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Abstract 
 
    Governments are increasingly turning to renewable energy sources to meet growing energy 

demands. Wind energy is currently one of the most technologically advanced, cheapest and 

reliable forms of renewable energy and so is a key component in government renewable 

energy strategies. However, wind energy development can have negative environmental 

impacts and so, to ensure sustainable development, it is necessary that impacts on the 

environment are adequately assessed. The impacts of wind farms on birds have been of 

particular concern. In this thesis I have highlighted how bird flight characteristics and habitat 

use can be better quantified and the consequences this may have for the assessment of the 

impacts of wind energy developments on birds.  

    Assessing the risk of collision between birds and wind turbines is a pre-requisite for the 

sustainable development of wind energy and, in many countries, is a legislative requirement 

under the Environmental Impact Assessment (EIA) process. Collisions between birds and 

turbines are often predicted using theoretical models requiring information on flight activity, 

particularly flight height and speed. Methods recommended by statutory nature conservation 

bodies for the collection of such flight data include observer-based visual estimates of flight 

height and literature-derived values of flight speed. Data derived from such methods have 

been found to be inaccurate and imprecise when compared to more empirical, sensor-based 

methods. Therefore, I developed a framework to highlight how the tools and technologies 

already applied to the collection of bird flight, such as telemetry and radar, may be most 

usefully applied given the requirements of the EIA process and, in so doing, aim to help update 

guidance on bird flight measurement. I also recommend a more behaviour-based approach 
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to collision risk estimation and highlight how data for such estimation can be collected within 

the framework.    

    A quantitative demonstration of the improvement in bird flight measurements is necessary 

if empirical, sensor-based methods are to be incorporated into the consenting process. As 

such, I validated the height and step-length measurements of the ornithodolite, a tool based 

on a pair of binoculars with inbuilt laser rangefinder, digital magnetic compass and 

inclinometer, which has been applied to collection of bird flight data for estimating collision 

risk. This was undertaken using structures of known values and GPS technology, already 

applied to the collection of bird flight data. Variation in ornithodolite height measurements 

was observed with increasing height of the UAV target at a given distance but this effect was 

less pronounced at distances further from the UAV target. Similarly, step-length 

measurements recorded by the ornithodolite varied with the azimuth interval between 

consecutive altitude and longitudes. This effect was variable for different distances between 

the ornithodolite operator and the target.  Additionally, I assessed how the ornithodolite 

performed when collecting data from a moving target and in a field set-up likely to be 

experienced during data collection for EIA. There was an upper threshold of detection for 

flight characteristics, including speed, tortuosity and height. The resolution of ornithodolite 

data was also reduced in the presence of ‘clutter’ or non-target objects in the tracking vicinity. 

These results highlight how useful the ornithodolite might be in collecting bird flight data for 

the EIA process and more generally.   

    The collision risk modelling process currently does not incorporate variability in bird flight 

characteristics resulting from variability in environmental conditions. Variability in bird flight 

characteristics has been observed in relation to wind speed and direction, mostly on 

migration. If birds vary flight characteristics in response to airflows during local, daily scale 
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movements, this has consequences for how such data are incorporated into collision risk 

models. I used the ornithodolite and an anemometer to synchronously sample birds in flight 

and the horizontal wind vector to determine to what extent birds varied their flight 

trajectories and speed in response to wind conditions. Data from common buzzards (Buteo 

buteo) and greylag geese (Anser anser) were analysed. Neither varied their trajectory in 

relation to airflow vectors but goose flight speed (ground and airspeed) was variable in 

relation to wind speed and direction. The relationship between common buzzard flight speed 

(ground and air speed) and airflows was less clear, likely resulting from the range of behaviour 

buzzards use flight for. Birds in flight may also vary flight characteristics in response to vertical 

airflows, such as orographic uplift which results from the interaction between horizontal 

airflows and terrain features, such as mountains or hedges. This creates updrafts which allow 

birds to travel with overall little energetic cost. As wind energy developments are often 

associated with areas of high orographic uplift, consistent spatial relationships between such 

landscape features and bird flight over large spatial scales, such as during dispersal, would 

have consequences for the development of wind energy at national and potentially regional 

scales. I used Hidden Markov Models with GPS telemetry data collected from juvenile and 

sub-adult white-tailed eagles (Haliaeetus albicilla) to identify latent states in the data. One 

state was positively associated with variables such as increased elevation and slope which 

might indicate consistent use of orographic uplift across the birds’ measured range.  

    In relation to sustainable development of wind energy, the findings of this thesis have 

implications for how bird flight data are collected as part of the EIA process. Additionally, the 

findings presented here may raise questions on how flight characteristics are considered in 

collision risk models; as independent from the environment in which they are measured and 

the behavioural-context associated with the use of that environment.  
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1.1 Climate change and renewable energy 32 
    Despite clear evidence that climate change is a human induced phenomenon and the 33 

conception of a number of international treaties and agreements aimed at tackling climate 34 

change (e.g. UNFCCC, 1997, UNFCCC, 2015), energy-related carbon dioxide emissions rose 35 

1.7% in 2019 from the previous year (IEA 2019) and have been increasing by an average of 36 

1.3% over the last five years (IRENA 2019a). There is thus a widening gap between observed 37 

emissions and the reductions that are necessary in order to meet internationally agreed 38 

climate objectives. Meeting increasing energy demands through renewable energy 39 

technologies is therefore likely to be a key strategy of many governments to curb future 40 

emissions. Indeed, renewables are estimated to have produced 33% of total power 41 

generation in the UK in 2018 (IRENA 2019b). Such a shift to increased reliance on renewable 42 

energy technologies not only has clear benefits for the climate but is also linked to increased 43 

air quality and human health (West et al. 2013; Dimanchev et al. 2019) and potential socio-44 

economic benefits (IRENA 2019a).  45 

    Wind energy, in addition to solar power, saw the greatest increase in installed capacity in 46 

2018, with an estimated 51 gigawatts of wind power installed globally (IRENA 2019b). This 47 

likely reflects the fact that wind energy is one of the most technologically-developed, cost-48 

effective and widely available forms of renewable energy (Kumar et al. 2016) and is therefore 49 

likely to continue to play an important role in helping governments meet renewable energy 50 

targets. Given its reliability, wind energy is likely to be one of the preferred modes of 51 

renewable energy generation for more populous developing countries, where, by 2050, 52 

projected population growth, and therefore energy demand is expected to be greatest 53 

(Kumar et al. 2016).  54 
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1.2 Wind energy and birds 55 
    While climate change has had well documented negative ecological impacts (Fickle et al. 56 

2007; Lindner et al. 2010; Olesen et al. 2011; Gallana et al. 2013), deployment of renewable 57 

energy technologies can also adversely impact the environment. Conflicts between wind 58 

energy development and avian wildlife are particularly well documented, likely due to a 59 

number of high-profile cases (Smallwood and Thelander 2008, Bevanger et al. 2009). Such 60 

conflicts can be classified as either directly impacting birds through mortality resulting from 61 

collision with the turbine structure or indirectly impacting avian wildlife through habitat loss, 62 

displacement or barrier effects (Drewitt and Langston 2006).  63 

1.2.1 Direct impacts 64 
    Birds are directly affected by wind energy through potentially fatal collisions with the 65 

turbine structure (Drewitt and Langston 2006). Mortality resulting from collision has been 66 

documented for a range of bird species (Smallwood and Thelander 2008, Bevanger et al. 2009, 67 

Erickson et al. 2014) and for wind farms globally (Thaxter et al 2017a). A number of poorly 68 

sited developments have reported high incidences of collision (Smallwood et al 2008, 69 

Bevanger et al 2009) potentially resulting in population-level impacts (Dahl et al. 70 

2014(Gómez-Catasús et al. 2018). Collision and resulting population consequences is a 71 

particular concern for long-lived, slow to mature species with low reproductive output such 72 

as seabirds and raptors (Dahl et al. 2014). For such species it has been shown that the collision 73 

rate is not correlated with abundance (de Lucas et al. 2008) but rather is thought to be 74 

associated with behaviour, such as soaring behaviour related to topographical features (de 75 

Lucas et al. 2012), and the interactions between behaviour and environmental co-variates (de 76 

Lucas et al. 2012; Hanssen et al. 2020).  77 
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Methods to quantify direct impacts 78 
    Due to the direct nature of the impact of collision on birds, finding the best method for 79 

determining the likelihood and subsequently quantifying and mitigating for collision has 80 

received considerable research attention (May et al. 2015; Thaxter et al. 2015; Masden and 81 

Cook 2016). The likelihood of collision is typically assessed using collision risk models (Masden 82 

and Cook 2016); these are theoretical models parameterised with data including bird flight 83 

characteristics, morphometrics, the likelihood of bird avoidance and turbine specifications to 84 

determine the probability of collision. These collision estimates could be subsequently 85 

validated with actual collision incidents in the field but, in the UK at least, no systematic data 86 

collection effort for quantifying collision rates is currently undertaken, but is implemented in 87 

the United States (Strickland et al. 2011). Collision rates at onshore turbines are undertaken 88 

by systematically searching for collision victims, while offshore a number of remote sensing 89 

options have been trialled (Desholm 2005, Wiggelinkhuizen and Den Boon 2010) but are not 90 

implemented as standard.    91 

    Accurately quantifying collision rate by accounting for variables such as searcher efficiency 92 

and scavenger removal (Peters et al. 2014; Reyes et al. 2016) provide valuable data with which 93 

to confirm collision vulnerability and can be useful when planning future developments. 94 

However, it is the pre-emptive approach of accurately predicting collision risk from collision 95 

risk models that is most useful and important for the consenting process and can result in 96 

developments either being withdrawn from the planning process or refused planning consent 97 

(Broadbent and Nixon 2019). The models used in the assessment process are known to be 98 

sensitive to the input parameters (Chamberlain et al. 2006; Masden 2015), not least of all bird 99 

flight data (Masden, 2015). Collision risk models require data specifically on bird flight height 100 

and speed and the methods used to collect these data are overseen by statutory bodies 101 
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(Atienza et al. 2011, Strickland et al. 2011, The U.S. Fish and Wildlife Service 2012, Jenkins et 102 

al. 2015, Santos et al. 2017, SNH 2017). The recommended methodology for collecting flight 103 

height data is observer-based visual estimation, while flight speed data are taken from the 104 

scientific literature and these values equate to ground speed, that is the speed of the bird 105 

relative to ground rather than airspeed, the speed of the bird relative to still air. Arguably, 106 

flight height and speed of bird in flight, and the variability therein, would be more accurately 107 

quantified, and in turn collision risk more accurately estimated, if data were collected using 108 

the range of sensor-based methods, i.e. radar and telemetry, that are routinely applied to the 109 

collection of bird flight data generally (Chilson et al. 2012; Shepard et al. 2016; Thaxter et al. 110 

2017b).  111 

1.2.2 Indirect Impacts 112 
    Birds may be impacted by construction activities that disrupt the habitat in the vicinity of 113 

wind farm developments causing habitat loss and resulting in either disturbance or 114 

displacement. Disturbance and displacement have typically been associated with loss of 115 

breeding (Dahl et al. 2012) or feeding areas (Kaiser et al. 2002; Searle et al. 2014) and 116 

therefore terrestrial or sea-surface habitat use and quantified in terms of impact on survival 117 

and reproduction. However, more recently soaring birds have been found to be displaced by 118 

wind energy development from areas of higher topographic relief which generate favourable 119 

uplift conditions, enabling birds to remain airborne while reducing energy expenditure during 120 

flight (Marques et al. 2019; Hanssen et al. 2020). As a result, disturbance and displacement 121 

can occur in relation to exclusion from preferred aerial habitat and the energetic 122 

consequences will impact on survival and fecundity, which should also be quantified.    123 

    In addition to habitat lost as a result of wind energy, habitat may also be created by wind 124 

energy infrastructure. Early wind turbines were constructed with a lattice tower and this 125 



 6 

created perches for birds which was subsequently linked to an increase in collision (Osborn 126 

et al. 1998; Osborn et al. 2000). While this tower design has largely been phased out in favour 127 

of a ‘perch-free’ tubular tower structure, offshore wind turbines and the fixtures around the 128 

tower can create perching opportunities for seabird species (Vanermen et al. 2020). Whether 129 

perching on offshore turbines leads to increased collision risk is unknown, likely due to the 130 

difficultly in quantifying collision offshore. However, modern turbines are substantially larger 131 

than early lattice-tower turbines and as a result the distance between the rotor swept zone 132 

and the tower fixtures may be sufficiently large to negate the possibility of collision resulting 133 

from use of towers for perching.  Additionally, offshore turbine bases may act as a reef, 134 

aggregating prey species and subsequently attracting birds into the vicinity of turbines 135 

(Dierschke et al. 2016). Whether this phenomenon is observed in reality and has the potential 136 

to increase collision for seabird species is unknown.    137 

    In some cases, birds are known to attempt to avoid interacting with wind turbines during 138 

flight (Dierschke et al. 2016; Cook et al. 2018). This avoidance behaviour can occur at multiple 139 

spatial scales (May 2015; Cook et al. 2018) ranging from meso-scale avoidance of individual 140 

turbines to micro-scale avoidance of turbine blades to larger scale macro-avoidance whereby 141 

birds circumnavigate the entire wind farm. In this way, the wind farm acts as a barrier to bird 142 

movement (Masden et al. 2009; Masden et al. 2010). Although avoidance of a wind farm may 143 

have benefits in terms of reduced numbers of collisions, increased energetic consequences 144 

can be incurred as a result of the increased distance birds must fly around the wind farm 145 

(Masden et al. 2010). 146 

1.2.3 Analysis of existing data for quantifying direct and indirect impacts on birds 147 
    Given that the number of wind farms is continuing to grow to meet increasing energy 148 

demands, it is possible that development may spread to areas where sensor-based data on 149 
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bird flight may already exist, having originally been collected for a different purpose, or where 150 

there is an active long-term data collection project. It may subsequently be possible to make 151 

further use of these data for analyses from the perspective of quantifying impacts of wind 152 

farms. While such data may be useful for direct input into collision risk models, provided the 153 

data have been collected using an appropriate sensor-based method, they may also be used 154 

for highlighting potential gaps in the collision risk modelling process. For example, bird flight 155 

characteristics, such as height and speed are known to vary with different behaviours (Cleasby 156 

et al. 2015; Fijn and Gyimesi 2018) and with different environmental covariates (Shamoun-157 

Baranes et al. 2016; Sage et al. 2019; Hanssen et al. 2020) but this variability is not routinely 158 

incorporated into collision risk models. The lack of behaviour-based collision risk estimates 159 

likely reflects the fact that partitioning bird flight into distinct behaviours based on data 160 

collected using visual methods can only be undertaken subjectively. However, analytical tools 161 

applied to sensor-based data such as those derived from telemetry devices can be used to 162 

empirically distinguish behaviours, such as area-restricted search and transiting behaviour, 163 

and environmental co-variates associated with different behaviours (Michelot et al. 2016; 164 

McClintock and Michelot 2018; Pirotta et al. 2018) . Undertaking this kind of analysis not only 165 

highlights ways in which current estimates of collision risk could be improved but also 166 

identifies useful patterns in bird movement and habitat use that could be used to 167 

parameterise simulation-based analyses, such as individual-based models (IBMs) (Grimm et 168 

al. 1996). IBMs have been used to assess the impacts of wind farms on birds (Eichhorn et al. 169 

2012; Schaub 2012; Warwick-Evans et al. 2018) and could be particularly useful in simulating 170 

and assessing potential development scenarios, such as varying the number, configuration 171 

and location of turbines (Masden 2010) and, given the patterns identified in the flight data, 172 

the potential impacts of such scenarios. Where the necessary flight data exist, IBMs have clear 173 
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benefits for progressing sustainable development of wind energy by potentially enabling the 174 

impact assessment process to be undertaken by way of simulation and subsequently reducing 175 

impacts of wind farms on birds by progressing the least impactful development scenario. For 176 

quantifying direct impacts resulting from collision, such a methodology could reduce the 177 

reliance on potentially erroneous collision risk estimates derived from inaccurate data and 178 

simplistic model assumptions for accurately quantifying the likelihood of collision and avoid 179 

costly delays or project withdrawal during consenting and planning. Such a strategy may be 180 

particularly useful as wind energy development progresses and the likelihood of encroaching 181 

on areas designated for avian conservation increases (Rehbein et al. 2020).   182 

1.3 Thesis outline 183 
    Wind energy is key in a future where energy demand is met mostly through renewable 184 

energy. However, in order to ensure that such a transition is sustainable, it is necessary to 185 

accurately quantify the environmental impacts of wind energy development.  For birds, a key 186 

part of the impact assessment process is accurately quantifying the risk of collision through 187 

collision risked models. In turn, collision risk estimates rely on accurately quantifying the flight 188 

data needed to parameterise the models.  In Chapter two, a framework was developed to 189 

help update and guide the collection of bird flight data for the environmental impact 190 

assessment process, using sensor-based methods, such as telemetry and radar. Given that 191 

sensor-methods are often adapted for, rather than designed for, bird flight data collection, 192 

chapter one discusses how these methods could be most usefully applied in the context of 193 

quantifying impacts of wind energy on birds.  194 

    Technologies such as radar and telemetry are relatively well-known for their use in 195 

collecting bird flight data. However, other technologies, such as the ornithodolite (Cole et al. 196 

2019) and LiDAR (Cook et al. 2018),  have emerged more recently that could also be useful in 197 
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the impact assessment process. In order to quantify how useful such newly-adapted 198 

technologies could be, a quantitative understanding of how accurate and precise the data are 199 

is required. Additionally, an assessment of how the technologies perform, specifically when 200 

applied to data collection scenarios likely to be encountered during ornithological field-work 201 

is needed. One such technology is the ornithodolite, a device based on a pair of binoculars 202 

with an inbuilt laser rangefinder, digital magnetic compass and inclinometer. In Chapter 203 

three, the ornithodolite’s measurements are validated against known quantities and other 204 

devices routinely applied to the collection of bird flight data and used in collision risk models. 205 

In so doing the accuracy and precision of ornithodolite measurements are assessed, where 206 

accuracy refers to how close the ornithodolite measures are to a known quantity (static 207 

structure and other technologies) and precision refers to similar consecutive measurements 208 

are.  In Chapter four, the performance of the ornithodolite when collecting data from a 209 

moving target, in a field-work based setting, is assessed. Use of the ornithodolite for collecting 210 

data from a moving target in the field is subject to a number of limitations associated with 211 

the manual operation and the fixed-position of the ornithodolite during data collection. 212 

Together, chapter two and three aim to highlight how suitable the ornithodolite is for 213 

collecting bird flight data necessary for estimating collision risk and more generally.  214 

    Bird flight characteristics are known to vary in response to environmental factors, for 215 

example wind speed and direction. Much research has been conducted on the influence of 216 

wind on bird flight characteristics during migration, with relatively less focus on wind as a 217 

factor in bird flight during more local scale movements. If wind varies bird flight characteristics 218 

on such a local scale, this has consequences for how data on these flight characteristics are 219 

represented in collision risk models. Additionally, understanding the relationship between 220 

wind and bird flight locally could potentially aid in siting wind farms. In Chapter five, bird flight 221 
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data collected with the ornithodolite, was paired with the wind speed and direction collected 222 

with an anemometer to assess how bird flight trajectories and speed during local scale 223 

movements might vary in response to wind.  Birds may not have a priori knowledge of the 224 

tail- or crosswind conditions of a given area and therefore varying trajectory may not be an 225 

energetically optimal strategy but some landscape features are known vary the wind in 226 

predictable ways. For example, areas of high topographic relief generate orographic uplift, 227 

where the air is forced upwards creating sources of aerial energy birds can use to fly at 228 

relatively low energetic cost. This can result in distinct patterns in bird flight characteristics 229 

that can have consequences for wind energy developments at local and national scales. In 230 

Chapter six, I investigated the potential for telemetry-based flight movement data from 231 

white-tailed eagles tagged in Norway to be composed of distinct movement types and how 232 

these might be related to land cover. Given the extensive range the birds in this study cover, 233 

consistent association with land cover types may have consequences for wind energy 234 

development at a national scale. Finally, Chapter seven ties the five preceding chapters 235 

together and examines them in the wider context of anthropogenic impacts on birds and 236 

assessment of these impacts.   237 
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2.1 Introduction 33 
    Over the past century an accelerating pace of industrialisation has led to increasing 34 

numbers of man-made structures including renewable energy developments (Coates et al. 35 

2011, Vas et al. 2015, Shepard et al. 2016) extending into and co-occupying the airspace with 36 

airborne wildlife (Lambertucci 2014). The collision and disturbance risks associated with 37 

wildlife interactions and renewable energy developments have the potential to affect species 38 

ecology and conservation (Martin 2011, Davy et al. 2017, Shamoun-Baranes et al. 2017, 39 

Thaxter, Buchanan, et al. 2017).  40 

    Due to a number of high-profile incidents (Orloff and Flannery 1992, Bevanger et al. 2009), 41 

collisions between birds and wind turbines have become of particular concern. As the industry 42 

continues to develop, with larger turbines being deployed and as energy costs fall to levels 43 

where government subsidies are negligible, wind energy will play a pivotal role in delivering 44 

global renewable energy targets (IRENA 2018, Committee on Climate Change 2019). Wind 45 

turbines are therefore increasingly commonplace in marine and terrestrial environments 46 

increasing the potential for negative avian interactions.  47 

    In the absence of an accurate, reliable and widely used means of collecting data on collision 48 

rates, particularly for offshore developments, estimates of the number of collisions between 49 

birds and turbines are usually predicted using collision risk models (CRMs) (Masden and Cook 50 

2016). CRMs form a key part of a wind farm’s pre-construction Environmental Impact 51 

Assessment (EIA) process in the UK and elsewhere (The U.S. Fish and Wildlife Service 2012, 52 

Jenkins et al. 2015). These models provide a means of estimating the probability of a bird 53 

colliding with a turbine blade based on the probability of the bird occupying the same space 54 

as the turbine blade (Masden and Cook 2016). This requires data on both bird and turbine 55 

characteristics, including, but not limited to, bird flight parameters, such as flight height and 56 
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flight speed, bird morphometrics as well as turbine specifications such as rotor speed and 57 

turbine size. Collision estimates have been found to be sensitive to the bird flight parameters 58 

input into the model (Chamberlain et al. 2006, Douglas et al. 2012, Masden 2015) and, as a 59 

result, factors that affect the estimation of these flight parameters are likely to affect final 60 

collision estimates. It is therefore vital to ensure accurate and robust estimation of flight 61 

parameters during data collection for EIAs.  62 

    The need to collect data on flight height and speed is driven by guidance issued by statutory 63 

bodies (Atienza et al. 2011, Strickland et al. 2011, The U.S. Fish and Wildlife Service 2012, 64 

Jenkins et al. 2015, Santos et al. 2017, Scottish Natural Heritage 2017). However, the current 65 

methods recommended for use in collecting bird flight data in relation to impacts of wind 66 

energy have changed little from those outlined initially (Orloff and Flannery 1992, The U.S. 67 

Fish and Wildlife Service, 2003, Scottish Natural Heritage 2005). Current guidance 68 

recommends flight height data are collected by observers visually estimating flight heights 69 

(Atienza et al. 2011, Strickland et al. 2011, The U.S. Fish and Wildlife Service 2012, Jenkins et 70 

al. 2015, Santos et al. 2017, Scottish Natural Heritage 2017). In the UK, this has resulted in 71 

bird flight being categorised as occurring below, within or above the rotor swept zone due to 72 

the difficulty in providing a continuous estimate of flight height visually (Scottish Natural 73 

Heritage 2017). Flight speed data collection is not a requirement under current statutory 74 

guidance (The U.S. Fish and Wildlife Service 2012, Jenkins et al. 2015, Scottish Natural 75 

Heritage 2017); these data can be collated from existing values in the literature (e.g. Bruderer 76 

and Boldt 2001, Alerstam et al. 2007).  However, from the initial issue of formal guidance (The 77 

U.S. Fish and Wildlife Service, 2003, Scottish Natural Heritage 2005) to the present, a number 78 

of tools and technologies have emerged that are now routinely applied to the collection of 79 

bird flight data (Masden et al. 2009, Katzner et al. 2012, Shepard et al. 2016, Cook, Ward, et 80 
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al. 2018). Current guidance may therefore not reflect the most reliable methodologies with 81 

which to measure bird flight parameters.  82 

        The tools and technologies applied to the collection of bird flight data range from bird 83 

borne devices, such as GPS telemetry (Cleasby et al., 2015; Poessel et al., 2018) to remote-84 

sensing approaches, such as radar (Stumpf et al., 2011; Hulka, Mcleod and Larsen, 2013; Cook 85 

et al., 2018a). However, there is currently no guidance on how these methods can and should 86 

be applied to the collection of bird flight data in relation to quantifying impacts of wind 87 

energy, creating an uncertain regulatory environment for practitioners. Given that these 88 

methods are based on sensors that have been adapted for rather than designed for collecting 89 

bird flight data, the reliability of measurements may vary in response to the characteristics of 90 

the bird target (e.g. May et al. 2017, Cole et al. 2019), and/or the characteristics of the tracking 91 

environment (Kelly et al. 2009, May et al. 2017). Other limitations associated with logistics, 92 

such as the accessibility of a site, and with the sensor can also affect how useful a given tool 93 

is in accurately collecting bird flight data (Brookes 2009, Kelly et al. 2009, Cook, Ward, et al. 94 

2018, Cole et al. 2019).  95 

    Using sensor-based measurement methods to improve the accuracy of bird flight 96 

parameters can also refine how collision risk is calculated; from current calculations of 97 

species-specific collision risk to possible calculations of behaviour-specific collision risk. 98 

Currently, the collision-risk modelling process results in either a single value representing the 99 

likelihood of a species colliding with turbine blades (Band 2012), or a mean collision risk and 100 

associated confidence intervals per species (Johnston et al. 2014, Masden 2015, McGregor et 101 

al. 2018). However, bird flight height and flight speed are known to change as the behaviour 102 

of the bird changes (Cleasby et al. 2015, Fijn and Gyimesi 2018). As a result, it is likely that 103 

collision risk will vary between different behaviours and this has been shown to be the case 104 
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both within (Stienen et al. 2008, Morinha et al. 2014) and between species (de Lucas et al. 105 

2008, Thaxter, Buchanan, et al. 2017). Calculating collision risk related to different species 106 

behaviours may therefore offer an improvement over current calculations. It is not possible, 107 

following current guidance and data collection recommendations, to partition flights into 108 

separate behaviours other than subjectively, but these can be defined empirically post-hoc 109 

from changes in measured flight parameters such as height, speed and trajectory (e.g. Pirotta 110 

et al. 2018).  111 

   At present, bird flight data collected under EIA regulations often do not make use of the 112 

best methods available. Therefore, changes are required in the way data collection is 113 

approached to better estimate species-specific collision risk, and derive more use from the 114 

flight data collected, including estimates of behaviour-specific collision risk. A potential 115 

barrier to updating data collection guidance is the lack of understanding around how tools 116 

and technologies that currently exist could be applied in the context of flight data 117 

requirements for EIAs and CRMs. Here we propose such an update in the format of a 118 

framework for data collection. This framework is constructed from a review of methods used 119 

to estimate bird flight parameters in relation to interactions with wind turbines. From this 120 

review we aim to understand the different tools and technologies that have been applied to 121 

measuring flight parameters and, how they might be applied as part of baseline data 122 

collection for EIAs.      123 

2.2 Current data collection process for EIA  124 
     The main goal of the EIA is to identify the potential negative effects of a development and 125 

eliminate, mitigate or compensate for those effects (Fig. 2.1). This begins with a scoping phase 126 

which is primarily a desk-based review of existing ornithological and habitat data of the area. 127 

During this phase, a level of value is established against which to measure impact based on, 128 
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for example, designations, rarity and known sensitivity to effects of wind energy 129 

developments. Following scoping, observer-based surveys are used to collect data on bird 130 

species present, and their number, distribution and flight characteristics within the 131 

development area. These data are then entered into CRMs to predict potential collisions 132 

between birds of the area and the proposed turbines. It is during baseline data collection that 133 

using sensor-based methods could improve the estimation of bird use of the development 134 

area and therefore more accurately predict collision rates. Note that although Fig.2.1 is based 135 

on the UK EIA process, baseline data collection is a feature of the EIA process elsewhere (see 136 

Atienza et al. 2011, Strickland et al. 2011, The U.S. Fish and Wildlife Service 2012, Jenkins et 137 

al. 2015, Santos et al. 2017) and so the suggestions for improvements to baseline data 138 

collection made here are applicable beyond the UK EIA process.   139 

 140 
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Figure 2.1: A framework outlining the EIA process (in the UK) with baseline data collection 
highlighted in red where sensor-based methods could provide bird flight data and where 
selection of sensor-based methods could be guided further by our framework - see Fig. 
2.5.  
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2.3 Methods 183 

2.3.1 Data Collection 184 
    In order to build a framework to improve collection of flight data during baseline surveys, I 185 

first carried out a systematic literature review to assess which methods have been applied to 186 

the collection of bird flight data in relation to impacts of wind farms. I searched Web of 187 

Science, Google Scholar, Google Search and the Tethys online database 188 

(www.tethys.pnnl.gov) for Environmental Statements (ESs), peer-reviewed publications, 189 

book chapters and theses and any references therein. Search terms were “wind energy”, 190 

“wind farm” or “wind turbine” in combination with “bird flight” and “bird collision”, and 191 

further substituting “bird” for “avian” and “ornithological”. This gave eighteen search term 192 

combinations all together (Table 2.1). Literature searching was carried out until March 2019. 193 

Based on the recommendations by Haddaway et al. (2015), I focussed on the first 300 results 194 

from Google Scholar and my searches were limited to sources that were accessible online and 195 

written in English.  196 

 197 

Infrastructure related search term Receptor related search term 
Wind energy   AND Bird flight OR Avian Flight OR Ornithological flight 
Wind energy AND Bird Collision OR Avian Collision OR Ornithological 

Collision 
Wind farm AND Bird flight OR Avian Flight OR Ornithological flight 
Wind farm AND Bird Collision OR Avian Collision OR Ornithological 

Collision 
Wind turbine AND Bird flight OR Avian Flight OR Ornithological flight 
Wind turbine AND Bird Collision OR Avian Collision OR Ornithological 

Collision 
 198 

    Only documents quantifying bird flight in relation to interactions with wind energy 199 

(terrestrial and marine) were included and all phases of development (pre-construction, 200 

Table 2.1: Search terms used to identify relevant literature for analysis. Infrastructure 
related search terms were combined with receptor related search terms resulting in a total 
of 18 search terms. Each search term was applied across all databases and repositories. 
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construction, post-construction) were considered.  I excluded qualitative reviews, 201 

commentaries or other sources that did not include details of data collection methods. 202 

Simulation model-based analyses were included if they were parameterised with empirical 203 

data and the method was stipulated; if the study used other referenced data, that literature 204 

trail was followed. Where a study deployed more than one method for data collection, these 205 

were considered separately.   206 

    From the studies collated, I extracted information about the methods used, the flight 207 

parameters quantified, criteria of method selection, duration of data collection, goal of data 208 

collection, and if measurements were validated/calibrated prior to deployment of the 209 

method. I classified studies as ‘sensor’ where a tool or technology was used to collect data 210 

remotely, e.g. via devices that transmit and receive signals that are reflected, refracted or 211 

scattered by the target object (e.g. radar) or are attached to the target object and transmit or 212 

receive signals produced by other technology (e.g. GPS tags). This definition results in two 213 

possible approaches to data collection; borrowing terminology from fluid dynamics: (1) 214 

Eulerian data collected at the site of the potentially impacted (wind farm) space (e.g. radar), 215 

and (2) Lagrangian data collected at the site of the potentially impacted bird i.e. including 216 

telemetry (Cleasby et al 2015) - see also Cole et al (2019). Validation of measurements was 217 

considered to have been undertaken if testing was carried out to ascertain if the sensor’s 218 

accuracy was in line with manufacturer guidelines. Calibration was defined as a test of how 219 

well the sensor performed and how the uncertainty in measurements varied over changing 220 

conditions. Methods that quantified horizontal and vertical bird movement and speed were 221 

considered capable of quantifying flight in 3D as these parameters are often crucial for 222 

distinguishing between flight activities or behaviours.  223 



 10 

    The use of observer-based data collection under current EIA protocol has the benefit of 224 

collecting both site-specific and species-specific data but this may not be the case with the 225 

sensor-based methods considered here. As a result, I used the selection criteria I extracted 226 

from the collated studies, the classification of the method as Eulerian or Lagrangian, in 227 

addition to limitations known to be associated with these methods elsewhere in the literature 228 

to compile Table 2.2 and subsequently assess where each method could fit in a framework 229 

for data collection. 230 

2.4 Results 231 

2.4.1 Methods to quantify bird flight 232 
    A total of 308 applications of different methods, across 267 studies fulfilled the criteria 233 

outlined above (a number of studies deployed more than one method, see Supplementary 234 

material S2.1), out of a total of 393 studies reviewed, for which ten different methods were 235 

used (Table 2.2, Fig. 2.2). Following our definitions, radar, telemetry, LiDAR and ornithodolite 236 

