, the
data used in the model, can affect predicted collision rates. In particular, assumptions about
seabird flight height and speed can have important implications for predicted collision rates.
Of concern is the fact that reported seabird flight speeds were significantly lower than those
typically used in existing guidance. This is important as flight speed is used by the Band
model twice. Firstly, in the calculation of the total number of birds that may pass through a
wind farm over a given time period and, secondly to estimate the probability that any
individual bird may collide with the turbine blades. Flight speed may be estimated from the
data collected as part of the ORJIP BCA study in two ways, either as a point estimate or, as
an average of the speed at which the birds move through the wind farm. In order to be
consistent with how the Band model is implemented, the point estimate of bird speed should
be used to calculate the probability of a bird colliding and the average rate at which it moves
through the wind farm should be used to estimate the total number of birds likely to move
through the wind farm over a given time period.

As suggested by previous studies, meso-avoidance appears to be a key component of
overall avoidance behaviour, with most birds within a wind farm taking avoidance action well
away from turbines. Recorded micro-avoidance rates were also high, although based on
limited data and future studies should consider how best to maximise records of micro-
avoidance behaviour. Significantly, the number of birds crossing the turbine rotor-swept area
and colliding appeared higher than the predictions made by the Band collision risk model,
although this was based on limited data. Given evidence collected by the ORJIP BCA about
birds flying in parallel to turbine blades, consideration should be given to taking this into
account as part of calculations for the probability of collision.

As may be expected, the empirical avoidance rates recorded as part of the ORJIP BCA
study were higher than those collected previously. In part, this is because the avoidance
rates used by the Band collision risk model incorporate elements of error, both in relation to
the model itself and, in relation to the input parameters. However, by comparing collision
rates recorded by the ORJIP BCA study to those that would have been predicted by the
Band model in the absence of avoidance behaviour, we are able to recommend avoidance
rates for use in the deterministic Band model of 0.995 for northern gannets and large gulls
and 0.990 for black-legged kittiwake in relation to option 1 of the Band model and 0.993 for
large gulls and 0.980 for black-legged kittiwake in relation to option 3 of the Band model. We
were able to undertake further analyses in order to derive avoidance rates suitable for use in
the stochastic collision risk model for black-legged kittiwake of 0.994 (95% ClIs 0.976 -
0.998) for option 1 and 0.970 (95% Cls 0.871-0.989) for option 3 and, for large gulls 0.997
(95% Cls 0.992 - 0.999) for option 1 and 0.990 (95% Cls 0.974 - 0.995) for option 3. Note
that the median values recommended for use in the stochastic collision risk models differ
from the values recommended for use in the deterministic model, this relates to differences
in the way in which flight height distributions are incorporated into the models. It should be
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noted however that the values recommended for use in the deterministic model are within
the 95% confidence intervals of those recommended for use in the stochastic model.
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1 Introduction

Offshore wind farms are seen as a key part of efforts to combat climate change (Snyder &
Kaiser 2009). However, there are a number of significant concerns about the potential of
these wind farms to have a negative impact on wildlife and biodiversity, particularly in
relation to birds (Drewitt & Langston 2006; Gibson et al. 2017). Of particular concern is the
potential for birds to collide with turbines (Thaxter et al. 2017; Furness et al. 2013; Garthe &
Huppop 2004).

To inform the planning process of the potential impacts of the effects associated with wind
farms, detailed Environmental Impact Assessments (EIAs) are required. With respect to
birds, a key component of these ElAs is a Collision Risk Model (CRM) which is used to
predict the number of individuals of any given species at risk of collision. A variety of
different CRMs are available (Tucker 1996; Band 2012) but, at their core, most combine an
estimate of the number of birds within a collision window with an estimate of the probability
of any individual bird colliding in order to forecast the number of likely collision events
(Masden & Cook 2016). These models also require an understanding of bird avoidance
behaviour, often referred to as the avoidance rate (Cook et al. 2014). Whilst some attempts
have been made to measure avoidance behaviour empirically (Krijgsveld et al. 2011), more
commonly, they have been estimated by comparing the number of recorded collisions with
the number predicted prior to construction, in the absence of any avoidance behaviour (Cook
et al. 2014). Consequently, whilst the avoidance rate is often thought to solely reflect the
proportion of birds taking action to avoid collision, in reality it also accounts for uncertainty
arising as a result of other factors including weather conditions and model error (Band 2012;
Cook et al. 2014; Masden 2015). This is of concern as the CRM predictions themselves are
known to be highly sensitive to assumptions about avoidance behaviour (Chamberlain et al.
2006; Masden 2015). This sensitivity may contribute significant uncertainty into the decision-
making process, at significant cost to developers, decision-makers and other stakeholders
(Masden et al. 2015). Furthermore, whilst no detailed comparisons have been made
between predictions from CRMs and observed collision rates, some initial studies suggest
that key assumptions, such as a linear relationship between abundance and collision risk,
may not be realistic (de Lucas et al. 2008; Ferrer et al. 2012).

As the size and number of offshore wind farms increases, the probability of estimated
collision rates which are of a magnitude likely to have significant population level effects also
increases. This poses a challenge for decision-makers who must balance the need to invest
in renewable energy, in order to mitigate the impacts of climate change, with the need to
minimise deleterious impacts on the environment (Green et al. 2016; Gibson et al. 2017).
Consequently, there is a growing interest in exploring how well estimates from CRMs reflect
true collision risk and, the extent of collision avoidance behaviour in vulnerable species. This
interest culminated in an Offshore Renewables Joint Industry Programme (ORJIP) funded
project on bird collision avoidance at an operational wind farm (Davies et al. 2013; Skov et
al. 2018).

In contrast to previous efforts to estimate avoidance behaviour, the ORJIP Bird Collision
Avoidance (BCA) project collected data on empirical estimates of bird behaviour (Skov et al.
2018). These estimates of bird behaviour can be used to describe the proportion of birds
taking action to avoid collision with turbines. However, as they do not incorporate data
describing model error or how birds respond in relation to other factors, for example weather
conditions, these behaviour-based avoidance rates will not be directly comparable to those
used to date. Consequently, it is important to understand how transferable these rates,
termed empirical avoidance rates, are to the existing models.
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We aim to assess how these empirical avoidance rates can be used to inform renewable
energy development impact assessments and support decision making. We aim to achieve
this by taking advantage of the data which have been collected by the ORJIP BCA project
describing bird movements within an operational wind farm in fine detail. These data
included records of both birds that did not collide and those which did. As we have an
estimate of the number of birds which have collided over a given time period, we can use
these data both to test how well a CRM performs and to understand how much uncertainty
remains in collision estimates once empirical avoidance rates have been accounted for.

The key aims of this project were:

e To consider how best to use the information and outputs from the ORJIP funded BCA
project to best assess collision risk at offshore wind farms.

e Consideration of how the flux rate estimated as part of Options 1 & 3 of the Band
(2012) model relate to the empirical avoidance rates estimated by the ORJIP BCA
study.

e Consideration of error introduced into the avoidance rates used by the Band (2012)
model and the extent to which this is unaccounted for once empirical avoidance rates
are applied.

e To consider how the information collected as part of the ORJIP BCA study could be
used to derive avoidance rates suitable for use in the Band (2012) model.
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2 Methodology

Uncertainty is introduced into the collision risk modelling process through the use of
summarised data, often collected from unconnected sites, and through simplifications and
assumptions in the modelling process. At present, this uncertainty is captured by a
correction factor, often referred to as the avoidance rate. However, the relative importance of
each of the sources of uncertainty which contribute to the avoidance rate is unclear. In order
to determine how applicable avoidance rates, such as that derived from the ORJIP BCA
study, are to CRMs, it is important to understand the magnitude of the uncertainty remaining
once behaviour, and other measurable factors, have been accounted for.

In this study we assess the results of the ORJIP BCA project, using data both from that
project and from other surveys of the Thanet Offshore Wind Farm study site, and consider
their application to the Band CRM (Band 2012). Specifically, we aim to compare estimates of
the number of collisions expected in the absence of avoidance behaviour, based on pre-
construction density estimates of bird abundance and generic data describing bird
behaviour, to estimates refined through introduction of site-specific data collected as part of
the ORJIP BCA project. We use data describing bird density presented in the post-consent
monitoring report for Thanet Offshore Wind Farm (Royal Haskoning 2013), data describing
bird behaviour collected by observers using laser rangefinders on turbines G01 and G02 in
Thanet Offshore Wind Farm and collisions recorded by cameras mounted on turbines D05
and F04 within the Thanet Offshore Wind Farm (Skov et al. 2018).

For the purposes of this analysis, we split the Band CRM into its component parts, as
follows, to:

1. identify the area in which to estimate collision risk (study area);

2. estimate the flux rate, i.e. the total number of birds which may pass through the study
area over the period of interest (study period);

3. estimate the probability of a bird colliding with a turbine (Pcon or Colliny);

4. estimate the proportion of birds flying at collision risk height (PCH);

5. combine the data above in order to estimate the total number of expected collisions.

We focus analyses on the five, key species covered by the ORJIP BCA study — northern
gannet Morus bassanus, black-legged kittiwake Rissa tridactyla, lesser black-backed gull
Larus fuscus, herring gull Larus argentatus and great black-backed gull Larus marinus.

2.1 Defining area in which to estimate collision risk

Data for this project were collected at the Thanet Offshore Wind Farm. Thanet is located on
the east coast of the United Kingdom, in the Southern North Sea. It consists of 100 3 MW
turbines (Table 1), covering an area of 35 km?. However, the data describing collisions were
collected from cameras located on the northern edge of the wind farm. Collectively, these
cameras were able to observe interactions between birds and eight other turbines (Figure 1).
Consequently, we restricted our analyses to the area covered by these cameras (Figure 1).
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Table 1. Specification of turbines at Thanet Offshore Wind Farm.

