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1 Simple Summary: An increasing amount of wind turbines installed worldwide has in turn lead
2 toanincrease in bird fatality due to collisions. This conservation threat has led to the development
s of automated camera—based monitoring systems, that have recently been installed on some wind
4 energy sites to mitigate the impact of wind turbines on protected raptors. This study describes a
s new quantitative framework to assess birds’ flight behavior in proximity to wind turbines based
6 on data from these camera-based monitoring systems. It is demonstrated how this novel method
7 for describing flight behavior can be used to identify risk prone behavior, which is a crucial step
s towards quantifying collision risk with wind turbines.

o Abstract: Some wind farms have implemented automated camera-based monitoring systems e.g.
10 IdentiFlight to mitigate the impact of wind turbines on protected raptors. These systems have
1 effectuated the collection of large amounts of data that can be used to describe flight behavior in
12 anovel way. This data uniquely provides both flight trajectories and images of individual birds
13 throughout their flight trajectories. The aim of this study was to evaluate how this unique data
14 could be used to create a robust quantitative behavioral analysis, that could be used to identify
15 risk prone flight behavior and avoidance behavior thereby in the future assess collision risk. This
16 was attained through a case study at a wind farm on the Swedish island Gotland, where golden
17 eagles (Aquila chrysaetos), white—tailed eagles (Haliaeetus albicilla), and red kites (Milvus milvus),
1s were chosen as the selected bird species. The results demonstrate that flight trajectories and bird
10 images can be used to identify high risk flight behavior and thereby also used to evaluate collision
20 risk and avoidance behavior. This study presents a promising framework for future research,
21 demonstrating how data from camera-based monitoring systems can be utilized to quantitatively
22 describe risk prone behavior and thereby assess collision risk and avoidance behavior.

2s  Keywords: IdentiFlight, avoidance response, golden eagle, white-tailed eagle, red kite, wind
24 turbine curtailment, flight types

2s 1. Introduction

26 Wind energy production has over the past decades undergone a rapid development,
2z due to the increasing demand for green energy. However, the increasing amount of
2 wind turbines installed worldwide has in turn lead to an increase in bird fatality, due
2 to collisions, particularly regarding raptors [1-7]. Loss et al. [7] estimated that bird
20 fatality increases proportionally with increasing turbine height. The exact number of
a1 bird collisions with turbines is uncertain, but even relatively low mortalities can have a
2 significant impact on slow maturing species with low reproduction rates e.g. raptors,
33 especially when considering the cumulative effect of multiple wind farms [1,7].
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34 Collision risk is assumed to be dependent on flight behavior, where some types
s of behavior e.g. flying at altitudes within turbine rotor zone and tortuous flight paths,
ss have been described as more risk prone than others [6]. Another suggested predictor of
sz collision risk is whether birds are migrating or engaging in local activities e.g. foraging,
se  as foraging individuals are expected to be less vigilant in regard to their flight direction
3 and more focused on searching for prey on the ground [1,6,8,9]. Moreover, flight type is
20 another behavioral factor suggested to affect collision risk. Large raptors such as golden
a1 eagles (Aquila chrysaetos), depend upon soaring flight to retain energy, this flight type may
.2 however increase their risk of colliding with turbines, especially under less favorable
.3 conditions for gaining altitude [10-13]. Barrios and Rodriguez [10] found an increased
s collision rate when birds were forced to gain altitude using thermal soaring, i.e. slow
s circle-soaring flight on thermals, which often took place in airspace overlapping with
s turbines. Hence, flight type and thereby also collision risk are suggested to be affected
a7 by environmental factors such as weather (e.g. wind speed and direction, temperature,
ss  cloud coverage, and visibility) and topography [10,14]. Furthermore, the risk of collision
4+ is presumably also strongly affected by avoidance behavior [9].