(a pair of binoculars with inbuilt laser rangefinder, inclinometer and digital magnetic 237 

compass), and laser rangefinder paired with inclinometer represented sensor-based methods 238 

while vantage-point surveys, boat-based transects, digital aerial surveys, acoustic methods 239 

and thermal animal detection system (TADS) paired with visual methods were considered 240 

non-sensor (Table 2.2). Although microphones for acoustic methods and cameras used in 241 

digital aerial surveys and TADS do use a kind of sensor to capture data and are therefore 242 

technically sensor-based methods, neither a microphone nor a camera are capable of directly 243 

measuring flight parameters. Microphone or camera-based flight data must be back-244 

calculated with a degree of observer subjectivity and as a result, they are included in Fig.2.2 245 

and Table 2.2 with non-sensor methods. Further methods such as visual tracking (e.g. Perrow 246 

et al. 2006), whereby birds were tracked visually using a rigid-hulled inflatable boat (RHIB) 247 

provide data akin to telemetry for some metrics such as speed and are classified as such.   248 
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     Significantly more studies referenced flight data for onshore than offshore wind energy 249 

developments (χ2 = 24.19, p=0.0001), 65% (173), 35% (93) respectively (one study quantified 250 

bird flight at both onshore and offshore locations). Visual based methods, encompassing 251 

onshore vantage point and offshore boat-based surveys were the most common methods (χ2 252 

= 3.84, p=0.031), however across all studies 51% (140) of applications were of sensor-based 253 

methods. Five sensor-based methods were used overall (Fig. 2.2), with radar being used 254 

significantly more frequently that other sensor-based methods (χ2 =299.89 , p=0.00012). 255 

Sensor-based methods were typically deployed for longer durations and therefore likely 256 

collected a greater quantity of data to characterise the spatial and temporal variability in flight 257 

data. 58% (81) of the 140 studies that deployed a sensor-based method gave information on 258 

the duration over which data were collected; of the 168 applications of non-sensor methods, 259 

80% (135) gave information on the duration of data collection. The duration of data collection 260 

was significantly different between sensor and non-sensor based studies based on the results 261 

of a Wilcoxon test, with median durations of 41 and 23 days respectively (z=-3.052, 262 

p<0.00345, r=0.208).  263 

2.4.2 Flight parameters quantified 264 
    Of the five non-sensor-based methods, four collected data on multiple flight parameters 265 

(Fig.2.3) but none collected data on flight speed and therefore were also incapable of 266 

collecting data in three-dimensions (Fig. 2.3). Of the five sensor-based methods identified in 267 

the literature search, all were used to collect data on multiple flight characteristics (Fig. 2.3). 268 

Three (radar, telemetry and ornithodolite) were used to collect data on both bird flight height 269 

and speed and could therefore be used to improve collision risk estimates under species-270 

species collision risk calculations. All three methods were applied to the collection of three-271 

dimensional flight data necessary for behaviour-specific collision risk calculations. LiDAR was 272 



 12 

not applied to the collection of flight speed and therefore neither three-dimensional data, but 273 

the details of how this could be achieved were provided in the manuscript (Cook, Ward, et al. 274 

2018). 275 

 276 
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 278 

 279 
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 299 

Figure 2.2. The frequency with which different methods were deployed to collect 
bird flight data to quantify impacts of wind energy developments based on a 
literature search of 308 applications. These studies were composed of peer-
reviewed publications, grey literature and theses.   
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 317 

  Although radar was the most common of the sensor-based methods used (Fig. 2.2), the 318 

prevalence of sensor-based methods varied markedly across the data time series (Fig. 2.4), 319 

with radar most common early on, and telemetry more prevalent later in the time series. This 320 

likely reflects the advancement of telemetry technology in availability, affordability and for 321 

use on smaller species. The overall diversity of methods available also increased later in the 322 

time series.   323 

Figure 2.3: The frequency with which different methods were deployed to collect data on 
specific flight characteristics (trajectory, speed, height and flight in three-dimensions, 
meaning trajectory, speed and height data were collected concurrently) to quantify 
impacts of wind energy developments based on a literature search of 308 applications. 
These studies were composed of peer-reviewed publications, grey literature and theses.   
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 338 

(a) 

(b) 

Figure 2.4: Variation in the frequency of studies using sensor-based methods (140 
applications in total) over time presented as (a) total counts of each method (coloured 
lines) and total counts of all sensor and non-sensor studies (grey line, 308 applications in 
total); and (b) their proportional frequency relative to other methods for a given year. 
Years with no data are where our search criteria returned no studies using a sensor-based 
method.  
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Table 2.2: Logistical considerations that should be considered when deploying methods to collect bird flight data. ‘Sensor’ follows definitions of 339 

appropriate sensor-based data collection protocols (see text in ‘Methods’) ‘Approach’ refers to whether the data collection is Eulerian or 340 

Lagrangian (see text in ‘Methods’). ‘Main selection criteria’ represents the most frequently recorded reason across studies for selecting the 341 

method. ‘Primary limitations’ are those most frequently recorded across studies.  342 

Method Sensor-
based 
(yes/no) 

Approach Number 
studies 
from 
peer/non-
peer 
sources 

Number of 
studies 
calibrated 
or 
validated 

Main selection 
criteria 

Deploye
d 
onshore/ 
offshore/ 
both 

Mean duration 
of data 
collection (days) 

Primary 
limitations 

Radar Yes Eulerian 21/49 8 Nocturnal 
observations 

both 94 Lack of species-
specific data 

Animal-attached 
telemetry 

Yes Lagrangia

n 

31/22 12 Species-
specific data 

both 1080 Biases resulting 
from acceptable 
ratio of tag mass 
to bird body 
mass. Data 
collection 
restricted to 
times of the 
year when birds 
are accessible 

LiDAR Yes Eulerian 0/1 1 Limitations of 
visual 
estimates 

offshore 12 Not deployable 
in inclement 
weather or 
nocturnally 
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 343 

 344 

 345 

 346 

 347 

 348 

 349 

 350 

 351 

 352 

 353 

 354 

 355 

 356 

 357 

 358 

 359 

 360 

 361 

 362 

 363 

 364 

 365 

Ornithodolite Yes Eulerian 3/8 1 Data quality/ 
species-
specific data/ 
supplementary  

both 71 Not deployable 
in inclement 
weather or 
nocturnally 

Laser rangefinder 
+ inclinometer 

Yes Eulerian 4/4 3 Site & species 
specific data/ 
data quality 

both 11 Doesn’t provide 
3D data 

Vantage point 
survey 

No NA 28/86 21 Recommended 
by statutory 
bodies  

onshore 65 Inaccurate 
relative to senor 
methods 

Boat-based 
transect 

No NA 4/44 7 Recommended 
by statutory 
bodies  

offshore 28 Inaccurate 
relative to 
sensor methods 

Microphone 
array/acoustic 

No1 NA 0/1 0 Nocturnal 
Observations 

onshore 2462 Microphone 
sensor does not 
measure flight 
parameters 
directly 

Digital aerial 
surveys 

No1 NA 0/1 0 Recommended 
by statutory 
bodies 

offshore 202 Camera sensor 
does not 
measure flight 
parameters 
directly 

TADS + visual No1 NA 0/1 0 Parameterize 
collision risk 
models 

offshore 512 Camera sensor 
does not 
measure flight 
parameters 
directly 

1 Classed as non-empirical, given flight information cannot not be directly obtained (see text) 

 
2 Based n= 1 sample of studies using this method  
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2.4.3 Building a framework     366 
  I inserted the three sensor-based methods applied to the collection of 3D flight data (Fig. 367 

2.3) and LiDAR into the original EIA framework (Fig. 2.1), alongside additional limitations and 368 

logistical considerations identified for each method (Table 2.2). I suggest that the use of these 369 

methods in a given study be assessed in the context of the results of the scoping phase (Fig. 370 

2.1) and a pre-deployment phase where the results of scoping can be verified and any 371 

logistical challenges in application be assessed. This approach ensures the most appropriate 372 

tool is selected to maximise the quantity and quality of the data collected. Ideally, Lagrangian 373 

data collection would follow Eulerian data collection, the latter being used to identify 374 

potential species at risk through site-wide collection of sensor-based flight data and the 375 

former being used to provide more species-focussed data collection based on the Eulerian 376 

survey data. However, such an approach may increase the typical two year timescale in the 377 

UK or one year timescale elsewhere (Strickland et al 2011, The U.S. Fish and Wildlife Service, 378 

2012, Jenkins et al 2015, Santos et al 2017), for undertaking pre-construction baseline data 379 

collection and as a result the two are presented as distinct data collection options in Fig. 2.5. 380 

This also allows for the collection of Lagrangian-type data directly following scoping and pre-381 

deployment surveys where known issues may have been identified. 382 

 383 

 384 
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 391 
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Figure 2.5: A framework for collecting flight data as part of EIA for wind energy, following a similar 
outline to the current EIA data collection framework (see Fig. 2.1) but including sensor-based 
measurement methods as primary baseline data collection methods. This framework includes a pre-
deployment phase to better characterise the site of interest and includes an extension to the baseline 
for calculation of behaviour-specific collision risk estimates derived from telemetry data. We also 
better characterise the need for post-consent data collection and break this down into different data 
collection goals. 
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Pre-deployment surveys 437 
   The logistical limitations of the sensor-based measurement tools (Table 2.2), may limit how 438 

effective a particular method may be during baseline data collection. An understanding of the 439 

characteristics of the potential development site is therefore useful in order to select the 440 

most appropriate tool and can be gained through observer-based site surveys. Such surveys 441 

can identify physical site characteristics that may hinder data collection, such as the presence 442 

of a high density of non-bird objects in the tracking vicinity such as trees, mountains and 443 

dense rain and fog, i.e. clutter (Kelly et al. 2009, May et al. 2017). Species-specific qualitative 444 

data can also be gathered which may aid method selection at the site; for example, the 445 

number and species of birds at risk, their behavioural activity (e.g. foraging, migrating, 446 

roosting), and whether species from the site are potential designated features of nearby 447 

protected sites or have a notable conservation status such as Annex 1 species (EC Birds 448 

Directive 79/409/EEC). In this way, this data collection phase can be used to confirm the 449 

assumptions made during the literature-based scoping phase. Such a pre-deployment phase 450 

is a feature of the EIA process outside the UK (Strickland et al 2011).   451 

Baseline data collection 452 
    Following scoping and pre-deployment surveys it is recommended that bird flight data be 453 

collected using one of the sensor-based measurement methods. I suggest that Eulerian-based 454 

tools be used for site-wide data collection, to provide a quantitative measure of flight 455 

characteristics where use of the site by species can be relatively well described by individual 456 

flight parameters, e.g. birds commuting from roosting area to foraging area. Lagrangian-457 

based tools, on the other hand, are most useful for species-specific data collection, to provide 458 

a quantitative measure of individual flight parameters where use or movement through the 459 

site results in complex flight patterns, e.g. birds foraging in the area. This reiterates the need 460 
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for the pre-deployment survey phase outlined previously to aid in selecting the most 461 

appropriate tool.    462 

Eulerian site-wide data collection: Framework stage 2a 463 
    As part of site-wide baseline data collection, empirical flight height and flight speed data 464 

may be needed for a range of bird species occurring in the potential development space. 465 

Eulerian type technologies which collect data from a fixed space, i.e. in this case the potential 466 

development site, can be used to collect this site-wide baseline data. From the literature 467 

search conducted here, three Eulerian type technologies have been applied to the collection 468 

of bird flight parameters in relation to interactions with wind energy (Table 2.2) and are 469 

capable of collecting both flight height and flight speed data (Fig. 2.3) in situ for better 470 

estimating species-specific collision risk. Radar was the most frequently used method likely 471 

due to its historical application within the field of ornithology and the availability of marine 472 

surveillance radars (Eastwood 1967, Hamer et al. 1995). Radar can collect both flight height 473 

and flight speed data but requires separate horizontal and vertical arrays or a multi-array 474 

combination in order to do so. The main limitation of radar is the inability to distinguish 475 

between bird species using radar data alone (Rosa et al. 2016), necessitating data be ground-476 

truthed using an observer (Table 2.2). However, given radar can be operated nocturnally and 477 

in a wide range of weather conditions, this makes it a valuable tool for baseline data 478 

collection. By contrast, the other two Eulerian type methods (LiDAR and ornithodolite) cannot 479 

collect data in inclement weather or nocturnally, largely due to being manually operated. 480 

LiDAR and ornithodolite technologies are therefore likely to have useful supplementary value 481 

should radar deployment not be possible. For example, the ornithodolite is portable and may 482 

be used wherever is accessible to the operator; similarly, aircraft-mounted LiDAR can be 483 

operated far offshore where the use of radar may not be feasible.  484 
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Species-specific data collection: Framework stage 2b 485 
    As part of baseline data collection, information on flight height and speed may be required 486 

for key species that may be using the development site. Key species can be identified during 487 

scoping and pre-deployment surveys and subsequent discussion with stakeholders, linked to 488 

relevant legislation and an understanding of their life history traits. Lagrangian-type methods, 489 

represented in the framework (Fig. 2.5) as telemetry-based methods are most useful in this 490 

case. Animal-attached telemetry tags have been applied to the collection of bird flight 491 

parameters in relation to quantifying interactions with wind farms and are capable of 492 

quantifying both flight height and speed for calculating species-specific collision risk estimates 493 

(Thaxter, Ross-Smith, et al. 2017, Fijn and Gyimesi 2018). Particular attention should be given 494 

to the method of determining height from GPS sensors in telemetry tags. The inherent two-495 

dimensional perspective of GPS devices relative to the satellites from which positional data 496 

are derived, means that GPS-derived height data can be subject to large inaccuracies (Péron 497 

et al. 2020), although precision of estimates increases with faster sampling schedules (e.g. 498 

Bouten et al. 2013, Thaxter et al. 2019). Other sources of error such as GPS dilution of 499 

precision (DOP) can also be incorporated into a modelled flight height distribution, using 500 

Bayesian approaches to account for inherent error (Ross-Smith et al. 2016). This method is 501 

useful for improving accuracy of flight height distributions, but not necessarily accuracy of 502 

individual flight height measurements. Alternatively, barometric altimeters may be 503 

incorporated into tags to quantify height, but these require continuous calibration to account 504 

for barometric drift, associated with spatial and temporal changes in atmospheric conditions 505 

(e.g. Cleasby et al. 2015). Field calibration may therefore not be feasible (but see Shepard et 506 

al. 2016, Borkenhagen et al. 2018), or may only likely be effective for a relatively short period 507 

of time (Péron et al. 2020). Deployment of telemetry devices should also consider any ethical 508 
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consequences (Bodey et al. 2018), the limitations associated with sample size and 509 

deployment duration (Thaxter, Clark, et al. 2017) that may affect the use of the data collected 510 

for accurately determining collision risk. 511 

Extension of the baseline 512 
    For collision risk estimates to better reflect the variability in bird flight characteristics with 513 

varying flight activity, an extension to baseline data collection is suggested (Fig. 2.5). 514 

Following on from Lagrangian species-specific data collection, it is also possible to calculate 515 

behaviour-specific collision risk estimates using behavioural states identified from the already 516 

collected telemetry data using, for example movement modelling approaches (e.g. Pirotta et 517 

al. 2018). Using the flight parameter data associated with each behavioural state as separate 518 

inputs into CRMs, multiple collision risk estimates per species can be generated. Such an 519 

approach can help highlight when birds might be vulnerable to collision with turbines, e.g. 520 

when foraging or when commuting. Integrating this analysis with environmental co-variate 521 

data can help define the behavioural states but also provide a prediction of where birds might 522 

be vulnerable to collision. Such an approach could facilitate appropriate siting of the 523 

development and, depending on the resolution of the data, siting of individual turbines (de 524 

Lucas et al. 2012). Given the likely expansion in renewable energy worldwide, such an 525 

approach could be valuable at an early stage in the consenting process, enabling quick 526 

decision-making and conserving time and resources, as has already been demonstrated in the 527 

peer-reviewed literature (Péron et al. 2017). 528 

   In order to develop behaviour-specific collision risk estimates, three-dimensional flight data 529 

are required. This was theoretically possible with all four of the sensor-based methods and 530 

demonstrated for three of the methods (Fig. 2.3) identified in the literature search. However, 531 

in order to predict, spatially, where birds might be vulnerable, an equal measurement of 532 
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space use across the bird’s measured range is needed. This is not possible using Eulerian-533 

based methods, which collect data from a fixed space. The resolution and precision with 534 

which flight data can be collected is reduced the further the bird target is from the Eulerian 535 

type device (May et al 2017; Cole et al 2019; Chapter 3). Environmental variables and bird 536 

flight characteristics can also further influence the resolution and precision of data (May et al 537 

2017; Chapter 4). As a function of their data collection approach, Eulerian and Lagrangian 538 

methods therefore differ in the resolution of the information they are capable of providing 539 

across a given range. Animal-attached telemetry devices are already routinely used to 540 

distinguish between flight behaviours using movement models or accelerometry (Shamoun-541 

Baranes et al. 2012, Pirotta et al. 2018), whereas Eulerian devices such as radar more 542 

commonly provide quantitative measurements associated with individual flight 543 

characteristics (Masden et al. 2009, Mateos-Rodríguez and Liechti 2012, Pennycuick et al. 544 

2013). However, in order to use telemetry data in defining behavioural states, it is necessary 545 

to collect data at a suitably high resolution. There is thus a possible trade-off between data 546 

resolution and battery life for telemetry data which may result in conflicting objectives, such 547 

as for understanding general space use and detailed flight behaviour, if data from telemetry 548 

devices are also to be used for species-specific collision risk estimates.  549 

Post-consent data collection 550 
    Under current EIA guidelines, the need for post-consent data collection is assessed on a 551 

case-by-case basis and is not a requirement for all developments. However, by highlighting 552 

three different data collection goals (Fig. 2.5), mandatory post-consent monitoring is 553 

emphasised and highlight how the methods identified in the literature search and used in the 554 

framework can be used to meet these goals. Where a development is poorly sited it may be 555 

necessary to attempt to mitigate potential collisions. This could be achieved by triggering 556 
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intermittent shut down of turbines which is a proven effective measure for reducing bird 557 

mortality with little loss to overall energy generation (de Lucas et al. 2012). Sensor-based 558 

tools capable of automated detection, identification and tracking of birds as they enter the 559 

wind farm are likely most useful in triggering turbine shut down (McClure et al. 2018; but see: 560 

Sheppard et al. 2015).  In this regard, radar is likely the most useful tool and has been used to 561 

help mitigate bird collisions at wind farms (Marques et al. 2014, Tomé et al. 2017) and in other 562 

industries such as aviation (Ginati et al. 2010, Coates et al. 2011). Camera-based methods 563 

have also been trialled in mitigating collisions at wind farms (Birdlife International 2015). Non-564 

real-time monitoring may involve use of further spatial planning approaches, which may bring 565 

in wider datasets and alternative methods beyond the scope of this review (e.g. Bradbury et 566 

al. 2014), but could also include Lagrangian data to map hotspots of sensitivity and 567 

vulnerability using information on flight behaviour (e.g. Thaxter et al. 2019).  568 

    A second goal of post-consent data collection would be to quantify if collision risk estimates 569 

generated using CRMs were accurate and if not identify the real impact of the development 570 

regarding bird collision rates. Quantifying collision rate requires observer input to identify 571 

birds using turbine searches with an understanding of searcher efficiency and bias, and 572 

potential scavenger removal (Morrison 2002; Smallwood 2007). Offshore monitoring requires 573 

automated detection of collision rates and has been trialled using Thermal Animal Detection 574 

System (TADS) and other sensors (Desholm et al. 2006, Skov et al. 2018).  575 

   Thirdly, assessing if bird use of the site has been modified between pre- and post-576 

construction is a useful goal for post-consent monitoring. Birds may be attracted to the 577 

development area by, for example, turbine structures which may provide roosting or perching 578 

opportunities (Osborn et al. 2000, Percival 2001, Barrios and Rodríguez 2004, Morris and 579 

Stumpe 2015), or, for offshore infrastructure, aggregation of prey species (Aurore et al. 2016). 580 
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Visual-based surveys can confirm the occurrence of bird use of the development space post-581 

construction and what species may be using the site in a manner similar to pre-deployment 582 

surveys. Given that any post-construction use of the development site is likely to be species-583 

specific, Lagrangian data collection is likely to be most appropriate to determine three-584 

dimensional use of areas (e.g. Thaxter, Ross-Smith, et al. 2018), that may also help refine 585 

collision estimates as above (under baseline extension) by incorporating elements of 586 

behaviour. Alternatively, birds may avoid the development area post-construction. Avoidance 587 

rates are a key parameter used in CRMs and post-consent data collection can help confirm if 588 

avoidance rates used were accurate. As avoidance is based on measurements of flight data 589 

through the development area, the same approach outlined in the baseline data collection 590 

can be applied here. Eulerian-type methods can be considered for the larger spatial scales of 591 

avoidance and telemetry for finer-scales (May 2015, Cook, Humphreys, et al. 2018). Using the 592 

same method to quantify avoidance post-construction as was used during baseline data 593 

collection (Fig. 2.5) ensures consistent methodology and means that baseline data act as 594 

reference data.  Such a data collection design will further ensure that collision model 595 

predictions can be validated post-construction with actual avoidance incidents. 596 

2. 5 Validation and calibration of empirical methods  597 
    I evaluated and extracted information from the peer and non-peer reviewed literature on 598 

the methods applied to the collection of bird flight data in relation to interactions with wind 599 

energy (Fig. 2.2, 2.3), the specific parameters quantified by these methods (Fig. 2.3) and the 600 

limitations and selection criteria associated with the use of these methods (Table 2.2), in 601 

order to provide an update to the current data collection guidance as part of ornithological 602 

impact assessment of wind energy developments (Fig. 2.5). In doing so I highlighted how the 603 

use of sensor-based methods to collect bird flight data in relation to wind energy has evolved, 604 
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likely reflecting the adaptation of technologies for collecting bird flight data generally (Fig. 605 

2.4). 606 

    However, while developing a framework around sensor-based methods is likely to improve 607 

data accuracy and precision (Becker 2016, Fijn et al 2018, Harwood et al. 2018), it is unlikely 608 

to be the most cost-effective means of data collection. This is likely to create challenges for 609 

the consenting process that may be overcome when such improvements in data accuracy and 610 

precision can be quantifiably demonstrated. This can be achieved when sensor-based 611 

methods are validated and calibrated. From the studies assessed here, however, the 612 

incidence of validation and/or calibration, according to the definition given here (see 613 

Methods section) was low (Table 2.2). Rather, some studies opted to remove potentially 614 

erroneous data points (e.g. Poessel et al. 2018) or to restrict the data to within a certain range 615 

of the sensor (e.g. Welcker et al. 2017) or optimal sensor conditions (e.g. Brookes 2009, 616 

Cleasby et al. 2015), but such an approach may reduce amounts of potentially viable data for 617 

the consenting process.  618 

    Validation of device measurements can be achieved by quantifying the difference in 619 

measurement accuracy and precision with a known baseline, for example Cole et al (2019), 620 

used the known distance between ornithodolite operator and a building to test the precision 621 

of ornithodolite laser sensor in measuring distance. Alternatively, validation of a given device 622 

can be carried out using a second device that is already frequently used in quantifying bird 623 

flight. For example, Cook, Ward, et al. (2018) validated measurements of flight height gained 624 

from LiDAR using unmanned aerial vehicles (UAVs) equipped with internal GPS or UAV height 625 

derived from photogrammetry. Calibrating a device establishes an understanding of how 626 

device measurements change specifically with the conditions likely to be experienced during 627 

deployment, for example, May et al (2017) used a UAV to demonstrate that Merlin avian 628 
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radar detection was influenced by bird flight characteristics such as tortuosity, speed and 629 

height. Should calibrating devices to reflect all possible scenarios likely to be experienced 630 

during deployment not be possible, for example, as with atmospheric conditions and 631 

barometric altimeters attached to highly mobile species, possible post-hoc analytical 632 

solutions could be explored (e.g. Ross-Smith et al. 2016, Péron et al. 2020).  633 

    Validation and calibration of visual estimates is stipulated in current guidance (Scottish 634 

Natural Heritage 2017), but evidence suggests this has been inconsistently undertaken. 635 

Where calibration was reported for visual-based studies, this was undertaken during the data 636 

collection surveys, using reference structures (e.g. Rothery et al. 2009),  but few studies 637 

quantified the impact of changing environmental factors, such as topography or weather on 638 

estimates. Statutory guidance stipulates bird flight data be collected in a range of weather 639 

conditions (Camphuysen et al. 2004, Scottish Natural Heritage 2017) therefore results of the 640 

calibration in these operational conditions should be provided. The subjectivity of visually-641 

estimated quantities adds to the difficulty in validating and calibrating measurements. By 642 

contrast, sensor-based devices may provide data subject to errors that are more consistent 643 

and systematic, for example resulting from interference with bird detection from the 644 

environment. The more systematic the nature of discrepancies, the more feasible it is to 645 

quantify/ incorporate the effect of such discrepancies on the measurement of bird flight 646 

parameters. Where subjectivity might exist in determining the suitability of one sensor over 647 

another, Table 2.2, together with pre-deployment surveys, should provide contextual 648 

information to reduce such subjectivity.  649 

    While the increased cost of sensor-based methods, relative to observer-based visual data 650 

collection, likely deters statutory bodies from recommending the use of such methods, 651 

sensors offer improved accuracy in flight measurements in addition to an improved capacity 652 
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to quantify the error and bias around such measurements. Such improvements may balance 653 

favourably against the increased cost of use given the potential economic cost of 654 

development consent refusal, consent delays, extended public inquiries or legal challenges 655 

based on inadequate data. A development in the UK has been refused consent based on 656 

estimates of bird collision mortality and uncertainty and disagreement around population 657 

mortality thresholds, with substantial economic cost to the developer (Broadbent and Nixon 658 

2019). Such outcomes represent barriers to the development of renewable energy that can 659 

be, at least partially, overcome with collision estimates based on sensor-derived flight data.    660 

2.6 Limitations and opportunities for further development  661 
   The guidance outlined in Fig. 2.5 is focussed on quantifying impacts from a single 662 

development. Cumulative impact assessment is a legislative requirement of EIA and has been 663 

highlighted as a concern for birds interacting with wind energy developments (Masden, Fox, 664 

et al. 2010, Bastos et al. 2015, Brabant et al. 2015, Vasilakis et al. 2017, Kikuchi et al. 2019). 665 

Deploying technologies to quantify cumulative impacts would benefit from a network of 666 

sensors collecting data from the same individuals or life stages across multiple developments. 667 

On a large scale, such as for migrating life stages, networks of weather radars such as the 668 

currently used NEXRAD (Crum and Alberty 1993) and OPERA (Holleman et al. 2008) could be 669 

useful. A similar initiative has been set up using automated telemetry monitoring specifically 670 

for wildlife tracking (Taylor et al. 2017). However, such approaches are only currently 671 

operational for onshore developments and in a limited number of locations. For finer-scale 672 

information, such as individuals interacting with multiple developments within their home 673 

range, telemetry data has been found to be useful (Vasilakis et al. 2017), with further 674 

potential use as a spatial planning tool (Thaxter et al. 2019). There is also a need to consider 675 
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the indirect, energetic consequences of multiple encounters with wind energy developments 676 

during flight and their impacts on survival and fecundity (Masden, Haydon, et al. 2010).  677 

2.7 Conclusion 678 
    At present, bird flight data collected under EIA regulations often do not make use of the 679 

best methods currently available. Therefore, changes are required in the way data collection 680 

is approached and delivered in order to allow better estimation of species-specific collision 681 

risk, and derive more use from the flight data collected, such as behaviour-specific collision 682 

risk estimates. A potential barrier to updating data collection guidance is the lack of 683 

understanding around how tools and technologies that currently exist could be applied in the 684 

context of flight data requirements for EIAs and CRMs.  Here a framework is presented, 685 

building on that used within the existing EIA framework, to help guide the collection of bird 686 

flight data using sensor-based methods that have already been applied to the collection of 687 

bird flight data in relation to quantifying impacts of wind energy. The framework outlined 688 

here incorporates these sensor-based devices and will help stream-line decision-making for 689 

practitioners and ensure data collection is more accurate, consistent and standardised. The 690 

framework is targeted to better quantify impacts of wind farms on birds, but is transferable 691 

to other situations where there is a need to quantify bird interactions with anthropogenic 692 

structures. Given the growing need to meet energy demands through renewable sources, and 693 

the concurrent challenges posed by the climate and biodiversity crises, it is necessary that 694 

decisions about wind energy development are made with the best available evidence 695 

regarding potential ecological impacts. 696 

 697 

 698 

 699 
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3. 1 Introduction 24 
    Movement and behaviour form fundamental components of our understanding of animal 25 

ecology (Nathan et al. 2008). There are a number of technologies used to gain insight into 26 

movement and behavioural processes, ranging from visual observations to remote data 27 

recording with sensor-based technologies (Altmann 1974, Fernald and Hirata 1977, Shepard 28 

et al. 2008, Cagnacci et al. 2010, Williams et al. 2017). The development of sensor-based 29 

technologies, such as animal-attached telemetry devices and avian RADAR, has greatly 30 

benefited from technological developments in other industries (Waddle et al. 2003, 31 

Blumstein et al. 2011, Koh and Wich 2012, August et al. 2015) such as miniaturisation of 32 

sensors for incorporation into mobile phone technology (Wagtendonk and De Jeu 2007, 33 

August et al. 2015) or portable radar antenna for seafaring vessels. However, as these 34 

technologies are often adapted-for rather than designed-for animal tracking there is a need 35 

to quantify the efficacy of these technologies and the quality of the data that can be gained 36 

when such sensors are applied to the collection of animal movement data.  37 

    Accurate data on animal movement and behaviour are highly useful in elucidating how 38 

animals may interact with, and be affected by, anthropogenic structures in their environment 39 

(Hastie et al. 2016, Wang et al. 2017, Tucker et al. 2018). For example, data on bird flight 40 

characteristics are put into collision risk models (Masden and Cook, 2016), to estimate the 41 

risk of birds colliding with wind turbines. Mortality arising from collision is arguably the most 42 

direct impact of wind energy development on birds as it can reduce populations, particularly 43 

of long-lived, slow-reproducing species (Furness et al. 2013, Thaxter et al. 2017) and may 44 

impact individual fitness and survivability of a species (Dahl et al. 2012).  45 

    Recently the ‘ornithodolite’ (Pennycuick 1982) system (based on Vectronix Vector 21 Aero) 46 

has been highlighted as a tool that may be highly useful in collecting bird movement data in 47 
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relation to quantifying impacts of wind turbines (Hulka et al. 2013, Skov et al. 2018, Cole et 48 

al. 2019). However, originally built and designed for use in military and civil applications, the 49 

ornithodolite lacks validation regarding its use in collecting bird flight data. Cole et al. (2019) 50 

highlighted the increasing variation in the ornithodolite’s measure of distance with increasing 51 

distance between the target and the operator. Specifically, in relation to bird data collection, 52 

the maximum distance over which data could be obtained using the ornithodolite, varied with 53 

bird body mass (Cole et al. 2019). However, a number of other factors may also be important 54 

when quantifying the accuracy and precision of the ornithodolite’s measurements when 55 

applied to bird flight data collection. Of particular relevance when quantifying potential avian 56 

interactions with wind turbines, is accurate altitude measurements; and these are often a 57 

limiting factor in robust collision predictions (Johnston et al. 2014). Using trigonometry, the 58 

ornithodolite derives altitude from the laser sensor and the inclinometer. Measurements of 59 

inclination range from -30o up to +90o with a manufacturer stated error of ±0.2o (Vectronix, 60 

2004). However, it is unknown if this error is constant for all values of inclination. Additionally, 61 

inclination covaries with distance, such that for a given height, the inclination will be larger 62 

the closer the ornithodolite is to the target. As a result, it is necessary to consider both sensor 63 

measurements in determining the accuracy and precision of ornithodolite altitude 64 

measurements.  65 

    Birds are vulnerable to wind turbine collisions when they occur at rotor swept height within 66 

the wind farm footprint. This vulnerability also depends on flight speed, with birds transiting 67 

through the rotor swept zone at faster speeds, less likely to collide with the turbine blades. 68 

Collision risk models are sensitive to speed as a parameter in the model (Masden, 2015). 69 

Speed can be calculated using the ornithodolite by dividing the distance between consecutive 70 

latitude and longitudes, or the track step length, by the sampling frequency or the time 71 
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difference between consecutive positions. The accuracy of the ornithodolite’s estimations of 72 

step-length, and therefore speed, depend on the ability of the ornithodolite to distinguish 73 

each consecutive position as spatially distinct. At a given distance between the ornithodolite 74 

and a target, this ability in turn relies on the ornithodolite’s azimuth measurements such that 75 

targets that are spatially closer together, may not be distinguished as separate. As the 76 

ornithodolite is manually operated, the azimuth interval between consecutive positions can 77 

vary.  For a given step-length, the azimuth interval can also vary with distance between the 78 

ornithodolite and the target, such that the further the ornithodolite is from the target the 79 

smaller the azimuth interval for a given step length will be (see Figure 3.2 for schematic 80 

representation). The accuracy and precision of the ornithodolite’s measurement of step 81 

length, and any flight parameters derived from step length such as flight speed, are therefore 82 

likely to covary as a function of the distance between the ornithodolite operator and the 83 

target and the azimuth interval between the consecutive positions. Measurements of azimuth 84 

range from 0o to 360o with a manufacturer stated accuracy of ±0.6o (Vectronix, 2004). 85 

However, similar to the inclinometer, Vectronix technical specifications do not provide 86 

information regarding how the resulting estimates of latitude and longitude, and therefore 87 

the parameters derived from latitude and longitude, are influenced by changing azimuth or 88 

distance and the covariation between these quantities. Understanding how the 89 

measurements from the two sensors covary to effect latitude and longitude is useful in 90 

understanding if the positional estimation and derived parameters (i.e. speed and distance 91 

travelled) of less frequently sampled tracks, with larger azimuth intervals between 92 

consecutive points, is equal to those quantities derived from a more frequently sampled 93 

track, with smaller azimuth intervals between consecutive points.  94 
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      Synchronous collection of animal movement data from different technologies for the 95 

purpose of comparing measurements is rare in the peer-reviewed literature (but see Beason 96 

et al., 2010; Borkenhagen, Corman and Garthe, 2018; Cook et al., 2018). However, such 97 

comparisons are essential in understanding how useful a given technology is relative to other 98 

options for data collection. Using GPS and altimeter data from an unmanned aerial vehicle 99 