Parameter Value
Capacity 3 MW
Number of Blades 3
Blade Width 35m
Rotor Diameter 90 m
Rotor Speed 16.1 rpm
Pitch 15°
Hub Height 70
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Figure 1. Area covered by two cameras mounted on turbines within the Thanet Offshore Wind Farm
(2.983 km?). Analyses were restricted to the area covered by these cameras, shown in green.
Adapted from Figure 4.6 in Skov et al. (2018).

2.2 Estimating flux rate

The first step in a CRM is to estimate the flux rate, the total number of birds passing through
the study area (figure 1) over the time period of interest. Post-construction density estimates
were available only for the period from October — March (Royal Haskoning 2013),
consequently, we restricted our analyses to data collected by the ORJIP BCA study in the
October-March period. For the purposes of estimating flux, we used the mean of the values
for the three post-construction years. The apparent increases in density recorded for lesser
black-backed gull, great black-backed gull, black-legged kittiwake and northern gannet
between the pre- and post-construction periods must be treated with caution. Pre-
construction density estimates are based on a single years’ worth of data. The post-
construction density data show that there may be substantial annual variation in the
estimated density. Monthly surveys from a single year are insufficient to characterise the true
usage of a site by the species concerned (Maclean et al. 2013) and a recent review has
demonstrated that northern gannet in particular shows a strong displacement effect in
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response to the presence of an offshore wind farm (Dierschke et al. 2016). Ideally, density
data would have been collected concurrently in relation to the ORJIP BCA study. However,
unfortunately this was not possible and the best available density data are those published in
the post-construction monitoring report (Royal Haskoning 2013).

Table 2. Density estimates (birds km-2) from within Thanet Offshore Wind Farm (excluding buffer area)
used to estimate flux rate for the collision risk model. Taken from table 6 in Royal Haskoning (2013).

Pre- Post- Post- Post- Post-
construction construction construction construction construction
(2004-05) YR1(2010-11) YR2(2011-12) YR3(2012-13) Mean
HZﬁ:Pg 1.95 0.90 0.87 2.30 1.36
Lesser
black- 0.33 0.41 0.62 0.08 0.37
backed
gull
Great
black- 0.02 0.39 1.16 1.53 1.03
backed
gull
Black-
legged 0.20 1.56 0.92 0.81 1.10
kittiwake
Northern
0.05 0.05 0.17 0.96 0.39
gannet

To estimate flux rate, we calculated the total number of birds that would pass through the
study area outlined in figure 1 between October and March each year. This followed the
methodology set out in Band (2012) combining estimates of bird density with estimates of
flight speed, both from generic sources and those recorded as part of the ORJIP BCA and
the total duration of the observation period. As only the data collected from the cameras
during daylight hours were fully processed, we based our analysis on the number of birds
expected to pass through during daylight. We estimated daylight hours between October and
March using the suncalc function in the R library RAtmosphere (Gionata et al. 2015) to be
1733.55 hours taking an average during the post-construction years (2010/11 to 2012/13 to
avoid a leap year).

Within the data collected using the laser rangefinders two possible distances were measured
for each bird — a straight line between the first and last encounters and the true distance
travelled between these two. The differences between the values of speed derived from
these two measures have potential implications for the final collision rates given the
differences in the numbers of birds that may pass through the areas if they take more
meandering paths. Table 3 details these differences for each species.
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Table 3. Average distances travelled (m) and speed (ms) of birds depending on distance measured
as part of the ORJIP BCA study (Skov et al. 2018) and the generic speed estimate taken from
Alerstam et al. (2007) and Pennycuick (1997). Note that the values presented here differ to those
presented in table 5.13 of the ORJIP BCA final report as we restrict our analyses to the data collected
between October and March.

Average Average Average Average Generic
distance (m) distance (m) speed - speed - true Speed
straight line true length straight line  length (ms™) (ms™)

(ms™)

Herring gull 869.23 1213.24 8.0 9.8 12.8

Lesser black- 715.70 1012.22 8.4 10.4 13.1
backed gull

Great black- 760.85 1053.04 85 10.0 13.7
backed gull

Black-legged 614.32 923.60 6.7 8.6 13.1

kittiwake
Northern gannet 1045.45 1251.85 11.7 13.1 14.9

2.3 Probability of collision/collision integral

To estimate the number of expected collisions, the flux of birds passing through the rotor
swept area over a given period is multiplied by the probability of an individual bird passing
through the rotor and colliding. The ‘probability of collision’ is based on the probability of the
bird and the turbine being in the same place at the same time. For Option 1 of the Band
CRM - the ‘basic’ model — this is estimated based on the size (Table 1) and speed of the
turbine blades and the size (Table 4) and speed (Table 3) of the birds, assuming that the
birds have a cruciform shape (Band 2012; Masden & Cook 2016). Option 3 of the Band
CRM - the ‘extended’ model —, also considers the flight height distribution of the species
concerned, accounting for the fact that birds are less likely to collide further away from the
centre of the rotor swept area (Band 2012), in order to estimate the ‘collision integral’.

2.4 Flight height models

In order to determine the proportion of birds at collision risk height, species and site-specific
flight height distributions were derived from the data collected using laser rangefinders. Data
reflect a sample of the birds present in the study region. Consequently, in deriving
distributions of seabird flight heights similar to those of Johnston et al. (2014), it was
necessary to use a modelling approach that was sufficiently flexible that it could fit to a
variety of forms, but not so flexible that it would over-fit to the data. We considered a number
of different distributional forms for each species using the fitdistr function in MASS (Venables
& Ripley 2002) and the normalmixEM function in Benaglia et al. (2009). For each species,
we then consider which distribution best fitted the observed data.

2.5 Collision models

Using the information derived from the steps above, we are able to work through the Band
CRM (Band 2012), introducing site-specific information at each step in order to understand
how estimates of collision change as the parameters used by the model are refined. Initially,
we replicate the collision risk model as it would be carried out ‘pre-construction’ as part of an
Environmental Impact Assessment (EIA), using pre-construction density estimates, generic
bird data and parameters based on the turbines installed (Tables 1-4), but, in contrast to the
CRMs carried out as part of EIAs, we assume no avoidance behaviour.
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We then refine the predictions by introducing: (i) post-construction density data, (ii) site-
specific information on flight speed and (iii), finally, site-specific information on avoidance
behaviour (Figure 2). Following this approach, we have eight different pathways leading to
estimated collision rates based on the assumptions and data used (Figure 2). As the study
area was wholly within the area of the Thanet Offshore Wind Farm, we consider only meso-
and micro-avoidance and not, macro-avoidance.

Table 4. Seabird morphometric data, taken from Robinson (2017), flight mode (flapping or gliding
flight) and, avoidance rates taken from Skov et al. (2018).

Length Wingspan Flight Macro- Meso- Micro- Overall
mode avoidance avoidance avoidance avoidance
g'fl{””g 0.61 1.44 flap 0.442 0.9614 0.9565 0.999
Lesser
Black-
0.59 1.45 flap 0.639 0.8937 0.9565 0.998
backed
Gull
Great-
black-
0.71 1.575 flap 0.469 0.8423 0.9565 0.996
backed
Gull
Black-
legged 0.39 1.075 flap 0.575 0.9160 0.9500 0.998
kittiwake
Northern —; g5 1.725 glide 0.816 0.9205 0.9500 0.999
gannet
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Pre-ccA)nstruction Post—cons)’kcruction
[ |

Figure 2. Schematic for producing estimates of collision at the eight turbines monitored during the ORJIP BCA project comparing the generic
estimate that might be produced ‘pre-construction’ with more refined estimates produced using ‘post-construction‘ data. At each step, collision
rates are refined by introducing more site-specific data. Different pathways reflect the different ways in which flight speed and flight height may
be incorporated into the model.
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2.6 Recorded collisions

Over the course of the ORJIP study, six birds were recorded colliding with turbines (Table 5).
As density data were only available for the period October-March, the collision involving a
large gull recorded on 215 August 2015 was not included in our analyses. As, with the
exception of the black-legged kittiwake, birds involved in the collisions were not identified to
species level, we group them as large gulls and, for the purposes of the analysis, compare
these collision rates to the sum of those estimated for herring, lesser black-backed and great
black-backed gulls.

Table 5. Birds recorded colliding with turbines during the ORJIP Bird Collision Avoidance Project
(Skov et al. 2018).

Species/Group Date
Black-legged kittiwake 1st November 2014
Lesser/Great Black-backed Gull 24t November 2014
Unidentified gull 28" November 2014
Large gull 21st August 2015
Large gull 12t December 2015
Unidentified gull 10t February 2016

2.7 Comparison of avoidance rates derived from ORJIP BCA
study with those estimated using traditional approach

The above steps consider only birds within the wind farm and, therefore, do not account for
macro-avoidance behaviour or, the avoidance rate as used in the Band CRM at present. The
ORJIP BCA estimated an overall empirical avoidance rate, combining macro-, meso- and
micro-avoidance. These values (Table 4) were well above those presently recommended
(Cook et al. 2014). However, the values from the ORJIP BCA study and existing guidance
may not be strictly comparable as they were derived in different ways.

The avoidance rates recommended in existing guidance are derived by comparing observed
and predicted collision rates (Cook et al. 2014). As the predicted collision rates are based on
estimates from the Band model, they incorporate elements of model error arising as a result
of the assumptions made (Band 2012). The empirical avoidance rates derived from the
ORJIP BCA project do not incorporate this model error and, consequently, are likely to be
higher than those used at present. Furthermore, macro-avoidance incorporates both barrier
effects and displacement (Cook et al. 2014). The data collected by the ORJIP BCA project at
the macro scale covers birds in flight approaching the operational wind farm but, is not able
to compare pre- and post-construction bird densities within the wind farm. Consequently, the
ORJIP BCA data only incorporates the barrier effects element of macro-avoidance and not
the displacement element. How these elements interact is unclear, however, in the absence
of such information, the macro-avoidance rates derived as part of the ORJIP BCA project
are not consistent with the assumptions about avoidance behaviour made by the Band
model.