s0 Avoidance behavior is generally observed as changes in flight behavior and trajecto-
51 ries in response to wind turbines, this avoidance response can be found at different scales
s2 i.e. micro—scale (last second) and meso—scale (within wind farm) avoidance responses to
s=  single turbines within a wind farm and macro-scale avoidance responses, avoiding the
ss entire wind farm [13,15]. Garvin et al. [9] defined avoidance as changes in flight height
ss or flight direction deviating away from turbines and found that raptors showing no
ss response to turbines were individuals passing through the wind farm on a straight flight
s> path. It has been suggested that raptors are more vulnerable to turbines due to lower
ss avoidance compared to the avoidance of migratory species e.g. geese [16]. Dahl et al.
so [14] showed that white—tailed eagles displayed high risk flight behavior i.e. no flight
e response and lack of avoidance close to turbines, which was also associated with high
&1 collision rates. However, multiple other studies have also found implications of raptors
ez adjusting their flight trajectories to avoid wind turbines [17,18]. Whitfield and Madders
o3 [17] showed that red kites displayed avoidance rates between 98 and 100%. These
e« contradicting findings indicate that avoidance behavior is both site-and species—specific
es [3,9,19]. It is therefore necessary to gain an understanding of which variables affect flight
e behavior in general for specific species and sites to gain a more thorough understanding
ez of avoidance behavior.

o8 Regardless of avoidance behavior, some protected raptor species have been sug-
e gested to be more vulnerable to wind turbines and the impact of wind turbines on such
7 species may, therefore, be mitigated by turbine curtailment [20]. Some wind farms,
= particularly in the United States, have implemented an automated camera-based moni-
72 toring system e.g. IdentiFlight, to detect birds in flight and determine whether they are
»s protected species e.g. eagles. If a bird, that is detected as one of the protected species,
za has a calculated trajectory on course to a turbine or is within a specified radius of a wind
75 turbine, the wind turbine will curtail before a collision occurs [21]. However, the actual
76 collision risk between raptors and wind turbines is presumably determined by the vigi-
7z lance of individuals i.e. their avoidance behavior, which is suggested to be dependent
ze on multiple factors, e.g. weather conditions [9,14,15,22]. Knowledge on the avoidance
7 behavior of protected raptors, such as eagles and the red kite, and how this behavior
s can be affected by environmental factors is therefore crucial to improving curtailment
a1 decisions. Curtailing wind turbines is expensive and energy companies would, therefore,
s2 benefit from the development of behavior specific curtailment models. Furthermore, the
es IdentiFlight camera system can provide a useful service to avian biologists, as it enables
es the collection of large amounts of data with a large number of individuals, compared to
es studies using GPS trackers, requiring the capture of birds and thus limiting the number
e of individuals. A system such as IdentiFlight provides not only flight trajectories based
ez on GPS coordinates, but also images of individual birds throughout their flight trajecto-
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es ries, thus giving the unique opportunity of assessing flight behavior based on both flight
e trajectories and behavioral observations i.e. flight orientation.

% The development of camera-based monitoring systems at wind farms has effectu-
o1 ated the collection of large amounts of data that can be used to describe the behavior
o2 of selected bird species, thus, enabling the possibility of creating robust quantitative
93 behavioral analyses, which may be used to assess collision risk and avoidance behavior,
os potentially providing avian biologists with new imperative knowledge. Therefore, this
os study will investigate how the behavior of raptors can be quantified by using unique
96 data from the IdentiFlight system, demonstrating how this type of data can be used to
oz assess collision risk and investigate site and species—specific avoidance behavior. This
9 was achieved through a case study investigating the behavior of golden eagles (Aquila
oo chrysaetos), white—tailed eagles (Haliaeetus albicilla), and red kites (Milvus milvus) at a
10 wind farm on the Swedish island Gotland. It was a prerequisite that the flight behavior
11 of these species could be described by flight altitude, flight trajectories, active flight, and
w0z flight orientation i.e. head position. It was expected that these variables could be used
103 to describe risk prone behavior e.g. tortuous flight and thereby utilized as an indicator
w4 Of collision risk. Flight behavior was also predicted to be affected by weather variables,
105 e.g. temperature, wind speed and cloud coverage and may therefore be factor to be
1 considered when predicting collision risk. It was furthermore expected that avoidance
107 behavior could be detected through the new quantitative assessment of flight behavior
108 in proximity to wind turbines.