(UAV) acting as a test target, it was possible to compare the altitude data collected from the 100 

ornithodolite with that of a commonly used telemetry system for bird flight height data 101 

collection. Similarly, the step-length measurements derived from the ornithodolite 102 

measurements of latitude and longitude were compared to those derived from GPS 103 

technology.  104 

    As a result, the aims of this chapter are to determine: 105 

1. How the ornithodolite’s measurements of altitude are affected by the difference in 106 

inclination for targets of different height and distance between a target and the 107 

ornithodolite operator.  108 

2. If the ornithodolite measurements of altitude are significantly different from the other 109 

technologies routinely used to collect bird flight height data, such as GPS telemetry 110 

and barometric altimeters. 111 

3. How the ornithodolite measurements of step-length, defined as the distance between 112 

consecutive latitude and longitude points derived from the ornithodolite, are affected 113 

by the azimuth interval and the distance between the ornithodolite operator and the 114 

target.  115 

4. If the ornithodolite measurements of step-length are significantly different from those 116 

recorded using a real-time kinematic (RTK) GPS.   117 

 118 
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3.2 Methods 119 

3.2 .1 Instrumentation: 120 
The instrumentation used for these experiments consisted of: 121 
(a) Ornithodolite (see Chapter 1 for description of equipment and data collection set-up 122 

using the ornithodolite) 123 

(b) UAV: DJI Phantom 4. A remotely controlled UAV was used as a test target to validate and 124 

test the performance of the ornithodolite in a potential operating environment. The UAV 125 

was equipped with an internal GPS and barometric altimeter which provided baseline 126 

measurements against which the ornithodolite measurements were compared. The UAV 127 

derived GPS and altimeter measurements are considered synonymous with those used 128 

in animal-attached telemetry systems. The UAV fuselage was made from white plastic 129 

with a maximum top shield diameter of 35cm. The ornithodolite data fixes from the 130 

different component parts of the UAV was considered to be equal.  131 

 132 
(c) Real-Time Kinematic GPS: (Leica GS10). This unit used mobile network carrier-based 133 

ranging to provide ranges that are more precise (typically to the nearest 0.01cm) than 134 

those available through code-based positioning of traditional handheld GPS systems 135 

(usually to the nearest 5-10m). These measurements were used to calculate the offset 136 

between topography and elevation and to provide baseline latitude and longitude data 137 

against which the ornithodolite’s latitude and longitude could be compared. Input co-138 

ordinates for the ornithodolite operator’s position were also derived from the RTK GPS 139 

in all cases. RTK precision ranged from <1cm-3cm. 140 

 141 

 142 

 143 

 144 



 36 

 145 

 146 

 147 

 148 

 149 

 150 

 151 

 152 

 153 

 154 

 155 

 156 

 157 

 158 

Quantifying variation in the ornithodolite’s altitude measurements:  159 
    Variation in the accuracy and precision of the ornithodolite’s altitude measurements can 160 

be attributed to variation in the inclinometer and/or variation in the laser measurements; i 161 

and d respectively in Fig. 3.1. The accuracy and precision of the ornithodolite’s altitude 162 

measurements were tested in two ways. Firstly, altitude measurements were compared to 163 

target objects of known fixed heights, where the height of the object remained the same but 164 

the distance between the ornithodolite operator and the object was varied. Secondly, 165 

ornithodolite measurements were compared to the GPS and barometric altimeter 166 

measurements of a UAV. This enabled the height of the target object to be varied while the 167 

distance between the ornithodolite operator and the target could also be varied. 168 

N 

a 
i 

d 

Figure 3.1: Schematic diagram highlighting the workings of the ornithodolite’s sensors. The 
compass measures azimuth angle 0-360o (a), the inclinometer measures inclination angle -30o - 
+90o (i) and the laser rangefinder measures distance or range from the ornithodolite to the target 
(d). Altitude is calculated as a tangent function of inclination and distance. 
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Target of known fixed height 169 
    Two targets of known fixed height were used to test the accuracy and precision of the 170 

ornithodolite’s altitude measurements as a result of varying distance from the target. The 171 

second target object enabled observations over longer distances. These targets were chosen 172 

as they provided a measure of known height.  173 

    Data collection protocol 174 
    Data were collected from objects within the county of Caithness in the Highlands region of 175 

Scotland. The first target object was a building 26m in height and was located at (58.475329, 176 

3.111565). Distances between the ornithodolite operator and the target object varied 177 

between 70m-1km. The second target object was a turbine, 64m in height at the nacelle, and 178 

was located at (58.408170, -3.427018). Distances between the ornithodolite operator and the 179 

second target object varied between 50m-5km. In the case of both target objects, at each 180 

distance 20 ornithodolite fixes were obtained. This resulted in a total of 260 positional fixes 181 

for the building target and 160 positional fixes for the turbine nacelle target. Data were 182 

recorded on a field-laptop operating Vectronix software which enabled the calculation of 183 

target latitude, longitude and altitude based on the raw sensor data derived from the 184 

ornithodolite and input co-ordinates and altitude of the ornithodolite operator’s position. At 185 

each observation distance between the ornithodolite operator and the target object, the RTK 186 

GPS was used to record the latitude, longitude and altitude used by Vectronix software. RTK 187 

GPS accuracy ranged from <1-3cm. The height of the tripod on which the ornithodolite was 188 

mounted was also measured using a tape measure and was used to offset discrepancies in 189 

height differences due to the height of the tripod. Data were collected on two separate days: 190 

23/09/2017 and 12/12/2019 respectively. Weather conditions were characterised by 191 

little/negligible wind and no precipitation. This testing was therefore not affected by adverse 192 

conditions which may affect the detection capability of the ornithodolite.   193 
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Target of varying height 194 
    A UAV was used to test the accuracy and precision of the ornithodolite’s altitude 195 

measurements as a result of varying the height of the target and the combined effect of 196 

varying the distance and height of the target.   197 

Data Collection protocol 198 
    Field-work was undertaken in the county of Caithness (58.539760, -3.546390), in the 199 

Highlands region of Scotland on 18/12/2019. Weather conditions were characterised by 200 

little/negligible wind and no precipitation. This testing was therefore not affected by adverse 201 

conditions which may affect the detection capability of the ornithodolite.  The field site was 202 

characterised by open agricultural field, with relatively even elevation. This enabled the UAV 203 

flights to be undertaken with minimal interference from surrounding infrastructure, such as 204 

roads and buildings. The height of the UAV was varied from 10m-120m (corresponding to 205 

height bands of 1-12) at distances of 50m-300m between the UAV and the ornithodolite 206 

operator. The UAV was determined to be at the appropriate height band based on the GPS 207 

height measurement from UAV operator’s handheld controller. The distance between the 208 

UAV and the ornithodolite operator was determined using a handheld GPS. At each 209 

observation distance between the UAV and the operator, 10 ornithodolite fixes were 210 

obtained from the UAV, resulting in a total of 480 positional fixes. Data were recorded on a 211 

field-laptop operating Vectronix software and connected to the ornithodolite via data cable. 212 

This enabled the calculation of the UAV-target latitude, longitude and altitude based on the 213 

data from the ornithodolite’s three sensors and the input co-ordinates and altitude of the 214 

ornithodolite operator’s position, derived from the RTK GPS. RTK GPS accuracy ranged from 215 

<1-3cm. The height of the tripod was also measured and using a tape measure and was used 216 

to further offset discrepancies in height differences. The barometric altimeter failed to record 217 
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data at heights between 10-40m at 200m from the UAV to the ornithodolite operator and at 218 

10-20m for 300m between the UAV and ornithodolite operator.    219 

3.2.3 Quantifying variation in the distance between consecutive ornithodolite fixes 220 
    The ornithodolite derives target latitude and longitude values from input co-ordinates of 221 

the observer’s position together with the azimuth and distance measurements derived from 222 

the inbuilt compass and laser sensor respectively (a and d in Fig. 3.1). Parameters such as step 223 

length and speed, calculated from the distance between consecutive latitude and longitude 224 

positions, may therefore be affected by the distance to the target, the azimuth interval 225 

between consecutive positions and how these quantities covary.   226 

Data collection protocol 227 
    Variation in the distance measurements between consecutive points due to azimuth 228 

interval and distance to the target were tested using the RTK GPS and two traffic cone test 229 

targets (see Fig. 3.2 for a schematic representation of the experimental set-up). Field work 230 

was undertaken in an open field setting in Caithness county (58.389277, -3.353578), in the 231 

Highlands of Scotland on 15/06/2019. Weather conditions were characterised by 232 

little/negligible wind and no precipitation. This testing was therefore not affected by adverse 233 

conditions which may affect the detection capability of the ornithodolite.   The field site was 234 

chosen as it was considered to be relatively even in elevation and to minimise the interfering 235 

magnetic effects from surrounding infrastructure such as buildings and vehicles which might 236 

bias the compass measurements; although it is acknowledged that complete elimination of 237 

magnetic interference is likely to be impossible. The traffic cones were separated by a known 238 

distance ranging from 1m-50m (inter-cone distance), measured initially using a tape measure 239 

and confirmed post-hoc using the difference between latitude and longitude measurements 240 

at each traffic cone measured by the RTK GPS. Ten ornithodolite measurements were taken 241 

from each cone at each inter-cone distance. This was repeated at differing ranges between 242 
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the ornithodolite operator and the traffic cones, from 50m-250m. This resulted in a total of 243 

350 positional fixes. 244 

    Different inter-cone distances are associated with different azimuth intervals between 245 

consecutive ornithodolite measurements. The inter-cone distance measured by the RTK GPS 246 

and the inter-cone distances calculated from the ornithodolite’s latitude and longitude were 247 

compared. Repeating this experiment at different ranges between the ornithodolite operator 248 

and the traffic cones is useful in understanding how the laser and compass sensors may 249 

interact to determine final latitude and longitude values. The RTK GPS was used to provide 250 

latitude, longitude and altitude measurements of the ornithodolite operator’s position as in 251 

the previous trials. Accuracy of RTK measurements ranged from <1 to 3cm. The height of the 252 

tripod on which the ornithodolite was mounted was also measured using a tape measure and 253 

was used to offset discrepancies in height differences due to the height of the tripod. 254 

 255 

 256 

 257 
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1-50m 

50-300m 

Figure 3.2: Schematic representation of the experimental field set-up designed to quantify the 
variation in the ornithodolite’s inter-cone distance measurements due to changing the 
distance between traffic cone test targets (grey circles) and as a result the azimuth interval 
between consecutive ornithodolite latitude and longitude positions. The distance between the 
ornithodolite and the traffic cones was also varied from 50m-300m to test the interaction 
between azimuth interval and distance on the ornithodolite latitude and longitude 
measurements. The ornithodolite is denoted by the binocular shape. 
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3.2.4 Analysis 268 
   All analyses were conducted in the R environment (R Studio version 1.1.463, R Development 269 

Core Team, 2014).  270 

Quantifying the variation in the ornithodolite’s altitude measurements 271 
Target of known fixed height  272 
    The ornithodolite height measurements collected from the fixed structures were plotted 273 

over distance to graphically highlight the variation in height measurements with increasing 274 

distance from the target structure (Fig. 3.3).  275 

Target of varying height 276 
    The difference in measurements of UAV altitude between the UAV GPS and the 277 

ornithodolite and the difference in measurements of UAV altitude between the barometric 278 

altimeter and the ornithodolite were investigated as a function of the angle of inclination and 279 

the distance (see Table 3.1 for summary of predictor variables) between the ornithodolite 280 

and the UAV using linear mixed effects models (LME), fit using nlme::lme in R (Pinheiro and 281 

Bates, 2000).  Four models were fit for each of the response variables (i.e. the difference in 282 

altitude between the GPS and the ornithodolite as one response variable and the difference 283 

in altitude between the barometric altimeter and the ornithodolite as a second response 284 

variable) to account for all possible combinations of the fixed effects. Visual inspection of 285 

model residuals highlighted heterogeneity with height band and distance band. A varIdent 286 

variance structure was therefore fitted to account for unequal variances at different levels of 287 

distance between the ornithodolite and height band. The best-fitting variance structure was 288 

determined based on a combination of inspection of residuals and AICc values. 289 

Measurements within a given height band and at a given distance are likely to be more similar 290 

than measurements at the same height band but at a different distance and therefore non-291 

independent and autocorrelated. A correlation structure was therefore fitted to account for 292 

measurements within a given height band at a given distance being more similar than 293 
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between height bands. The most appropriate correlation structure was determined based on 294 

a combination of inspection of model residuals and AICc values.  The optimal model in terms 295 

of fixed effects was determined using maximum likelihood (ML) estimation. The optimal 296 

model for variance effects was determined by starting with a model without any variance or 297 

correlation function and comparing this model to subsequent LME models that contained 298 

specific variance and correlation structures and fit by restricted maximum likelihood (REML). 299 

Model comparisons were conducted using Akaike Information Criteria (AICc) and plots of 300 

modelled residuals vs fitted values. In both cases, the final models were found to satisfy the 301 

assumptions of linear mixed effects models (Appendix Fig. 3.6-3.9). 302 

Table 3.1: Summary of the variables used in the linear mixed effects models to investigate 303 
the relationship in the altitude difference between the ornithodolite and the UAV GPS and 304 
the ornithodolite and the UAV barometric altimeter 305 

Variable Type Description 

Altitude difference between 
ornithodolite and the UAV GPS 

Continuous Mean=1.77m (SD=1.37m) 

Altitude difference between 
the ornithodolite and UAV 
barometric altimeter 

Continuous Mean=3.46m (SD=2.66m) 

Inclination Continuous Mean=25.79o (SD=18.3o) 

Distance between the 
ornithodolite and UAV 

Continuous Mean=170.28m (SD=86.23m) 

Height band Categorical 1-12 (corresponding to 10-120m) 

 306 

Sensor Comparison 307 
    A comparison of the altitude measurements derived from the UAV GPS, barometric 308 

altimeter and ornithodolite was undertaken to highlight if altitude measurements differ 309 

significantly between the three technologies and, if so, for what combination of height band 310 

and distance from the UAV this occurred. As there was an error in the recording of barometric 311 
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altimeter data in some cases (see section 2.32 Data Collection Protocol), only height bands 312 

greater than 5 (corresponding to 50m above ground level) were included in this analysis.  313 

    In order to test the significance of the difference in altitude measured between the three 314 

technologies, generalised least squares estimation, using the function gls from the package 315 

nlme in R (Pinheiro and Bates, 2000), was used. Incorporating sensor (i.e. ornithodolite (LRF), 316 

GPS and barometric altimeter (BARO)), height band and distance between the UAV and the 317 

operator into the GLS model as fixed effects, enabled post-hoc analysis that highlighted for 318 

what combinations of distance and height band significant differences in altitude 319 

measurements were recorded. The final fixed effect structure included the individual and 320 

interaction effects of sensor, height band and distance between the ornithodolite operator 321 

and UAV with altitude measurements as the response variable. A varIdent variance function 322 

was used to specify that altitude measurements differed depending on the combination of 323 

distance between the operator and the UAV and height band. A corAR1 correlation structure 324 

was fitted to account for measurements within a given height band at a given distance being 325 

more similar than the same height band at different distances and therefore non-326 

independent and autocorrelated.  Tukey (HSD) post-hoc comparisons of the difference 327 

between altitude measurements for different sensors at different combinations of height 328 

band and distance was carried out using the function emmeans in the emmeans package in R 329 

(Lenth et al 2018).   330 

Quantifying the variation in distance between consecutive ornithodolite positions   331 
    The ‘geosphere’ package in R (Hijmans et al 2017) was used to calculate the distance in 332 

metres between the two cones from the ornithodolite’s latitude and longitude 333 

measurements and the RTK GPS latitude and longitude measurements using the 334 

distVincentyEllipsoid function.  335 
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   The difference in measurements of inter-cone distance from ornithodolite and the RTK GPS 336 

was investigated as a function of the difference in azimuth between consecutive ornithodolite 337 

data fixes and distance between the ornithodolite operator and the cone targets (see Table 338 

3.2 for summary of predictor variables) with generalised least square estimation using 339 

nlme::gls in R (Pinheiro and Bates 2000). Visual inspection of model residuals highlighted 340 

heterogeneity with inter-cone distance and distance band. A varIdent variance structure was 341 

therefore fitted to account for unequal variances at different inter-cone distances at different 342 

levels of distance between the ornithodolite and the cone targets. The best-fitting variance 343 

structure was determined based on a combination of inspection of residuals and AICc values. 344 

Measurements within at a given inter-cone distance and at a given distance between the 345 

ornithodolite and the cone targets are likely to be more similar than measurements at the 346 

same inter-cone distance  but at a different distance from the cone targets and therefore non-347 

independent and autocorrelated. A correlation structure was therefore fitted to account for 348 

measurements within a given height band at a given distance being more similar than 349 

between height bands. The most appropriate correlation structure was determined based on 350 

a combination of inspection of model residuals and AICc values The minimum adequate 351 

model was determined as for the LME in section 2.4.1. The final model was found to satisfy 352 

the assumptions of general least squares models (see Appendix Fig 3.5-3.6).  353 

Table 3.2: Summary of the variables used in the generalised least squares model to 354 
investigate the relationship in step length difference between the ornithodolite and the RTK 355 
GPS 356 

Variable Type Description 

Difference in inter-cone 
distance between the 
ornithodolite and the RTK GPS 

Continuous 
(dependent) 

Mean=0.47m (SD=0.42m) 

Difference in ornithodolite 
measurement of azimuth 
between cone targets 

Continuous Mean=10.92o (SD=11.44o) 
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Distance between the 
ornithodolite and cone targets 

Continuous Mean=147.26m (SD=66.17m) 

Inter-cone distance Categorical 1,5,10,20,30,40,50 
(corresponding to approximate 
inter-cone distances) 

 357 

 358 

Sensor comparison  359 
    Generalised least squares estimation implemented via the gls function in the nlme package 360 

in R (Pinheiro and Bates 2000) was used to statistically compare if the distance between the 361 

traffic cones as measured by the ornithodolite was significantly different from the distance as 362 

measured by the RTK at the different combinations of inter-cone distance and distance 363 

between the cones and the ornithodolite operator. The final fixed effects structure included 364 

the individual effects and interactions between the sensor (RTK or ornithodolite), inter-cone 365 

distance and the distance between the ornithodolite operator and the traffic cones. A 366 

variance structure was fitted to account for differing variance at different inter-cone distances 367 

and at different distances between the ornithodolite operator and the cones. Model fitting 368 

and validation was carried as described previously. Tukey (HSD) post-hoc comparisons were 369 

used to test if the inter-cone distance as measured by the ornithodolite and the RTK GPS was 370 

significantly different for different combinations of inter-cone distance and distance between 371 

the ornithodolite operator and the traffic cones. Post-hoc analysis was carried using the 372 

function emmeans in the emmeans package in R (Lenth et al 2018).   373 

3.3 Results 374 

3.3.1 Quantifying variation in the ornithodolite’s height measurements 375 

Target of known fixed height 376 
    For both targets of known fixed height, at 26m and 64m height, the variation in the 377 

ornithodolite’s height measurements increased with increasing distance between the target 378 

and the ornithodolite operator (Fig 3.3). 379 
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Target of varying height 380 
Model Selection 381 
   For both LME models the final model was fit with inclination angle as the only fixed effect 382 

and a nested random effects structure, with height band nested within distance between the 383 

ornithodolite and the UAV. Both a corAR1 and varIdent structure were retained in the final 384 

models. This gave a final model structure of: 385 

Inclination(o), 386 
random=~1 |distance band/height band, 387 
correlation=corAR1(form=~1| distance band /height band), 388 
weights=varIdent(form=~1|distance band*height band)  389 

 390 

    The model selection process based on determining best fitting fixed effects structure (by 391 

ML), random effects structure (by REML) and variance and correlation structures (by REML) 392 

is presented in Appendix Table 3.3-Table 3.4.  393 

Model Results 394 
    The results of the two LME models found that as the angle of inclination increased so too 395 

did the difference between the ornithodolite’s estimate of altitude and the altitude estimated 396 

by the UAV GPS (beta=0.05 ±0.005, t(497)=9.97, 0.03-0.05 CI, p=	0.0000; Appendix Table 3.5) 397 

and that of the barometric altimeter (beta=0.136 ±0.01, t(436)=11.75, 0.113-0.159 CI, 398 

p=0.0000; Appendix Table 3.6). As a result, for a given distance between the ornithodolite 399 

operator and the UAV, the accuracy of the ornithodolite altitude measurements decreased, 400 

relative to the altitude measurements of both the UAV GPS and barometric altimeter, with 401 

increasing height band (Fig. 3.4). As inclination co-varies with distance, for a given height 402 

band, the accuracy of the ornithodolite height measurements increased with increasing 403 

distance between the UAV and the ornithodolite operator relative to both the UAV and the 404 

barometric altimeter (Fig. 3.4).  405 

 406 
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Figure 3.3: The precision in altitude measured by the ornithodolite decreased with increasing 
distance between the ornithodolite operator and the target. This phenomenon was observed 
for two structures of known fixed height: a) a building at 26m height and b) a wind turbine at 
64m nacelle height. Note the different vertical and horizontal scales. 

(a) 

(b) 
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 451 
 452 
Sensor Comparison 453 
    The interaction between sensor, height band and distance between the ornithodolite and 454 

the UAV was significant in the final GLS model (F=6, df=42, p<0.05). The full model estimates 455 

are provided in Appendix Table 3.7. A Tukey HSD post-hoc comparison was undertaken with 456 

sensor nested within distance and height band, enabling comparisons at all combinations of 457 

height band and distance. Altitude measurements at all combinations of height band and 458 

distance were significantly different between the barometric altimeter and the ornithodolite 459 

(p<0.05; see Appendix Table 3.8 for the full list of contrasts). Altitude measurements at most 460 

combinations of height band and distance were significantly different between the GPS and 461 

the ornithodolite (p<0.05; Appendix Table 3.8). However, at a distance of 300m between the 462 

ornithodolite operator and the UAV, for height bands, 6 (60m above ground level), 10 (100m 463 

above ground level) and 12 (120m above ground level), the difference in altitude 464 

measurements was not significant between the GPS and the ornithodolite (p=0.698; p=0.922; 465 

p=0.07 respectively; Appendix Table 3.8).  466 
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Figure 3.4: The mean ± se of the predicted difference in altitude measured at each height band between 
(a) the ornithodolite and the UAV’s GPS. The 12 height bands correspond to 10-120m, in 10m intervals, 
above ground level; measurements were taken at 50m, 100m, 200m and 300m between the UAV and the 
ornithodolite operator and, (b) between the ornithodolite and the UAV’s barometric altimeter across 12 
height bands at 50-100m distance from the UAV, 8 height bands (50-120m) at 200m from the UAV and 10 
height bands (30-120m) at 300m from the UAV. The predicted model values are given by the solid lines 
and the observed values are given by the dashed lines. Note the different y-axis scales.  

(a) 

(b) 
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3.3.2 Quantifying the variation in distance between consecutive ornithodolite positions  502 

Model Selection 503 
    The final gls model was fit with the difference in azimuth between consecutive positions 504 

and distance from the ornithodolite to the cone targets as the fixed effects. Both a corAR1 505 

and varIdent structure were retained in the final model. This gave a final model structure of: 506 

Azimuth Interval(o) + Distance(m), 507 
correlation=corAR1(form=~1 |inter-cone distance band*distance band), 508 
weights=varIdent(form=~1|distance band/inter-cone distance band)  509 

 510 

    The model selection process based on determining best fitting fixed effects structure (by 511 

ML) and variance and correlation structures (by REML) is presented in Appendix Table 3.9) 512 

Model Results  513 
    The difference in step-length/inter-cone distance measurements between the RTK GPS and 514 

the ornithodolite was significantly related to the interaction between azimuth interval and 515 

the distance between the ornithodolite operator and the cone targets, for distances of 200m 516 

(beta=-0.02 ±0.009, t(340)=-2.46, -0.04 -0.004 CI, p=0.01) and 250m (beta=-0.03 ± 0.009, 517 

t(340)=-3.69, -0.05 -0.02 CI, p=0.0002) between the ornithodolite and the cone targets (see 518 

Appendix Table 3.10 for the full model output) in the final GLS model. However, the nature 519 

of this relationship, depended on the distance between the ornithodolite and the cone targets 520 

(Fig. 3.5). At closer distances to the cone targets (<200m), the difference in the measurement 521 

of step length increased with increasing azimuth interval (Fig. 3.5). However, for further 522 

distances from the cone targets (>=200m) the difference in measurements of step length 523 

decreased as azimuth interval increased (Fig. 3.5).   524 

Sensor comparison 525 
  The interaction between sensor, inter-cone distance and distance between the ornithodolite 526 

operator and the cones was significant in the final GLS model (F=40, df=33, p<0.05). The full 527 

model estimates are provided in Appendix Table 3.11. A Tukey HSD post-hoc comparison was 528 



 51 

undertaken with sensor nested within inter-cone distance and distance between the cones 529 

and the ornithodolite operator, enabling comparisons at all combinations of inter-cone 530 

distance and distance from the operator.  At individual combinations of inter-cone distance 531 

and distance between the ornithodolite and the cone targets, the differences in 532 

measurements of inter-cone distance between the RTK GPS and the ornithodolite varied from 533 

being statistically significantly different or statistically non-significantly different (see 534 

Appendix Table 3.12 for full model contrasts). There was no systematic pattern in this 535 

difference, associated with distance between the ornithodolite and the cone targets and 536 

inter-cone distance.  537 

 538 
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Figure 3.5: Model predictions and 95% Cis for the relationship between the difference in measurements 
of inter-cone distance from the RTK GPS and the ornithodolite with azimuth interval and distance from 
the ornithodolite operator to the cone targets. Modelled using generalised least squares estimation.  
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3.4 Discussion  563 
   Accurate data on animal movement are essential for robust estimation of potential 564 

interactions between animals and anthropogenic structures, such as the interactions 565 

between birds and wind turbines. The ornithodolite has been used to collect data on bird 566 

position, including altitude (Hedenström and Åkesson 2016, Shepard et al. 2016) and airspeed 567 

(Pennycuick et al. 2013) and recently to help understand potential interactions between birds 568 

and renewable energy devices (Hulka et al. 2013, Skov et al 2018, Cole et al. 2019). The testing 569 

of the ornithodolite sensors carried out here builds on that undertaken by Cole et al. (2019) 570 

and helps advance understanding of the accuracy and precision of the ornithodolite’s three-571 

dimensional measurements of a target and how these may be relevant when determining 572 

potential collisions between birds and wind turbines.  573 

3.4.1 Quantifying variation in the ornithodolite’s altitude measurements 574 

Target of known fixed height 575 
    For both targets of known fixed height the precision of the ornithodolite’s altitude 576 

estimates decreased with increasing distance from the targets (Fig. 3.3). As altitude is 577 

calculated from the inclinometer and the laser rangefinder sensors (i and d in Fig. 3.1), this 578 

decrease in precision likely reflects the increasing variation in the laser sensor with distance 579 

(Cole et al 2019). The laser sensor beam likely diverges with increasing distance from the 580 

target meaning that a larger portion of the target falls within the beam ‘footprint’ at further 581 

distances from the target, resulting in decreased precision in measurements calculated from 582 

the laser sensor, such as altitude. However, as the inclinometer is also used in the calculation 583 

of altitude, it is necessary to consider how this sensor may affect the ornithodolite estimates 584 

of altitude and how these estimates may be further affected by the co-variation in inclination 585 

with distance from the target.  586 
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Target of varying height 587 
    At a given distance, accuracy and precision of ornithodolite altitude measurements 588 

decreased with increasing height of the UAV, relative to both the UAV GPS measurement and 589 

the UAV barometric altimeter measurements. The impact of increasing height, however, 590 

decreased with distance (Fig. 3.4). Increasing accuracy with distance may be due to the 591 

tangent function between distance and inclination changing less for small angles and more 592 

for angles approaching 90o. The angle of inclination would be closer to 0o for the same height 593 

at a greater distance from the UAV. This phenomenon has been observed for other 594 

ornithodolite-type devices (Harwood et al 2019). While this may appear to conflict with the 595 

observations from a target of known fixed height (Fig 3.3), it is worth pointing out that the 596 

distance over which observations were taken to a fixed height target were much larger than 597 

for the varying height target. Observations over a number of kilometres were possible using 598 

a target of known fixed height as targets were large structures. In contrast, the UAV was a 599 

smaller target. The distance over which ornithodolite data can be collected is related to the 600 

size of the target (Cole et al, 2019). A larger UAV target may enable observations over 601 

distances comparable to those gained from the targets of known fixed height and disentangle 602 

the relationship between distance and inclination further. Nevertheless, taken together, the 603 

results of the trial with targets of known fixed height and the UAV based trial, highlight that 604 

increased inclination decreases the accuracy of the ornithodolite altitude measurements. This 605 

effect will be diminished for a given height the further the target is from the ornithodolite 606 

operator. However, increasing the distance between the ornithodolite operator and the 607 

target will result in decreased precision of altitude measurements. This result indicates that 608 

for a target at given height and distance there is an optimal combination of inclination and 609 

distance that will minimise the error in both sensors, which is likely to also depend on the size 610 
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of the target (Cole et al 2019). When using the ornithodolite for collecting data from highly 611 

mobile targets such as birds it is unlikely that this combination of distance and inclination can 612 

be known before deployment. However, current flight height data are collected by observer-613 

based visual estimates, and the accuracy of these estimates, relative to other ornithodolite 614 

type devices, was found to vary between observers, with the species of bird and the height 615 

the bird was flying at (Harwood et al 2018). As a result, the ornithodolite likely provides a 616 

more accurate measure of altitude over current methods and a systematic means of 617 

quantifying variation in altitude due to data derived from inbuilt sensors.  618 

Sensor comparison 619 
    The altitude measured by the ornithodolite was significantly different to the altitude 620 

measured by the barometric altimeter for all combinations of height band and distance 621 

between the UAV and the ornithodolite operator. The trend was similar for comparisons 622 

between the altitude measurements for the ornithodolite and the GPS, with the exception of 623 

altitude measurements at height bands 6 (60m above ground level), 10 (100m above ground 624 

level) and 12 (120m above ground level) which were not significantly different between the 625 

two technologies. This may initially indicate that the ornithodolite cannot be considered 626 

comparable to GPS and altimeters for measuring bird flight. However, the y-axis of Fig. 3.4a, 627 

highlighting the difference in altitude measurements between the ornithodolite and GPS, 628 

shows a maximum difference of 5m, which is within the error range of GPS-telemetry devices 629 

used for collecting bird flight height data (e.g. Bouten et al 2013, Péron et al 2020). As a result, 630 

while the ornithodolite flight height measurements might significantly differ from the GPS 631 

measurements in this study, the difference in altitude between the two is within the error 632 

range of GPS devices. The y-axis in Fig. 3.4b, highlighting the difference in the altitude 633 

measured by the ornithodolite and the barometric altimeter extends to 8m. The increased 634 



 55 

difference in altitude may be due to the barometric altimeter providing more accurate 635 

estimates of altitude relative to the GPS and thus the difference depicted in Fig. 3.4b is 636 

therefore more representative of the true accuracy of ornithodolite altitude measurements. 637 

On the other hand, GPS measures of altitude and altitude derived from barometric altimeters 638 

have been found to have comparable precision (Péron et al 2020). The increased difference 639 

in altitude measured by the ornithodolite and the altimeter, relative to the ornithodolite and 640 

the GPS, may be due to barometric drift (Cleasby et al. 2015, Péron et al 2020). This 641 

phenomenon results in ‘drifting’ in the accuracy and precision or altimeter measurements 642 

with atmospheric conditions which can change with height and over the course of a tracking 643 

period. If the barometric altimeter in the UAV was subject to barometric drift, this may also 644 

account for the larger differences in altitude between the altimeter and the ornithodolite. 645 

Altitude measurements from barometric altimeters can be validated and calibrated before 646 

devices are deployed to better characterise this phenomenon (Cleasby et al 2015). As this 647 

type of testing was not undertaken here, it is not possible to say conclusively that the altitude 648 

difference between the ornithodolite and the barometric altimeter is more representative of 649 

the true altitude difference. It is also worth noting that in Appendix Table 2, showing the full 650 

GLS model contrasts, the altitude measurements from the UAV GPS differed significantly from 651 

the UAV barometric altimeter measurements in most cases. Improvements to the 652 

experimental set-up could be made by using an RTK-enabled UAV. In this way, the error range 653 

of altitude measurement from the UAV would be on the scale of centimetres rather than 654 

metres. Comparing such RTK baseline measurements with the ornithodolite measurements 655 

would provide more clarification around how accurate and precise ornithodolite altitude 656 

measurement are without the need for considering the error associated with the baseline 657 

measurements.  658 
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3.4.2 Quantifying variation in the distance between consecutive ornithodolite positions 659 
    The difference in measurements of inter-cone distance covaried with the azimuth interval 660 

between consecutive points and the range over which measurements were obtained. For 661 

larger ranges, more accurate measurements of distance were obtained when the azimuth 662 

interval between points was larger. This likely reflects that at distances further from the target 663 

the divergence of the laser beam increases, increasing the laser beam ‘footprint’ within which 664 

a potential target could be detected. As a result, adjacent cones at smaller inter-cone 665 

distances, may fall within the same laser beam ‘footprint’, meaning it is not possible to 666 

distinguish the two cones as distinct targets and subsequently accurately measure the 667 

distance between them. Similarly, the resolution of the compass, ± 0.6o (Vectronix 2004), may 668 

not be precise enough to enable distinction in the azimuth value at one [cone] target from 669 

the azimuth value at the adjacent [cone] target for smaller inter-cone distances. In both cases, 670 

this would result in the ornithodolite being unable to resolve smaller distances between 671 

adjacent targets, using the latitude and longitude measurements, the further the target is 672 

from the operator. Indeed, from the results of the experimental set up here (Fig. 3.5), the 673 

confidence intervals for the predicted relationship at larger distances between the targets 674 

and the operator, encompass a range of 1 metre which was the smallest inter-cone distance 675 

measured. It is however worth acknowledging the larger confidence intervals around the 676 

predicted relationship at distances further from the targets. This reflects that the inter-cone 677 

distance was not sufficiently wide enough to enable accurate prediction of the effect of large 678 

azimuth intervals on the difference in measurement of inter-cone distance at larger ranges 679 

from the target.   680 

    At shorter ranges between the ornithodolite and the cone targets, the accuracy and 681 

precision of the measurement of inter-cone distance decreased with increasing azimuth 682 