In order to facilitate a comparison between the existing guidance and the values obtained
from the ORJIP BCA study, we recalculate avoidance rates by the ‘traditional’ approach of
comparing the number of observed collisions to those predicted in the absence of avoidance
behaviour (Eg. 1). We do this for each of the pathways set out in Figure 2. As avoidance
rates will typically be applied in a pre-construction context, we also estimate a predicted
collision rate based on the pre-construction estimates of bird density data and site-specific
estimates of flight speed and height measured as part of the ORJIP BCA project. To
investigate the impact of site-specific data in this calculation, we also estimate avoidance
rates based on pre- and post-construction density data using generic bird data.
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observed collision rate

Avoidance Rate =1 — ( ) Equation 1.

predicted collision rate

10
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3 Results

3.1 Flux calculations under two flight path measurements

Following the protocol described above, pre- and post-construction flux values were
calculated for each of the five species under investigation using generic, ‘straight line’ and
‘true length’ estimates of speed (Table 6). The difference between the estimates of flux
based on ‘straight line’ and ‘true length’ estimates of speed ranged from 203 great black-
backed gulls to 22,892 herring gulls based on pre-construction densities and from 3,781
northern gannets to 15,926 herring gulls based on post-construction densities. Figure 3
visually represents the differences between the measurements based on straight line’ and
‘true length’ estimates of speed, those based on the latter resulting in increases in the
numbers of bird likely to pass through the area surrounding the two turbines (Figure 1).
Changes in the density of the species between the pre- and post-construction periods (Table
2) also result in changes in estimated flux rates.

Table 6. Values of flux for five seabird species using generic and site-specific estimates of speed and
pre- and post-construction density data.

Generic Flux Straight-line flux True length flux
. Pre- Post- Pre- Post- Pre- Post-
Species/Group  construction  construction  construction  construction  construction  construction
Herring gull 171525 119334 107823 75015 130715 90942
Lesser black- o747 33308 18954 21251 23682 26553
backed Gull
Great black- ) 55, 96656 1172 60175 1374 70577
backed Gull
Black-legged 4415, 98725 9184 50363 11779 64592
kittiwake
Northern 5119 40274 4020 31628 4501 35409
gannet
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Figure 3. Pre- and post-construction flux values for five species using ‘straight line’ or ‘true length’
estimates of speed.
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3.2 Probability of collision/collision integral

By refining the data used for the Band CRM, for each species, we obtained three estimates
(based on generic, ‘straight line’ or ‘true length’ estimates of speed) for the probability of
collision and two estimates (based on ‘straight line’ or ‘true length’ estimates of speed) for
the collision integral (Table 7).

The probability of a bird colliding with a turbine is based on the length of time it takes for the
bird to cross the rotor-swept area (Band 2012). Consequently, utilising the slower site-
specific flight speeds obtained using the laser rangefinders results in an increased
probability of collision. These differences are most noticeable for species such as black-
legged kittiwake and herring gull, for which there is the greatest difference between the
generic and straight line or true speeds. Similarly, as the straight-line speeds are slower than
the true speeds, both the probability of collision and collision integral are higher when
estimated using the straight-line speed.

Table 7. Estimates of probability of collision and collision integral obtained using generic and site-
specific estimates of speed.

Probability of Collision Collision Integral
Generic Straight line Straight line
Speed Speed True Speed Speed True Speed

Herring gull 0.092286 0.123504 0.107849 0.080257 0.069501
Lesser black-

0.090344 0.118373 0.101968 0.065471 0.056400
backed gull
Great black- 0.095414 0.127808 0.114204 0.092973 0.080208
backed gull
Black-legged 0.077145 0.116359 0.096935 0.045394 0.038025
kittiwake
Northern 0.103378 0.118540 0.110711 0.021401 0.017663
gannet

3.3 Flight heights

For lesser black-backed gull, great black-backed gull and herring gull, flight height data most
closely fitted a gamma distribution (Figure 4). For black-legged kittiwake, flight height data
most closely matched a normal distribution while flight height data for northern gannet most
closely matched a normal-mixture distribution. It should be noted that these data indicated a
higher proportion of birds at collision risk height than was observed in the generic flight
height distributions (Johnston et al. 2014). There are several potential explanations for
differences between the observed flight height distributions and the generic data:

1. The laser rangefinder data may be biased against birds flying closer to the sea
surface. Birds close to the sea surface may be harder for observers to detect if flying
between the troughs of waves and/or less conspicuous against the background. A
previous study using laser rangefinders (Borkenhagen et al. 2018) suggested that
birds at lower altitudes may be under-represented in estimates of flight height.

2. There is also the possibility that the generic data may be biased as a result of birds
being attracted to survey vessels or due to observers detecting birds as they were
flushed from the sea surface by the survey vessels (Johnston et al. 2014;
Camphuysen et al. 2004).

3. The flight heights of birds differed inside and outside the wind farm. There is some
evidence that gulls may fly higher inside a wind farm than outside from both the
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ORJIP BCA study and previous studies (Cook et al. 2014; Thaxter et al. 2017; Skov
et al. 2012), although this difference may potentially reflect the locations of wind farm
sites relative to the coast (see below). The data underpinning the generic
distributions in Johnston et al. (2014) were all derived from pre-construction

estimates of seabird flight height.

4. There are site-specific differences in seabird flight heights. Previous studies have
shown that seabird flight heights may vary on a site-specific basis (Johnston & Cook
2016; Ross-Smith et al. 2016). Such differences may relate to behavioural
characteristics such as whether birds are using an area for foraging or commuting
flights. In contrast, data from Johnston et al. (2014) averaged flight heights across a

broad range of habitats.

5. Wind speed and direction are likely to influence seabird flight altitudes. The laser
rangefinder data available to the ORJIP BCA study analyses were constrained by the
limited range of weather conditions during which observers were able to safely
access turbines to collect these data, i.e. during relatively calm weather conditions.
Consequently, the laser rangefinder data may be biased towards behavioural flight

height responses to calm weather.

With the data available, it is not possible to determine which, if any, of these explanations is
the key reason for the differences between the distributions reported here and those
reported by Johnston et al. (2014). In practice, all five are likely to have had some impact.
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Figure 4. Comparison of flight height distributions derived from laser rangefinder data (green)
collected as part of the ORJIP BCA project and generic flight height distributions (purple) derived from
data collected as part of boat surveys and presented in Johnston et al. (2014). Red lines indicate the
upper and lower limits of the turbine rotor swept areas of turbines installed at Thanet.

Table 8. Proportion of birds at collision risk height in relation to turbines installed at Thanet (25-115m)
recorded using laser rangefinders as part of the ORJIP BCA project and predicted from generic data
(Johnston et al. 2014).

ORJIP BCA (Johnston et al. 2014)
Herring gull 0.768 0.239
Lesser black-backed Gull 0.725 0.205
Great black-backed Gull 0.826 0.245
Black-legged Kittiwake 0.744 0.090
Northern gannet 0.285 0.075

3.4 Collision models

We combine the revised estimates of flux, the probability of collision and flight heights
presented above in order to investigate how estimated collision risk varies in relation to the
assumptions made during the modelling process and the incorporation of site-specific data.
For each species, we are able to estimate a collision rate at each point along the eight
pathways identified in Figure 2. Full details of the calculations underpinning the following
table are available in Appendix 1.
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Table 9. Change in predicted collision rates for the non-breeding season from Option 1 and Option 3 of the Band CRM (Band 2012) as density data are
changed from pre-construction (pre) to post-construction (post) estimates, generic bird data (gen) are replaced with site-specific bird data (SSp), flux rates
and probability of collision are calculated using either straight line (SL) or true (TD) speed and meso- (Me) and micro- (Mi) avoidance are introduced.

Density Estimate Pre Post

Flight height Gen Gen SSp SSp SSp SSp SSp SSp SSp
Flight speed Gen Gen Gen SSp SSp SSp SSp SSp SSp

Distance measure Gen Gen Gen SL TD SL TD SL TD SL TD SL TD SL TD

Pcoll/Collint Gen Gen Gen SL D D SL SL D D SL SsL T | TD SL
Avoidance No No No No No Me Me Me/Mi Me/Mi

1| Hering | 618.94 | 430.61 | 1381.01 1161.79 1229.92 1014.53 1408.45 44.85 47.47 39.16 5437 | 195 207 | 1.70 2.36

3 gull 408.74 | 284.37 284.37 983.54 1032.55 851.73 1192.36 37.96 39.86 32.88 46.03 | 1.65 1.73 | 1.43 2.00

1 %‘fascslff 89.86 | 100.75 356.41 297.95 320.69 256.66 372.28 31.67 34.09 27.28 3957 | 1.38 1.48 | 1.19 1.72

3 ba;liled 56.01 | 62.80 62.80 227.30 244.66 195.81 284.01 24.16 26.01 20.81 3019 |1.05 113|091 1.31

Ié?{n’\;i 1 ﬁ;‘iﬁt 7.19 368.95 1244.60 1037.92 1087.75 927.44 1217.33 163.68 17154 | 146.26  191.97 | 7.12 7.46 | 6.36 8.35

Option | 3 b%ﬁ;?d 5.06 259.95 259.95 913.98 924.79 788.49 1071.97 | 14414 14584 | 12435 169.05 | 6.27 6.34 | 541 7.35

1 N 21.07 | 11552 926.04 712.54 761.30 593.60 913.85 59.85 63.95 49.86 76.76 | 2.99 3.20 | 249 3.84

3 Kitwake 9.17 50.28 50.28 373.49 401.25 312.86 479.00 31.37 33.70 26.28 4024 | 157 169 | 1.31 201

1| Northem 6.46 50.84 193.52 174.27 182.21 162.76 195.10 13.85 14.49 12.94 1551 | 0.69 0.72 | 0.65 0.78

3 | gannet 3.26 25.65 25.65 110.58 102.17 91.26 123.80 8.79 8.12 7.26 9.84 0.44 041|036 0.49
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3.4.1 Herring gull

Based on the pre-construction density data and generic bird data, 618 herring gulls were
predicted to collide during daylight hours between October and March each year (Figure 5).
Following construction of the wind farm, the density of birds, and therefore number of
expected collisions, decreased. However, site-specific flight height data suggests a far
higher proportion of birds at risk height than is assumed by the generic data, reflected in an
increase in the predicted collision rate at the third step of the analysis. Introducing site-
specific flight speed information results in further changes to the predicted collision rates,
although the extent of changes is dependent on whether these estimates are based on
straight line or true speed. Incorporating different measures of speed affects both the
estimated flux rate and estimations of the probability of birds colliding. However, in relation to
the predicted collision rate, the selection of the appropriate measure of speed appears to be
most important when calculating the probability of collision (Table 9). As may be expected,
the selection of Option 1 or Option 3 of the Band CRM (Band 2012) also results in a
significant change in the predicted collision rate. However, as avoidance behaviour is
incorporated, predicted collision rates begin to coalesce. When only meso-avoidance is
incorporated, differences are still evident and, the lowest collision rates are observed when
flux rate is estimated using straight line speed and the probability of collision is estimated
using true speed. When micro-avoidance is incorporated, collision estimates following each
of the eight pathways all fall to around 1-2 birds per winter. The most noticeable changes in
the number of predicted collisions occur in relation to the introduction of site-specific flight
height data and the introduction of micro-avoidance behaviour.
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Figure 5. Change in predicted collision rate for herring gull as model assumptions and parameters

are refined.