100 2. Materials and Methods
1o 2.1. Study Szte

111 The study site is situated on Nasudden, a peninsula on Gotland’s southwest coast.
uz The terrain is generally flat and the highest peak of the island is only 135 meters above
us  sea level [23]. Gotland is home to breeding populations of approximately 55 pairs of the
ue golden eagle, 45 pairs of the white—tailed eagle and at least 15 pairs of the red kite [24,25].
us The island is not directly part of any migratory routes for these species and these species
ue are therefore mainly represented by local individuals [26]. The wind farm consists of 55
ur turbines, ranging from 45-145 meters in total height. The first turbines were constructed
us  in 1979. The observational area of the wind farm was defined by a radius of 400 meters
1o around the IdentiFlight camera tower and included nine turbines (Appendix A).

120 2.2. Data Collection

121 Observations of the selected species were collected using the IdentiFlight system
122 over a period of 10 months in 2020, spanning from the middle of February to the end
123 of November. During the study period the IdentiFlight system was only collecting
124 simulated curtailment data for the nine turbines, hence, the system was not actively
125 curtailing turbines. Throughout this period of time, the system was periodically out
12 of operation and the study is therefore based on a total of 231 days over the course of
12z these 10 months (Appendix B). Out of the 231 days, raptors of the species golden eagle,
12¢  white-tailed eagle or red kite were only observed within the observational area of the
120 wind farm on 153 of these days.

10 2.2.1. IdentiFlight System

131 The IdentiFlight system was developed to detect eagles at risk of collision with
12 a rotating wind turbine. The system can detect a bird as far as one kilometer out
133 and classify whether it is a protected species or not in real time and determine if a
1a  specific turbine or turbines should be shut down to prevent collision, based on a set of
135 site—specific criteria (curtailment prescription) [21,27]. The curtailment prescription for
16 the study site can be found in Appendix C.1.

137 The camera system consists of a ring of eight fixed Wide Field of View (WFOV)
13 cameras and a set of High Resolution Stereo Cameras (HRSC) mounted on top of a six


https://doi.org/10.20944/preprints202102.0391.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 February 2021 d0i:10.20944/preprints202102.0391.v1

4 0f 26

130 meter high tower (Appendix C.2). The eight WFOV cameras use image sensor arrays to
120 detect moving objects in the environment and begin to track them. These cameras collect
11 10 frames per second and detect objects moving from one frame to the next. When a
12 moving object is detected two movable HRSCs are directed at the object. The HRSC
13 uses high magnification stereoscopic sensors to determine the distance to the object
s and gathers the necessary information to classify the object. IdentiFlight’s machine
s vision algorithms use a catalog of rules that have been developed by pattern recognition
s technology to analyze the images obtained by the HRSC. Size, plumage, color, wing
1z shapes and flight profiles are some of the variables used to classify a bird [27].

148 The IdentiFlight system provides a data set with a large variety of variables, in-
10 cluding bird images, describing each observation and giving each individual a unique
1o Track ID (Appendix D). Furthermore, flight trajectories for each individual are saved as
151 Keyhole Markup Language (KML: a file format used to display geographic data) files,
12 which can be imported into ArcGIS Pro [28]. Thus, resulting in a data set with multiple
13 observations of each individual and a single track based on these observations i.e. the
s flight trajectory of an individual’s flight path illustrating its observed flight activity.
155 Hereafter, when referring to observations it is a reference to all observations (multiple
16 Observation for each individual) and when referring to tracks it is a reference to the
17 individuals’ flight trajectories i.e. all observations summarized for each individual (each
s track represents one individual).