 57 

interval.  This relationship may be due to the relative difference in accuracy of the RTK and 683 

ornithodolite positioning systems. The RTK measurements were accurate to between <1-3cm, 684 

whereas the ornithodolite provides a distance measurement to the nearest 0.5m. While this 685 

may contribute to the overall difference in inter-cone distance measurement for a given 686 

range, it is unlikely to account for the increasing difference in inter-cone distance 687 

measurements with increasing azimuth interval. From this result, therefore, it seems it is 688 

necessary that the azimuth interval between consecutive fixes is sufficiently large enough to 689 

enable the distinction of fixes as separate, but no larger. Increasing the interval beyond this 690 

critical minimum decreases the accuracy of the measurement of inter-cone distance. The 691 

value of this critical minimum azimuth interval will be relative to the range between the target 692 

and the ornithodolite.     693 

    The results here raise important considerations when using the ornithodolite to calculate 694 

distance travelled/step-length and parameters, such as flight speed, derived from this 695 

distance. Flight speed is incorporated into collision risk models to estimate the probability of 696 

a bird colliding with a turbine blade, and model estimates have been found to be sensitive to 697 

this particular flight parameter (Masden 2015). In order to ensure accurate measurements of 698 

speed using the ornithodolite, it is necessary to obtain positional fixes frequently in order to 699 

obtain accurate distance measurements. However, at further distances from the bird target, 700 

it may not be possible to resolve small distances between subsequent fixes. In this sense, 701 

speed measurements may be less accurate at further distances. Where small step lengths are 702 

likely during bird movement, for example during area restricted search or during soaring 703 

flight, consideration could be given to subsampling the track to ensure that each positional 704 

fix has been recorded as a distinguishable fix.    705 
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Sensor Comparison 706 
    The ornithodolite measurements of inter-cone distance differed significantly from those of 707 

the RTK GPS for most combinations of inter-cone distance and the distance to the 708 

ornithodolite. This likely reflects the greater accuracy and precision of the RTK measurements 709 

generally, with the precision of measurements ranging from <1cm-3cm. In a number of cases, 710 

however, the measurements from the ornithodolite did not differ significantly from the 711 

measurements of the RTK GPS (Appendix Table 3.9), indicating that the ornithodolite can 712 

provide highly precise estimates of inter-cone distance. There was no systematic pattern to 713 

this observation, indicating that it was not a function of a particular distance between the 714 

ornithodolite and the cone targets or a particular inter-cone distance. Other factors that may 715 

affect the estimating process, and account for the non-significant differences in estimates of 716 

inter-cone distance, include the oblique-ness of a traffic cone as a test target. This factor may 717 

result in a less uniform laser-beam ‘footprint’ which may lead to errors in the estimates of 718 

distance by the laser sensor and therefore error in the estimate of inter-cone distance. 719 

Depending on exactly where the laser beam fell on the traffic cone target, this ‘footprint’ 720 

error may have been less pronounced, resulting in statistically insignificant differences in the 721 

estimates of inter-cone distances by the ornithodolite and RTK GPS. Undertaking a similar 722 

experimental set-up, with less oblique test targets, may help resolve if there is a systematic 723 

nature to the differences in the estimates of inter-cone distance between the two 724 

technologies and/or if there exists a statistically significant difference in measurements.  725 

3.5 Conclusion 726 
    The aims of this chapter were to determine (i) how the ornithodolite’s measurements of 727 

altitude are affected by the difference in inclination for targets of different height and 728 

distance between a target and the ornithodolite operator; (ii) iIf the ornithodolite 729 

measurements of altitude are significantly different from the other technologies routinely 730 
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used to collect bird flight height data, such as GPS telemetry and barometric altimeters; (iii) 731 

how the ornithodolite measurements of step-length, defined as the distance between 732 

consecutive latitude and longitude points derived from the ornithodolite, are affected by the 733 

azimuth interval and the distance between the ornithodolite operator and the target; and (iv) 734 

If the ornithodolite measurements of step-length are significantly different from those 735 

recorded using a real-time kinematic (RTK) GPS.  The accuracy of the ornithodolite’s height 736 

measurements were found to depend on the angle of inclination, such that the larger the 737 

inclination angle, the greater the inaccuracy of the ornithodolite’s altitude measurements, 738 

relative to the UAV GPS and UAV barometric altimeter. Whether the ornithodolite’s measure 739 

of altitude was significantly different from the UAV GPS and/or barometric altimeter 740 

therefore depended on combination of altitude and distance between the ornithodolite and 741 

the UAV target as inclination covaries with distance. The accuracy of the ornithodolite’s 742 

measure of step length depended on the distance over which measurements being taken and 743 

the azimuth interval between targets, such that it was necessary for the azimuth interval 744 

between targets to be large enough for the ornithodolite to distinguish targets as separate 745 

and this interval was larger at further distances between the ornithodolite and the targets. At 746 

intervals larger than this threshold, the accuracy of the ornithodolite’s measurement of step 747 

length decreased with increasing azimuth interval. Whether the ornithodolite’s measure of 748 

step length was significantly different from the RTK measurements therefore depended on 749 

both the azimuth interval between targets and the distance between the targets and the 750 

ornithodolite.  751 

 752 
    Overall, the ornithodolite’s estimates of altitude and step-length/inter-cone distance co-753 

vary with the sensors used to estimate these quantities. However, the magnitude of the 754 



 60 

difference between the ornithodolite and the UAV GPS and barometric altimeter ranged 755 

between 0-4m (GPS) and 0-8m (barometric altimeter) and this may be considered relatively 756 

insignificant when compared to the variation between other sensor-based methods and 757 

traditional visual estimates of flight altitude (Becker 2016; Harwood et al 2018). As such, the 758 

ornithodolite’s estimates of altitude could be considered comparable to technologies 759 

typically used to estimate flight height (GPS and barometric altimeter) and an improvement 760 

over visual methods. The accuracy of the ornithodolite’s estimate of step-length/inter-cone 761 

distance relied on the ability to distinguish the two cone targets as distinct. This distinction 762 

was less achievable for smaller step-lengths/inter-cone distances at further distances 763 

between the ornithodolite and the cone test targets. As a result, as a combination of sensors 764 

from the ornithodolite are used to estimate the quantities of interest when measuring bird 765 

flight, i.e. altitude and step-length, the attainable resolution of positional estimation, and any 766 

parameters derived therefrom, is likely to be coarser than indicated by the manufacturer for 767 

either of the sensors alone. Undertaking testing of sensors for estimating quantities of 768 

relevance to the particular application of the device, in this case bird flight parameter 769 

estimation, is therefore more useful than assuming the manufacturer stated values are 770 

applicable.  771 

    The experimental trials undertaken here used stationary targets to determine the accuracy 772 

of ornithodolite altitude and step-length. However, as the ornithodolite is manually operated 773 

and collects data from a fixed space, it may be subject to additional errors associated with 774 

ability to detect and track a moving target. Such errors may include decreased detection of 775 

the target by the ornithodolite associated with the highly manoeuvrable nature of flying bird 776 

targets. Additionally, the ability to distinguish the [bird] target from the non-target 777 

background objects may be reduced where the tracking environment contains a high-density 778 
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of such non-target objects. As a result, how useful the ornithodolite is in collecting bird flight 779 

data warrants further consideration, beyond an understanding of how accurate the device’s 780 

measurements are, to consider how the device performs when collecting data in a realistic 781 

tracking environment and from a moving bird target.   782 

 783 
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3.6 Appendix 802 
 803 
Appendix Table 3.3: Model selection procedure for LME used to estimate the effect of angle 804 
of inclination and distance between the UAV and the ornithodolite on the difference in 805 
measurements of altitude between the UAV GPS and the ornithodolite 806 
 807 

 808 
 809 
Appendix Table 3.4: Model selection procedure for LME used to estimate the effect of angle 810 
of inclination and distance between the UAV and the ornithodolite on the difference in 811 
measurements of altitude between the UAV barometric altimeter and the ornithodolite 812 
 813 

Optimal Fixed Effects Structure 
Model Inclination Distance Inclination*Distance AICc ∆AICc weight 
1 + NA NA 1166.6 0.00 0.583 
2 + + + 1167.4 0.78 0.396 
3 + + NA 1173.2 6.63 0.021 
4 NA + NA 1222.8 56.13 0.000 

Optimal Random Effects Structure 
1 Random=1|distance band/height band 1207.0

94 
0.00 NA 

2 Random=1|height band 1337.9
40 

130.846 NA 

3 Random=1|distance ban 1336.9
74 

0.966 NA 

Optimal Correlation Structure 
1 Correlation=corAR1(form=altitude difference 

|distance band/height band 
804.72
95 

0.00 NA 

2 Correlation=corAR1(form=1|distance band/height 
band 

1201.3
701 

396.64 NA 

Optimal Variance Structure 
1 weights=varIdent(form=~1|distance band*height 

band) 
665.44
10 

0.00 NA 

2 weights=varIdent(form=~1|distance band) 767.07
65 

101.635 NA 

3 weights=varIdent(form=~1| height band) 804.26
25 

37.186 NA 

Optimal Fixed Effects Structure 
Model Inclination Distance Inclination*Distance AICc ∆AICc weight 
1 + NA NA 1300.3 0.00 0.617 
2 + + + 1301.4 1.08 0.359 
3 + + NA 1306.7 6.44 0.025 
4 NA + NA 1325.3 25.00 0.000 

Optimal Random Effects Structure 
1 Random=1|distance band/height band 1322.4

52 
0.00 NA 
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 814 
 815 
 816 
 817 
 818 
 819 
 820 
 821 
 822 
 823 
 824 
 825 
 826 
 827 
 828 
 829 
 830 
 831 
 832 
 833 
 834 
 835 
 836 
 837 
 838 
 839 
 840 
 841 
 842 
 843 
 844 

2 Random=1|height band 1399.1
62 

76.71 NA 

3 Random=1|distance band 1601.6
38 

202.47
6 

NA 

Optimal Correlation Structure 
1 Correlation=corAR1(form=altitude difference 

|distance band/height band 
1036.8
32 

0.00 NA 

2 Correlation=corAR1(form=1|distance band/height 
band 

1316.8
09 

279.97
7 

NA 

Optimal Variance Structure 
1 weights=varIdent(form=~1|distance band*height 

band) 
900.91.
61 

0.00 NA 

2 weights=varIdent(form=~1|distance band) 1128.2
303 

227.31
42 

NA 

3 weights=varIdent(form=~1| height band) 1024.4
734 

123.55
73 

NA 

Appendix Table 3.5: Model coefficients and 95% CIs from LME model used to estimate 
the effect of angle of inclination on the difference in measurements of altitude 
between the UAV GPS and the ornithodolite 

Appendix Table 3.6: Model coefficients and 95% CIs from LME model used to 
estimate the effect of angle of inclination on the difference in measurements of 
altitude between the UAV barometric altimeter and the ornithodolite 
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Figure 3.6: Normalised residuals plotted against (a) fitted values, (b) angle of inclination (fixed 
effect), (c) height band (random effect) and (d) distance from the UAV (random effect) for the 
LME model used to predict the difference in altitude measurements between the ornithodolite 
and the UAV GPS.  

(a) (b) 

(c) 

(d) 
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Figure 3.7: Histogram (a), qqplot (b) and ACF (c) of normalised residuals for the LME model used 
to predict the difference between the altitude measurements from the UAV GPS and the 
ornithodolite  

(a) (b) 
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Figure 3.8: Normalised residuals plotted against (a) fitted values, (b) angle of inclination (fixed 
effect), (c) height band (random effect) and (d) distance from the UAV (random effect) for the 
LME model used to predict the difference in altitude measurements between the ornithodolite 
and the UAV barometric altimeter.  

(d) 
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Figure 3.9: Histogram (a), qqplot (b) and ACF (c) of normalised residuals for the LME model used 
to predict the difference between the altitude measurements from the UAV barometric altimeter 
and the ornithodolite  

(c) 
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Table 3.7: Estimated marginal means, standard error, degrees of freedom and 95% CIs of the generalised least squares regression model 
that was used to test for significant differences in altitude between the ornithodolite (LRF), UAV GPS (GPS) and UAV barometric 
altimeter (BARO) sensors at different combinations of height band (5-12), corresponding to 50-120m above ground level and 
distance between the ornithodolite operator and the UAV 
 
  

Sensor Distance from UAV (m) Height Band Mean SE df lower.CL upper.CL 
BARO 50 5 48.93707 0.1373634 984 48.66751 49.20663 

GPS 50 5 47.48761 0.1367286 984 47.21930 47.75593 
LRF 50 5 45.50047 0.1367381 984 45.23214 45.76881 

BARO 100 5 49.11582 0.1119697 984 48.89609 49.33554 
GPS 100 5 49.61143 0.1119791 984 49.39169 49.83118 
LRF 100 5 46.70645 0.1119617 984 46.48674 46.92616 

BARO 200 5 48.32339 0.0828249 984 48.16085 48.48592 
GPS 200 5 47.17380 0.0828141 984 47.01129 47.33631 
LRF 200 5 45.67760 0.0828249 984 45.51507 45.84014 

BARO 300 5 48.57009 0.0591919 984 48.45394 48.68625 
GPS 300 5 47.63434 0.0592017 984 47.51817 47.75052 
LRF 300 5 48.13467 0.0594968 984 48.01791 48.25142 

BARO 50 6 58.84791 0.1072821 984 58.63738 59.05843 
GPS 50 6 57.15881 0.1068182 984 56.94919 57.36843 
LRF 50 6 54.24328 0.1068176 984 54.03366 54.45290 

BARO 100 6 59.49291 0.1024114 984 59.29194 59.69388 
GPS 100 6 59.41367 0.1024114 984 59.21270 59.61464 
LRF 100 6 56.49158 0.1024337 984 56.29056 56.69259 

BARO 200 6 58.38489 0.1071855 984 58.17455 58.59523 
GPS 200 6 56.33281 0.1072158 984 56.12241 56.54321 
LRF 200 6 55.25328 0.1072039 984 55.04290 55.46365 



 69 

BARO 300 6 58.53703 0.1749364 984 58.19374 58.88033 
GPS 300 6 57.99078 0.1749204 984 57.64752 58.33404 
LRF 300 6 57.74581 0.1757924 984 57.40084 58.09078 

BARO 50 7 69.52479 0.2234133 984 69.08637 69.96321 
GPS 50 7 67.45203 0.2224472 984 67.01550 67.88855 
LRF 50 7 64.15804 0.2224343 984 63.72154 64.59454 

BARO 100 7 69.53916 0.2153913 984 69.11648 69.96184 
GPS 100 7 68.65634 0.2153810 984 68.23368 69.07900 
LRF 100 7 65.70714 0.2153913 984 65.28446 66.12982 

BARO 200 7 68.66885 0.0956477 984 68.48115 68.85654 
GPS 200 7 65.55155 0.0956527 984 65.36384 65.73925 
LRF 200 7 64.29446 0.0956653 984 64.10673 64.48219 

BARO 300 7 68.35880 0.0662954 984 68.22870 68.48889 
GPS 300 7 66.68351 0.0663063 984 66.55340 66.81363 
LRF 300 7 66.04220 0.0666369 984 65.91144 66.17297 

BARO 50 8 79.62322 0.2645066 984 79.10415 80.14228 
GPS 50 8 76.66415 0.2631946 984 76.14766 77.18064 
LRF 50 8 74.11149 0.2631510 984 73.59509 74.62789 

BARO 100 8 79.61779 0.2682016 984 79.09147 80.14410 
GPS 100 8 78.42061 0.2681663 984 77.89437 78.94685 
LRF 100 8 75.09916 0.2681824 984 74.57288 75.62543 

BARO 200 8 78.47012 0.1245078 984 78.22579 78.71445 
GPS 200 8 74.87095 0.1245160 984 74.62661 75.11530 
LRF 200 8 73.79507 0.1245256 984 73.55070 74.03944 

BARO 300 8 78.20991 0.0628798 984 78.08652 78.33331 
GPS 300 8 75.90334 0.0628857 984 75.77994 76.02675 
LRF 300 8 75.10556 0.0631992 984 74.98154 75.22958 

BARO 50 9 89.10461 0.4390394 984 88.24305 89.96618 
GPS 50 9 86.15057 0.4372563 984 85.29250 87.00863 
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LRF 50 9 83.03004 0.4373285 984 82.17184 83.88824 
BARO 100 9 89.10799 0.2202451 984 88.67578 89.54019 

GPS 100 9 86.69978 0.2202928 984 86.26748 87.13208 
LRF 100 9 83.79867 0.2202586 984 83.36644 84.23090 

BARO 200 9 88.95492 0.1054391 984 88.74801 89.16183 
GPS 200 9 84.90181 0.1054252 984 84.69493 85.10870 
LRF 200 9 83.34229 0.1054316 984 83.13540 83.54919 

BARO 300 9 88.12870 0.0587692 984 88.01337 88.24403 
GPS 300 9 84.80393 0.0587735 984 84.68859 84.91926 
LRF 300 9 84.43286 0.0590463 984 84.31699 84.54873 

BARO 50 10 99.28536 0.2379500 984 98.81842 99.75231 
GPS 50 10 96.36216 0.2368504 984 95.89737 96.82695 
LRF 50 10 91.59762 0.2368668 984 91.13280 92.06244 

BARO 100 10 99.29035 0.2310547 984 98.83694 99.74377 
GPS 100 10 95.76873 0.2310742 984 95.31528 96.22219 
LRF 100 10 92.57121 0.2310742 984 92.11776 93.02467 

BARO 200 10 98.11981 0.1255128 984 97.87351 98.36611 
GPS 200 10 93.75550 0.1255128 984 93.50920 94.00181 
LRF 200 10 91.56500 0.1255128 984 91.31870 91.81131 

BARO 300 10 98.88129 0.1159820 984 98.65369 99.10889 
GPS 300 10 95.16609 0.1159832 984 94.93849 95.39369 
LRF 300 10 95.19486 0.1165613 984 94.96613 95.42360 

BARO 50 11 109.67067 0.4262009 984 108.83430 110.50704 
GPS 50 11 106.08130 0.4244699 984 105.24833 106.91427 
LRF 50 11 102.84293 0.4244881 984 102.00992 103.67593 

BARO 100 11 109.60157 0.2638095 984 109.08387 110.11926 
GPS 100 11 105.74057 0.2638231 984 105.22285 106.25829 
LRF 100 11 103.26085 0.2638095 984 102.74316 103.77854 

BARO 200 11 109.03087 0.2071782 984 108.62431 109.43743 
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GPS 200 11 103.53646 0.2071684 984 103.12991 103.94300 
LRF 200 11 101.89047 0.2072036 984 101.48386 102.29708 

BARO 300 11 108.46631 0.0819507 984 108.30549 108.62713 
GPS 300 11 105.31396 0.0819692 984 105.15310 105.47481 
LRF 300 11 103.91893 0.0823779 984 103.75728 104.08059 

BARO 50 12 118.34705 0.3142372 984 117.73040 118.96371 
GPS 50 12 115.08233 0.3131588 984 114.46780 115.69687 
LRF 50 12 111.18788 0.3132505 984 110.57316 111.80259 

BARO 100 12 118.31366 0.1726327 984 117.97489 118.65243 
GPS 100 12 113.72059 0.1727195 984 113.38165 114.05954 
LRF 100 12 110.34088 0.1726709 984 110.00203 110.67972 

BARO 200 12 117.56926 0.1385483 984 117.29738 117.84114 
GPS 200 12 111.26059 0.1385182 984 110.98876 111.53241 
LRF 200 12 109.89387 0.1385182 984 109.62205 110.16570 

BARO 300 12 117.60258 0.1192387 984 117.36859 117.83657 
GPS 300 12 112.26767 0.1192395 984 112.03368 112.50167 
LRF 300 12 111.90971 0.1197573 984 111.67471 112.14472 
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Table 3. 8: Contrasts between measurements of altitude from the ornithodolite (LRF), the UAV GPS (GPS) and the UAV barometric 
altimeter (BARO) for different combinations of height band (HBand) ranging from 5-12, corresponding to 50-120m above ground level 
and distance between the UAV and the ornithodolite operator. Contrasts include estimates of the mean difference in altitude, 
standard error, degrees of freedom, 95% CIs, t-ratio and p-values. P-values<0.05 were used to infer if the difference in altitude 
measurements was significant 
 

 
 
Contrast Distance from UAV (m) HBand mean SE df lower.CL upper.CL t.ratio p.value 
BARO - GPS 50 5 1.4494567 0.1897682 984 1.0040216 1.8948917 7.6380390 0.0000000 
BARO - LRF 50 5 3.4365960 0.1936549 984 2.9820378 3.8911543 17.7459794 0.0000000 
GPS - LRF 50 5 1.9871394 0.1893532 984 1.5426784 2.4316003 10.4943536 0.0000000 
BARO - GPS 100 5 -0.4956162 0.1547625 984 -0.8588839 -0.1323485 -3.2024305 0.0040152 
BARO - LRF 100 5 2.4093699 0.1581839 984 2.0380712 2.7806685 15.2314456 0.0000000 
GPS - LRF 100 5 2.9049861 0.1547573 984 2.5417307 3.2682415 18.7712431 0.0000000 
BARO - GPS 200 5 1.1495880 0.1148810 984 0.8799325 1.4192436 10.0067685 0.0000000 
BARO - LRF 200 5 2.6457845 0.1170478 984 2.3710430 2.9205261 22.6043072 0.0000000 
GPS - LRF 200 5 1.4961965 0.1148810 984 1.2265409 1.7658521 13.0238758 0.0000000 
BARO - GPS 300 5 0.9357504 0.0818174 984 0.7437037 1.1277970 11.4370566 0.0000000 
BARO - LRF 300 5 0.4354265 0.0838409 984 0.2386303 0.6322228 5.1934868 0.0000008 
GPS - LRF 300 5 -0.5003238 0.0820185 984 -0.6928426 -0.3078051 -6.1001317 0.0000000 
BARO - GPS 50 6 1.6890978 0.1484801 984 1.3405765 2.0376190 11.3759202 0.0000000 
BARO - LRF 50 6 4.6046250 0.1512822 984 4.2495263 4.9597236 30.4373118 0.0000000 
GPS - LRF 50 6 2.9155272 0.1481702 984 2.5677333 3.2633210 19.6768778 0.0000000 
BARO - GPS 100 6 0.0792472 0.1420579 984 -0.2541994 0.4126938 0.5578518 0.8424590 
BARO - LRF 100 6 3.0013379 0.1447430 984 2.6615885 3.3410873 20.7356271 0.0000000 
GPS - LRF 100 6 2.9220907 0.1420727 984 2.5886092 3.2555721 20.5675715 0.0000000 
BARO - GPS 200 6 2.0520815 0.1478148 984 1.7051218 2.3990412 13.8827836 0.0000000 
BARO - LRF 200 6 3.1316165 0.1514113 984 2.7762149 3.4870181 20.6828401 0.0000000 
GPS - LRF 200 6 1.0795350 0.1478269 984 0.7325471 1.4265230 7.3026985 0.0000000 
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BARO - GPS 300 6 0.5462498 0.2417718 984 -0.0212512 1.1137507 2.2593614 0.0621479 
BARO - LRF 300 6 0.7912256 0.2477524 984 0.2096866 1.3727645 3.1936145 0.0041362 
GPS - LRF 300 6 0.2449758 0.2423363 984 -0.3238504 0.8138020 1.0108916 0.5701357 
BARO - GPS 50 7 2.0727606 0.3092073 984 1.3469709 2.7985503 6.7034650 0.0000000 
BARO - LRF 50 7 5.3667455 0.3150347 984 4.6272775 6.1062135 17.0354111 0.0000000 
GPS - LRF 50 7 3.2939849 0.3085544 984 2.5697279 4.0182419 10.6755417 0.0000000 
BARO - GPS 100 7 0.8828149 0.2991903 984 0.1805379 1.5850919 2.9506808 0.0090974 
BARO - LRF 100 7 3.8320174 0.3044204 984 3.1174640 4.5465709 12.5879136 0.0000000 
GPS - LRF 100 7 2.9492025 0.2991903 984 2.2469255 3.6514795 9.8572815 0.0000000 
BARO - GPS 200 7 3.1173004 0.1326794 984 2.8058676 3.4287332 23.4949922 0.0000000 
BARO - LRF 200 7 4.3743834 0.1351814 984 4.0570778 4.6916891 32.3593701 0.0000000 
GPS - LRF 200 7 1.2570830 0.1326910 984 0.9456228 1.5685433 9.4737596 0.0000000 
BARO - GPS 300 7 1.6752841 0.0916362 984 1.4601903 1.8903779 18.2819104 0.0000000 
BARO - LRF 300 7 2.3165949 0.0939025 984 2.0961815 2.5370083 24.6702229 0.0000000 
GPS - LRF 300 7 0.6413108 0.0918614 984 0.4256883 0.8569333 6.9812857 0.0000000 
BARO - GPS 50 8 2.9590688 0.3646322 984 2.1031825 3.8149551 8.1152145 0.0000000 
BARO - LRF 50 8 5.5117272 0.3727339 984 4.6368241 6.3866303 14.7872959 0.0000000 
GPS - LRF 50 8 2.5526584 0.3637381 984 1.6988708 3.4064459 7.0178467 0.0000000 
BARO - GPS 100 8 1.1971772 0.3720049 984 0.3239855 2.0703690 3.2181765 0.0038071 
BARO - LRF 100 8 4.5186309 0.3790077 984 3.6290017 5.4082602 11.9222669 0.0000000 
GPS - LRF 100 8 3.3214537 0.3719921 984 2.4482919 4.1946155 8.9288287 0.0000000 
BARO - GPS 200 8 3.5991639 0.1724290 984 3.1944284 4.0038995 20.8733079 0.0000000 
BARO - LRF 200 8 4.6750474 0.1759443 984 4.2620605 5.0880343 26.5711732 0.0000000 
GPS - LRF 200 8 1.0758835 0.1724408 984 0.6711203 1.4806467 6.2391469 0.0000000 
BARO - GPS 300 8 2.3065684 0.0869118 984 2.1025640 2.5105728 26.5391968 0.0000000 
BARO - LRF 300 8 3.1043528 0.0890614 984 2.8953027 3.3134028 34.8563408 0.0000000 
GPS - LRF 300 8 0.7977844 0.0871224 984 0.5932855 1.0022833 9.1570484 0.0000000 
BARO - GPS 50 9 2.9540484 0.6085823 984 1.5255481 4.3825487 4.8539834 0.0000042 
BARO - LRF 50 9 6.0745744 0.6193008 984 4.6209150 7.5282339 9.8087621 0.0000000 
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GPS - LRF 50 9 3.1205260 0.6074360 984 1.6947165 4.5463356 5.1372097 0.0000010 
BARO - GPS 100 9 2.4082042 0.3044401 984 1.6936045 3.1228039 7.9102733 0.0000000 
BARO - LRF 100 9 5.3093167 0.3111696 984 4.5789211 6.0397123 17.0624540 0.0000000 
GPS - LRF 100 9 2.9011125 0.3044489 984 2.1864920 3.6157330 9.5290609 0.0000000 
BARO - GPS 200 9 4.0531083 0.1462477 984 3.7098271 4.3963895 27.7140001 0.0000000 
BARO - LRF 200 9 5.6126280 0.1490007 984 5.2628846 5.9623713 37.6684569 0.0000000 
GPS - LRF 200 9 1.5595196 0.1462427 984 1.2162502 1.9027891 10.6639167 0.0000000 
BARO - GPS 300 9 3.3247707 0.0813888 984 3.1337300 3.5158114 40.8504510 0.0000000 
BARO - LRF 300 9 3.6958409 0.0832376 984 3.5004607 3.8912212 44.4010886 0.0000000 
GPS - LRF 300 9 0.3710702 0.0815728 984 0.1795977 0.5625426 4.5489461 0.0000181 
BARO - GPS 50 10 2.9232005 0.3287290 984 2.1515884 3.6948127 8.8924318 0.0000000 
BARO - LRF 50 10 7.6877457 0.3354619 984 6.9003298 8.4751617 22.9168962 0.0000000 
GPS - LRF 50 10 4.7645452 0.3280102 984 3.9946203 5.5344701 14.5256013 0.0000000 
BARO - GPS 100 10 3.5216224 0.3193599 984 2.7720021 4.2712427 11.0271289 0.0000000 
BARO - LRF 100 10 6.7191435 0.3264454 984 5.9528915 7.4853955 20.5827464 0.0000000 
GPS - LRF 100 10 3.1975212 0.3193727 984 2.4478707 3.9471716 10.0118795 0.0000000 
BARO - GPS 200 10 4.3643069 0.1734740 984 3.9571185 4.7714953 25.1582791 0.0000000 
BARO - LRF 200 10 6.5548090 0.1773231 984 6.1385857 6.9710323 36.9653345 0.0000000 
GPS - LRF 200 10 2.1905021 0.1734740 984 1.7833137 2.5976905 12.6272657 0.0000000 
BARO - GPS 300 10 3.7152024 0.1603020 984 3.3389321 4.0914728 23.1762676 0.0000000 
BARO - LRF 300 10 3.6864280 0.1642670 984 3.3008508 4.0720053 22.4416798 0.0000000 
GPS - LRF 300 10 -0.0287744 0.1606841 984 -0.4059417 0.3483928 -0.1790744 0.9824770 
BARO - GPS 50 11 3.5893723 0.5907860 984 2.2026446 4.9761000 6.0755881 0.0000000 
BARO - LRF 50 11 6.8277448 0.6011546 984 5.4166793 8.2388102 11.3577193 0.0000000 
GPS - LRF 50 11 3.2383724 0.5896385 984 1.8543383 4.6224066 5.4921324 0.0000002 
BARO - GPS 100 11 3.8609940 0.3659477 984 3.0020201 4.7199679 10.5506729 0.0000000 
BARO - LRF 100 11 6.3407161 0.3728144 984 5.4656241 7.2158081 17.0077012 0.0000000 
GPS - LRF 100 11 2.4797221 0.3659477 984 1.6207482 3.3386961 6.7761662 0.0000000 
BARO - GPS 200 11 5.4944119 0.2877818 984 4.8189133 6.1699104 19.0922809 0.0000000 
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BARO - LRF 200 11 7.1404025 0.2928304 984 6.4530537 7.8277513 24.3840881 0.0000000 
GPS - LRF 200 11 1.6459906 0.2877988 984 0.9704523 2.3215289 5.7192406 0.0000000 
BARO - GPS 300 11 3.1523545 0.1132792 984 2.8864590 3.4182501 27.8281921 0.0000000 
BARO - LRF 300 11 4.5473765 0.1160806 984 4.2749052 4.8198477 39.1742979 0.0000000 
GPS - LRF 300 11 1.3950219 0.1135609 984 1.1284650 1.6615789 12.2843472 0.0000000 
BARO - GPS 50 12 3.2647198 0.4371377 984 2.2386444 4.2907952 7.4684014 0.0000000 
BARO - LRF 50 12 7.1591784 0.4435143 984 6.1181355 8.2002212 16.1419353 0.0000000 
GPS - LRF 50 12 3.8944585 0.4364700 984 2.8699504 4.9189667 8.9226256 0.0000000 
BARO - GPS 100 12 4.5930643 0.2380978 984 4.0341871 5.1519414 19.2906641 0.0000000 
BARO - LRF 100 12 7.9727812 0.2438689 984 7.4003578 8.5452046 32.6929038 0.0000000 
GPS - LRF 100 12 3.3797169 0.2381228 984 2.8207811 3.9386527 14.1931700 0.0000000 
BARO - GPS 200 12 6.3086741 0.1921627 984 5.8576185 6.7597297 32.8298587 0.0000000 
BARO - LRF 200 12 7.6753875 0.1957745 984 7.2158540 8.1349210 39.2052464 0.0000000 
GPS - LRF 200 12 1.3667134 0.1921426 984 0.9157050 1.8177219 7.1130157 0.0000000 
BARO - GPS 300 12 5.3349083 0.1654000 984 4.9466717 5.7231450 32.2545846 0.0000000 
BARO - LRF 300 12 5.6928673 0.1688739 984 5.2964765 6.0892581 33.7107558 0.0000000 
GPS - LRF 300 12 0.3579590 0.1657459 984 -0.0310896 0.7470076 2.1596849 0.0787726 
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Appendix Table 3.9: Model selection procedure for GLS used to estimate the effect of azimuth 
interval and distance between the cone targets and the ornithodolite on the difference in 
measurements of inter-cone distance between the RTK GPS and the ornithodolite 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Optimal Fixed Effects Structure 
Model Azimuth 