17



Bird Collision Avoidance: Empirical evidence and impact assessments

3.4.2 Lesser black-backed gull

The density of lesser black-backed gulls in the study area over winter was much lower than
for herring gulls. In contrast to herring gull, there was a slight increase in the density of
lesser black-backed gulls recorded during the post-construction monitoring. Aside from this
difference, the changes in the predicted collision rates of lesser black-backed gulls as model
assumptions and parameters were refined were broadly similar to those recorded for herring
gulls (Figure 6).
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----- - Path4
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|

Pre-construction
generic data
Post-construction
generic data
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Flight Height Data
Straight Line vs
True Speed Flux
Straight Line vs
True Speed PColl
Option 1 vs
Option 3
Meso-avoidance
Micro-avoidance

Figure 6. Change in predicted collision rate for lesser black-backed Gull as model assumptions and
parameters are refined.
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3.4.3 Great black-backed Gull

Great black-backed gulls were the most numerous species recorded in the study area. As
with lesser black-backed gull, they increased in density during the post-construction period.
Other changes in the predicted collision rates of great black-backed gulls as model
assumptions and parameters were refined were broadly similar to those recorded for the
other study species.
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Figure 7. Change in predicted collision rate for great black-backed Gull as model assumptions and
parameters are refined.
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3.4.4 Black-legged kittiwake

As with the black-backed gull species, black-legged kittiwake increased in density during the
post-construction period. Other changes in predicted collision rates as model assumptions
and parameters were refined were broadly similar to those recorded for the other study
species.
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Figure 8. Change in predicted collision rate for Black-legged kittiwake as model assumptions and
parameters are refined.
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3.4.5 Northern gannet

Northern gannets were the least abundant of the study species in the study area. Densities
increased between the pre- and post-construction periods. Other changes in predicted
collision rates as model assumptions and parameters were refined were broadly similar to
those recorded for the other study species.
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Figure 9. Change in predicted collision rate for northern gannet as model assumptions and
parameters are refined.

3.5 Predicted vs. observed collision rates

The final predicted collision rates broadly follow the pattern of species abundance within the
study area. Great black-backed gull, the most abundant species, is predicted to have the
greatest number of collision while northern gannet, the least abundant species, is predicted
to have the fewest (Figure 10a). However, the use of generic or site-specific data and the
assumptions made about the data in the Band CRM also have an impact on the final
conclusions that are reached (Figure 10b). The relative importance of the use of generic or
site-specific data and these assumptions appears to vary by species. For example, the
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relative change in predicted collision rate according the assumptions made was greatest for
black-legged kittiwake (figure 10b). For black-legged kittiwake, collision estimate 5 was 60%
greater than the mean collision rate across all eight of the pathways highlighted in figure 2.
In contrast, for great black-backed gull, this figure was only 22% (figure 10b).

Having accounted for avoidance behaviour, predicted collision rates were still higher than
observed collision rates (Figure 10). For Black-legged kittiwake a single collision was
recorded in November 2014, compared to predictions of between 1 and 4 collisions per
winter, depending on the data and assumptions used in the model. It was not possible to
identify the large gulls that were recorded colliding to species level. Consequently, we
compare the observed collision rate for large gulls to the combined predicted collision rate
for herring, lesser black-backed and great black-backed gull. Two large gulls were recorded
colliding in winter 2014/15 and winter 2015/16. This compares to predicted collision rates of
7-13 birds per year.
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Figure 10. (a) Comparison between predicted and observed collision rates in relation to the data and
assumptions incorporated into the Band collision risk model (Band 2012) and whether Option 1 or
Option 3 of the Band CRM is used. For actual recorded collisions, it was not possible to distinguish
between the large gull species; consequently, the final column includes the total number of predicted
collisions for herring, lesser black-backed and great black-backed gulls. (b) Relative change in
predicted collision rates in relation to the data and assumptions incorporated into the Band collision
risk model (Band 2012) and whether Option 1 or Option 3 of the Band CRM is used.

3.6 Comparison of avoidance rates derived from ORJIP BCA
study and those estimated using traditional approach

Avoidance rates estimated using the traditional approach for the Option 3 of the Band CRM
were lower than for Option 1 of the Band CRM (Table 10). The reason for this is that
avoidance rates estimated in this way incorporate elements of model error. By accounting for
the uneven vertical distribution of birds, Option 3 of the Band CRM accounts for some (but
not all) of this model error, reducing the predicted collision rate and, following equation 1, the
estimated avoidance rate.

For large gulls and black-legged kittiwake it was possible to estimate avoidance rates for the
pre- and post-construction periods using generic data. Higher avoidance rates estimated for
the post-construction period reflect changes in the density estimates. However, for the
reasons explained above (section 2.2), such changes may not reflect macro-responses to
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the wind farm. Density estimates, and consequently, predicted collision rates for the post-
construction period were higher than for the pre-construction period. These differences are
most notable for the black-legged kittiwake (Table 10). Avoidance rates estimated in this way
based on the post-construction density estimates may be thought of as equivalent to the
within-wind farm avoidance rates presented in Cook et al. (2014).

Table 10. Avoidance rates calculated from pre- and post-construction density estimates using generic
estimates of flight height and flight speed. Avoidance rates based on pre-construction data reflect total
avoidance whilst those based on post-construction data reflect within wind farm avoidance only.

Pre-construction Post-construction
Option 1 Option 3 Option 1 Option 3
Black-legged 0.952 0.891 0.991 0.980
Kittiwake
Large gulls (HG, 0.994 0.991 0.995 0.993
LB, GB)

The avoidance rates estimated in this way can be further refined by incorporating site-
specific data into the calculations of predicted collision rates (Table 11). Incorporating this
site-specific information resulted in higher estimated avoidance rates. Again, we see that the
change in avoidance rates estimated using pre- and post-construction data was greater for
black-legged kittiwakes than it was for large gulls. However, a key reason for the differences
in the avoidance rates relates to the substantial differences between the generic and site-
specific flight height distributions (Figure 4). The site-specific data includes a far greater
proportion of birds at collision risk height. Consequently, following equation 1, this results in
a greater predicted collision rate which, when compared to the observed collision rate,
results in a higher avoidance rate as the model predicts that a greater number of birds must
have taken action to avoid a collision.

Table 11. Avoidance rates calculated from a comparison of predicted and observed collision rates
based on pre- and post-construction density estimates and post-construction site-specific estimates
of flight speed and flight height following the collision estimate pathways shown in Figure 2.
Avoidance rates based on pre-construction data reflect total avoidance whilst those based on post-
construction data reflect within wind farm avoidance only. Clear cells indicate rates calculated based
on Option 1 of the Band model, grey cells indicate rates calculated based on Option 3 of the Band
model.

Collision | Collision | Collision | Collision | Collision | Collision | Collision | Collision | ORJIP
Estimate | Estimate | Estimate | Estimate | Estimate | Estimate | Estimate | Estimate | BCA
1 2 3 4 5 6 7 8
Izlg?g;::c-i 0.992/ 0.985/ 0.990/ 0.982 / 0.993/ 0.988 / 0.992/ 0.986 / 0998
L 0.998 0.997 0.998 0.996 0.999 0.998 0.999 0.998 '
kittiwake
Large
gulls 0.998 / 0.997 / 0.997/ 0.997 / 0.998/ 0.998 / 0.998/ 0.997 / 0998
(HG, 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 '
LG, GB)
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4 Discussion

4.1 Importance of site-specific data

Much of the focus of uncertainty in relation to collision risk models has focussed on
avoidance rates (Chamberlain et al. 2006). However, recent analysis suggests that this
focus may partly reflect a misunderstanding of how the avoidance rate is used by collision
risk models and, that other factors including flight heights and speeds may be similarly
important (Masden 2015). The analysis presented above demonstrates the substantial
impact that the use of site-specific data can have on estimated collision rates (Figures 5-10).
However, it should be emphasised that the estimates of parameters such as flight speed and
height presented in Skov et al. (2018) come from a single site during the non-breeding
season. Given the influence of site-specific data on the estimated collision rates, such data
may not be directly transferable to other sites or, to the breeding season.

The estimate of the proportion of birds at collision risk height has a substantial effect on the
predicted collision rates (Figures 5-9). This is the case for both the basic and extended
models. There are substantial differences between the flight height distribution estimated
using laser range finders as part of this study and the generic distributions presented in
Johnston et al. (2014). Such differences must be treated with caution as it is unclear the
extent to which they reflect genuine differences between the two approaches and the extent
to which they reflect bias in the data collection methodologies. However, the results do
highlight the importance of using a robust and, ideally site-specific, flight height estimate in
predicting collision risk.