150 2.2.2. Weather Data

160 Temperature, wind speed and wind direction, provided by Vattenfall AB [29], was
11 collected at 10 minute intervals by weather stations on the turbines at a height of 80
12 meters, hence portraying the weather conditions near the rotor zone of the turbines.
13 Cloud coverage at hourly intervals was downloaded from the Swedish Meteorological
e and Hydrological Institute [30].

w65 2.3. Data Preparation

166 Observations from the data collected were filtered based on the species classified by
17 the system in order to obtain a subset with the species golden eagle, white—tailed eagle,
1ee and red kite. The bird images were used to classify the head position of the raptors, as
10 either oriented straight forward or down and whether or not the raptor was engaging in

(a) Head oriented straight. ~ (b) Head oriented down.
(c) A series of images showing a bird in active flight i.e. flapping its wings.

(d) A series of images showing a bird soaring i.e. not in active flight.

Figure 1. Examples of how behavior was scored based on bird images, a single image was used
to classify head position and a series of images had to be used to classify active flight in order to
evaluate wing movement between images.
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1o active flight (Figure 1). Only observations within 400 meters of the camera system were
i used, as it was difficult to classify the head position for images taken at further distances
w2 (Appendix A). Furthermore, only tracks longer than 100 meters were used, as shorter
173 tracks were not considered to be fully descriptive of an individual’s behavior within the
17 area. This resulted in a data set of 564 different tracks (individuals) of the three selected
s species (Appendix E).

176 ArcGIS Pro [28] was used to analyze the flight trajectories (KML files). The flight
177 trajectories were used to classify flight type i.e. each individual was assigned one of four
s different flight types based on a qualitative assessment of flight trajectories. The four
1o different flight types used to describe the flight paths were straight, curvy, spiral, and
w0 chaotic (Figure 2). The flight type straight describes raptors flying in a linear path with
122 only minor directional deviations. Raptors flying in the same general direction, but with
12 slightly larger directional deviations than those depicted as straight were classified as the
w3 flight type curvy. The flight type spiral represents raptors presumed to be using thermal
1a  soaring i.e. soaring in updrafts using thermal convection, thus directional changes were
s mainly in the same direction, creating loops while increasing altitude. When a raptor’s
1 flight path had no general flight direction and many large directional changes in both
17 directions, the flight type was categorized as chaotic.

188 The flight trajectories were also assessed by calculating the track angles and the ratio
10 between direct track length, i.e. the shortest distance between a track’s start point and
10 its end point, and actual track length, which was done using the ArcPy package in Esri
11 [28] (Appendix F.1 & F.2). The track angles ranged from —180° to 180°, distinguishing
102 between left and right turns. Moreover, directional changes i.e. signed track angles were
103 summed for each track, resulting in a measure of flight symmetry (Appendix F.2). The
10a  absolute sum of track angles and track length ratio were used to assess the qualitative
15 classification of track types.

W%E

S

Meters Meters

0 100 200 0 100 200

Meters Meters
]

0 100 200 0 100 200

Figure 2. Examples of the four different track types: straight (pink), curvy (orange), spiral (blue),
and chaotic (green). The images are based on three-dimensional tracks, i.e. multiple points with x,
y and z coordinates.