Interval 
Distance Azimuth Interval*Distance AICc ∆AICc weight 

1 + + + 351.4 0.00 0.750 
2 + + NA 353.6 2.25 0.244 
3 + NA NA 361.2 9.84 0.005 
4 NA + NA 386.6 35.18 0.000 

Optimal Correlation Structure 
1 Correlation=corAR1(form=1 |Distance/inter-cone 

distance) 
113.26
68 

0.00 NA 

2 Correlation=corAR1(form=1|inter-cone distance) 113.30
20 

0.0352 NA 

3 Correlation=corAR1(form=1|Distance) 114.31
87 

1.0519 NA 

Optimal Variance Structure 
1 weights=varIdent(form=~1|inter-cone 

distance*distance) 
145.06.
49 

0.00 NA 

2 weights=varIdent(form=~1|inter-cone distance) 296.21
76 

151.15
27 

NA 

3 weights=varIdent(form=~1| distance) 307.12
75 

162.06
26 

NA 

Appendix Table 3.10: Model coefficients and 95% CIs from GLS model used to 
estimate the effect of azimuth interval and distance between the cone targets and 
the ornithodolite on the difference in measurements of inter-cone distance 
between the RTK GPS and the ornithodolite 



 77 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 78 

Table 3.11: Estimated marginal means, standard error, degrees of freedom and 95% CIs of the generalised least squares regression model that 
was used to test for significant differences in inter-cone distance between the two sensors at different combinations of inter-cone distance and 
distance between the ornithodolite operator and the cones 

 

Sensor Inter-cone Dist:Distance from operator (m) Mean inter-cone distance (m) SE df lower.CL upper.CL 
LRF 1.50 1.2460112 0.0204666 612 1.2058178 1.2862045 
RTK 1.50 1.1704201 0.0204666 612 1.1302268 1.2106135 
LRF 5.50 5.3474681 0.0231950 612 5.3019167 5.3930195 
RTK 5.50 5.1334835 0.0231950 612 5.0879320 5.1790349 
LRF 10.50 10.5040970 0.0286122 612 10.4479070 10.5602870 
RTK 10.50 10.0992279 0.0286122 612 10.0430379 10.1554179 
LRF 20.50 21.1597813 0.0233712 612 21.1138838 21.2056788 
RTK 20.50 20.0880423 0.0233712 612 20.0421447 20.1339398 
LRF 30.50 31.6213253 0.0206060 612 31.5808583 31.6617924 
RTK 30.50 30.0869757 0.0206060 612 30.0465086 30.1274427 
LRF 40.50 40.8406850 0.0388100 612 40.7644681 40.9169019 
RTK 40.50 40.1372987 0.0388100 612 40.0610818 40.2135156 
LRF 50.50 50.4075611 0.0801697 612 50.2501200 50.5650023 
RTK 50.50 50.1776464 0.0801697 612 50.0202052 50.3350875 
LRF 1.100 1.1133256 0.0291711 612 1.0560379 1.1706133 
RTK 1.100 0.9359250 0.0291711 612 0.8786373 0.9932127 
LRF 5.100 5.2423610 0.0427722 612 5.1583629 5.3263591 
RTK 5.100 4.9920949 0.0427722 612 4.9080968 5.0760930 
LRF 10.100 10.0352956 0.0696367 612 9.8985397 10.1720515 
RTK 10.100 9.8842590 0.0696367 612 9.7475031 10.0210149 
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LRF 20.100 20.0785508 0.0580008 612 19.9646460 20.1924556 
RTK 20.100 19.9929446 0.0580008 612 19.8790398 20.1068494 
LRF 30.100 30.4724347 0.0383680 612 30.3970858 30.5477837 
RTK 30.100 29.9346149 0.0383680 612 29.8592660 30.0099639 
LRF 40.100 40.3002423 0.0677286 612 40.1672336 40.4332511 
RTK 40.100 39.9893416 0.0677286 612 39.8563328 40.1223503 
LRF 50.100 50.3879968 0.0394493 612 50.3105244 50.4654692 
RTK 50.100 49.9629778 0.0394493 612 49.8855054 50.0404502 
LRF 1.150 1.0646951 0.0395074 612 0.9871086 1.1422816 
RTK 1.150 1.1354601 0.0395074 612 1.0578736 1.2130466 
LRF 5.150 5.1057531 0.1032473 612 4.9029912 5.3085150 
RTK 5.150 5.1012621 0.1032473 612 4.8985002 5.3040240 
LRF 10.150 10.0629597 0.0765420 612 9.9126428 10.2132765 
RTK 10.150 10.0613448 0.0765420 612 9.9110280 10.2116616 
LRF 20.150 20.4714582 0.1095539 612 20.2563109 20.6866054 
RTK 20.150 20.0680875 0.1095539 612 19.8529402 20.2832348 
LRF 30.150 30.6744502 0.0841617 612 30.5091694 30.8397310 
RTK 30.150 30.0921930 0.0841617 612 29.9269122 30.2574737 
LRF 40.150 40.3696695 0.1199849 612 40.1340374 40.6053015 
RTK 40.150 40.0008108 0.1199849 612 39.7651788 40.2364428 
LRF 50.150 49.8621206 0.1239803 612 49.6186420 50.1055991 
RTK 50.150 50.0263709 0.1239803 612 49.7828924 50.2698494 
LRF 1.200 1.9842050 0.0572833 612 1.8717092 2.0967007 
RTK 1.200 1.0328098 0.0572833 612 0.9203140 1.1453055 
LRF 5.200 5.3398977 0.0758209 612 5.1909969 5.4887985 
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RTK 5.200 5.1859822 0.0758209 612 5.0370814 5.3348830 
LRF 10.200 9.9344160 0.1127922 612 9.7129093 10.1559228 
RTK 10.200 10.0956554 0.1127922 612 9.8741487 10.3171621 
LRF 20.200 19.9885985 0.0695009 612 19.8521094 20.1250876 
RTK 20.200 20.1411889 0.0695009 612 20.0046997 20.2776780 
LRF 30.200 29.9863350 0.0936005 612 29.8025178 30.1701522 
RTK 30.200 29.7490939 0.0936005 612 29.5652767 29.9329111 
LRF 50.200 50.1405192 0.0596150 612 50.0234445 50.2575939 
RTK 50.200 50.1851074 0.0596150 612 50.0680327 50.3021821 
LRF 1.250 1.4323844 0.0749908 612 1.2851140 1.5796549 
RTK 1.250 0.8541409 0.0749908 612 0.7068704 1.0014114 
LRF 5.250 5.4024417 0.0620443 612 5.2805961 5.5242872 
RTK 5.250 4.8783915 0.0620443 612 4.7565460 5.0002370 
LRF 10.250 10.0610720 0.0524431 612 9.9580817 10.1640622 
RTK 10.250 9.8322979 0.0524431 612 9.7293077 9.9352882 
LRF 20.250 19.9844856 0.0677573 612 19.8514206 20.1175507 
RTK 20.250 19.6099720 0.0677573 612 19.4769069 19.7430371 
LRF 30.250 29.9178255 0.0600009 612 29.7999929 30.0356582 
RTK 30.250 29.4210133 0.0600009 612 29.3031806 29.5388459 
LRF 40.250 39.5381464 0.0631244 612 39.4141797 39.6621131 
RTK 40.250 37.6900257 0.0631244 612 37.5660590 37.8139924 
LRF 50.250 50.0037302 0.0485265 612 49.9084316 50.0990288 
RTK 50.250 50.0471327 0.0485265 612 49.9518341 50.1424313 
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Appendix Table 3.12: Contrasts between measurements of inter-cone distance from the ornithodolite and 
the RTK GPS for different combinations of inter-cone distance and the distance between the ornithodolite 
and the cone targets. Contrasts include estimates of the mean difference in inter-cone distance, standard 
error, degrees of freedom, 95% CIs, t-ratio and p-values. P-values <0.05 were used to infer if the difference 
in inter-cone distance measurements between the ornithodolite and the RTK GPS was significant.  
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(a) (b) 
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(d) 

Figure 3.10: Normalised residuals plotted against (a)fitted values, (b)Azimuth Interval (fixed 
effect), (c) distance from the cone-targets (fixed effect) and (d) inter-cone distance (included in 
the covariance structure) for the GLS model used to predict the difference in inter-cone distance 
measurements between the ornithodolite and the RTK GPS.  



 83 

 
 
 
 
 

Figure 3.11: Histogram (a), qqplot (b) and ACF (c) of normalised residuals for the LME model used 
to predict the difference between the altitude measurements from the UAB GPS and the 
ornithodolite  

(a) (b) 

(c) 
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4.1 Introduction 1 
    Movement is essential to the survival and therefore fitness of many animals (Andreassen 2 

and Ims 1998, Benítez-López et al. 2015, Cattarino et al. 2016) and as a result plays a role in 3 

shaping processes ranging from predation and disease dynamics (Nathan et al. 2008, Allen 4 

and Singh 2016) to meta-population dynamics (Gebauer et al. 2013) and gene flow (Banks 5 

and Lindenmayer 2013). More pertinently, movement has become a crucial component of 6 

assessments of animal interactions with anthropogenic structures (Blum et al. 2015, Simpson 7 

et al. 2015, Wang et al. 2017). For example, bird flight data is used to quantify potential 8 

interactions with wind energy devices (Drewitt and Langston 2006, Thaxter et al. 2017). The 9 

ability to accurately quantify movement is inherent in understanding these processes and 10 

interactions. 11 

    Traditionally, flight activity and migration have been studied with radar and telemetry 12 

(Mateos-Rodríguez and Liechti 2012, Thaxter, Ross-Smith, et al. 2017, Baert et al. 2018, 13 

Jenkins et al. 2018). More recently, these traditional methods have been complemented by 14 

other technologies (Cole et al. 2019, Cook et al. 2018), such as the Vector ornithodolite, 15 

hereafter termed ‘ornithodolite’ (Pennycuick 1982, Shepard et al. 2016, Borkenhagen et al. 16 

2018). The ornithodolite used here is based on the Vectronix Vector 21 Aero which is based 17 

on a pair of binoculars with an inbuilt laser rangefinder, inclinometer and digital magnetic 18 

compass. Although built and optimised for military and civilian purposes, this instrument has 19 

been used to extract and track bird activity in space and time. For example, the ornithodolite, 20 

has been used to identify fine-scale habitat use of birds generally (Shepard et al. 2016, Cole 21 

et al. 2019) and to quantify bird space use in relation to wind energy devices (Therkildsen et 22 

al. 2012, Skov et al. 2018).  23 
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    However, the ornithodolite has limitations and knowledge of these are useful to ensure its 1 

appropriate deployment. For example, how well the ornithodolite’s measurements compare 2 

to other technologies commonly deployed for the same purpose helps inform the choice of a 3 

suitable device (Chapter 2). Beyond measurement accuracy and precision, the need to 4 

quantify the impacts of conditions experienced during deployment on the efficacy of different 5 

technologies has been acknowledged (Bjørneraas et al. 2010, Cleasby et al. 2015, May et al. 6 

2017, Urmy and Warren 2017). For example, Cole et al (2019) found that the distance over 7 

which the ornithodolite is capable of tracking birds, varies with bird body mass and by proxy, 8 

size of the bird. However, as the ornithodolite is an instrument commonly used to collect data 9 

from a fixed location, similar to radar, the performance testing carried out by Cole et al (2019) 10 

could be extended to account for features of the operating environment which may influence 11 

data collection. For example, the beam of the ornithodolite’s laser sensor may be reflected 12 

from non-target structures in the landscape, such as topography, vegetation, and/or man-13 

made structures, creating areas where the ornithodolite has reduced detection capability. 14 

The ornithodolite is also manually operated and so other target characteristics, namely 15 

movement by the [bird] target, could influence the applicability of the ornithodolite.  16 

    The aim of this chapter is therefore to assess the performance of the ornithodolite for the 17 

detection and tracking of birds, given the potential influences of environmental and target 18 

characteristics. Demonstration of the impact of these factors on the tracking capacity of the 19 

instrument may help further inform users how useful the ornithodolite is under various 20 

operational conditions.  21 

Specifically, the aims of this study are as follows: 22 

i) how is the ornithodolite’s tracking capability affected by target movement 23 

characteristics, namely target speed and flight-path tortuosity 24 
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ii) how is the ornithodolite’s tracking capability affected by features of the operating 1 

environment, such as the incidence of non-target background objects in the 2 

vicinity of the tracking environment 3 

 4 

4. 2 Methods 5 
4.2.1 Study Area 6 
    Data collection took place on Filey Beach in North Yorkshire, UK (54.16187, -0.23316) (Fig. 7 

4.1). The terrain was characterised by a flat sandy beach and steep cliffs. This area provided 8 

useful contrasts to investigate the operational capacity of the ornithodolite. The steep cliffs 9 

offered areas of high-density of non-target objects in the tracking vicinity, which is hereafter 10 

referred to as areas of high clutter. Where the UAV was flying in the vicinity of areas of high 11 

clutter, resulting positional data were classified as ‘inside’ clutter areas. The seaward-facing 12 

flat beach provided areas of low-density non-target objects, referred to as a clutter-free or 13 

low-clutter environment. Where the UAV was flying within these areas of low-clutter, 14 

resulting positional data were classified as ‘outside’ clutter areas (Fig. 4.1). 15 

4.2.2 Instrumentation 16 
To assess the effect of target characteristics on the quality of the ornithodolite data the 17 

following were used in all field trials:  18 

(d) Ornithodolite: see Chapter 1 for description of device and data collection set-up using 19 

the ornithodolite. 20 

 21 
(e) DJI F550 RC hextacopter unmanned aerial vehicle (UAV). A remotely operated 22 

unmanned aerial vehicle (UAV) was used as a test target to validate and evaluate the 23 

performance of the ornithodolite under conditions that might be experienced during 24 

operation. The UAV was equipped with an internal GPS which provided baseline 25 
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measurements. For this study, the UAV derived GPS measurements were considered 1 

synonymous with those used in animal-attached telemetry systems. The UAV fuselage 2 

was made from white, red and black coloured plastic with a maximum diameter of 59cm. 3 

Differences from data returns from individual parts of the flying UAV were considered 4 

negligible.  The same drone pilot was used for all flights.  5 

 6 
 7 
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 8 

 9 

 10 

 11 

 12 

 13 

 14 

 15 

 16 

 17 

 18 
Figure 4.1: Details of study area highlighting the ornithodolite observation position and the ornithodolite data relative to 
inside (orange points) or outside (green points) of clutter areas and whether the ornithodolite was successful (circular points) 
or unsuccessful (square points) in obtaining a fix from the UAV. Clutter areas were distinguished based on whether the UAV 
was flying against the backdrop of the cliffs, where the cliffs represent non-target objects from which the ornithodolite laser 
beam could be reflected. Points which fall within the cliff-backdrop area were considered to be ‘inside’ the clutter area 
(‘hatched’ background). Points which fell against the backdrop of the sea/horizon were considered to be ‘outside’ clutter 
areas due to the lack of non-target objects in this area. ‘Inside’ or ‘outside’ of clutter areas is denoted by the purple line.  
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 19 

4.2.3 Test flights 20 

    Using a UAV as a test target it was possible to investigate how well the ornithodolite  21 

performed under conditions that might be experienced during operation or deployment 22 

when collecting bird flight data. The UAV was restricted to within line of sight of the UAV 23 

operator, in this case approximately 600m, and 120m altitude. This restricted the controlling 24 

range of the UAV, meaning that it was not possible to test the effect of detection over 25 

distance. A total of seven detection test flights were undertaken, resulting in a total of 541 26 

positional fixes by the ornithodolite (including both successful and unsuccessful detections of 27 

the UAV). All  test flights were flown, in part, over clutter areas.  28 

   Detection tests were undertaken on 15th June 2017. Weather conditions were characterised 29 

by little/negligible wind and no precipitation. This testing was therefore not affected by 30 

adverse conditions which may contribute to other sources of clutter, as in dense cloud and 31 

fog which may also be considered non-target objects in the tracking vicinity.  32 

4.2.4 Synchronising timestamps of UAV and ornithodolite  33 

    Prior to data collection flights, the timestamps of the UAV and the ornithodolite were not 34 

correlated and so it was necessary to calculate the offset in time between the two in order to 35 

carry out further analysis. The tracks from the two instruments were preliminarily organised 36 

by assigning them the same track ID. The offset between the UAV and ornithodolite 37 

timestamp for each track ID could then be was estimated by maximising the log-likelihood of 38 

the following linear model (as in May et al. 2017):  39 

 40 

!!,#$ =	$% +	$&		×	∆(!,#$ +	$$ 	× 	∆)!,#$  41 

 42 
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With !!,# as the distance, (!,# as the difference in range from the ornithodolite ((()*  – (+,-) 43 

and )!,# as the distance effect due to the difference in bearing from the ornithodolite between 44 

each position pair (GPS position and time adjusted ornithodolite position) (reproduced from 45 

May et al 2017). After having found the most likely offset, the ornithodolite and UAV position 46 

were connected by timestamp. Thereafter ornithodolite non-detections were derived by 47 

interpolating consecutive positions with a time difference of 2s (i.e. the minimum sampling 48 

interval of the ornithodolite). 49 

 50 

 51 

 52 

 53 

 54 

 55 

 56 

 57 

 58 

 59 

 60 

 61 

 62 

 63 

 64 

 65 

4.2.5 Statistics  66 

    To investigate the potential for the ornithodolite detection capability to be affected by the 67 

movement characteristics of the target, segmented regression was used to find the threshold 68 

(i.e. maximum altitude, maximum tortuosity) that renders the minimum sum of squared 69 

residuals. Tortuosity, defined as in May et al. (2017), is defined as the normalised cosine of 70 

Test Flight ID Offset (sec) 

1 41.139 

2 41.202 
3 40.949 

4 41.408 

5 41.399 

6 42.298 

7 40.793 

Table 4.1: The estimated timestamp offset for each test flight used in determining the 

ornithodolite detection capability.  
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the turning angle of consecutive points, (*!), was calculated for each position as follows: *!  = 71 

1 – ((cos	∆+!  + 1)/2) with ∆+!  defined as the change in heading between consecutive points.  72 

    The potential for detection success (success was defined as a binary variable indicating 73 

whether detections were successful (=1) or unsuccessful (=0)) to be affected by clutter was 74 

assessed for each track using generalised linear mixed effects models (GLMM) with a binomial 75 

distribution, implemented using glmer in the lme4 package in R. Detection success was 76 

related to different co-variates while controlling for tortuosity, speed and distance (Table 4.2). 77 

 78 

Table 4.2: Summary of co-variates included in the GLMM  79 

Variable Type  Description 

The incidence of the UAV in 

clutter areas 

Binary 1=inside clutter areas 

0=outside clutter areas 

UAV target Altitude Continuous Mean=29.72m (SD=18.38m) 

Distance between the 

ornithodolite and UAV 

target 

Continuous Mean=152.32m 

(SD=123.59m) 

UAV target speed Continuous Mean=4.65m/s 

(SD=3.35m/s) 

UAV target tortuosity Continuous Mean=0.06 (SD=0.09) 

 80 

    In addition to testing for reduced detection, the distribution of flight parameter 81 

measurements derived from the ornithodolite data were compared to those of the more 82 

frequently and regularly sampled values collected on-board the UAV (sampled at 10Hz).  In 83 

this way, the UAV data were taken to be the true measure of the estimated parameter. The 84 

distribution of speed and height values derived from the UAV and the ornithodolite were 85 

compared using a Kolmogorov-Smirnov test and subsequently using a shift function 86 

(Rousselet et al. 2017). The shift function provided a more systematic comparison of the two 87 
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distributions by estimating how much one distribution would have to be shifted to match the 88 

other based on the decile differences between the distributions.    89 

4.3. Results    90 

    The detection capability of the ornithodolite was affected by the movement characteristics 91 

of the UAV target. In each case, for speed, tortuosity and height, there was an upper threshold 92 

above which detection decreased (Fig. 4.2). The segmented regression resulted in an upper 93 

speed threshold of 11.79 m/s, an upper tortuosity threshold of 0.37, (equal to a turning angle 94 

of approximately 80o) and an upper altitude threshold of 78 m (Fig. 4.2). For further analysis, 95 

altitudes above 78 m, speeds above 11.79 m/s and tortuosities above 0.37 were excluded. 96 

These data truncations equated to approximately 5% of the data.  97 

    The final model describing the detection capability of the ornithodolite included all the 98 

variables listed in Table 4.2, excluding altitude (see Appendix Table 4.3 for model selection 99 

process). Detection capability was not significantly affected by whether or not the UAV target 100 

was flying inside or outside clutter areas. The generalised linear mixed effects model found 101 

no significant difference in detection probability inside and outside clutter areas, with an 102 

estimated 8% decrease in detection inside clutter areas (Fig 4.3; z = -0.380, p=0.71 from 0.42 103 

(0.24 – 0.47 CI) to 0.39 (0.17 – 0.56) while controlling for effects of tortuosity, speed and 104 

altitude (see Appendix Table 4.4 for details of model coefficients). However, the interaction 105 

term between clutter and distance between the UAV and the ornithodolite operator was 106 

significant. This indicates reduced detection in clutter areas where the target was at greater 107 

distances from the ornithodolite operator (Fig. 4.4; z= -2.507, p=0.01). To further test for 108 

effects of detection on the potential distribution of the data, I removed all ornithodolite 109 

positional data that corresponded to missed detections as a result of non-target clutter.  110 

These erroneous positional data were easily identifiable in the ornithodolite positional data 111 
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as large increases in distance between one positional fix that, given the time interval between 112 

fixes, would make the probability that such a fix came from a successful detection of the UAV 113 

unlikely. This was also confirmed using GIS software where positional data were imposed on 114 

a map of the area. Erroneous detections were clearly highlighted as fixes that were displaced 115 

along the ornithodolite’s track.   116 

    For both flight height and flight speed the distribution of values as recorded by the UAV 117 

differed significantly from those recorded by the ornithodolite. This was estimated using the 118 

KS test (speed: D= 0.1067, p=0.00009; height: D=0.1818, p= 5.491e-13). This result was con119 

firmed by the shift function which showed a difference in the central tendency of the data (s120 

ee Figs. 4.5 and 4.6 for more comparisons). The shift function also provided a magnitude an121 

d associated confidence intervals for the difference at each of the deciles. For speed, the ma122 

ximum potential difference was an overestimation by the ornithodolite of 0.03 m/s (Fig. 4.5)123 

. For height, the maximum difference was an underestimation by the ornithodolite of 31.33124 

m (Fig. 4.6).  125 

  126 
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(a) (b) 

 

Figure 4.2: By using segmented regression it was possible to find the optimal partitioning of 

ornithodolite detection (left of threshold) vs non-detection (right of threshold) for (a) altitude, (b) 

tortuosity and (c) speed.  

 

(c) 
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Figure 4.3: The probability of the ornithodolite detecting the UAV target inside 

and outside clutter areas. The results of the binomial mixed effects modelled 

relationship for flights inside and outside clutter areas. 
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Figure 4.4: Interaction between detection inside (clutter=1) and outside 

(clutter=0) clutter areas with range (m) from the ornithodolite operator and the 

UAV.  Modelled relationship for flights using a binomial mixed effects model.  
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 236 

Figure 4.5: Comparison of flight speed distribution from the ornithodolite (Group 1) and 

the UAV (Group 2). The first and second row represents kernel density estimates (KDEs) of 

each flight speed distributions. The dark vertical lines mark the deciles of the distribution. 

The thicker vertical line is the median. On the third row, group 1 (ornithodolite-LRF) – 

group 2 (UAV) is plotted along the y-axis for each decile (white disks), as a function of group 

1 deciles. For each decile difference, the vertical line indicates its 95% bootstrap 

confidence interval. When a confidence interval does not include zero, the difference is 

considered significant in a frequentist sense. 

Speed (m/s) 
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Figure 4.6: Comparison of flight height distribution from the ornithodolite (Group 1) and 

the UAV (Group 2). The first row represents kernel density estimates (KDEs) of each flight 

height distributions. The dark vertical lines mark the deciles of the distribution. The thicker 

vertical line is the median. On the second row, group 1 (ornithodolite - LRF) – group 2 (UAV) 

is plotted along the y-axis for each decile (white disks), as a function of group 1 deciles. For 

each decile difference, the vertical line indicates its 95% bootstrap confidence interval. 

When a confidence interval does not include zero, the difference is considered significant 

in a frequentist sense. 

Height (m) 
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4.4. Discussion 281 

    How useful the ornithodolite may be for the collection of bird flight data can be determined 282 

by more than the accuracy of the instrument’s individual sensors. The characteristics of the 283 

environment in which the instrument is deployed and the movement characteristics of the 284 

target are also important. The ability of the ornithodolite to detect targets and gather data in 285 

an operational environment has the potential to be reduced by the presence of clutter (Fig. 286 

4.3). This effect is likely to be exacerbated when the target is further away from the 287 

ornithodolite operator (Fig. 4.4). Such results are comparable to findings from the use of other 288 

instruments that collect data from a fixed position such as radar, known as Eulerian based 289 

technologies (c.f. Chapter 1). Radar is also susceptible to reduced detection due to clutter 290 

(May et al. 2017, Urmy and Warren 2017). The nature of the Eulerian based data collection 291 

of radar and the ornithodolite means that they cannot discriminate between target and non-292 

target objects. Data must therefore be filtered post-hoc to remove erroneous data points. 293 

Some radar types, namely dedicated avian radars, incorporate built in tracking filters to 294 

reduce the effect of clutter. No such algorithm exists for the ornithodolite as the instrument 295 

is built and optimised for military and civilian purposes with no adaptation yet for animal 296 

tracking applications. However, as the ornithodolite is manually operated it is perhaps 297 

surprising that detection is so affected by clutter. This may be due to the tight beam 298 

divergence of the Vectronix laser sensor specifically, resulting in a lesser proportion of the 299 

target falling within the beam area, resulting in either a higher proportion of missed 300 

detections in uncluttered areas or more erroneous data returns from non-target objects in a 301 

clutter environment. In situations where an object is not found within the maximum time or 302 

within the beam area the laser pulse times out and the object is missed and no data are 303 

recorded. Where the data return is from a non-target object, this will be recorded and a false 304 
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positive detection will exist within the data. Such false-positive detections can be obvious by 305 

large deviations between data points that can be filtered out upon visual inspection or 306 

application of algorithms than are commonly applied to GPS data for the same purpose (e.g. 307 

Bjørneraas et al. 2010). However, false positive detections due to clutter reduce the 308 

resolution of the ornithodolite data. In high clutter environments detections can be reduced 309 

to a small number of data points, meaning the movement track obtained from the 310 

ornithodolite may not be representative of what was observed.  311 

    Target detection by the ornithodolite may be further reduced by the movement 312 

characteristics of the target. As a manual tracking instrument, requiring direct input from an 313 

operator to obtain a positional fix, irregular flight of small, fast manoeuvring targets, such as 314 

birds, complicates successful tracking by the ornithodolite. Here we observed reduced 315 

detection for turning angles greater than 80o and speeds greater than 11.32m/s. Radar is also 316 

known to be susceptible to reduced detection relating to the movement characteristics of 317 

targets (May et al. 2017). Such irregular movement characteristics, and subsequent reduced 318 

detection by the ornithodolite, can result in a track that is sampled at reduced and irregular 319 

resolutions. This has implications for the parameters that are derived from that track and, 320 

subsequently, any attempt to assign behavioural states to the data. Algorithms used to assign 321 

behavioural states to animal movement data rely on turning angles and speeds than are 322 

quantified accurately and therefore frequently (e.g. Michelot et al 2016, Pirotta et al. 2018). 323 

Potential reduction in the detection and therefore accuracy of flight parameters derived from 324 

the ornithodolite due to clutter and further due to irregularities in observed flight 325 

characteristics should be considered when selecting the ornithodolite in the context of the 326 

goal of the data collection and the tracking environment. 327 
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    The ornithodolite is an instrument that has been used to collect bird flight data for input 328 

into collision risk models (e.g. Skov et al. 2018) to help estimate bird collision with wind 329 

turbines. The most up-to-date, commonly used collision risk model in the UK relies on 330 

distributions of flight parameter data in the calculation of a collision integral (Band 2012, 331 

McGregor et al. 2018). Basing collision risk estimates on data distributions is more reflective 332 

of the variability of bird flight parameters and so it is useful to understand if the variability in 333 

the ornithodolite data is comparable to the variability of data that are sampled at a higher 334 

frequency and regularly. The distribution of flight height and flight speed collected by the 335 

ornithodolite and the UAV are statistically different from each other (Figs. 4.5-4.6). The shift 336 

function highlights the magnitude of this difference. The ornithodolite appears to have a 337 

tendency to underestimate flight height (Fig. 4.6). A decrease in the proportion of data at 338 

greater heights may ultimately result in a decrease in representation of flight at collision risk 339 

height and therefore an under-estimation of collision risk. This may be due to the practical 340 

limitations associated with the ability of the operator to record flights that occur at higher 341 

inclinations, for example flights at heights approaching directly overhead of the operator. 342 

These may therefore be ‘out of reach’ from a practical perspective. This observation is in 343 

contrast to what has been documented for the ornithodolite previously, whereby other 344 

studies (Borkenhagen et al. 2018, Skov et al. 2018) have noted the ornithodolite’s over-345 

estimation of flight height or bias in measuring a larger sample of flights at greater heights 346 

and therefore a smaller sample of flights at lower heights. The difference between previous 347 

studies and the observations noted here could be due to the fact that this study took place in 348 

a terrestrial setting where Borkenhagen et al (2018) and Skov et al (2018) took place from a 349 

ship-based and offshore turbine platform respectively. Given the ornithodolite has a 350 

maximum negative inclination of -30o, where the operator is at a height above that of the 351 
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bird’s flight, as was the case in the offshore studies, if the negative inclination is exceeded, 352 

e.g. -40o, the ornithodolite will not compute a value and this will be classed as missed 353 

detection as described previously. Such a scenario will give rise to less frequently recorded 354 

lower flight heights. The contrast between Borkenhagen et al (2018) and Skov et al (2018) 355 

and the results presented here further reinforce the need to consider the operational 356 

environment in which data will be collected before considering the ornithodolite as the most 357 

suitable instrument. The ornithodolite overestimated flight speed (Fig. 4.5). This may be due 358 

to how speed is calculated using the ornithodolite data; as distance travelled between 359 

subsequent fixes divided by the time-difference between them. As the frequency of fixes can 360 

be irregular, due to, for example, clutter and movement characteristics of highly mobile 361 

targets, and less fixes recorded overall compared to the UAV, distance moved between fixes 362 

will be variable and likely larger than those estimated by the UAV and as a result speed 363 

estimates may be expected to be larger in general (cf. Chapter 2). The calculation of speed 364 

here is analogous to what Bowgen and Cook (2018) call ‘true speed’ and suitable for 365 

estimating the probability of collision rather than flux rate through a wind farm, which can be 366 

defined as the ‘straight-line’ speed (Bowgen and Cook 2018) between ornithodolite points at 367 

the origin and termination of a flight track. Used in this context, the ornithodolite’s over-368 

estimate of speed may result in an under-estimation of the probability of collision as faster 369 

flying birds spend less time in the rotor swept zone and therefore are less likely to collide with 370 

the turbines blades. Overall, the ornithodolite offers more accurate and site-specific data over 371 

traditionally used visual observation estimates or generic, literature derived values of flight 372 

parameter data (e.g. Alerstam et al. 2007, Johnston et al. 2014). However, it’s accuracy and 373 

precision against other technologies that have the same data collection approach, such as 374 
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radar and LiDAR (Cook et al. 2018), likely warrants investigation to understand how the 375 

ornithodolite’s logistical constraints effect the data comparatively.  376 

    As a Eulerian based technology, collecting data from a fixed location, clutter may be present 377 

in a variety of forms, ranging from landscape features to more dynamic sources such as clouds 378 

and dense precipitation and these sources will also result in false-positive detection in the 379 

data, albeit more transiently. As a manual based tracking instrument, the experience of the 380 

operator in using the instrument for the purpose of bird flight data collection, may influence 381 

the resolution of the data from the ornithodolite and this warrants investigation. Although 382 

not tested here, Dunbar (2010) tested this hypothesis with a different Vectronix model, using 383 

a target board. The authors found that the experience level of operators had an effect in 384 

determining the accuracy and precision with which positional fixes fell within the target 385 

board. Such a finding suggests that training or familiarisation with the instrument before data 386 

collection may prove useful in reducing the influence or lack of operator experience in 387 

determining the quality of the ornithodolite’s data. In addition, here we could not take into 388 

consideration the variation in shape and form of the target in flight as is the case for birds, 389 

where cross-section varies during flight.  The UAV used here was of approximately equal 390 

cross-section at all angles. Given that detection range is influenced by size of the bird (Cole et 391 

al. 2019), it is likely that cross-section incident on the laser beam would affect detectability 392 

by the ornithodolite. Such an effect has been observed for radar (McCann and Bell 2017). 393 

Further, various species of birds deploy a range of flight modes, from soaring, flapping, 394 

undulating and intermittent bounding (Pennycuick 2008). To what extent flight mode affects 395 

detectability by the ornithodolite is also uncertain. Detection for different flight modes may 396 

act as function of other factors discussed here, whereby different modes may be associated 397 

with different speeds, heights or in-flight cross-section.  398 



 105 

4.5 Conclusion 399 

    This chapter aimed to determine (i) how the ornithodolite’s tracking capability is affected 400 

by target movement characteristics, namely target speed and flight-path tortuosity and (ii) 401 

how the ornithodolite’s tracking capability is affected by features of the operating 402 

environment, such as the incidence of non-target background objects in the vicinity of the 403 

tracking environment. The ability of the ornithodolite to successfully detect and track a 404 

moving target is dependent on the target’s flight characteristics, namely: flight height, speed 405 

and tortuosity, whereby there is an upper threshold for detection associated with these flight 406 

characteristics. The ornithodolite’s ability to successfully detect and track a moving target was 407 

found to depend on the incidence of non-target background objects when the target was at 408 

further distances from the ornithodolite operator.  Overall,  how useful the ornithodolite is 409 

for collecting data from birds is likely to be highly site, target and context specific. Selection 410 

of the ornithodolite as a tool should therefore be considered in light of both the accuracy and 411 

precision of the data required (Chapter 3) and operational environment and target 412 

characteristics. For example, the detection ranges in relation to bird body size observed by 413 

Cole et al. (2019) likely reflect optimal tracking conditions, i.e. clutter free, experienced 414 

operator and are based on point estimates of maximum range. The ability of the ornithodolite 415 

to generate a track of consistent positional fixes at the detection ranges observed by Cole et 416 

al (2019) therefore relies on the degree of clutter and the movement characteristics of the 417 

target. A useful distinction may therefore be the application of the ornithodolite in deriving 418 

accurate point positional estimates as used by Cole et al (2019) and its suitability for use as a 419 

tracking instrument analogous to radar or GPS telemetry.  420 

 421 

 422 
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4.6 Appendix 423 

 424 

Appendix Table 4.3: Results of model selection procedure for GLMM using MuMIn:dredge 425 

function in R. Only models where weight>0.00 are shown. Model predictions (presented in 426 

the section 4.3 Results) are based on the top model (highlighted in bold) and used to estimate 427 

the effect of clutter, distance, speed and tortuosity on the ability of the ornithodolite to 428 

successfully detect a UAV target. 429 

 430 

Model Clutter Altitude Speed Distance Tortuosity Clutter* 

Distance 

AICc ΔAICc Weight 

1 + NA + + + + 1082.3 0.00 0.622 
2 + NA + + NA + 1083.9 1.59 0.118 

3 + + + + + + 1083.9 1.66 0.114 

4 + NA NA + NA + 1084.3 2.05 0.094 

5 + NA NA + + + 1085.1 2.86 0.052 

 431 

 432 

 433 

Table 4.4: Model coefficients from GLMM used to estimate the effect of clutter, distance, 434 

speed and tortuosity on the ability of the ornithodolite to successfully detect a UAV target 435 

 436 

 437 

 438 

 439 

 440 

 441 

Observations: 830 

Dependent Variable: SUCCESS 

Error Distribution: binomial 

Link function: logit  

 

MODEL FIT: 

AIC = 1082.3, BIC = 1116.84  

 

Fixed Effects 
 Est. S.E. z-value p.value 

Clutter0 -0.70 0.26 -2.63 0.01 

Clutter1 -0.14 0.38 -0.38 0.71 

Distance 1.24 1.63 0.76 0.45 

Speed 0.05 0.03 1.83 0.07 

Tortuosity -0.57 0.93 -0.61 0.54 

Clutter1*Distance -5.12 2.04 -2.51 0.01 

Random Effects 
Group Parameter Std, Dev. 