The Band CRM makes use of bird speed twice: firstly, in order to estimate the flux rate of
birds through the wind farm and; secondly, to estimate the probability of a bird colliding with
a turbine rotor. Furthermore, flight speed may be estimated at different resolutions, with
implications for the model outputs. For the purposes of our analyses, we used two different
estimates of flight speeds. The first of these was simply the straight-line distance between
the first and last laser range finder points and the time taken to travel between them
(referred to above as straight-line speed). However, the birds may not have been travelling
in straight lines (as assumed in the calculations of flux rate). Consequently, we estimated a
second speed based on the point estimate of speed as measured using the laser range
finders (referred to above as True Speed). It is important to note that both of these speeds
were markedly lower than the generic speeds typically recommended in guidance (Alerstam
et al. 2007). Consequently, the flux rates estimated from these data were lower than those
estimated using the generic data and the probabilities of collision estimated were greater
than those estimated using generic data. There are four possible combinations for how these
flight speeds could be incorporated into the collision risk model with respect to their use in
estimating the flux rate and probability of collision (straight line-straight line, straight line-true
speed, true speed-true speed, true speed-straight line). Which of these combinations is
selected has implications for the final estimated collision rate (Figures 5-9). In agreement
with Skov et al. (2018), we feel that the combination which is most consistent with how the
Band CRM is implemented is likely to be the use of the straight line speed estimate of the
flux rate and the true speed estimate of the probability of collision. This is because the
straight-line speed will reflect the average rate at which birds move through the wind farm
while the true speed will be a point estimate of the speed of the bird as it passes the turbine
blades.
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4.2 Macro-avoidance

Macro-avoidance relates to the change in bird numbers within a wind farm site arising as a
result of processes including, but not limited to, displacement, attraction and barrier effects
(Cook et al. 2014). These responses may reflect either a functional change in habitat use
(i.e. displacement or attraction) or anticipatory evasion of the wind farm due to perceived
collision risk (i.e. barrier effects) (May 2015). The analyses described above concerned birds
already present within the wind farm and, consequently, did not consider macro-avoidance.

The ORJIP BCA study estimated macro-avoidance by comparing the density of bird tracks
within the wind farm to the density of bird tracks in a 3 km buffer around the wind farm (Skov
et al. 2018). In common with previous findings (Cook et al. 2014), Skov et al. (2018)
suggested significant inter-specific variation in the estimated macro-avoidance rates ranging
from 0.797 (SD 0.026) for northern gannet to 0.566 (SD 0.058) for black- legged kittiwake
and 0.481 (SD 0.038) for large gulls.

The macro-avoidance rates reported for gulls are much higher than those reported
elsewhere (Cook et al. 2014; Vanermen et al. 2015; Krijgsveld et al. 2011). This is likely to
be because the ORJIP BCA study focuses on the movements of birds in and around the
wind farms and does not account for any displacement or attraction effects. Analysis of post-
construction data collected from operational wind farms suggests that large gulls may be
attracted to the wind farm and that black-legged kittiwakes may show little or no difference in
area usage (Dierschke et al. 2016; Vanermen et al. 2015). The apparent high rate of macro-
avoidance evident in gulls as part of this study may relate to the presence of fishing vessels
on the edge of the wind farm. Fishing vessels cannot operate within the wind farm and, a
previous study (Krijgsveld et al. 2011) noted gulls being attracted to fishing vessels on the
edge of a wind farm. Seabird observers noted a similar effect as part of the ORJIP BCA
study. In such circumstances, birds will be responding to the fishing vessels rather than the
turbines. This may result in the number of birds outside the wind farm being inflated and the
number within the wind farm being artificially reduced. This effect may hold for black-legged
kittiwakes and large gulls. Consequently, the macro-avoidance rates estimated for large
gulls and black-legged kittiwake as part of the ORJIP BCA study should be used with caution
in relation to collision risk modelling based on pre-construction bird density estimates.

The results for northern gannet are consistent with previous studies, which suggested high
macro-avoidance rates for this species, ranging from 0.64 (Krijgsveld et al. 2011) to 0.85
(Vanermen et al. 2015) and possibly as high as 0.92 (Welcker & Nehls 2016), although it
should be noted the latter study was based on a limited sample size. It should also be noted
that the rate estimated as part of the ORJIP BCA project may be an underestimate for two
reasons. Firstly, without comparison to pre-construction estimates of bird density, these data
do not capture any impact of displacement on the number of birds recorded. Secondly,
collecting data on the movements of birds outside the wind farm using radar requires a
trade-off between the distance over which a radar system can operate and resolution at
which data can be collected. For the systems used in this study, the optimum distance over
which to collect data was judged to be 3 km. However, past studies have noted that northern
gannets may take action to avoid entering a wind farm at distances far greater than 3 km
(Petersen et al. 2006). However, like gulls, northern gannets are known to be attracted to
fishing vessels (Votier et al. 2010). The extent to which displacement from the wind farm,
attraction to fishing vessels and the presence of the wind farm as a barrier to flying birds
may interact with one another is unclear. Consequently, it is difficult to assess the extent to
which the estimate of 0.79 may be precautionary.

It should be noted that comparison of pre- and post-construction density estimates
suggested an increase in density post-construction for four of the five species (Table 2).
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However, the pre-construction density estimates were based on survey effort from a single
yeatr, it is questionable this effort is sufficient to characterise the baseline conditions of the
wind farm site (Maclean et al. 2013). Consequently, it is difficult to assess the extent to
which the reported changes were “genuine”, particularly in the case of northern gannet, a
species for which a strong displacement effect has previously been reported (Dierschke et
al. 2016).

4.3 Meso-avoidance

To our knowledge, the ORJIP BCA study is the first that systematically set out to measure

the meso-avoidance rates of seabirds within an operational wind farm. Data presented in a
previous review (Cook et al. 2014) suggested that meso-avoidance rates were likely to be

high, with few birds passing in close proximity to turbines.

In the ORJIP BCA study, meso-avoidance rates appear to be calculated in a logical way,
comparing the track length per unit area within the rotor-swept zone and a 10 m buffer (as
defined in Cook et al. (2014) to a theoretical density assuming birds were spread evenly
throughout the wind farm. The resulting rates support previous hypotheses that meso-
avoidance rates are likely to be very high and that birds within wind farms show strong
avoidance of turbines.

4.4 Micro-avoidance

Micro-avoidance rates collected as part of the ORJIP BCA study were based on extremely
limited sample sizes. It is important to highlight that this is likely to reflect the fact that most
birds take action to avoid collisions at distances that do not necessitate the “last-second”
avoidance behaviour reflected by micro-avoidance, rather than a short-coming in the study
design. In total, only 299 birds were recorded approaching turbines closely enough to
necessitate “last-second” collision avoidance behaviour. Consequently, it was not possible to
consider species-specific micro-avoidance behaviour.

The results from the ORJIP BCA study are consistent with those from past studies that have
shown that very few birds approach turbines closely enough to necessitate micro-avoidance
behaviour (Krijgsveld et al. 2011; Thaxter et al. 2017; Mendel et al. 2014; Desholm et al.
2006). Data from across these studies suggested that micro-avoidance rates were likely to
be >0.93, although, it should be noted that there were significant limitations in the derivation
of this rate (Cook et al. 2014). However, the estimate from the ORJIP BCA study of 0.9500
(SD 0.0128) for all seabirds was consistent with this previous estimate. In terms of the
number of records of birds interacting with turbines, the sample size from the ORJIP BCA
study is substantially higher than any previous attempt. Consequently, whilst there is clearly
a need for additional data collection to support this, the estimate of 0.9500 (SD 0.0128) for
micro-avoidance from the ORJIP BCA study is, at this time, the best available data with
which to quantify micro-avoidance behaviour in seabirds.

4.5 Use of avoidance rates from ORJIP BCA study

It is important to note that there is a difference between the empirical avoidance rate derived
in the ORJIP BCA study and the avoidance rate as used by the Band CRM. The empirical
avoidance rate, as derived by the ORJIP BCA study, incorporates detailed information about
the distribution and movements of birds within a wind farm and their interactions with
turbines. The avoidance rate as used by the Band CRM is based on a comparison of
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predicted and observed collision rates. The predicted collision rates will incorporate
elements of error in relation to both the data used and the model itself (Band 2012). The
incorporation of this error is likely to mean that the avoidance rates used by the Band CRM
are likely to be lower than those measured empirically.

The total empirical avoidance rates estimated as part of the ORJIP BCA study include
avoidance behaviour at the macro-, meso- and micro-scales. However, for the reasons set
out above (section 4.2), we feel that the estimates of macro-avoidance from this study are
not applicable in the context of how the Band CRM is used in the pre-construction
assessment of collision risk. Empirical avoidance rates combining the remaining meso- and
micro-avoidance correspond to the within-wind farm avoidance rates presented in Cook et
al. (2014). The resulting empirical within-wind farm avoidance rates are 0.9956 for large
gulls, 0.9958 for black-legged kittiwake and 0.9960 for northern gannet. However, as these
rates do not incorporate model error in the same way that those recommended by existing
guidance do (Cook et al. 2014), they are not directly applicable to the Band collision risk
model.

Based on the data collected as part of the ORJIP BCA study and analysed above (section
3.6), we suggest that a total avoidance rate of 0.995 is suitable for use in the basic Band
CRM for large gulls (Table 12). Given previous evidence of strong macro-avoidance in the
northern gannet (Dierschke et al. 2016), we suggest that 0.995 is also a suitable minimum
value to use for this species in relation to the basic Band CRM (table 12). Analyses of
collision rates presented above (Tables 10 & 11) suggest that black-legged kittiwake may be
more prone to collisions than large gulls. Consequently, we suggest that an avoidance rate
of 0.990 is suitable for this species (Table 12). It is acknowledged that this is lower than in
previous guidance (Cook et al. 2014). However, we feel this is justified as, in the previous
guidance black-legged kittiwake was grouped with other small gull species (Cook et al.
2014). In the density data used in the above analysis (Royal Haskoning 2013) to estimate
the predicted collision rate, the number of black-legged kittiwakes not identified to species
level is likely to be negligible. As no other small gulls, whether identified to species level or
not, were recorded colliding, we feel the estimate of 0.990 for black-legged kittiwake is
robust. These avoidance rates are considered to include macro-avoidance (Table 12).