we 2.4. Data Analysis

107 The data analyses were carried out for all observations, but also for subsets of
18 Observations based on track type, flight type, flight direction, flight altitude and distance
100 to turbine (Appendix E). For analyses involving head orientation or active flight only
200 individuals with more than three observations (bird images) were used. All tracks
200 were divided into four subsets based on track type. Another subset was created only
202 including tracks with individuals engaging in active flight. All observations were
203 divided into two subsets based on flight direction i.e. flying towards the wind turbine
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204 Or away from the wind turbine, this was based on whether the distance to the nearest
20s turbine was decreasing or increasing, meaning that most individuals are present in
206 both subsets, as throughout their track they both fly towards and away from a turbine.
207 Furthermore, three subsets were created dividing observations based on flight altitude
208 into the categories: below, in or above the rotor zone of the nearest turbine i.e. each
200 individual could be represented in multiple subsets (see Appendix C.1 for rotor zone
210 definitions). Lastly, two subsets were created dividing all observations based on the
2 distance to the nearest turbine into the categories: close proximity to turbine (<150 m)
212 and distant to turbine (>150 m) i.e. each individual could be represented in multiple
213 subsets. This distance of 150 meters was based on initial observations indicating changes
214 in behavior at this distance. The statistical analyses were conducted in RStudio version
=5 1.3.1093 [31].

216 2.4.1. Flight Behavior Classifications

217 To assess how the general flight behavior of raptors can be quantified and how it
zs  is affected by the weather, associations both among the different variables describing
210 flight behavior and between these variables and weather variables were tested with
220 the x? contingency test and Spearman’s rank correlation (rs) [32]. Significant results
2z are annotated * when p<0.05; ** when p<0.01; and *** when p<0.001. Bonferroni’s
222 correction for multiple comparisons was not applied as the data were interdependent
223 [32]. For the x? contingency test, continuous variables such as % time spent looking
224 down, % time spent on active flight, distance to nearest turbine, and weather variables
225 were described as categorical variables e.g. temperature was categorized as low (0-10
26 °C), medium (10-20 °C) or high (20-30 °C) temperatures.

227 In order to evaluate the applicability of sum of directional changes and track length
226 ratio, as indicators of the overall track type, a box plot of each variable was created,
220 describing median and interquartile range (25%-75%) for each track type. Furthermore,
230 associations between track type and flight behavior and weather variables, described as
2n  categorical variables, were assessed using the x? contingency test along with bar plots
232 depicting the proportions. To test the correlation between different variables describing
233 flight behavior (i.e. head position as % time spent looking down, flight altitude, sum
23a  of directional changes and track length ratio) and various weather variables (i.e. tem-
235 perature, wind speed and cloud coverage), correlation coefficients were calculated and
236 the relationships between these variables were visualized with linear regressions. All
237 regressions were based on grouped medians of the dependent variable, that were deter-
=3¢ mined by class intervals of independent variables, with horizontal bars representing the
230 interquartile range (IQR) to illustrate the variation around the medians. This was done
2e0  for all subsets.

221 2.4.2. Avoidance Behavior

242 To assess avoidance behavior, i.e. behavioral changes, such as changes in flight
a3 altitude, in proximity to wind turbines, rs was calculated for distance to nearest turbine
2es  in relation to the variables describing flight behavior i.e. flight orientation (% time spent
25 looking down) and flight altitude, and the relationships between these variables were
246 also visualized with linear regressions based on grouped medians. This was also done
2e7  for all subsets. It was assumed that avoidance behavior would only be observed within a
28 certain radius of a wind turbine. Therefore, the cumulative regression between distance
2e0  to nearest turbine and flight altitude was calculated with increasing turbine distance, to
250 find the distance at which the relationship weakened. This distance was hereafter used
251 as an upper limit for the analysis of avoidance behavior. This was done for all subsets
252 used in this analysis and the upper limit varied across subsets.
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253 3. Results
254 3.1. Flight Behavior Classification

3000

2000

Absolute Sum of Directional Changes

1000
0 é
Straight Curvy Spiral Chaotic
(n=130) (n=200) (n = 60) (n=52)

Track Type

Figure 3. The absolute sum of directional changes grouped by track type. The number of tracks
each subset is based on is annotated under each track type.