TestFlightID Intercept 0.09 
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Chapter 5: Using the ornithodolite to 1 

collect bird flight data: the 2 

consequences of small-scale airflows 3 

for bird movement and collision risk 4 

 5 

 6 

 7 

 8 

 9 

 10 

 11 

 12 

 13 

 14 

 15 

 16 

 17 

 18 
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5.1. Introduction 19 

    Movement is a key feature of the ecology of most animals and for the majority of birds this 20 

movement takes place in the three-dimensional medium of the air (Shepard et al. 2016b). 21 

This dynamic environment provides opportunities and challenges for the individual birds 22 

moving within it, more specifically through its energetic consequences (Shepard et al. 2013); 23 

as a result, birds are known to modulate their flight characteristics in response to the flow 24 

characteristics of their environment at varying spatial and temporal scales (Kranstauber et al. 25 

2015; Shepard et al. 2016a; Sage et al. 2019). For example, during migration, birds are known 26 

to follow routes selected based on maximum tailtailwind support rather than the shortest 27 

distance to the destination (Kranstauber et al. 2015). As airflows are three-dimensional, birds 28 

are also known to vary their flight height (Mateos-Rodríguez and Liechti 2012) to take 29 

advantage of tailwind assistance on migration. Indeed, on a global biogeographic scale, 30 

meteorological factors shape the distribution of species with a high wing loading [i.e. higher 31 

body mass to wing area ratio] (Suryan et al. 2008; Weimerskirch et al. 2012). On smaller 32 

spatial and temporal scales, such as local daily movements, the extent to which the aerial 33 

environment shapes movement is less well known (but see Shepard et al. 2016b; Sage et al. 34 

2019). However, the cumulative energetic savings likely to be gained by selection of flight 35 

paths to optimise use of tailwind support and other sources of aerial energy, such as 36 

orographic and thermal updrafts, while undertaking daily movements could be substantial. 37 

    If birds alter their three-dimensional flight trajectories in order to take advantage of 38 

tailtailwind support and other aerial resources to reduce energy expenditure, it is possible 39 

that other flight characteristics may be similarly altered. For example, wind speed will often 40 

amount to a large fraction of a bird’s airspeed; that is the speed of bird flight relative to the 41 

air through which the bird is flying, and so adjustment of airspeed relative to the wind is to 42 
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be expected. Indeed, such adjustment has been observed for birds undertaking migration 43 

(Hedenström et al. 2002) but whether this adjustment of speed occurs during small scale 44 

flights is less well known because field observations of local scale bird flight in relation to wind 45 

are limited to a small number of species (e.g. Wakefield et al. 2009; Hernández-Pliego et al. 46 

2014),. Furthermore, flight speed is a key parameter in collision risk models, used to predict 47 

the likelihood of collision between birds and wind turbines (Masden and Cook 2016). The 48 

collision estimates generated by these models are known to be sensitive to flight speed 49 

(Masden 2015). The flight speed data input into these models are, however, rarely based on 50 

field observations of birds using the specific site under development, but are typically rather 51 

airspeed values derived from the literature (e.g. Bruderer and Boldt 2001; Alerstam et al. 52 

2007). Use of airspeed data does not capture the observed flight speed of birds (speed of the 53 

bird relative to the ground) while use of ex-situ literature-based data does not capture any 54 

site-specific variability that may be inherent in the speed value, for example behaviour 55 

specific to the development site (Fijn and Gyimesi 2018). If bird flight speed is variable with 56 

the wind on small local scales this would suggest a need to incorporate site-specific field-57 

based speed observations into collision risk models to accurately predict the likelihood of 58 

collision with wind turbines.   59 

    From an applied perspective, if aerial resources shape daily bird movements, understanding 60 

such a relationship could be used in the planning phases of anthropogenic structures such as 61 

renewable energy developments to avoid or reduce bird collisions. For example, based on an 62 

understanding of how aerial resources shape bird movement, it may be possible to predict 63 

levels of species presence within a wind farm and at collision risk height using the wind 64 

resource data collected to assess the viability of a wind farm in a given location. Modifying 65 

the operating schedules of turbines to avoid known times of high use of the area by birds has 66 
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the potential to reduce collisions, with little loss in energy generation and overall profitability 67 

of the turbines (de Lucas et al. 2012). Such curtailment of wind turbine operation has been 68 

shown to be effective in reducing migrant mortality (Tomé et al. 2017). Given the increasing 69 

anthropogenic advance into the airspace, such information could prove highly useful in 70 

facilitating sustainable development without exacerbating the biodiversity crisis. Further 71 

consideration should also be given to how anthropogenic structures may modify the profits 72 

from airflows, in relation to optimising energy and minimising energetic cost of flight, for 73 

flying birds and in turn shape their movement. It has been shown that birds will modify their 74 

distribution in response to increased aerial profitability resulting from variability in airflows 75 

from features as small as a row of low rise buildings (Shepard et al. 2016b) or hedgerows 76 

(Mallon et al. 2016; Sage et al. 2019). Where such increased profitability co-occurs with 77 

increased possibility of fatality (Mandel and Bildstein 2007), there is potential to indirectly 78 

cause species mortality, potentially forming an ecological trap (Demeyrier et al. 2016; Hale 79 

and Swearer 2016). Ecological traps may form where birds are attracted to and dependent on 80 

the aerial uplift resources, which would become degraded by the development of 81 

anthropogenic structures. The possibility of such an event emerging could be predicted by 82 

better understanding bird associations with airflows on small spatial scales. 83 

    This work aims to assess the extent to which wind speed and direction determines flight 84 

characteristics in birds during local movements. Specifically, assessment is made of the extent 85 

to which wind speed and direction along observed trajectories differs from wind speed and 86 

direction along simulated alternative trajectories. Such analysis aims to assess if birds vary 87 

their trajectories to take advantage of the wind vector relative to their direction of travel. 88 

Similarly, the extent to which wind speed and direction determines bird flight speed relative 89 

to the ground (ground speed) and air (air speed) is also assessed.  90 
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5.2. Methods 91 

5.2.1 Study area 92 

    Bird flight data were collected from an agricultural field, in a landscape with an average 93 

terrain height of 41m ± 16m, accurate to the nearest 5m (OS Terrain 5 DTM). Observation 94 

data were collected from 58.55812, -3.21852 (approximately 2.1km from the village of Lyth, 95 

Caithness). The field site is depicted in Fig. 5.1 and encompasses the observer’s field of view, 96 

defined as 4km in all cardinal directions (the greatest measured distance over which bird flight 97 

data were collected was 3.5km). The location was chosen for accessibility and to minimise 98 

modification of airflows by obstacles such as trees or buildings. This therefore provides an 99 

opportunity to understand how birds might vary their flight trajectories in response to 100 

relatively simple airflows.  101 

 102 
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 124 

5.2.2 Avian data  125 

    Flight characteristics of birds were collected using an ornithodolite (Pennycuick et al. 2013). 126 

Data fixes were continuously obtained for as long as the bird was visible to the observer. GPS 127 

co-ordinate data and altitude of the bird were calculated using the raw sensor data and 128 

Vectronix software operational on the field laptop. A series of co-ordinates for a given bird in 129 

flight can be used to record a flight path or trajectory and estimate ground speed. Data 130 

collection was attempted on all birds that fell within the observer’s line of sight, although 131 

ability to consistently obtain positional fixes of birds in flight using the ornithodolite depends 132 

on the distance between the observer and the bird (Cole et al 2019) amongst other variables 133 

(see chapter 2 and 3). During data collection, the flight mode of birds (i.e. flapping, soaring, 134 

gliding etc.) was visually scored by the observer. Flapping flight was defined as any incidence 135 

Figure 5.1: Data collection area with the observation extent, 4km in each cardinal direction from the 

observation point, highlighted showing detail for terrain height  within the observation area.  
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of a bird flapping its wings to remain airborne. Soaring and gliding flight were distinguished 136 

based on changes in altitude whereby soaring is associated with altitude gain and gliding is 137 

associated with altitude loss. Flight data were collected from a range of species (n=16) and 138 

trajectories from common buzzard (Buteo buteo) and greylag geese (Anser anser), the species 139 

with the greatest number of observed trajectories, were taken forward for analysis (n=6 140 

buzzard trajectories, with a total of 343 positional fixes and n=6 greylag geese trajectories, 141 

with a total of 230 positional fixes). All data were collected during daylight hours, and all data 142 

collection survey hours fell between 0800 – 1900. Data collection took place outside the 143 

breeding season over 31 days between August-September 2018 and so birds were not 144 

expected to be behaving as central place foragers, and were therefore unlikely to be time 145 

constrained, but may still be goal-orientated. Buzzard and goose tracks spanned the data 146 

collection period; the earliest buzzard track collected was obtained on 09/08/18 while the 147 

final track was obtained on 05/09/2018. The earliest goose track was obtained on 13/08/18 148 

and the final track was obtained on 06/09/2018. 149 

5.2.3 Airflow data  150 

    The ornithodolite data collection system was coupled with a Gill Windsonic anemometer 151 

mounted on a 5m mast, to provide simultaneous measurements of the horizontal wind 152 

vector. Wind speed data were collected as m/s and direction data in degrees, from 0-359o, 153 

and both were collected at 1Hz. The anemometer was interfaced with the same field laptop 154 

used for ornithodolite data collection, to enable collection and storage of data in the field. 155 

Data were recorded via the laptop using Gill Windsonic WindCom software.      156 

    The Wind Atlas Analysis and Application program (WAsP) (Mortensen, 2016) was used to 157 

extrapolate wind data from measured anemometer data to the average flight height of the 158 

bird trajectories to create a two-dimensional wind resource grid. To enable more accurate 159 
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modelling or airflows, bird flight trajectories consisting of primarily soaring or gliding flight 160 

modes were excluded as these modes are often associated with altitude gain and loss 161 

respectively. In this way, the mean flight height was more likely to be representative of the 162 

flight height along the whole trajectory. The local wind climate of an area depends on its 163 

topography, terrain roughness and any local obstacles which may result in airflow separation. 164 

Ordnance Survey Terrain 5 data were used to provide topographic contour data at 5m 165 

intervals. The European land cover database ‘Corine Land Cover 2018’ is a suggested source 166 

of roughness data for WAsP and was used in this study to generate a map of terrain 167 

roughness. The resolution of this dataset is 100m. An obstacle grid was generated 168 

encompassing a nearby farm building and copse of trees. WAsP software takes the angle from 169 

the near edges of the obstacle and the anemometer, together with the width and height of 170 

the obstacle to determine any resulting modification to the flow.  171 

    WAsP provides sector frequency data rather than an explicit wind direction, where sectors 172 

refer to 30o sectors around a wind rose. In order to derive the magnitude of the wind vector 173 

relative to the direction of a birds movement, wind direction data were therefore obtained 174 

from the European Centre for Medium-Range Weather Forecasts’ (ECMWF) ERA5 dataset 175 

(Hersbach and Dee 2016). The ERA5 dataset provides estimates of weather conditions at a 176 

resolution of 0.25o x 0.25o (approximately 27.75km) every hour at either 10m or 100m above 177 

the ground. Depending on the mean flight height of the bird derived from the data and 178 

subsequently the wind resource grid generated by WaSP, the appropriate dataset was 179 

chosen.  180 

5.2.4 Flight speed calculation 181 

    Bird flight speed relative to the ground, from here on referred to as ‘ground speed’, was 182 

calculated as the speed between consecutive ornithodolite fixes, and as a result, 183 
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encompasses both the powered flight speed of the bird in addition to the magnitude of the 184 

wind vector in the direction of the bird’s travel.  185 

   To calculate bird flight speed relative to the air, from here on referred to as ‘airspeed’, firstly, 186 

ornithodolite fixes were annotated with the wind speed and direction derived from raster 187 

files generated from WaSP wind resource grid and ERA5 datasets respectively. This 188 

information was then used to calculate tailwind support ,. and crosswind vectors ,/  (Fig. 189 

5.2). Following Safi et al (2013), tailwind support ,.was calculated as the length of the wind 190 

vector in the direction of the birds’ travel where positive values represent tailwind and 191 

negative values headwind (Fig. 5.2). Crosswind ,/ 	represented the speed of the wind vector 192 

perpendicular to the travel direction irrespective of which side it came from (Fig. 5.2). 193 

 194 
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 235 

5.2.5 Wind conditions and area use  236 

    To identify whether birds select flight routes based on wind conditions, real trajectories 237 

were compared to a movement model where birds were simulated to fly randomly. Five 238 

random trajectories were generated for every real observed trajectory, connecting the start 239 

position and destination along the trajectory based on an empirically informed random 240 

 

Figure 5.2: Schematic representation of the calculated measures, where G""⃑  (orange) represents the 
vector of a bird's movement relative to the ground. Its length is v!. Tailwind support %"is the length 
of the wind vector in the direction of &⃑	and cross-wind %# is the length of the perpendicular 
component. Finally, airspeed ($ 	(green) is the speed of the bird relative to the wind and can be 
calculated as given above, or modelled as the intercept of a model with v!  as a function 
of w% and w&. Reproduced from Safi et al (2013). 
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trajectory model devised by Unterfinger et al (2018) built into the package “eRTG3D” in R 241 

(Unterfinger et al 2018). This random trajectory model simulates individual trajectories based 242 

on the movement characteristics (such as step length and turning angle), time budget and 243 

maximum possible speed of an observed trajectory. In this way, the random trajectories 244 

generated resemble a correlated random walk, constrained by the origin and destination 245 

points of the observed trajectory (Unterfinger et al 2018). The resulting simulated routes 246 

converge on the same final destination point as the observed trajectory, but landscape 247 

utilisation is random.    248 

5.2.6 Statistical analysis 249 

    To assess if tailwind support differed between observed and simulated random trajectories 250 

the distributions of tailwind support along trajectories were compared. Distributions of 251 

tailwind support are presented as relative probability distributions, scaled such that the area 252 

under each distribution is equal to 1. These distributions of tailwind support were compared 253 

using a Kolmogorov-Smirnov (K-S) test, a non-parametric test that measures both scale and 254 

location of a distribution and does not require information on the underlying distribution 255 

shape. The statistical output of the K-S test provides the maximal absolute difference 256 

between the distributions, D. To test how wind speed and direction affect air speed, 257 

generalised additive mixed effects models (GAMM) were implemented using the gamm 258 

function in the mgcv package (Wood 2006, R Development Core Team 2018) in R. These 259 

models were used to take account of non-linear dependence of the response on the predictor 260 

variables and to allow incorporation of a random effect of bird track. GAMMs were 261 

implemented to estimate the relationship between airspeed and tailwind support and 262 

crosswind for both buzzards and geese. The relationship between ground speed and wind 263 

speed and direction was better estimated using linear mixed effects models (LME), 264 
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implemented using lme in the R package nlme (Pinheiro and Bates 2000). This was the case 265 

for both buzzards and geese, as the response was found to be more linearly dependent on 266 

predictors. In addition, when fitting with a GAMM, the effective degrees of freedom (edf), 267 

indicative of the effectiveness of smoothing, returned a value of one, indicating the 268 

relationship between ground speed and wind speed and direction was best estimated with a 269 

straight line.  270 

    GAMMs were implemented with a cyclic cubic smoothed term for crosswind to account for 271 

non-linearity and the cyclic behaviour of wind direction, while tailwind support was fitted as 272 

a linear predictor. A summary of the model variables chosen to represent the relationship 273 

between bird flight speed and wind speed and direction are highlighted in Table 5.1. In each 274 

case the models were found to satisfy the assumptions of the modelling process (see 275 

Appendix Figs: 5.9-5.14). 276 

 277 

 278 

 279 

 280 

 281 

 282 

 283 
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 285 

 286 

 287 

 288 

5.3. Results 289 

5.3.1 Model Selection 290 

    For LME models for both goose and buzzard, wind support and crosswind were retained 291 

but not the interaction between them. The optimal fixed effects structure was assessed using 292 

the dredge function in the MuMIn package in R. For both LMEs, a combination of variance 293 

structures were fitted to account for unequal variances in speed for individual birds (varIdent) 294 

and the increasing variance in the residuals with the fitted values (varPower). A correlation 295 

structure was also fitted to account for autocorrelation in the residuals. Assessment of 296 

improvement in model fit when adding variance and correlation structures was based on a 297 

Species Variable Type Summary 

Goose Ground Speed Continuous (dependent-
LME) 

Mean=12.1m/s 

(SD=4.63m/s) 

Goose Wind Support  Continuous Mean=7.97 

(SD=6.59) 

Goose Crosswind Continuous Mean=15.08 

(SD=5.99) 

Goose Airspeed Continuous (dependent – 
GAMM) 

Mean=24.87m/s 

(SD=3.21m/s) 

Buzzard Ground speed Continuous (dependent – 
LME) 

Mean=4.76m/s 

(SD=3.26m/s) 

Buzzard Wind support Continuous Mean=9.58 
(SD=4.88) 

Buzzard Crosswind Continuous Mean=8.78 
(SD=4.83) 

Buzzard Airspeed  Continuous (dependent – 
GAMM) 

Mean=15.48m/s 
(SD=4.7m/s) 

Table 5.1: Summary of model variables (LME and GAMM) for estimating the relationship 

between bird flight speed and wind speed and direction.  
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combination of inspection of model residuals and AICc values (see Appendix Table 5.2-5.3 for 298 

model selection process). For GAMM models for both goose and buzzard, wind support and 299 

the smoothed function of cross wind were retained. A smoothed variable for latitude and 300 

longitude was added to the model and accounted for autocorrelation in residuals. For both 301 

GAMMs a varPower and corAR1 were retained (see Appendix table 5.4-5.5 for model 302 

selection process). 303 

 304 

5.3.1 Selection and utilisation of tailwind support 305 

    The probability distributions of tailwind support encountered in real flight and simulated 306 

random flight differed significantly for both geese (D=0.14706, p=0.0002 Fig. 5.3) and 307 

buzzards (D = 0.11648, p=0.0034; Fig. 5.4). For geese (Fig. 5.3), there appeared to be a greater 308 

probability of flight occurring where tailwind support is lower compared to random 309 

trajectories. For buzzards (Fig. 5.4), there appeared to be a greater probability of flight 310 

occurring at low-mid range values of tailwind support than would be expected from random. 311 

However, in neither case is there a greater probability of flight occurring where tailwind 312 

support is greatest, indicating that for both geese and buzzards flight on a local, daily-scale is 313 

not consistent with a strategy that maximises the use of tailwind support. 314 

 315 

 316 
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 317 

Figure 5.3: Relative probability density distributions of tailwind support experienced along 318 

all observed goose trajectories (n=6, red) and all simulated random trajectories (n=30, blue). 319 

 320 
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 327 

 328 
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329 
Figure 5.4: Relative probability density distributions of tailwind support experienced along 330 

all observed buzzard trajectories (n=6, red) and simulated random trajectories (n=30, blue). 331 

 332 

 333 

5.3.2 Flight speed modulation 334 

    Geese modulated their ground speed (Fig 5.5) and air speed (Fig 5.6) in response to tailwind 335 

support and crosswind. Ground speed increased with tail tailwind support (beta=0.1578 ± 336 

0.05, t(122)=3.44, p=0.000), and was estimated to decrease with crosswind, dependent on 337 

crosswind direction (beta=-0.1387, ± 0.03, t(122)=-4.33, p=0.000) (Fig. 5.5). Goose airspeed 338 

(Fig. 5.6) decreased with tail tailwind support (beta=-0.470 ± 0.02, t=-19.84 p<0.05) and was 339 

significantly non-linearly related to crosswind (edf=3.604, F=8.998, p=0.000). For buzzard, 340 

ground speed (Fig. 5.7) increased marginally with tail wind speed (beta=0.0284 ± 0.012, 341 

t(335)=2.335, p=0.000) and was estimated to decrease non-significantly with crosswind, 342 

dependent on crosswind direction (beta=-0.012, ± 0.01, t(335)=-0.919, p=0.06). Buzzard 343 

airspeed (Fig. 5.8) was found to decrease as tailwind support increased (beta=-0.255 ± 0.01, 344 

t=-21.45, p<0.0000) and was significantly non-linearly related to crosswind (edf=2.776, 345 

F=6.415, p=0.0000).  346 
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 377 

Figure 5.5: The effect of (a) tailwind support (headwind or tailwind) and (b) 

crosswind (left or right) on Greylag Goose ground speed. The predicted values were 

calculated over a matrix of variables where all other model variables were held at 

their mean value. The predicted fit derived from the LME is shown in orange. The 

95% confidence interval for each model is shown as black dashed lines around the 

predicted fit. 

(a) 

(b) 



 124 

 378 

 379 

 380 

 381 

 382 

 383 

 384 

 385 

 386 

 387 

 388 

 389 

 390 

 391 

 392 

 393 

 394 

 395 

 396 

 397 

 398 

 399 

 400 

 401 

 402 

 403 

 404 

 405 

 406 

 407 

 408 

Figure 5.6: The effect of (a) tailwind support (headwind or tailwind) and (b) crosswind (left 

or right) on Greylag Goose air speed. The predicted values were calculated over a matrix of 

variables where all other model variables were held at their mean value. The predicted fit 

derived from the GAMM is shown orange. The 95% confidence interval for each model is 

shown as black dashed lines around the predicted fit. 

(a) 

(b) 
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Figure 5.7: The effect of (a) tailwind support (headwind or tailwind) and (b) crosswind 

(left or right) on Buzzard ground speed. The predicted values were calculated over a 

matrix of variables where all other model variables were held at their mean value. 

The predicted fit derived from the LME is shown in orange. The 95% confidence 

interval for each model is shown as black dashed lines around the predicted fit. 

(a) 

(b) 
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Figure 5.8: The effect of (a) tailwind support (headwind or tailwind) and (b) crosswind (left 

or right) on Greylag Goose air speed. The predicted values were calculated over a matrix of 

variables where all other model variables were held at their mean value. The predicted fit 

derived from the GAMM is shown orange. The 95% confidence interval for each model is 

shown as black dashed lines around the predicted fit. 

(a) 

(b) 
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5.4 Discussion 471 

    Birds are known to vary flight characteristics is response to wind speed and direction 472 

(Kranstauber et al. 2015; Åkesson et al. 2016; McCabe et al. 2016) in order to reduce energy 473 

expenditure during flight. This modulation of flight characteristics is a well-known 474 

phenomenon during long-distance migratory flights and is evident in birds with a range of 475 

wing morphologies (Lanzone et al. 2012; Kemp et al. 2013) and therefore differing 476 

dependency on wind and associated airflow vectors for flight movement. The extent to which 477 

birds modulate small-scale local movements to optimise use of airflows to reduce energy 478 

expenditure is, however, less well-known; yet the cumulative energy expenditure during 479 

small-scale local flights may be comparable to that spent during migration. From an applied 480 

perspective, understanding if bird flight characteristics vary on a local-scale with wind speed 481 

and direction can be useful in understanding what mediates bird movement and how this 482 

may be used to avoid conflict as anthropogenic developments continue to advance into the 483 

airspace. Here, it was found that for both goose and buzzard movements on a local scale, the 484 

tailwind support along observed trajectories differed significantly from tailwind support along 485 

simulated random trajectories (Fig. 5.3, 5.4). However, the strategy observed in real 486 

trajectories was not necessarily consistent with a strategy to maximise tailwind support. For 487 

geese, there was a high probability of flight where tailwind support was lower compared to 488 

random (Fig. 5.3). Such an observation is contrary to a flight strategy aimed at optimal 489 

selection of airflows for energetic savings, and there may be a number of reasons why this 490 

was observed. The relative value of varying flight trajectory to take advantage of tailwind 491 

support is not likely to depend exclusively on potential energetic savings but rather the energy 492 

saved relative to the proximate goal of the movement. And there is indication that the flight 493 

data collected here was goal-orientated, given the compensation for increasing crosswind by 494 
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increasing airspeed observed for both geese (Fig.5.6b) and buzzards (Fig. 5.8b). ornithodolite 495 

as a data collection method does not allow tracking of a bird to and from a pre-defined 496 

location/goal such as from roosting to foraging areas, unless such locations are within line of 497 

sight of the observer or are previously known to the observer. As a result, the proximate goal 498 

of goose trajectories collected here are unknown and therefore the trajectories collected 499 

here likely represent a sample from larger overall trajectories. Dependent on the distance 500 

from the proximate goal that ornithodolite trajectory sample was obtained, birds may be 501 

more or less expected to maximise energetic savings, whereby the closer to the goal, the less 502 

likely birds would be to prioritise energy savings over accurately orientating towards their 503 

goal. This is particularly the case if the goal is fixed, such as nesting areas during the breeding 504 

season, or communal roosting areas for flocking species such as geese. It is therefore possible 505 

that the goose trajectories collected here, were obtained within short enough range of the 506 

proximate goal of the birds to make trajectory adjustment energetically inefficient.  507 

    Buzzard flight was observed over a wider range of tailwind support values, but was higher 508 

for mid-range values of tailwind support than would be expected from random (Fig. 5.4). The 509 

higher probability of buzzard flight occurring where tailwind support was higher, relative to 510 

goose flight (Fig. 5.3), might be expected from the fact that, as a facultatively soaring species, 511 

buzzards are more reliant on airflows in general to remain airborne. The overall wider range 512 

of tailwind support values observed along buzzard flight trajectories, as opposed to higher 513 

probability of flight occurring where tailwind support was greatest, may be attributed to a 514 

number of factors. For one, the use of tail tailwind support by a facultatively soaring species, 515 

as opposed to the use of other types airflow support, such as orographic or thermal uplift, 516 

may prove most useful when movement is goal orientated. However, unlike geese, where 517 

flight is used exclusively as a means of locomotion, species such as common buzzard can 518 
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exhibit a range of behaviours including foraging and mating display during flight. As a result, 519 

other more localised forms of wind assistance (orographic and thermal uplift) may prove 520 

more useful in aiding birds to remain airborne during more local-scale flight movements. As 521 

a result, tailtailwind support may aid buzzards in reaching local scale movement goals, but 522 

given the complex range of buzzard flight behaviours, tailtailwind support may be unlikely to 523 

determine trajectory selection on a local scale. The use of head wind conditions by buzzards 524 

observed here (Fig. 5.4), requiring the use of costly flapping flight to overcome if forward 525 

movement is the goal, may be attributed to the use of hovering flight by foraging common 526 

buzzards. Buzzards are capable of exploiting head wind conditions to remain airborne but 527 

relatively stationary (Walls and Kenward 2020), potentially enabling birds to search the 528 

ground for food at lower energetic cost.  529 

    While from the analyses presented here (Figs. 5.3, 5.4) it seems unlikely that tailwind 530 

support determines trajectory selection in geese and buzzards moving on a local scale, 531 

tailwind support appears to mediate bird flight speed (Figs. 5.5- 5.8). To minimise cost of 532 

transport, airborne animals using flapping flight that encounter tailwinds should reduce their 533 

airspeed, and increase it under headwinds (Tucker and Schmidt-Koenig 1971; Pennycuick 534 

1978). This was observed in the data for geese presented here (Fig. 5.6). Such a strategy may 535 

indicate that rather that varying local-scale trajectories to make use of optimal flow 536 

conditions to reduce energy costs, birds such as geese may be more inclined to respond to 537 

conditions experienced ‘on-the-fly’ by mediating flight speed according to given flow 538 

conditions. While for buzzards a decrease in airspeed with increasing tailwind speed (Fig. 539 

5.8a) was observed, ground speed appeared to increase to a lesser extent with increasing 540 

tailwind speed (Fig. 5.6a) and appeared almost constant. Such an observation may further 541 

highlight that buzzards use flight for a greater range of behaviours than geese. Certain 542 
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behaviours may be associated with a given spatial location and/or known goal in which 543 

buzzard flight strategy might be expected to deviate from the norm. For example, Fig. 5.8b 544 

highlights that buzzard airspeed was increased with increasing crosswind, regardless the 545 

direction. This may indicate compensation for crosswind in line with movement towards a 546 

known goal. Birds may be using optic-flow or landmark-following or orientate towards a 547 

known goal (Srinivasan et al. 1997; Srygley and Dudley 2008) which may require constant 548 

ground speed. Alternatively, maintaining a constant ground speed may facilitate navigation 549 

to a known goal through measurement of total distance travelled (Riley et al. 1999). For birds 550 

such as buzzards, considering behaviour-specific flight speeds (Fijn and Gyimesi 2018) may 551 

help resolve to what extent flight speed is a fraction of the wind speed and direction.   552 

    The ‘on-the-fly’ variation in flight speed observed here is not incorporated into collision risk 553 

models which use bird flight speed values, and other data on bird flight characteristics and 554 

turbines specifications (Masden and Cook 2016) to estimate the likelihood of collision 555 

between birds and wind turbines. Rather, flight speed values used in collision risk models are 556 

most commonly represented by single values derived from the literature. However, recent 557 

updates to the original Band model (Band 2007) include a method for incorporating 558 

distributions of values, mostly for flight height (Masden 2015; McGregor et al. 2018) into the 559 

modelling process. This provides a mechanism to incorporate distributions of flight speed 560 

values to further improve collision risk estimates. Such modifications may require site-specific 561 

collection of flight speed data from the bird target, in a range of wind conditions, rather than 562 

use of literature based values. This may be challenging for the data collection process as the 563 

baseline data upon which collision risk estimates are based are most frequently collected 564 

visually by observers. Visual collection of flight speed will not be the most accurate means of 565 

collecting such data, as it has been found that visual estimates of other flight characteristics, 566 



 131 

such as flight height, are not as accurate as other sensor-based methods (Becker 2016; 567 

Harwood et al. 2018). As a result, a wider consideration of the robustness of data collection 568 

and modelling around bird collision risk with wind turbines may be required.     569 

    Overall, the analyses presented here suggests that rather than vary movement trajectories 570 

in order to conserve energy en route during daily scale, local movements, birds are more 571 

predisposed to respond to wind conditions ‘on-the-fly’ by varying characteristics such as flight 572 

speed. This observation may provide some insight into how birds perceive flow conditions 573 

such that the variability in airflows may be the source of information used to mediate ‘on-574 

the-fly’ flight decisions. This phenomenon has been described in insects which can use the 575 

anisotropic turbulence to detect wind direction when flying hundreds of metres above the 576 

ground (Chapman et al. 2010). However, the analyses presented here deals only with 577 

horizontal conditions. Energy may be extracted from the atmosphere by airborne animals 578 

through other sources of vertical airflow variation such as orographic and thermal uplift. 579 

These sources of aerial energy facilitate valuable energetic savings for facultatively and 580 

obligately soaring bird species by enabling the use of less costly soaring flight, with the 581 

potential for birds to vary their daily trajectory and, in some species, overall daily activity 582 

patterns in response to uplift sources (Mandel and Bildstein 2007; Shepard and Lambertucci 583 

2013; Shepard et al. 2016a; Sage et al. 2019). The ability of birds to vary daily scale trajectories 584 

and activities around uplift sources, but less so in response to horizontal wind conditions, 585 

likely reflects the greater predictability in the spatial and temporal occurence of vertical 586 

airflow separation. Orographic uplift is associated with flow separation over given substrate 587 

features (e.g. mountains, forest-edge) which will always alter wind conditions, even if the 588 

exact region where air is forced up or down changes with wind direction. Heat-driven flows, 589 

such as thermal uplift, are dependent on clear skies and light winds but are also dependent 590 
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on time of day and the probability of flapping versus soaring in facultatively soaring birds is 591 

known to track this diurnal variation in convective conditions (Shamoun-Baranes et al. 2016). 592 