We were able to undertake further analyses (described in Appendix 1) in order to derive
avoidance rates suitable for use in the stochastic collision risk model for black-legged
kittiwake of 0.994 (95% Cls 0.976 - 0.998) for option 1 and 0.970 (95% ClIs 0.871-0.989) for
option 3 and, for large gulls 0.997 (95% Cls 0.992 - 0.999) for option 1 and 0.990 (95% Cls
0.974 - 0.995) for option 3. Note that the median values recommended for use in the
stochastic collision risk models differ from the values recommended for use in the
deterministic model, this relates to differences in the way in which flight height distributions
are incorporated into the models. However, it should also be noted that the values
recommended for use in the deterministic model are within the 95% confidence intervals of
those recommended for use in the stochastic model.

In relation to the extended Band CRM, we note the sizeable difference between the
observed and recorded flight height distributions, and the potential for bias associated with
the collection of flight height data using laser range finders (Borkenhagen et al. 2018) to
contribute to this difference. This difference has a noticeable effect on the avoidance rates
estimated using generic and site-specific data. Given the precautionary principle in
assessing collision risk, we suggest that the estimates of avoidance rate made using generic
flight height data (Table 10) should be used for the extended Band CRM. Ideally site-specific
estimates of flight height would be used to estimate avoidance rates. However, given
uncertainty in the flight height data recorded as part of the ORJIP BCA project and, the
discrepancy with previous estimates of seabird flight height (figure 4), we believe this reflects
a realistic, precautionary approach. If the number of birds at risk of collision is over-
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estimated, then, following equation 1, the overall avoidance rate is also likely to be
overestimated. Consequently, for the extended Band CRM, we recommend using avoidance
rates of 0.993 for large gulls and 0.980 for black-legged kittiwake (Table 12). It should be
noted that this reflects an increase in the rate recommend for large gulls in previous
guidance (Cook et al. 2014) and is the first time it has been possible to calculate a total
avoidance rate for black-legged kittiwake for Option 3 of the Band CRM based on empirical
data. However, based on the data collected as part of the ORJIP BCA project, it has not
been possible to calculate an avoidance rate suitable for use in Option 3 of the Band CRM
for northern gannet as no collisions were recorded (Table 12).

It is important to highlight some key limitations in how the avoidance rates presented in table
12 were derived. Data were collected from a single site, during the non-breeding season in
daylight hours. As the avoidance rates derived from these data are higher than those
presented elsewhere (Cook et al. 2014), care must be taken before applying them to other
sites and to breeding season estimates of collision rates. Consequently, with the exception
of black-legged kittiwake, the avoidance rates we recommend are based on generic flight
speed and height data as we feel these retain a sufficient level of precaution whilst also
being applicable to a broader range of sites and, to the breeding season. In relation to black-
legged kittiwake, the recommended rate of 0.990 is derived using site-specific flight height
and speed data as this was lower than the rate derived using generic data (tables 10,11 and
12).

28



Bird Collision Avoidance: Empirical evidence and impact assessments

Table 12. Recommended avoidance rates for use in the deterministic Band Collision Risk Model, derivation of these avoidance rates and rationale for

recommendations.

Band Recommended | Derivation of Avoidance Rate Rationale

Model | Avoidance

Option | Rate

Northern gannet 1 0.995 It was not possible to estimate an avoidance | Following the logic of Cook et al. (2014),

rate by comparing predicted and observed given strong evidence of high macro-
collision rates. However, given clear evidence | avoidance in northern gannets from a variety
of strong macro-avoidance at Thanet from of sites (Dierschke et al. 2016), we feel that it
Skov et al. (2018), and at other sites is unlikely that the total avoidance rate for
(Dierschke et al. 2016), it was felt appropriate | northern gannet would be less than that for
to use the same value as recommended for large gulls.
large gulls.

3 NA As no collisions involving northern gannets
were recorded as part of the ORJIP BCA
study, it was not possible to compare
predicted and expected collision rates.
Furthermore, given clear differences in the
flight height distributions of northern gannet
and large gulls (Johnston et al. 2014) it is
unlikely to be appropriate to base any value
on that for large gulls, as we have done for
Option 1 of the Band model. Consequently, in
the absence of other data, it is still not
possible to recommend a suitable avoidance
rate for Option 3 of the Band CRM for
northern gannet.

Black-legged 1 0.990 Calculated using equation 1 by comparing the | Avoidance rates for black-legged kittiwake
kittiwake observed collision rate to predicted collision which were suitable for use with Option 1 of

estimate 3 (figure 2).

The predicted collision rate in the absence of
avoidance behaviour was estimated using
site-specific estimates of flight height and
speed and pre-construction density

the Band model ranged from 0.952 — 0.998
(tables 10 & 11). Based on the observed
collision rate, a rate of 0.952, derived using
generic bird flight data and pre-construction
density estimates was felt to be overly-
precautionary.
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estimates. The flux rate was estimated using
straight line speed and the probability of a
bird colliding was estimated using the true
speed.

The most appropriate approach for deriving
avoidance rates using the data collected by
the ORJIP BCA project was felt to be the use
of straight line speed to estimate flux rate and
true speed to estimate the probability of
collision. This resulted in estimated
avoidance rates of 0.990 based on the pre-
construction density estimates and 0.998
based on the post-construction density
estimates (table 11). This compared to a rate
of 0.991 derived using post-construction
density estimates and generic bird data (table
10). Consequently, 0.990 was selected as the
most precautionary of the realistic estimated
values. Furthermore, as black-legged
kittiwake are believed to show little change in
numbers in response to the presence of a
wind farm (Dierschke et al. 2016), this was
considered a realistic value for total
avoidance.

3 0.980

Calculated using equation 1 to compare the
observed collision rate to the collision rate
estimated using generic bird flight data and
post-construction density estimates.

Avoidance rates for black-legged kittiwake
which were suitable for use with Option 3 of
the Band model ranged from 0.891 — 0.998
(tables 10 & 11). Based on the observed
collision rate, a rate of 0.891, derived using
generic bird flight data and pre-construction
density estimates was felt to be overly-
precautionary.

The most appropriate approach for deriving
avoidance rates using the data collected by
the ORJIP BCA project was felt to be the use
of straight line speed to estimate flux rate and
true speed to estimate the probability of
collision. This resulted in estimated
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avoidance rates of 0.982 based on the pre-
construction density estimates and 0.996
based on the post-construction density
estimates (table 11). This compared to a rate
of 0.980 derived using post-construction
density estimates and generic bird data (table
10). As a consequence of the notable
differences between the observed and
generic flight height distributions, the rate of
0.980 was felt to be the most precautionary of
the realistic values. Whilst this is based on
post-construction density estimates, as black-
legged kittiwakes do not appear to show a
noticeable change in density in response to
the presence of an offshore wind farm
(Dierschke et al. 2016), this is felt to be a
realistic value for total avoidance.

Lesser black-
backed gull

0.995

The large gulls recorded colliding with
turbines during the ORJIP BCA project could
not be identified to species level.
Consequently, a large gull avoidance rates
was estimated by comparing the observed
large gull collision rate to the sum of the
lesser black-backed, herring and great black-
backed collision rates predicted in the
absence of avoidance behaviour using
equation 1.

Predicted collision rates were estimated using
post-construction density estimates and
generic bird flight data for each species.

Avoidance rates for large gulls which were
suitable for use with Option 1 of the Band
model ranged from 0.994 — 0.999 (tables 10
& 11). Those based on site specific data were
felt to be insufficiently precautionary (table
11). This is likely to reflect the high proportion
of birds reported at collision risk height by
Skov et al. (2018) in comparison to previous
studies (Johnston et al. 2014; Johnston &
Cook 2016; Corman & Garthe 2014;
Borkenhagen et al. 2018; Ross-Smith et al.
2016). Given the uncertainty this introduces,
it was felt that for large gulls, the avoidance
rates derived using generic data were most
appropriate (table 10). Using the generic data
avoidance rates of 0.994 using the pre-
construction density estimates and 0.995
using the post-construction density estimates
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were calculated. Of these, the estimate of
0.995 derived using post construction density
estimates was felt to be most appropriate
because density estimates were based on
multiple years’ data and, gulls may be
attracted to wind farms following construction
(Dierschke et al. 2016).

0.993 The large gulls recorded colliding with Avoidance rates for large gulls which were
turbines during the ORJIP BCA project could | suitable for use with Option 3 of the Band
not be identified to species level. model ranged from 0.991 — 0.999 (tables 10
Consequently, a large gull avoidance rates & 11). Those based on site specific data were
was estimated by comparing the observed felt to be insufficiently precautionary (table
large gull collision rate to the sum of the 11). This is likely to reflect the high proportion
lesser black-backed, herring and great black- | of birds reported at collision risk height by
backed collision rates predicted in the Skov et al. (2018) in comparison to previous
absence of avoidance behaviour using studies (Johnston et al. 2014; Johnston &
equation 1. Cook 2016; Corman & Garthe 2014;
Borkenhagen et al. 2018; Ross-Smith et al.
Predicted collision rates were estimated using | 2016). Given the uncertainty this introduces,
post-construction density estimates and it was felt that for large gulls, the avoidance
generic bird flight data for each species. rates derived using generic data were most
appropriate (table 10). Using the generic data
avoidance rates of 0.991 using the pre-
construction density estimates and 0.993
using the post-construction density estimates
were calculated. Of these, the estimate of
0.993 derived using post construction density
estimates was felt to be most appropriate
because density estimates were based on
multiple years’ data and, gulls may be
attracted to wind farms following construction
(Dierschke et al. 2016).
Herring gull 0.995 The large gulls recorded colliding with Avoidance rates for large gulls which were

turbines during the ORJIP BCA project could
not be identified to species level.

suitable for use with Option 1 of the Band
model ranged from 0.994 — 0.999 (tables 10
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Consequently, a large gull avoidance rates
was estimated by comparing the observed
large gull collision rate to the sum of the
lesser black-backed, herring and great black-
backed collision rates predicted in the
absence of avoidance behaviour using
equation 1.