Overall, variation in trajectory in order to exploit sources of aerial energy may be limited to 593 

more predictable sources of such energy, such as orographic and thermal uplift. Their 594 

association with substrate features and temperature respectively may be more conducive to 595 

the established sensory modalities birds use to perceive their environment such as spatial 596 

memory (Spiegel and Crofoot 2016) and social information (Williams et al. 2018). In contrast, 597 

the highly dynamic nature of horizontal airflows at small spatial scales may make a priori 598 

selection or adjustment of a given trajectory less likely. On the other hand, adjusting 599 

horizontal trajectory in search of optimal airflow conditions may counterbalance any 600 

energetic savings gained when optimal conditions have been found, especially where the 601 

distance to the goal of the movement is relatively small.     602 

   In conclusion, the study presented here suggests that birds respond to small scale airflow 603 

conditions ‘on-the-fly’ by varying speed in response wind speed and direction; while a 604 

strategy consistent with maximising the amount of tailwind support along horizontal 605 

trajectories was not observed for either greylag geese or common buzzards. It is possible that 606 

such a strategy might exist in geese where flight is used exclusively for locomotion, but where 607 

such a strategy may be less likely closer to the movement goal, which was not discernible 608 

from the data collected here. However, for buzzards, the complex range of behaviours which 609 

occur in flight may mean that tailtailwind support is useful in a small proportion of local scale 610 

flights such as those that may involve directed movement to a known goal. As a result, in 611 

order to better determine the role of horizontal tailwind support in local scale bird flight 612 

movements additional data are useful that enable clarification of the proximate goal of the 613 

movement and a larger sample size of flight data in relation to movement associated with 614 
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that goal. In addition to not being able to discern the proximate goal of the birds observed, 615 

the wind resource grids generated for each flight were generated for the average flight height 616 

of the trajectories. Birds are known to vary their flight height on daily scale flights, likely to 617 

search and take advantage of tailwind conditions found at varying heights (Alerstam et al. 618 

2019) and it may be possible that the birds observed here may have been making in-flight 619 

height adjustments rather than trajectory adjustments. Such an effect may be detected by 620 

modelling airflows in three-dimensions using techniques such as computational fluid 621 

dynamics (CFD) and this has been successfully applied to modelling small scale airflows to 622 

better understand bird flight adjustment in relation to those airflows (Shepard et al. 2016a; 623 

Shepard et al. 2019). While in order to more accurately determine the nature of bird flight 624 

adjustment in relation to fine scale airflows, the caveats to the interpretation of the results 625 

presented here should be considered, the ‘on-the-fly’ variation in bird flight speed has 626 

implications for how flight speed is used in current collision risk models.   627 

  628 

 629 

 630 
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 636 
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5.5 Appendix 637 

 638 

Appendix Table 5.2: Model selection procedure for LME used to estimate the effect of wind 639 

support and crosswind on goose ground speed.  640 

 641 

 642 

 643 

Appendix Table 5.3: Model selection procedure for LME used to estimate the effect of wind 644 

support and crosswind on buzzard ground speed.  645 

 646 

 647 

 648 

Optimal Fixed Effects Structure 
Model Crosswind Wind 

Support 

Crosswind*Wind Support AICc ∆AICc weight 

1 + + NA 683.8 0.00 0.495 

2 + NA NA 684.8 0.99 0.301 

3 + + + 685.9 2.13 0.171 

4 NA + NA 689.2 5.45 0.032 

Optimal Variance Structure 
1 weights=varComb(varIdent(form=~1|id), 

varPower(form= ~fitted(.)|id)) 

660.84 0.00 NA 

2 weights= varPower(form= ~fitted(.)|id)) 665.07 4.23 NA 

3 weights= varIdent(form=~1|id) 669.00 8.16 NA 

Optimal Correlation Structure 
1 correlation = corAR1(form=~time) 657.72 0.00 NA 

Optimal Fixed Effects Structure 
Model Crosswind Wind 

Support 

Crosswind*Wind Support AICc ∆AICc weight 

1 + + NA 1780.5 0.00 0.488 

2 NA + NA 1782.3 1.76 0.202 

3 + NA NA 1784.1 3.6 0.198 

4 + + + 1786.0 5.47 0.081 

Optimal Variance Structure 
1 weights=varComb(varIdent(form=~1|id), 

varPower(form= ~fitted(.)|id)) 

1728.8

4 

0.00 NA 

2 weights= varPower(form= ~fitted(.)|id)) 1729.7

1 

0.87 NA 

3 weights= varIdent(form=~1|id) 1730.4

6 

1.62 NA 

Optimal Correlation Structure 
1 correlation = corAR1(form=~time) 1702.0

9 

0.00 NA 
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Appendix Table 5.4: Model selection procedure for GAMM used to estimate the effect of 649 

wind support and crosswind on goose airspeed.  650 

 651 

 652 
 653 

 654 

 655 

 656 

 657 

 658 

Appendix Table 5.5: Model selection procedure for GAMM used to estimate the effect of 659 

wind support and crosswind on buzzard airspeed.  660 

 661 

 662 
 663 

 664 

 665 

 666 

 667 

 668 
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 670 

 671 

 672 

 673 

Optimal Fixed Effects 
Model s(Crosswin

d) 

Wind 

Support 

s(latitude longitude) AICc ∆AICc 

1 + + + 680.55 0.00 

2 + NA NA 681.37 0.82 

3 NA + NA 681.75 1.2 

4 + +(smoot

hed) 

+ 683.99 3.44 

Optimal Variance Structure 
1 weights== varPower(form= ~fitted(.)|id)) 680.45 0.00 

2 weights= varIdent(form=~1|id) 681.88 1.43 

Optimal Correlation Structure 
1 correlation = corAR1(form=~time) 674.38 0.00 

Optimal Fixed Effects 
Model s(Crosswin

d) 

Wind 

Support 

s(latitude longitude) AICc ∆AICc 

1 + + + 1571.95 0.00 

2 NA + + 1573.41 1.46 

3 NA + NA 1577.35 5.4 

4 NA NA + 1872.7 302.75 

5 + NA + 1876.7 304.75 

6 + NA NA 1890.97 319.02 

Optimal Variance Structure 
1 weights== varPower(form= ~fitted(.)|id)) 1525.89 0.00 

2 weights= varIdent(form=~1|id) 1527.56 1.67 

Optimal Correlation Structure 
1 correlation = corAR1(form=~time) 1524.07 0.00 
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(a) (b) 

(c) 

(d) 

Figure 5.9: Normalised residuals plotted against (a) fitted values (b) tailwind support (c) crosswind and 

(d) track ID for the LME model used to predict the effect of tailwind support and crosswind on greylag 

goose ground speed 
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Figure 5.10: Normalised residuals plotted (a) as histogram (b) as qqplot (c) as acf plot used to assess 

reliability of fit of the LME used to predict the effect of wind speed and direction on goose ground speed.  
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Figure 5.11: Working residuals plotted (a) as normal qqplot (b)against values of the linear predictor 

(tailwind support) (c) as histogram of residuals (d) against fitted values for the GAMM model used to 

predict the effect of tailwind support and crosswind on greylag goose airspeed.  
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(a) (b) 

(c) 

(d) 

Figure 5.12: Normalised residuals plotted against (a) fitted values (b) tailwind support (c) crosswind and 

(d) track ID for the LME model used to predict the effect of tailwind support and crosswind on buzzard 

ground speed.  
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Figure 5.13: Normalised residuals plotted (a) as histogram (b) as qqplot (c) as acf plot used to assess 

reliability of fit of the LME used to predict the effect of wind speed and direction on buzzard ground 

speed.  
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Figure 5.14: Working residuals plotted (a) as normal qqplot (b)against values of the linear predictor 

(tailwind support) (c) as histogram of residuals (d) against fitted values for the GAMM model used to 

predict the effect of tailwind support and crosswind on buzzard airspeed.  
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6.1 Introduction 20 

    Increased production of energy from renewable sources is a key strategy of many countries 21 

to mitigate anthropogenic climate change. As one of the most technologically developed and 22 

widely available form of renewable energy, wind farms are likely to be an important 23 

component of such climate change mitigation strategies (Frair et al. 2005; Weimerskirch et 24 

al. 2012; Shepard et al. 2013; Martin et al. 2020). However, wind energy can have adverse 25 

impacts on wildlife, including collision, displacement, barrier effects and habitat loss (Frair et 26 

al. 2005; Weimerskirch et al. 2012; Shepard et al. 2013; Martin et al. 2020). For airborne 27 

species such as birds, mortality from collision is of particular concern and large numbers of 28 

birds have been shown to be killed by turbines (Frair et al. 2005; Weimerskirch et al. 2012; 29 

Shepard et al. 2013; Martin et al. 2020).  30 

    Large scale collision events are often associated with poorly sited wind farms, where the 31 

wind farm has been constructed with little or no pre-construction ornithological impact 32 

assessment (Orloff and Flannery 1992; Bevanger et al 2010). Such poorly-sited developments 33 

often coincide with bird aggregations e.g. migratory bottlenecks (Frair et al. 2005; 34 

Weimerskirch et al. 2012; Shepard et al. 2013; Martin et al. 2020) and resource use including 35 

foraging (Mandel et al. 2008; Santos et al. 2017; Murgatroyd et al. 2018; Scacco et al. 2019) 36 

and use of aerial energy resources such orographic updrafts (Frair et al. 2005; Weimerskirch 37 

et al. 2012; Shepard et al. 2013; Martin et al. 2020). Identifying when and where birds are 38 

likely to aggregate and the environmental co-variates linked to aggregation can enable 39 

appropriate siting of turbines and reduce collision risk. Such a pre-emptive approach may be 40 

particularly effective where the potential development area is used by long lived species with 41 

low fecundity such as raptors and seabirds. Where wind farms are poorly sited in relation to 42 
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the aggregations of such species, population level impacts can occur (Santos et al. 2017; 43 

Murgatroyd et al. 2018; Scacco et al. 2019).  44 

 45 

    Identifying aggregated bird movements and the corresponding environmental covariates 46 

can be achieved using accurate, high-resolution telemetry data and movement-based 47 

modelling approaches. Hidden-Markov modelling is an approach that has proved useful in the 48 

analysis of animal-borne GPS telemetry to identify underlying latent states in GPS time series 49 

data and their relationship with environmental co-variates (Frair et al. 2005; Weimerskirch et 50 

al. 2012; Shepard et al. 2013; Martin et al. 2020). The use of Hidden-Markov models (HMMs) 51 

in ecology has been complemented by improvements in the resolution and extent of 52 

environmental data resulting from improved measurement methodologies (Santos et al. 53 

2017; Murgatroyd et al. 2018; Scacco et al. 2019) and/or improvements in numerical 54 

modelling approaches (Molteni et al. 1996; Bechtold et al. 2008).    55 

 56 

    White-tailed eagles (Haliaeetus albicilla) are known to be sensitive to the effects of wind 57 

farms (Dahl et al. 2012; Dahl et al. 2013; Balotari-Chiebao et al. 2018) including collision risk 58 

(Bevanger et al. 2010; Heuck et al. 2019; Heuck et al. 2020) and displacement (Dahl et al. 59 

2012). This sensitivity is particularly evident in the population native to the island of Smøla, 60 

an archipelago off the coast of Central Norway; here birds experience high levels of collision 61 

(Bevanger et al. 2010; Dahl et al. 2012) and displacement (Dahl et al. 2012) and appear to 62 

show no behavioural modification in response to a wind farm (comprising 68 turbines) which 63 

has been operational on the island since 2002 (Dahl et al. 2013). Identifying if and where birds 64 

aggregate in time and space may therefore offer insights into where the potential for collision 65 

is greatest. Previous research aimed at identifying habitat features associated with white-66 

tailed eagle (WTE) movement in this population have focussed on individual archipelagos 67 
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(May et al. 2013; Hanssen et al. 2020) but WTEs are known to range much more widely 68 

particularly during their juvenile and sub-adult years (1-4 years) (Whitfield et al. 2009b; 69 

Whitfield et al. 2009a). Using high-resolution GPS data from WTEs native to Smøla, this work 70 

aims to i) identify if birds exhibit a latent behavioural state associated with spatial aggregation 71 

and ii) what habitat features are associated with such a state. Identification of such 72 

movement patterns has the potential to aid siting of wind energy in coastal Norway as a whole 73 

and potentially more broadly throughout the species range.   74 

 75 

6.2 Methods 76 

 77 

6.2.1 Collection of white-tailed eagle data 78 

    Data were collected from 44 ready-to-fledge nestling WTEs on the island of Smøla between 79 

2003 and 2016. Birds were equipped with transmitters fitted as backpacks during June and 80 

July at the nest. Transmitters used represented a mixture of battery-powered ARGOS/GPS 81 

LC4 (105g) and solar-powered ARGOS and GPS devices (70g) (Microwave Telemetry Inc., 82 

Columbia, MD., USA). Only positions derived from Microwave telemetry GPS devices are used 83 

here as these devices provided higher resolution data, with a more regular sampling interval, 84 

typically 1 fix per minute (n=-8 individuals). For this subset of data, GPS tracking devices were 85 

programmed differently per individual with regard to the amount of daily positions acquired, 86 

ranging from once per day to once per minute and in total the transmission period ranged 87 

between less than one 1 year to greater than 3 years, depending on individual tag schedule. 88 

Fewer positions were recorded between November and February and between 23:00-05:00 89 

hours (UTC) due to the solar-powered nature of devices leading to insufficient battery charge 90 

during winter months and darkness. Full details of the tagging methods and further details of 91 

the entire dataset can be found in Bevanger et al. (2009).   92 

 93 
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 105 

 106 

6.2.2 Processing of movement data 107 

For a subset of the total GPS data available (Fig. 6.1; 33% of the initial GPS data set, n=11902 108 

observations), location data were collected approximately every minute and corresponded to 109 

data collected predominantly across spring (March-May) and summer (June-August). Tracks 110 

were defined as movement bouts with a minimum of 20 GPS fixes where fixes were collected 111 

continuously for consecutive minutes. In some instances, GPS fixes could not be obtained for 112 

several consecutive minutes. If the gap between fixes exceeded 5 min, the movement tracks 113 

were split into separate tracks to keep time series regularisation (required for HMMs) and 114 

consequently minimise interpolation between fixes. The 5-minute cut-off level and minimum 115 

of 20 fixes per track were chosen in line with the adjusted proportional sample size and 116 

proportional sample size reported in Lawler et al. (2019). The proportional sample size is 117 

defined as: 118 

Figure. 6.1: Map indicating the study area showing distribution of all white-tailed eagle GPS tracks 

included in analysis here and the extent of tracks relative to the Norwegian coastline (inset). Colour 

is indicative of individual birds.  
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The adjusted proportional sample size is defined as:  122 

 123 
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 125 

The proportional sample size aims to preserve the number of locations in a track and the 126 

proportional sample size aims to preserve the number of locations entering the likelihood 127 

estimation of the HMM (Lawler et al 2019). This is achieved by choosing the n0120 and  n345  128 

closest to 1. Interpolation was carried using linear interpolation from the ‘adehabitatLT’ 129 

package in R (Calenge 2019).  130 

6.2.3 Environmental data 131 

    To assess how bird movements were influenced by environmental conditions, a number of 132 

spatially explicit environmental covariates were considered, detailed in Table 6.1. Values for 133 

all covariates were extracted based on WTE GPS positions. Covariates were chosen based on 134 

literature highlighting that such variables may be influential for WTE movement (May et al. 135 

2013; Balotari-Chiebao et al. 2018). 136 

6.2.4 Statistical Analysis 137 

    To analyse eagle movement patterns over time, HMMS were fitted to minute-based step 138 

lengths and turning angles for each track. HMMs assume the observed movement patterns 139 

are driven by an underlying latent state sequence (i.e. a finite-state Markov chain). Step 140 

lengths and turning angles were modelled using gamma and wrapped Cauchy distributions 141 

respectively, in each case conditional on the underlying state. Initial exploration of the 142 
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modelled state-dependent distributions of step lengths and turning angles revealed 143 

differences between states based on season, age and sex (see Appendix Figs 6.5-6.9) and 144 

these were included in the model as state-dependent fixed effects. State-dependent 145 

distributions of step length and turning angle also varied with individual ID (see Appendix Figs 146 

6.5-6.9), but when fitted as a fixed effect on probability dynamics of step and angle 147 

parameters the ID component led to non-convergence in the model after lengthy run-times. 148 

This is likely because ID is better fitted as a random effect on state-dependent probability 149 

dynamics. However, given the primary aim of this work was to decode the latent states in the 150 

data, including ID as a random effect in HMMs has been found not to improve the state 151 

assignment and so was not further explored here,  but should be considered where the aim 152 

is to explore individual heterogeneity in state transition probabilities (McClintock 2020). 153 

 154 

   HMMs were used to detect and classify latent states present within the eagle data. The 155 

optimal number of states was determined by fitting models with two and three states. In each 156 

case, to avoid local maxima, each model was fitted with 25 sets of random starting values. 157 

The model with the highest log likelihood value was chosen as the best fit model in both the 158 

two-state and three-state model run. The three-state model run failed to converge on a single 159 

maximum likelihood, regardless of starting values, indicating numerical instability. The results 160 

of this process, together with the two-state model likely being the most biologically 161 

meaningful to interpret and providing a good model fit (see Appendix Fig. 6.5), favoured the 162 

two-state model as the final model. To investigate the influence of environmental conditions 163 

on WTE movement behaviour, the state transition probabilities were expressed as functions 164 

of the covariates using a multinomial logit link function with categories representing the 165 

different states the process might switch to. Forward selection-based AIC was used to 166 
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determine the influence of covariates considered in the HMM (see Appendix Fig 6.6). All 167 

HMMs were fitted in R (version 4.0.2) via numerical likelihood maximisation using the 168 

‘moveHMM’ package (Michelot et al. 2016). Based on the final model, latent states were 169 

identified using the Viterbi algorithm (Zucchini et al. 2016), which provides the most likely 170 

state sequence given the model and thus the basis for calculating time allocated to each state. 171 

 172 
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Covariate 
Type 

Covariate Description Biological 
effect 

Data type Summary Spatial/temporal 
resolution 

Data source 

Spatial Landcover 
type 

N50 
topographical 
land data 
includes 
delimitation of 
various land 
use areas 

Latent states 
and transition 
probabilities 
associated with 
underlying 
habitat. Habitat 
preferences 
found 
elsewhere 
throughout 
species range 
[1][2] 

Discrete 6 categories: 
Ocean Surface 
Open Area 
Cropland 
Lake 
Bog 
Forest 
 

50 m Norwegian 
Geospatial Data 
Catalogue  
(www.geonorge.no) 

 Elevation 
(m.a.s.l.) 

Elevation 
above sea level 

Associated with 
variation in 
topography and 
potential 
indication of 
orographic 
updrafts 

Continuous Mean=87.36m 
(SD=128.78m) 

10 m Norwegian Digital 
Terrain Model 
(DTM10) from 
Norwegian 
Geospatial Data 
catalogue  
(www.geonorge.no) 
 

 Roughness Mean of the 
absolute 
differences 
between the 
value of a cell 
and the value 
of its 8 
surrounding 

Ruggedness of 
terrain could be 
related to 
potential for 
small-scale 
uplift, for which 
birds might be 
selective, to be 

Continuous Mean=5.05 
(SD=7.43) 

10 m Calculated from 
DTM using ‘raster’ 
package in R 

Table 6.1: Overview of covariates considered in the HMMS for all white-tailed eagle movement tracks 
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cells, i.e. 
measure of 
terrain 
heterogeneity 
 

generated 
[3][4] 

 Distance to 
coast (m) 

Euclidian 
distance to 
coastline 

Species is 
known to be a 
predator of fish 
and waterfowl 
prey [5]; 
covariate could 
be associated 
with foraging 
activity 

Continuous Mean=1.35m 
(SD=4.13m) 

10 m  Calculated from 
DTM using ‘raster’ 
package in R 

 Slope 
(degrees) 

Angle of 
inclination of 
the terrain 

Measure of the 
change in 
elevation and 
therefore likely 
related with 
speed with 
which air is 
forced upward 
and the 
resulting 
strength of 
orographic 
currents used 
by birds 

Continuous Mean=9.96o 
(SD=12.73o) 

10 m Calculated from 
DTM using ‘slope’ 
function in raster 
package in R 
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 Aspect 
(degrees) 

Compass 
direction that a 
slope faces 

Long term 
patterns in 
wind direction 
may indicate 
preference for 
a given aspect 

Continuous Mean=152.49o 
(SD=123.42o) 

10 m Calculated from 
DTM using ‘aspect’ 
function in raster 
package in R 

[1]May et al (2013) 
[2]Tikkanen et al (2018) 
[3]Hanssen et al (2020) 
[4]Mallon et al (2016) 
[5]Nadjafzadeh et al (2016) 
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 176 

6.3 Results 177 
    Two latent states where identified in the data: state 1 was characterised by shorter step 178 

lengths and high turning angles (i.e. undirected movement), and is here-after referred to as 179 

the ‘encamped’ movement state. State 2 included longer step lengths and turning angles 180 

centred around zero (i.e. directed movement), and is here-after referred to as the 181 

‘exploratory’ movement state. This interpretation is illustrated in Fig 6.2. The final model 182 

included elevation, slope, aspect and habitat type as covariates, i.e. predominantly covariates 183 

reflecting variation in terrain topography. The probability of being in the ‘encamped’ 184 

movement state increased with elevation and slope but seemed unaffected by slope aspect 185 

(Fig. 6.3; see also Appendix Table 6.2). Ocean surface habitat was slightly related to an 186 

increased probability of being in the ‘exploratory’ state (Fig. 6.3), likely reflecting the directed 187 

movements birds undertake when moving between islands and islets. The final model also 188 

included state-dependent probability distributions for step length and turning angle with age 189 

and season as covariates (see Appendix Fig. 6.7-6.8).  190 

 191 
6.3.1 Spatial and temporal state allocation 192 
   At different temporal time scales (hour, season and Julian Day) the probability of encamped 193 

movements and exploratory movements remained relatively constant (Fig. 6.4 d,e,g). There 194 

was a small increase in the probability of exploratory movements as hour of the day increased 195 

(Fig. 6.4e). Individual birds spent the majority of their time in the ‘encamped’ state, regardless 196 

of individual characteristics (e.g. age and sex) (Fig. 6.4a-c).  Birds were more likely to be in the 197 

‘encamped movements state’ when flying over all habitat types except ocean surface (Fig. 198 

6.4f). 199 

 200 
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Figure 6.2: Histograms of step length (a) and turning angle (b) between minute-based relocations overlaid 
with state-dependent distributions as estimated by the HMM selected by AIC and all the white-tailed eagle 
GPS relocations used in the analysis decoded by movement state using the Viterbi sequence (c). 

Step (m) 



 155 

 248 
 249 
 250 
 251 
 252 
 253 
 254 
 255 
 256 
 257 
 258 
 259 
 260 
 261 
 262 
 263 
 264 
 265 
 266 
 267 
 268 
 269 
 270 
 271 
 272 
 273 
 274 
 275 
 276 
 277 
 278 
 279 
 280 
 281 
 282 
 283 
 284 
 285 
 286 
 287 
 288 
 289 
 290 
 291 
 292 
 293 
 294 

(a) (b) 

(c) (d) 

Figure 6.3: Stationary probabilities (mean and 95% CI) of movement state occupancy as a function of the 
environmental covariates included in the final HMM. Stationary probabilities can be thought of as the 
long-term probabilities of being in each state at different levels of the covariate. According to AIC model 
selection, the final model included slope (a), aspect (b), habitat type (c) and elevation (d). Probabilities 
were calculated for each covariate and state by fixing the values of the remaining environmental 
covariates at their respective mean. Continuous covariates were set to slope: 9.96o, aspect: 152.49o, 
elevation: 87.36m. Habitat was the only categorical covariate and was set to reference category: open 
area. 
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Figure 6.4: Movement-state time allocation for white-tailed eagles depending on a bird 
ID, b age (years), c sex (1= male, 2=female), d season, e hour of the day, f habitat type and 
g Julian day. 
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6.4 Discussion 342 
    Understanding how environmental covariates shape the movements of free-ranging 343 

animals is a fundamental aspect of ecology (Frair et al. 2005; Weimerskirch et al. 2012; 344 

Shepard et al. 2013; Martin et al. 2020). Additionally, understanding the relationship between 345 

animal movement and the environment can be useful for highlighting when and where 346 

animals may be vulnerable to adverse impacts from anthropogenic modifications to their 347 

environment. For example, understanding the relationship between bird flight behaviour and 348 

terrestrial and aerial habitat covariates may help elucidate when and where birds might be 349 

vulnerable to wind energy development and potentially fatal collisions. This study provides 350 

evidence for two latent movement states, here termed ‘encamped’ and ‘exploratory’, during 351 

the juvenile and sub-adult dispersal movements in a population of WTEs native to the island 352 

of Smøla. These latent states were differentiated based on differences in their step length 353 

and turning angle, with shorter step lengths and less directed movements associated with 354 

‘encamped’ movements and longer step lengths and more directed movements associated 355 

with ‘exploratory’ movement. The probability of birds being in one state over another was 356 

related to topographical variables including: elevation, slope, aspect and habitat type (Fig. 357 

6.3). These states were identified during spring and summer, across multiple years and during 358 

both juvenile and sub-adult years.  359 

    The probability of birds being in the ‘encamped’ movement state was associated with 360 

elevation, slope and aspect (Fig. 6.3) and therefore likely reflects the use of orographic uplift 361 

by birds. Large-bodied soaring birds with a high wing-loading, such as WTEs, are well known 362 

for their association with this type of resource, using it to reduce energy expenditure while 363 

remaining airborne (Bohrer et al. 2012; Santos et al. 2017; Murgatroyd et al. 2018; Scacco et 364 

al. 2019). Birds in this study spent more time overall in the ‘encamped’ movement state (Fig. 365 



 158 

6.4). Birds may be using orographic uplift to extend the distance and time over which they 366 

can remain airborne, relative to flapping flight, and therefore increase the probability of 367 

finding a suitable territory, mate or better foraging opportunities. Extensive use of orographic 368 

uplift, and the ability to remain airborne, may not only increase the probability of finding a 369 

mate and/or territory, but also the chances of finding one earlier and/or finding higher quality 370 

mates or territories. Age at first reproduction and mate choice can be linked to lifetime 371 

reproductive output (Forero et al. 2002; Oli and Hepp 2002; Kruger 2005) and therefore 372 

individual fitness. The extent to which birds can safely exploit such orographic uplift 373 

throughout their range may therefore pre-determine their individual fitness. However, given 374 

that in the lower atmosphere wind speed generally increases with altitude, areas of high 375 

topographic relief can also be attractive for wind farm development. In fact, the first wind 376 

energy testing field in mountainous terrain is in planning in Germany (Rettenmeier and Anger 377 

2016), highlighting the likelihood for increased expansion of wind energy into such areas and 378 

potential increased overlap with soaring bird aerial habitat. This increased overlap potentially 379 

creates a topographical bottleneck for these species and increased conflict between 380 

renewable energy targets and avian conservation. Construction of wind energy developments 381 

in high-quality WTE habitat is known to increase the collision rate of WTEs (Heuck et al. 2019), 382 

potentially creating an ecological trap (Demeyrier et al. 2016; Hale and Swearer 2016). In this 383 

context, such a trap may arise where birds are attracted to and dependent on the orographic 384 

aerial habitat, which would become degraded by the development of wind energy.  385 

           A dedicated movement state associated with use of topographical features, such as the 386 

‘encamped’ state highlighted in the analyses here, does not necessarily mean that birds are 387 

more likely to fatally collide with turbines during use of topographical features. The potential 388 

for collision should also consider the vertical movement patterns of birds, in addition to 389 



 159 

horizontal movement patterns. In this regard, flight height of birds gained by uplift generated 390 

by orographic airflows is dependent on the sink rate of birds, that is how fast a bird will sink 391 

in still air (Pennycuick 2008). Sink rate is in turn determined by the morphology of the bird 392 

(Pennycuick 2008), the environment in which the bird is flying (Williams et al. 2018) and the 393 

bird’s response to this environment (Ákos et al. 2008; Pennycuick 2008). As a result, the 394 

overlap with orographic airflows may bring birds into closer proximity to turbines, where both 395 

are exploiting that resource, but only where the uplift generated at rotor swept height 396 

exceeds the sink rate is there potential for soaring birds using orographic uplift to also occur 397 

at rotor-swept height. Flight height was not used in decoding the movement states identified 398 

by the HMM in this study as GPS-derived flight height data tend to be much more inaccurate 399 

relative to the horizontal data, due to satellite geometry (Poessel et al. 2018b; Péron et al. 400 

2020). Prior processing and analysis can be performed on flight height data to improve its 401 

accuracy and use in determining movement states in HMMs or other state-space modelling 402 

approaches (Ross-Smith et al. 2016) where dilution of precision values are available. This was 403 

not the case for the data analysed here. Flight height data, from a subset of the data present 404 

here, were however used by Hanssen et al. (2020) in an uplift-based model to determine if 405 

the uplift metrics associated with topography and thermal-generation, together with WTE 406 

eagle sink rate, resulted in WTE flight within the rotor swept zone of turbines on the island of 407 

Hitra, a neighbouring island to Smøla. Birds were found to have a preference for fragmented 408 

patches of orographic uplift associated with stronger uplift values and less selective for 409 

thermal uplift, likely due to location of the study, in northern latitudes. The orographic uplift 410 

values associated with turbine locations on Hitra were greater than the minimum sink rate of 411 

eagles. The approach developed by Hanssen et al. (2020) could be of particular use if wind 412 

energy development aims to further expand into areas of high orographic uplift. If the 413 
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‘encamped’ state identified here corresponds to use of orographic uplift, and if, beyond Hitra, 414 

the uplift potential associated with orographic uplift can exceed the sink rate of WTEs at the 415 

rotor swept height of turbines, birds may be vulnerable to vertical overlap with the rotor 416 

swept zones of turbines throughout their range. This may have consequences for the 417 

development of wind energy across Norway. Given the distance over which these birds can 418 

range during their dispersal (Fig. 6.1), assessing cumulative impacts of wind farms may 419 

warrant consideration during this life stage. This is particularly relevant when determining 420 

which wind farms should be considered as part of the cumulative impact assessment process, 421 

i.e. all wind turbines along the coast of the counties Møre og Romsdal, Trøndelag and 422 

southern Nordland in Central Norway (Fig. 6.1).  423 

        The probability of transitioning to the ‘exploratory’ state was greater over ocean surface 424 

habitat (Fig. 6.3). The probability of transitioning or remaining in this state was also greater 425 

with increasing distance from the coast, a covariate included in a previous model iteration 426 

(differing from the most parsimonious model by 1 AIC unit). However, in both cases this 427 

relationship was relatively weak (Appendix Table 6.2) indicating that the spatial and temporal 428 

probability of WTE movement occurring in this state is less well defined by the HMM 429 

presented here. Indeed, it is this lack of association or predictability in use of habitat during 430 

movement that is often considered typical of more nomadic dispersal movements (Mueller 431 

and Fagan 2008). However, this movement state was distinguished from ‘encamped’ as being 432 

associated with more directed movements, suggesting that this movement state is goal-433 

orientated, rather than unpredictable and nomadic. This directed movement, together with 434 

the association with ocean surface, may reflect the use of this movement state as the primary 435 

mode used to move between the skerries and islets off the coast of Norway. Directed 436 

movement between islands and skerries may reinforce the importance of these habitats for 437 
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foraging (May et al. 2013), whereby directed movement towards sites may be associated with 438 

a high chance of foraging success. The habitat data used here did not distinguish islets or 439 

skerries from the other habitat type categories but such a distinction may aid in further 440 

understanding the environmental co-variates associated with this ‘exploratory’ state. The 441 

frequent movement between islands and islets should be considered as Norway moves wind 442 

energy development offshore. Indeed, WTEs have been included in a review of species 443 

sensitivity to offshore wind farm development (Furness et al. 2013) where the species was 444 

ranked, amongst others, as at the greatest risk of collision with offshore wind farms and as 445 

being at increased risk of population level impacts in Scotland. 446 

 447 
    The primary aim of this work was to identify latent states in the movement data of juvenile 448 

and sub-adult WTEs and the associated environmental covariates to help highlight where 449 

these birds may be most vulnerable to wind energy development.  While the identification of 450 

these states should be useful in the context of continuing renewable energy development in 451 

Norway, the patterns identified also provide a stepping stone which could be used to guide 452 

further analyses. For example, although terrain roughness was eliminated as a covariate in 453 

state-transition probabilities in the model presented here, other ‘micro-topographical’ 454 

features are known to generate uplift that is used by birds e.g. buildings (Shepard et al. 2016), 455 

hedges (Sage et al. 2019), trees (Mallon et al. 2016) and other more sporadic anthropogenic 456 

updrafts (Mandel and Bildstein 2007). If the uplift associated with these micro-topographical 457 

features is sufficient to sustain WTE soaring flight at rotor swept height, i.e. greater than the 458 

sink rate at rotor swept height, it is possible that these features may be used for smaller-scale 459 

‘encamped’ movements that could also be relevant when considering siting at the scale of 460 

individual turbines. The uplift model developed by Hanssen et al. (2020) could potentially be 461 
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used to generate such micro-topographical uplift metrics by incorporating a high-resolution 462 

digital surface model, that includes the landscape surface and all objects on it, rather than a 463 

digital terrain model, that represents the bare landscape surface. However, such analysis is 464 

likely to be a computationally expensive extension to an already useful approach. 465 

Additionally, identifying underlying patterns as done here and elsewhere (May et al. 2013), 466 

could be used to parameterise a spatially-explicit simulation-based model that can be used to 467 

assess how birds might respond to potential alternative renewable energy development 468 

scenarios. For example, such a model could allow for the number, configuration and location 469 

of turbines to be changed and any resulting collision rates and population-level 470 

consequences, where adult-based movement data are available, to be simulated and 471 

explored. Such tools allow for the exploration of collision rates (Eichhorn et al. 2012; Schaub 472 