Predicted collision rates were estimated using
post-construction density estimates and
generic bird flight data for each species.

& 11). Those based on site specific data were
felt to be insufficiently precautionary (table
11). This is likely to reflect the high proportion
of birds reported at collision risk height by
Skov et al. (2018) in comparison to previous
studies (Johnston et al. 2014; Johnston &
Cook 2016; Corman & Garthe 2014;
Borkenhagen et al. 2018; Ross-Smith et al.
2016). Given the uncertainty this introduces,
it was felt that for large gulls, the avoidance
rates derived using generic data were most
appropriate (table 10). Using the generic data
avoidance rates of 0.994 using the pre-
construction density estimates and 0.995
using the post-construction density estimates
were calculated. Of these, the estimate of
0.995 derived using post construction density
estimates was felt to be most appropriate
because density estimates were based on
multiple years’ data and, gulls may be
attracted to wind farms following construction
(Dierschke et al. 2016).

3 0.993

The large gulls recorded colliding with
turbines during the ORJIP BCA project could
not be identified to species level.
Consequently, a large gull avoidance rates
was estimated by comparing the observed
large gull collision rate to the sum of the
lesser black-backed, herring and great black-
backed collision rates predicted in the
absence of avoidance behaviour using
equation 1.

Avoidance rates for large gulls which were
suitable for use with Option 3 of the Band
model ranged from 0.991 — 0.999 (tables 10
& 11). Those based on site specific data were
felt to be insufficiently precautionary (table
11). This is likely to reflect the high proportion
of birds reported at collision risk height by
Skov et al. (2018) in comparison to previous
studies (Johnston et al. 2014; Johnston &
Cook 2016; Corman & Garthe 2014;
Borkenhagen et al. 2018; Ross-Smith et al.
2016). Given the uncertainty this introduces,
it was felt that for large gulls, the avoidance
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Predicted collision rates were estimated using
post-construction density estimates and
generic bird flight data for each species.

rates derived using generic data were most
appropriate (table 10). Using the generic data
avoidance rates of 0.991 using the pre-
construction density estimates and 0.993
using the post-construction density estimates
were calculated. Of these, the estimate of
0.993 derived using post construction density
estimates was felt to be most appropriate
because density estimates were based on
multiple years’ data and, gulls may be
attracted to wind farms following construction
(Dierschke et al. 2016).

Great black-
backed gull

0.995

The large gulls recorded colliding with
turbines during the ORJIP BCA project could
not be identified to species level.
Consequently, a large gull avoidance rates
was estimated by comparing the observed
large gull collision rate to the sum of the
lesser black-backed, herring and great black-
backed collision rates predicted in the
absence of avoidance behaviour using
equation 1.

Predicted collision rates were estimated using
post-construction density estimates and
generic bird flight data for each species.

Avoidance rates for large gulls which were
suitable for use with Option 1 of the Band
model ranged from 0.994 — 0.999 (tables 10
& 11). Those based on site specific data were
felt to be insufficiently precautionary (table
11). This is likely to reflect the high proportion
of birds reported at collision risk height by
Skov et al. (2018) in comparison to previous
studies (Johnston et al. 2014; Johnston &
Cook 2016; Corman & Garthe 2014;
Borkenhagen et al. 2018; Ross-Smith et al.
2016). Given the uncertainty this introduces,
it was felt that for large gulls, the avoidance
rates derived using generic data were most
appropriate (table 10). Using the generic data
avoidance rates of 0.994 using the pre-
construction density estimates and 0.995
using the post-construction density estimates
were calculated. Of these, the estimate of
0.995 derived using post construction density
estimates was felt to be most appropriate
because density estimates were based on
multiple years’ data and, gulls may be
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attracted to wind farms following construction
(Dierschke et al. 2016).

3 0.993

The large gulls recorded colliding with
turbines during the ORJIP BCA project could
not be identified to species level.
Consequently, a large gull avoidance rates
was estimated by comparing the observed
large gull collision rate to the sum of the
lesser black-backed, herring and great black-
backed collision rates predicted in the
absence of avoidance behaviour using
equation 1.

Predicted collision rates were estimated using
post-construction density estimates and
generic bird flight data for each species.

Avoidance rates for large gulls which were
suitable for use with Option 3 of the Band
model ranged from 0.991 — 0.999 (tables 10
& 11). Those based on site specific data were
felt to be insufficiently precautionary (table
11). This is likely to reflect the high proportion
of birds reported at collision risk height by
Skov et al. (2018) in comparison to previous
studies (Johnston et al. 2014; Johnston &
Cook 2016; Corman & Garthe 2014;
Borkenhagen et al. 2018; Ross-Smith et al.
2016). Given the uncertainty this introduces,
it was felt that for large gulls, the avoidance
rates derived using generic data were most
appropriate (table 10). Using the generic data
avoidance rates of 0.991 using the pre-
construction density estimates and 0.993
using the post-construction density estimates
were calculated. Of these, the estimate of
0.993 derived using post construction density
estimates was felt to be most appropriate
because density estimates were based on
multiple years’ data and, gulls may be
attracted to wind farms following construction
(Dierschke et al. 2016).
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4.6 Recommendations for future work

The ORJIP BCA study has collected detailed data on the movements and behaviour of birds
within an operational offshore wind farm at a scale never previously attempted. Whilst it has
answered many questions about the movements of birds within a wind farm and how they
avoid collisions, it has raised many more. In particular, by attempting to derive seabird
avoidance rates based on observed behaviour, it has highlighted the potential
consequences for the consenting process of the discrepancy between model assumptions
and how birds utilise wind farms. The lack of validation for collision risk models has been a
key problem for some time (Masden & Cook 2016), with some evidence that modelled
predictions may be a poor match for observed collision rates (Ferrer et al. 2012; de Lucas et
al. 2008).

Recommendations for future work fall into two categories — how lessons learned from the
ORJIP BCA study can be incorporated into similar studies in the future and how the data can
be used to improve and develop models of collision risk.

4.6.1 Lessons learned

Deriving total macro-avoidance rates from the ORJIP BCA study proved challenging. There
are two reasons for this. Firstly, it was not possible to collect seabird density data as part of
this project. This meant that it was not possible to assess changes in the numbers of birds
present between the pre- and post-construction periods, which may be expected in response
to displacement effects. Ideally, future studies should seek to collect information about
seabird density in parallel to fine-scale behavioural data in order to better understand any
displacement effects. Secondly, whilst the study was well set up to look at the impact of
barrier effects, attempts to estimate these may have been confounded by the presence of
fishing vessels on the edge of the wind farm. Species like gulls and northern gannets may be
attracted to fishing vessels over significant distances (Votier et al. 2010). Consequently,
there is a risk that some birds may have been responding to the presence of fishing vessels
on the edge of the wind farm, as reported by observers in both the ORJIP BCA study (Skov
et al. 2018) and elsewhere (Krijgsveld et al. 2011). In order to fully account for macro-
avoidance behaviour, it would be valuable if future studies were able to develop spatial
modelling approaches which could account for changes in the density of birds between the
pre- and post-construction periods. Ideally, such approaches would also account for the
movement of fishing vessels, which may attract birds and, thus, give a misleading
impression of the impact of barrier effects. Combining digital aerial survey data with radar
data may prove a useful approach for this with digital aerial survey data able to offer
information on distribution and radar able to offer information on flight paths and speeds.

In the estimation of macro-avoidance behaviour, Skov et al. (2018), highlight the different
components of uncertainty that may contribute to the total uncertainty surrounding the final
macro-avoidance rates. However, in common with the suggested approach for estimating
uncertainty set out by Band (2012), these are largely based on expert judgement. Future
studies should consider how the need for expert judgement in relation to the estimation of
uncertainty can be overcome. For example, spatial and/or temporal modelling approaches
could be used in order to determine the level of uncertainty introduced as a result of factors
such as the presence of fishing vessels and weather conditions.

The ORJIP BCA study has supported previous suggestions that a significant proportion of
avoidance behaviour may take place at the meso-scale (Cook et al. 2014). Gathering
additional data at this scale is likely to be extremely valuable. However, as such a high
proportion of avoidance behaviour occurs at the meso-scale, collecting data on avoidance
behaviour at a micro-scale is much more challenging. Whilst the ORJIP BCA study has
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collected the most comprehensive dataset on micro-avoidance to date, it is clear that much
more data are required in order to fully understand micro-avoidance behaviour, particularly
at an inter-specific level. Future studies should consider approaches that will maximise the
collection of data at the micro-scale. A key gap relates to our understanding of how
avoidance behaviour may differ between day and night. Consequently, future studies should
make use of thermal cameras to enable collisions to be recorded during the dark.

Estimates of seabird flight heights were based on measurements collected using laser
rangefinders. Such measurements may be biased against low flying birds and,
consequently, overestimate the number at risk of collision (Borkenhagen et al. 2018).
Consequently, it is difficult to ascertain the extent to which the flight height distributions
obtained as part of the ORJIP BCA study, which are radically different to generic
distributions collected from elsewhere (Figure 4), reflect this bias and/or site-specific factors.
Ideally, in order to make the most of these data, future studies should collect flight
information both inside and outside wind farms using multiple platforms concurrently in order
to better understand any potential biases.

4.6.2 Collision risk model development

The disparity between the number of collisions predicted by the Band CRM relative to those
observed (Figure 10) highlights the need to start looking at ways to incorporate realistic
assessments of bird behaviour into collision risk models. Ideally, we should be asking how to
make the model better fit the data, rather than how to make the data fit the model, e.g.
through the use of correction factors. At the same time, there is a need to balance the
detailed data collected as part of this study with the more generic data typically available as
part of pre-construction impact assessments. Below, we highlight areas where we feel
refinements could be made to more accurately assess collision risk.