2012) and potential population level consequences where adult-based movement data are 473 

available, (Masden 2010, Schaub 2012; Warwick-Evans et al. 2018) in response to changing, 474 

for example, the number, location and configuration of turbines (Masden 2010, Warwick-475 

Evans et al. 2018). A potential downside of such analysis is the need for large quantities of 476 

data and prior-analysis to help define the simulation rules used to replicate the patterns in 477 

the empirical data. However, once established, using previously identified movement 478 

patterns in such a simulation-based approach could help reduce impacts of wind farms on 479 

birds and/or identify parameters which may be causing the most uncertainty in the analysis 480 

and therefore direct future data collection. 481 

 482 

 483 

 484 
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Figure 6.5: Variation in state-dependent distributions for turning angle data stream associated with state 
1 (‘encamped’) of 2-state HMM. Covariates include (a) season, (b) age (in years), (c) sex (1=male, 
2=female) and (d) individual ID.  
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Figure 6.6: Variation in state-dependent distributions for step length data stream associated with state 
1 (‘encamped’) of 2-state HMM. Covariates include (a) season, (b) age (in years), (c) sex (1=male, 
2=female) and (d) individual ID.  
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Figure 6.7: Variation in state-dependent distributions for turning angle data stream associated with state 
2 (‘exploratory’) of 2-state HMM. Covariates include (a) season, (b) age (in years), (c) sex (1=male, 
2=female) and (d) individual ID.  
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Figure 6.8: Variation in state-dependent distributions for step length data stream associated with state 2 
(‘exploratory’) of 2-state HMM. Covariates include (a) season, (b) age (in years), (c) sex (1=male, 
2=female) and (d) individual ID.  
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Figure 6.9: Distribution (a, c) and quantile-quantile (b, d) plots of the pseudo-residuals for the movement 
variables step length (a, b) and turning angle (c, d) included in the two-state HMMs fitted to white-tailed 
eagle data for the best fit model according to AIC.   
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Figure 6.10: Results of the forward model selection process to determine the influence of a total of 6 
covariates considered in the HMM. Covariate selection was based on Akaike Information Criterion (AIC). 
Point labels correspond to differences in the AIC values between the respective models and the best-
ranked model (i.e. deltaAIC).  
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Figure 6.11: Variation in the encamped state distribution of mean step length (a,b) and turning angle 
concentration (c,d) as a function of age and season derived from the final 2-state HMM. The best fit model 
included an interaction between age and season for both step length and turning angle.    
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Figure 6.12: Variation in the exploratory state distributions of mean step length (a,b) and turning angle 
concentration (c,d) as a function of age and season derived from the final 2-state HMM. The best fit model 
included an interaction between age and season for both step length and turning angle.    
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Table 6.2: Coefficients (beta, standard error and 95% Cis) of the multinomial logistic regression model that were used to predict the 
probability of eagle state occupancy as function of the AIC-selected covariates (Fig. 6.2 in main chapter) 
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7.1 Introduction 20 
    Climate change threatens ecosystems and therefore human health on a global scale 21 

(Gonzalez et al. 2010, Smale et al. 2019, França et al. 2020). As a result, there is much incentive 22 

to reduce carbon emissions as a means of slowing the progress of climate change. Reducing 23 

reliance on fossil fuels for energy and increasing deployment of renewable energy is part of 24 

the strategies of many governments in reducing carbon emissions (IRENA 2018). As the most 25 

technologically developed and reliable form of renewable energy, wind energy therefore has 26 

a key role to play in such strategies (Kumar et al. 2016). However, wind energy can have 27 

negative impacts on biodiversity (Schuster et al. 2015), particularly airborne wildlife such as 28 

birds, where interactions with wind turbines range from fatal collisions, barrier effects and 29 

displacement to habitat loss (Drewitt and Langston 2006). As governments also have a 30 

responsibility under the Birds (Council of the European Communities, 2009) and Habitats 31 

(Council of the European Communities, 1992) Directives to maintain and restore populations, 32 

the deployment and use of wind energy should be environmentally sustainable. The 33 

assessment of ornithological impacts of wind farms has improved from the inception of wind 34 

energy, where often pre-construction assessments of impacts were not a requirement. 35 

However, improving or upgrading assessments has not always been an iterative process, and 36 

some aspects of assessments are arguably outdated, leading to more uncertainty than 37 

necessary in the assessment process. This thesis aims to highlight some improvements that 38 

could be made in assessing the ornithological impacts of wind farms. Specifically, evaluate 39 

methods relating to the collection and analyses of bird flight parameters relevant for 40 

determining bird collision risk using collision risk models (Masden and Cook 2016). As wind 41 

energy has proven to be one of the more reliable and therefore primary, forms of renewable 42 

energy (IRENA 2018), it is likely that development will continue to accelerate. This 43 
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acceleration in development is likely to pose new questions and challenges for understanding, 44 

adequately assessing and, where necessary, mitigating impacts of developments on birds. For 45 

example, as development continues it is likely that wind farm infrastructure will advance 46 

closer to and/or into key biodiversity areas and protected areas (Rehbien et al 2020), 47 

potentially creating a trade-off between mitigating the climate crisis and mitigating the 48 

biodiversity crisis. Additionally, as development continues further offshore, there may be a 49 

need for new and innovative monitoring technologies. Currently, inadequate assessment of 50 

the impact of wind energy development on birds can pose a barrier for development, and 51 

ultimately the mitigation of anthropogenic climate change. As a result, implementing the 52 

most up-to-date and suitable methods available in assessing impacts and promoting these as 53 

best practice, will enable clearer identification and better quantification of impacts and 54 

uncertainties in the assessment process.   55 

7.2 Thesis overview 56 
    The overarching aim of the thesis was to better understand bird flight behaviour in relation 57 

to wind energy developments. How bird flight behaviour and space use in and around wind 58 

farms relates to collision is not well understood, but has been highlighted as a determining 59 

factor in collision risk (De Lucas et al. 2008, Marques et al. 2014). Such a lack of knowledge 60 

leads to uncertainty in collision estimates related to single developments and this uncertainty 61 

can propagate through the assessment process when investigating cumulative impacts. This 62 

in turn leads to an overall inadequate assessment of the impacts of wind energy on birds and 63 

can disrupt the development of wind energy. Flight behaviour or activity is often assessed 64 

preceding the development of a wind farm in most countries, as part of the Environmental 65 

Impact Assessment (EIA) process (The Council of Europe, 1985) and to collect data on bird 66 

flight height and speed for collision risk estimation. EIAs typically rely on observer-based 67 
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visual estimated flight heights and literature derived flight speeds (Atienza et al. 2011, 68 

Strickland et al. 2011, The U.S. Fish and Wildlife Service 2012, Jenkins et al. 2015, Santos et 69 

al. 2017, SNH 2017). However, a range of sensor-based tools and technologies are available, 70 

and have been applied to the collection of bird flight generally (Shepard et al 2016, May et al 71 

2017, Thaxter et al 2017, Cook et al 2018), but are not incorporated into statutory guidance 72 

on how impacts of wind farms on birds should be assessed. A possible reason for the link 73 

between bird flight activity/behaviour and collision risk with wind turbines being poorly 74 

understood could be that the data collection methods for assessing these interactions do not 75 

often collect robust, quantitative data that answer the important ecological questions. For 76 

example, flight height data are often collected as categorical data, where birds are 77 

distinguished as occurring ‘below’, ‘within’ or ‘above’ the rotor swept zone. This distinction 78 

does not allow for an understanding of how collision risk varies for the same species at 79 

different sites, particularly where the dimensions of the rotor swept zone are not consistent 80 

for turbines. Such a method also does not allow for the distinction of different flight 81 

behaviours based on flight parameter data. A useful starting point therefore in better 82 

understanding the relationship between bird flight behaviour and collision risk might be to 83 

better understand how the tools and technologies available for measuring bird flight could 84 

be used to better assess interactions with wind energy in the EIA process. Chapter one aims 85 

to address this knowledge gap by providing a framework to guide the use of different 86 

technologies, and also highlights how collision risk can be calculated per species-behaviour, 87 

rather than per species. This chapter aims to reduce the uncertainty in the assessment 88 

process and provide a consistent approach to data collection and ultimately analysis. Long-89 

term data collection guided by such a framework could help produce meta-data that can be 90 
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robustly analysed and quantitatively highlight broad trends in vulnerability to collision risk 91 

and any variation therein.    92 

    With a review of methods to collect bird flight data aimed at reducing uncertainty in the 93 

EIA process, before undertaking bird flight data collection, it would have been an oversight 94 

and hypocritical not to consider and quantify the uncertainty in the data collection 95 

instrument. This seemed more pertinent given that the ornithodolite’s application to the 96 

collection of bird flight data is relatively novel. Chapter two and three address this knowledge 97 

gap and help to underpin the use of the ornithodolite for bird flight data collection. Chapter 98 

two addresses the measurements of the ornithodolite, namely height and speed and how 99 

they compare to known quantities. The results of these analyses are not specifically related 100 

to bird flight, but rather validate the measurements against the manufacturer-specified 101 

accuracy and precision. Chapter three addresses how the ornithodolite performs specifically 102 

in relation to collecting bird flight data. An unmanned aerial vehicle (UAV) was used as a test 103 

target to help understand how flight variables, such as speed and tortuosity, and 104 

environmental variables, such as the density of non-target background objects in the tracking 105 

vicinity, influence the ability of the ornithodolite to obtain a data fix from the UAV. While 106 

chapter two demonstrated that the ornithodolite’s measurements could be comparable to 107 

what would likely be obtained using GPS telemetry devices, chapter three highlights that 108 

there is an upper threshold of detection associated with flight variables, above which the 109 

ornithodolite detection frequency is reduced. A similar result was obtained when 110 

investigating the influence of non-target background objects on the ornithodolite’s data 111 

resolution. As a result, how useful the ornithodolite is a data collection instrument for birds 112 

in flight is determined by more than the accuracy of its measurements. Manual operation and 113 

the collection of data from a fixed space, similar to radar, influences the range over which 114 
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flight parameters can be quantified and the resolution of the data where there is a high-115 

density of non-target objects in the tracking vicinity.  As such, the ornithodolite may be less 116 

suitable in distinguishing between flight behaviours and more suitable in providing improved 117 

quantitative estimates of individual flight parameters associated with the current collision risk 118 

estimation. Such a result resonates with investigations of technologies that collect data from 119 

a similar perspective such as radar (May et al. 2017). 120 

    Given the improved understanding of the utility of ornithodolite, data collection was then 121 

attempted to address the main aim of the thesis. However, given the results of chapter three, 122 

using the ornithodolite to improve our understanding of species-specific behaviour in relation 123 

to collision risk was unlikely to provide robust data for analysis. While the ornithodolite may 124 

not be suitable for assessing the link between behaviour and collision risk, it was useful for 125 

assessing the link between variation in individual flight parameters and the environment in 126 

which flight occurs. This has been the goal of other uses of the ornithodolite in relation to 127 

bird space use (Shepard et al. 2016, Cole et al. 2019). As site-specific variation in flight 128 

parameters is not always incorporated into collision risk models, such an investigation would 129 

help highlight if understanding the drivers behind such variation is necessary when assessing 130 

the variation in collision risk. Data were collected from a range of bird species and two species 131 

with the largest sample size and contrasting flight morphologies were used to investigate the 132 

relationship between flight trajectory and wind assistance as well as wind speed and 133 

direction, and flight speed. Common buzzard (Buteo buteo) and greylag goose (Anser anser) 134 

were the species investigated and it was found that neither modulated their flight heading to 135 

take advantage of tailwind availability in their environment. However, geese were found to 136 

modulate their flight speed instantaneously in response to tailwind assistance. The 137 

relationship between buzzard flight speed and tailwind assistance did not follow such a 138 
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predictable pattern, likely due to the range of behaviours buzzards use flight for; for example, 139 

buzzards forage whilst airborne, undertake complex mating displays, and utilise pockets of 140 

aerial energy to remain airborne. Geese, on the other hand, use flight exclusively as a means 141 

of locomotion. Quantifying variation in collision risk, resulting from the co-variation in flight 142 

parameters and environmental factors for species such as buzzard, may require a site- and 143 

behaviour-specific approach (c.f. Chapter one) rather than site- and species-specific. Indeed, 144 

including behaviour in an individual-based collision risk model has been found to affect the 145 

likelihood of collision (Rossington and Benson 2020). Variation in flight height in response to 146 

airflows would have been a useful parameter to quantify in terms of variation in collision risk, 147 

given that overlap with the rotor swept area is the predominant factor in determining bird 148 

collision risk. However, the wind modelling software available (WAsP) did not enable 149 

modelling of three-dimensional airflows. Such an approach would benefit from 150 

computational fluid dynamics approaches, and this has been applied to modelling bird 151 

interactions with urban (Shepard et al. 2016) and island (Shepard et al. 2019) airflows.      152 

    Where assessing collision risk with turbines would benefit from a behaviour-specific 153 

approach, a number of analytical techniques can be applied to flight data to identify latent 154 

behaviour states. Such analyses can also incorporate environmental variables to better define 155 

and understand behavioural transitions. As appropriate siting of wind farms and individual 156 

turbines is often highlighted as the most sustainable option for avoiding conflict with birds 157 

(Bright et al 2008, Bradbury 2014, Hanssen et al 2020, Marques et al 2020), using such a 158 

behaviour-specific approach can determine where development should be avoided by 159 

highlighting consistent spatial relationships between birds and their environment (Sage et al 160 

2019, Hanssen et al 2020). Such an approach was applied here to GPS data collected from 161 

juvenile and sub-adult white-tailed eagles (Haliaeetus albicilla). This analysis revealed two 162 
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behavioural states, one positively associated with topographical variables such as elevation 163 

and slope. This state may indicate use of orographic uplift, resulting from air forced upwards 164 

over terrain features such as mountains and hillsides. The dataset analysed here covered the 165 

dispersal phase of juvenile white-tailed eagle movement, where birds are known to travel 166 

considerable distances from their natal area, likely to scout for potential territories and/or 167 

mates (Whitfield et al 2009a, 2009b). As a result, a behavioural state associated with use of 168 

orographic uplift, incorporated into a movement phase that covers much of the coast of 169 

Norway (Chapter 5, Fig. 1), has potential consequences for the development of renewable 170 

energy at a national scale. Particularly, as areas of high topographic relief and orographic 171 

uplift are often considered suitable for renewable energy development. Using such data and 172 

analysis to understand the mechanisms underlying eagle movement can be incorporated into 173 

wider analyses, such as individual-based models. This modelling approach enables the 174 

investigation of scenarios through simulations without relying on observations from the 175 

realised scenario. For example, the number, location and configuration of wind turbines can 176 

be varied in a simulation to investigate the potential impacts on birds, allowing for the least 177 

impactful scenario to be realised.   178 

    Overall, this thesis highlights an improved means of collecting bird flight data, that bird 179 

flight characteristics are inherently variable in response to extrinsic environmental co-variates 180 

and intrinsic behaviour. While the ornithodolite, as a sensor-based method (Chapter 2) will 181 

offer improved estimates of flight height over traditional visual based estimates, it was not 182 

possible to test if this would have consequences for using collision risk estimates derived from 183 

collision risk models. While attempts were made to organise concurrent flight height 184 

estimating fieldwork using the ornithodolite and surveyors, this was not realised due to 185 

ongoing scheduling conflicts. However, given that visual estimates are categorised into bands 186 
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corresponding to below, within and above the rotor swept area, it is likely (although not for 187 

certain) that surveyor visual estimates and ornithodolite measurements will fall into the same 188 

height band. As such, given the current form of collision risk models (Band 2012), it is unlikely 189 

that visual estimate of flight height and those derived from the ornithodolite would result in 190 

significantly different collision risk estimates, based on flight height data alone. However, the 191 

ornithodolite is capable of collecting field-based flight speed data. Where this in situ flight 192 

speed data are incorporated into collision risk models, there may be a difference in collision 193 

risk estimates over traditional literature-derived flight speed data, given collision risk 194 

estimates have been found to be sensitive to flight speed values (Masden 2015). This raises 195 

the question if collision risk models are fit for purpose in their current form (namely Band 196 

2012).  Continuous data, collected in situ via a sensor-based method are likely to provide 197 

greater certainty in data estimates, enabling uncertainty to be investigated and quantified 198 

systematically and therefore removes subjectivity from estimates. As a result, collision risk 199 

estimates derived from Band (2012) will be subject to unquantified uncertainty and 200 

subjectivity, based on both flight height data and flight speed data. Masden (2015) 201 

investigated the suitability of Band (2012) by surveying stakeholders to assess if the model 202 

was considered fit for purpose and the consensus was that a new collision risk model that 203 

was fundamentally different was not required. However, based on the results of this thesis, 204 

there is a clear need to re-evaluate surveyor opinion. Incorporating continuous-type data 205 

collected in situ, for both flight height and flight speed will provide collision risk estimate more 206 

reflective of natural variability and biological reality.  207 

7.3 Wind farm effects on birds: thesis in context 208 
    Despite being the longest established form of renewable energy, progress in and 209 

standardisation of the means of assessing ornithological impacts of wind farms has been 210 
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relatively slow in contrast with the pace of turbine and technological development, and the 211 

need for energy demand. For example, despite guidance from statutory bodies stipulating the 212 

use of visual-based methods for collecting bird flight data for assessment of collision risk, 213 

many studies use more empirical methods (Atienza et al. 2011, Strickland et al. 2011, The U.S. 214 

Fish and Wildlife Service 2012, Jenkins et al. 2015, Santos et al. 2017, SNH 2017). However, 215 

use of such methods and resulting data are not regulated or standardised by statutory bodies 216 

(c.f. chapter one). Prescribed use of observer-based visual methods for collecting data to 217 

assess bird collision risk is in contrast to other industries where bird collision specifically may 218 

require consideration e.g. aviation, where radar is a widely used tool (Ginati et al. 2010, 219 

Coates et al. 2011, Gerringer et al. 2016, van Gasteren et al. 2019). The clear difference in 220 

assessment of bird collision with wind turbines and assessment of bird collision with aircraft 221 

is the possible threat to human life and/or damage to aircraft, the latter resulting in 222 

substantial monetary investment (Allan 2000, Anderson et al. 2015). This threat and the 223 

potential monetary cost, likely drives the investment in more reliable methods to provide bird 224 

flight data, and has resulted in the development of dedicated avian radar systems (Nohara et 225 

al. 2005, 2007), which have been the subject of extensive validation (Brand et al 2011). 226 

Mitigation measures are also implemented as standard, to prevent bird collision with aircraft, 227 

including habitat management around airfields (ICAO, 2012) and adjustment of flight 228 

schedule during periods of peak migration for low-level military flight (Lovell and Dolbeer 229 

1999). Although not implemented as standard, radar has proven to be a useful tool in 230 

monitoring bird flight in relation to interactions with wind turbines (e.g. Harmata et al. 1998; 231 

Bevanger et al. 2009; Stumpf et al. 2011; Cabrera-Cruz and Villegas-Patraca 2016), but there 232 

are few mitigation measures aimed at reducing the risk of collision between birds and 233 

turbines (May et al. 2015) and demonstrating effectiveness in field-based settings can be 234 
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challenging (but see de Lucas et al. 2012; Tomé et al. 2017; Pescador et al. 2019; May et al. 235 

2020; Stokke et al. 2020). Given the growing need to meet energy demands from renewable 236 

sources, and as wind energy is currently one of the most reliable means of doing so, it is likely 237 

that developments will become more numerous and the size of wind farms will increase. As 238 

such, developments are likely to encroach on locations where conflicts with areas of 239 

protection for avian wildlife exist (Rehbein et al. 2020). By following the lead of other 240 

industries, such as aviation, where conflict with birds has been a longer-standing problem, 241 

and implementing robust monitoring efforts and considering mitigation measures as 242 

standard, will help ensure that both wind energy production and the goals of avian 243 

conservation can be satisfied.     244 

    While collection of bird flight data as part of the EIA process to assess implications of wind 245 

energy on birds has remained static (c.f. Chapter 2), collision risk models, have been the focus 246 

of a number of revisions to the original Band model (Band 2012, Masden 2015, New et al. 247 

2015, McGregor et al. 2018). The latest version, termed the ‘stochastic collision risk model’ 248 

(McGregor et al 2018), incorporates distributions of data and is now used as standard in the 249 

UK. While these revisions have most likely resulted in more biologically realistic estimation 250 

methods, the data used in these estimations arguably undermine the improvements in the 251 

estimation process. The contrast in development of analytical tools versus collection of more 252 

reliable data likely reflects the relative difference in cost between the two. Where analytical 253 

tools can be developed and/or implemented using open source software (Masden 2015, 254 

McGregor et al. 2018), the compensation to the developer of these analytical tools 255 

notwithstanding, the collection of robust bird flight data requires substantially more financial 256 

investment, to purchase and maintain the equipment, and train staff in the use of this 257 

equipment. This is further complicated by the lack of a ‘one-size-fits-all’ approach when using 258 
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more robust empirical sensor-based approaches for data collection (c.f. Chapter 1). The 259 

suitability of a given device should be assessed against the data collection objective and the 260 

results of a pre-deployment calibration, specific to the characteristics of the study, e.g. 261 

species and site, likely to be experienced during deployment (c.f. Chapter 2; Chapter 3; May 262 

et al. 2017; Cole et al. 2018; Cook et al. 2018; Nilsson et al. 2018). Unlike use of observer-263 

based data collection, there is not a blanket approach to collecting bird flight data with a 264 

sensor and arguably this is a fundamental flaw of observer-based approaches. The financial 265 

investment resulting from use of tools and technologies for a more quantitatively robust 266 

approach to collecting data may be perceived as barrier to a statutory body stipulating use of 267 

such methods. However, the prevalence and use of such technologies in the EIA process 268 

(Chapter one) and the development of research projects such as the Offshore Renewables 269 

Joint Industry Programmes (ORJIP) (Skov et al. 2018) suggests an acceptance of the use of 270 

technology. Addressing the methodological approaches to and guidance surrounding the 271 

collection of bird flight data, both at the pre-construction and post-consent monitoring 272 

stages, is needed to ensure a credible evidence base of the impacts of wind farms on birds is 273 

acquired. Simply, if robust data can be collected and used with improved modelling 274 

approaches, this will likely result in more biologically realistic model estimates. The 275 

alternative is possible costly delays in the consenting process and consent refusal (Broadbent 276 

and Nixon 2019) which may act as a barrier to ongoing wind energy development.      277 

    The methodology for collecting bird flight data in relation to wind turbines is ultimately 278 

mechanistic rather than predictive. The focus is on quantifying bird flight characteristics 279 

rather than also simultaneously quantifying the co-variates that lead to the variation in flight 280 

characteristics and subsequently the variation in collision risk. This is perhaps a side effect of 281 

an observer-based methodology, with limited ability to capture variation in flight 282 
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characteristics, e.g. categorical flight height data. If a change in methodology to more 283 

empirical methods can be achieved via a change in policy, this variation may be better 284 

quantified and possibly move towards predicting where birds might be vulnerable to collision 285 

based on the relationship between, for example, environmental variables and variation in 286 

flight characteristics (Chapter 4; Chapter 5; Shamoun-Baranes et al. 2016; Péron et al. 2017; 287 

Sage et al. 2019). The analytical tools to enable such predictions already exist in the context 288 

of animal movement data (Bennison et al. 2018, Grecian et al. 2018, Pirotta et al. 2018).   289 

7.4 Wind farm effects on birds: other considerations 290 
     This discussion has focussed mostly on the improvements that could be made to the 291 

methodology and data that are used to quantify impacts of wind farms on birds, specifically 292 

bird flight data. While such improvements would help address a number of arguably 293 

fundamental gaps in the assessment process, and the results from this thesis have, in part, 294 

contributed to the closing of this particular gap, there are a number of important issues in the 295 

interaction between birds and wind turbines that are not addressed here. For one, while 296 

collision may be the most direct negative impact resulting from the interaction between birds 297 

and turbines, other impacts such as displacement/habitat loss, avoidance and barrier effects 298 

can also have negative impacts and therefore should also be appropriately quantified using 299 

robust methods. Before-After-Control-Impact (BACI) study designs have proven useful in 300 

quantifying the magnitude and cause of negative effects of wind farms on birds resulting from 301 

displacement and habitat loss (Sansom et al. 2016), and radar data collected pre- and post-302 

construction has been used to calculate the additional energetic expenditure of birds 303 

circumnavigating a wind farm as a resulting of barrier effects (Masden et al. 2009). However, 304 

as post-consent monitoring is not mandatory, such methodologies are not always 305 
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implemented and therefore indirect effects of wind farms may arguably not always be 306 

adequately assessed.  307 

    As the results of this thesis are relevant to improving the measurement of bird flight 308 

parameters relevant for collision risk models, they are relevant to assessing the effect on the 309 

survival probability resulting from individual bird interactions with wind energy. However, 310 

from a conservation point of view, it is necessary to assess the potential impact of wind 311 

energy developments at the population level. Under the EU Birds and Habitats Directive there 312 

is a legal requirement to maintain and restore bird populations, and wind energy 313 

development is regulated by these directives. An assessment framework for quantifying the 314 

impact of wind energy on bird populations appears to be lacking, rather development is 315 

guided by the precautionary principle, for which there is no conclusive guidance on 316 

implementation. As an established guideline, the precautionary principle can be used by 317 

regulators to respond when there is an indication of a potential negative impact but the 318 

magnitude and/or variability and/or likelihood of the negative impact is uncertain. Such a 319 

guideline has been suggested to hinder the progress of renewable energy development by 320 

restricting development in potentially viable areas where impact may be low but is difficult 321 

to accurately quantify (Wright 2014). Rather than a blanket application of the precautionary 322 

principle where data is scarce or not robust enough to detect an effect, May et al. (2019) 323 

provide a framework outlining how population impacts caused by wind energy could be 324 

assessed using an adaptive management approach (Köppel et al. 2014). Such an approach 325 

aims to iteratively identify areas of uncertainty and subsequently reduce the uncertainty with 326 

the aim of a better informed, science-based decision-making process. In the case of 327 

population-level assessment of wind farm impacts on birds, the authors highlight the need 328 

for a clear understanding of what constitutes a population, the extent of the population and 329 
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use of an appropriate impact metric associated with species’ vital rate (May et al. 2019). 330 

Detecting a change in demographic parameters or vital rate is underpinned by the need for 331 

robust monitoring and analyses, and setting of an acceptable threshold of change. Robust 332 

monitoring will likely require mandatory post-consent monitoring as the short-time scales 333 

associated with EIAs are unlikely to be sufficient to detect population-level changes (Cook et 334 

al. 2019). While the results from this thesis do not directly contribute to improving the 335 

assessment of impacts of wind energy on bird populations, the analysis in Chapter six was 336 

undertaken as a stepping stone towards individual-based simulation modelling. This 337 

modelling approach is built on pattern orientated modelling (Grimm et al. 1996), therefore 338 

deriving empirical patterns from the data upon which simulation rules can be based is a useful 339 

first step in building an agent-based model. Such an analyses have been used to assess the 340 

dynamics of populations generally (e.g. Pettifor et al. 2000; Bacher and Gangnery 2006; Dwyer 341 

et al. 2020), to assess population level consequences for animals interacting with 342 

anthropogenic influences in their environment (Stillman 2008, Warwick-Evans et al. 2018), 343 

and to investigate the effectiveness of mitigation strategies (Ascensão et al. 2013; Marley et 344 

al. 2017).   345 

    As the framework for assessing impacts on birds from wind farms is set up to focus on 346 

species-specific impacts associated with a given development, appropriate means of 347 

assessing cumulative impacts from multiple developments is less well-defined; despite the 348 

statutory requirement to undertake such assessments (The Council of Europe, 1985). 349 

Appropriately assessing cumulative impacts is underpinned by criteria for what determines 350 

species inclusion in the impact assessment process, which is not always clear (Hall, 2019). In 351 

addition, methods for assessing cumulative impacts, as discussed in Chapter two, should 352 

consider the spatial scale over which impacts are likely to be observed; telemetry has been 353 
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used for assessing the cumulative impact of developments within a bird’s home range 354 

(Vasilakis et al. 2017) while for migratory movements, networked methods of collecting data 355 

such as weather radar (Crum and Alberty 1993, Holleman et al. 2008) and more recently 356 

telemetry stations (Taylor et al. 2017) may be more suitable. However, such methods are 357 

aimed at assessing cumulative impacts for a selected number of individuals and do not 358 

directly address the wider population-level impacts. In addition, given the accelerating pace 359 

of wind energy development (IRENA 2018), it is necessary that cumulative impacts are 360 

considered in the context of other potential anthropogenic stressors. Bird populations are 361 

known to be threatened by, for example, domestic pests (Dauphiné and Cooper 2009, Van 362 

Heezik et al. 2010), hunting pressures (Rolland et al. 2010, Gallo-Cajiao et al. 2020) and 363 

persecution (Murgatroyd et al. 2019, Krüger et al. 2020). Therefore, assessing cumulative 364 

impacts in the wider context of anthropogenic factors is necessary to adequately determine 365 

the impacts of wind farms on birds. A framework, such as that developed by Masden et al. 366 

(2010) to help assess cumulative impacts from multiple wind farms, could possibly integrate 367 

such wider cumulative impacts to help determine how these impacts could be assessed. 368 

Additionally, wind energy development can have potential benefits for the survival of bird 369 

populations (Sovacool 2013), and this should be taken into consideration during cumulative 370 

impact assessments. For example, many bird species face challenges associated with the 371 

impacts of climate change (Sekercioglu et al. 2008, Iknayan and Beissinger 2018, Saether et 372 

al. 2019, Sorte et al. 2019). If increased availability and use of renewable energy has the 373 

potential to slow the progress of climate change then assessing the impacts of wind farms on 374 

birds in the context of a cost-benefit analysis (c.f. Snyder and Kaiser 2008) may provide more 375 

ecological context to the extent of impacts of wind energy.    376 
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    While the focus of this research has been on ensuring better flight data for collision risk 377 

models, there is a need to validate these models in the field through collision incidents. Post-378 

construction fatality monitoring is common practice in the USA (Strickland et al. 2011, The 379 

U.S. Fish and Wildlife Service 2012), but is not a requirement in the UK and is often not the 380 

objective of post-consent monitoring (c.f. MMO 2014). While there are a number of 381 

methodological adjustments and considerations that need to be taken into account when 382 

undertaking post-construction fatality monitoring to ensure accurate estimates (Peters et al. 383 

2014, Reyes et al. 2016), such data have clear value, not just in validating collision risk models, 384 

but in also developing collision mitigation strategies.  Collecting data on species-specific 385 

collision incidents could be used to help guide species-specific mitigation measures; for 386 

example, painting turbine components has been found to be effective in mitigating collision 387 

of some species (May et al. 2020, Stokke et al. 2020), whereas habitat management has been 388 

found to be effective for others (Pescador et al. 2019). This has been recommended as an aim 389 

of a bird strike database collated by the U.S. Federal Aviation Authority (Dolbeer and Wright 390 

2009). The need for validating collision risk model estimates is particularly pertinent where 391 

such risk estimates are to be included in simulation-based population-models, as errors in 392 

these estimates can propagate through the model. As collision fatalities are often detected 393 

through human-observation or dog-assisted searching (Mathews et al. 2013), how collision 394 

fatality monitoring could be carried out offshore, particularly as developments move further 395 

offshore, warrants consideration. Camera-based technology (Desholm 2005), impact-sensors 396 

(Kang et al. 2018) and combinations of the two (Wiggelinkhuizen and Den Boon 2010) have 397 

been trialled for offshore use. While these methods can help reduce the uncertainty in the 398 

number of bird collisions at a given turbine, they are not necessarily suitable for assessing the 399 

collision risk associated with a wind farm, as such systems are costly to deploy and maintain. 400 
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Furthermore, the camera sensors are not always of a sufficient resolution to attribute 401 

collisions to particular species. These limitations restrict use in validating species-specific 402 

collision risk model estimates.  403 

 404 
7.5 Closing comments 405 
    Throughout this thesis I have attempted to demonstrate the value of using robust empirical 406 

methods to quantify bird flight characteristics to provide information for use when estimating 407 

where and when collisions might occur and to refine the siting of turbines. Using data 408 

collection methods such as the ornithodolite, ensures that the uncertainty around flight 409 

characteristic measurements can be quantified and subsequently, where necessary, reduced. 410 

In addition, use of empirical devices, such as the ornithodolite and GPS telemetry enables 411 

data integration with co-occurring environmental variables, such as wind and terrain. This in 412 

turn facilitates an understanding of the variability in bird flight and ultimately the variability 413 

in bird collision risk; for example, flight speed can be variable in relation to wind speed and 414 

direction at small spatial scales and flight behaviours (and therefore flight characteristics) can 415 

be variable dependent on the underlying terrain. These data and analyses are important when 416 

assessing the individual-level impacts of wind farms on birds and the analysis developed in 417 

chapter six can be used to provide a stepping-stone to assessing population-level impacts of 418 

wind farms, where the behavioural patterns identified can form the basis of individual-based 419 

models. However, as effective as these data and analyses are in improving the assessment of 420 

impacts of wind energy on birds, they are not integrated into current environmental impact 421 

assessments but rather are more routinely used in peer-reviewed publications. This suggests 422 

a bottleneck in the research undertaken in academia and translation into policy for use by 423 

practitioners and decision-makers. In order for the research-findings on the assessment of 424 

impacts of wind farms on birds to be useful outside of the realm of academic publication, it is 425 
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necessary that researchers communicate their investigations and findings clearly and 426 

therefore effectively. This approach should be complemented by the willingness of policy-427 

makers and decision makers to implement research findings.  428 

 429 

 430 

 431 
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