The Band CRM estimates the number of birds at risk of collision by predicting the number of
birds likely to pass through the turbine rotor-swept area per second (Band 2012). This is
based on an estimate of bird flight speed, to determine how long it would take a bird to pass
through the rotor, and density, in order to estimate the number of birds available to pass
through the rotor per unit time. As highlighted above (Table 3 and section 4.1) the generic
estimates of flight speed far exceed those measured as part of the ORJIP BCA Study,
meaning, the use of generic data results in significantly higher estimated flux rates (Table 6).
Furthermore, the Band CRM assumes that birds fly at a constant speed, perpendicular to the
rotor. If these assumptions are not met, for example, if the flight path taken by a bird is not
perpendicular as it approaches the turbine, this may also have significant implications for the
number of birds estimated to be at risk of collision (Table 6). For example, birds engaged in
area-restricted search foraging behaviour, may be less likely to be travelling in a straight line
than those commuting between foraging areas and breeding colonies (Votier et al. 2013).
Furthermore, rather than approaching the turbine rotor at a perpendicular angle, as assumed
by the Band CRM, the ORJIP BCA study noted a significant number of birds flying in parallel
to the turbine blades. Models should be refined in order to account for site specific
differences in bird behaviour (e.g. commuting vs. foraging flight) as these differences are
likely to have a substantial impact on collision risk.

In contrast, the data collected as part of the ORJIP BCA study suggests that the Band CRM
may underestimate the probability of a bird passing through a turbine colliding with the
blades. Using site-specific data, the probability of collision was estimated at between 0.07 —
0.12 (Table 7), depending on the species and approach used. However, the data collected
as part of the ORJIP BCA showed six of the 15 birds that crossed the rotor swept area
colliding, implying a greater probability of collision in the region of 0.4, albeit based on limited
data. Again, the ORJIP BCA study is the first, to our knowledge, to offer quantitative data
regarding the number of birds crossing the rotor-swept area which collide with the turbine
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blades. One potential reason for this discrepancy is that birds crossing a rotor swept area at
an oblique angle may be more likely to collide than those making a perpendicular approach
to the rotor (Band 2012). Band (2012) argues that this effect can be offset by the fact that the
elliptical shape of the rotor means that birds are less likely to enter the rotor swept area.
Subsequent analyses have shown that accounting for an oblique approach may result in a
substantially increased collision risk (Christie & Urquhart 2015). Models should be refined in
order to more accurately reflect bird movement patterns and account for an oblique
approach to the turbine rotors. This will necessitate data describing bird movement patterns
being collected as part of EIAs. This could be achieved either through the use of tracking
data or, by examination of images collected by digital aerial surveys.

The analyses presented above suggest that the Band CRM may give a misleading
impression of absolute collision risk, with predicted collision rates higher than those
observed, even after accounting for avoidance behaviour (Figure 10). However, it should be
acknowledged that “all models are wrong, but some are useful” (Box et al. 2005). In the
context of collision risk modelling, at present the Band CRM may reflect our best approach
for assessing collision risk. However, ideally the predictions should be treated in relative
rather than absolute terms. As more data become available, for example, through radar or
tracking studies, these data should be used to refine the models in order to more accurately
account for bird movement and behaviour. These model refinements (e.g. accounting for
differences in behaviour and oblique approaches to wind turbines) are likely to reduce the
error associated model simplifications (Band 2012) meaning that the correction factor
referred to as an avoidance rate can be more closely aligned with the empirical avoidance
rates calculated by the ORJIP BCA study.
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7 Appendix 1 Estimating Avoidance Rates with
Confidence Intervals

In light of the development of stochastic collision risk models (Masden 2015; McGregor et al.
2018) the project steering group requested BTO to provide estimates of avoidance rates with
associated confidence intervals. Following the logic set out in Table 12, we estimate
avoidance rates and their associated confidence intervals for black-legged kittiwake and
large gulls using post-construction bird density estimates, generic flight height information
and estimates of flux rates derived using straight line speed and estimates of the probability
of collision and collision integral derived using true speed.

Following the methodology set out in Masden (2015) and McGregor et al. (2018) we use a
Monte Carlo simulation approach in order to estimate the number of collisions expected in
the absence of avoidance behaviour. Following the sensitivity analyses set out in Masden
(2015), bird density, bird flight speed and bird flight height distribution were identified as the
parameters most likely to affect estimates of collision in the absence of avoidance behaviour.
Accordingly, these were randomly sampled, as set out below, and the model was run for
1000 iterations. For each of these 1000 iterations an avoidance rate was calculated using
equation 1. The median avoidance rate and 95% confidence intervals were then calculated
from these values for black-legged kittiwake and large gulls.

7.1 Bird Density

Estimates of the number of birds likely to collide in the absence of avoidance behaviour can
be very sensitive to the estimate of bird density (Masden 2015). Consequently, it is important
that simulated density estimates fall within a distribution which is a realistic representation of
the birds present at a site. If this distribution is positively biased (i.e. high densities are over-
represented in the data) then the avoidance rates that are derived will be over-estimated
because the predicted collision rate in the absence of avoidance will have been over-
estimated. Conversely, for the same reason, if the distribution used is negatively biased (i.e.
low densities are over-represented in the data) the derived avoidance rates will be under-
estimated.

The densities presented in Royal Haskoning (2013) do not include estimates of uncertainty.
Consequently, it is necessary to make assumptions about the distributional form of the data.
We converted the mean post-construction density estimates in table 2 into estimates of the
total number of birds within the area covered by the cameras shown in figure 1. For each
iteration of the analysis, we then randomly sampled the number of birds within the area
covered by the cameras from a Poisson distribution and converted this back into a density
estimate for the remaining steps of the analysis. Distributions of density estimates generated
in this way appeared a reasonable approximation for the distributions of density estimates
obtained from an adjacent site (APEM 2018).

7.2 Bird Speed

As described above, bird speed can be estimated based on the straight-line distance
travelled by a bird or, by based on point estimates of speed. Speed is incorporated in the
Band model twice — firstly in order to estimate the flux rate and, secondly to estimate the
probability of a bird crossing a turbine rotor swept area and colliding. As described above,
the straight line speed is used in order to estimate the flux rate and the point estimates of
speed are used to estimate the probability of a bird crossing a rotor swept area and colliding.
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Masden (2015) and McGregor et al. (2018) both use a normal distribution in order to
estimate species flight speeds. However, this may generate estimates of flight speed of less
than 0 m/s. Following Ross-Smith et al. (2016), we assume that birds in flight are travelling
at a speed of 4 km/h, approximately 1.1 m/s. Consequently, we use a truncated normal
distribution with a minimum value of 1.1 m/s in order to generate estimates of flight speed in
each iteration of our analysis. Mean and standard deviations of straight line and point
estimates of species flight speeds are generated from the data collected as part of the
ORJIP BCA study and presented in table Al.

Table ALl. Mean and standard deviation of species true and straight-line speeds.

True Flight Speed Straight Line Flight Speed
Black-legged Kittiwake 8.57 (SD 3.47) 6.68 (SD 3.49)
Lesser Black-backed Gull 10.44 (SD 4.25) 8.35 (SD 4.90)
Herring Gull 9.75 (SD 3.44) 8.04 (SD 3.84)
Great Black-backed Gull 10.00 (SD 4.39) 8.52 (SD 5.10)

7.3 Bird Flight Height

Species flight heights are treated differently by the basic and extended Band models (Band
2012). In the case of the basic Band model a single value, the proportion of birds at collision
risk height is used. In the case of the extended Band model, a continuous distribution of the
proportion of birds at different heights is used. Such distributions can be derived from the
survey data collected to support offshore wind farm EIAs (Johnston et al. 2014). In order to
estimate avoidance rates suitable for use in the basic and extended Band models, we used
the generic flight height distributions derived by Johnston et al. (2014). The analyses of
Johnston et al. (2014) used a bootstrapping procedure in order to generate a median flight
height distribution and associated confidence intervals for each species. Each bootstrap
represented a modelled distribution for random sample of the data for each species. For
each iteration of the analysis used to predict the number of birds colliding in the absence of
avoidance behaviour we randomly selected one of these bootstrap flight height distributions.
In the case of the basic Band model, we used this distribution to estimate the proportion of
birds at collision risk height. In the case of the extended Band model this random selection
was used as the flight height distribution when calculating the collision integral.

7.4 Avoidance Rates with Confidence Intervals

Following the Monte Carlo simulation exercise described above, the avoidance rates derived
were in broad agreement with those outlined in table 12. Whilst there was some discrepancy
between the values reported in table 12 and the median values derived using Monte Carlo
simulations, the values in table 12 were within the 95% confidence intervals of the new
values (Table A2). This discrepancy relates to how the flight height distributions were used
when deriving the avoidance rates.

Flight height distributions are estimated following the methodology set out in Johnston et al.
(2014). The best fit distribution is estimated from the complete flight height dataset and is
that which best fits the available data. Confidence intervals were calculated around this
distribution using a bootstrapping approach, randomly sampling from the original dataset
each time. As a result, each individual bootstrap reflects the shape the distribution would be
if some of the data were excluded. It is not meaningful to compare the mean values obtained
from the bootstraps to the best-fit distribution because they are a series of sub-samples
(Johnston et al. 2014; Masden 2015). The values from table 12 are derived using the best fit
distribution and the median values in table A2 are derived using bootstrapped values.
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We recommend the values in table A2 for use in stochastic collision risk models.

Table A2. Avoidance rates and 95% Confidence intervals derived using a Monte Carlo simulation
approach for Black-legged Kittiwake and Large Gulls.

Basic Band Model Extended Band Model

Black-legged Kittiwake 0.994 (0.976 — 0.998) 0.970 (0.871 — 0.989)
Large Gulls (Lesser Black-

backed Gull, Herring Gull, 0.997 (0.992 — 0.999) 0.990 (0.974 — 0.995)

Great Black-backed Gull)
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