285 A difference was found in sum of directional changes between the different track
26 types, where straight and curvy flight types had a lower absolute sum of directional
=7 changes and spiral flight types had the highest sum of directional changes (Figure 3).
2ss  Moreover, there was also a clear difference between the track length ratio of different
250 track types, where straight tracks had the largest track length ratios (IQR = 0.935-0.982).
260 Curvy tracks also had large track length ratios (IQR = 0.510-0.827), in comparison to
261 spiral (IQR = 0.216-0.467) and chaotic tracks (IQR = 0.171-0.477), between which there
262 'Was no observable difference (Figure 4).

1.00

L]
0.75
0.50
0.25

Straight Curvy Spiral Chaotic
(n=130) (n=200) (n=60) (n=52)

Track Length Ratio

Track Type

Figure 4. The ratio between the shortest path from a track’s start to end point and the actual track
length, grouped by track type. The number of tracks each subset is based on is annotated under
each track type.
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263 An association was found between time spent looking down and flight type (x2g =
20 55.8°%*) (see Appendix G for all x? values). When flying in a straight or curvy flight
2es pattern raptors spent less time looking down and when flying in a chaotic or spiraling
266 pattern they spent more time looking down (Figure 5a). There was also found an
2 association between time spent on active flight and flight type (% = 65.3***). More
2es  particularly, it was found that individuals flying in chaotic or spiraling patterns generally
260 spent a small proportion of time (< 33%) on active flight (Figure 5b). Furthermore, flight
20 type was found to be dependent on the height zone at which flight activity took place
an (X% = 38.2***). Most of the individuals flying below the rotor zone were flying in
22 straight (40.1%) or curvy (50.3%) patterns (Figure 5c). For individuals flying above the
273 rotor zone there was a larger variation between the flight patterns utilized. A large
27a  proportion of the individuals flying in curvy (45.5%) or chaotic (55.8%) patterns were
25 flying in the rotor zone. Flight type was also associated with distance to the nearest
276 turbine (x?9 = 18.6*), where it was found that most of the individuals flying near
277 turbines were flying in straight or curvy patterns. The proportion of individuals flying
27s  In curvy or chaotic patterns increased with distance to the nearest turbine (Figure 5d).
27e  Moreover, flight type was also associated with temperature (x2, = 40.8***) and wind
280 speed (Y% = 56.9"**) (Appendix H.1).

Track Type Straight . Curvy - Spiral . Chaotic
a) b)

60 60
40

20

S

% 0 0
[‘_2 0-25 25-50 50-75 75-100 0 1-33 34-66 67-100
bS] Time Spent Looking Down (%) Time Spent on Active Flight (%)

=

=}

£ 0 d

1<)

2

£ 60 60

Above RZ Below RZ InRZ 0-100 100-200  200-300  300-400
Height Zone Distance to Nearest Turbine (m)

Figure 5. Proportion of occurrences of each track type in relation to (a) the proportion of time
the birds spent looking down, (b) the proportion of time spent on active flight, (c) flight altitude
divided into groups based on the rotor zone (RZ) of the nearest turbine and (d) the distance of the
nearest turbine. The number of tracks is annotated above each bar.

281 Flight altitude was negatively correlated with wind speed (r; = —0.370"**) and
202 it was found that raptors flew at lower altitudes with increasing wind speeds (Figure
203 6). When assessing this correlation for each track type individually, it was found that
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2e4  this association was strongest for individuals flying in curvy patterns (rs = —0.470***).
2es  Correlations were also found between flight altitude and cloud coverage (rs = 0.0349*%)
206 and temperature (rs = 0.0833***), however these correlations were weaker than that of
2e7 - wind speed (Appendix H.2).

a) Straight b) Curvy
y=81-3x y=120-69x
300 s =-0.145 *** 300 s =-0.470 ***
200 200 o
L]
L]
100 . . 100
L]
It 14 ° °
° e ° ° °
0 0
0 5 10 15 20 0 5 10 15 20
c) Spiral d) Chaotic
y=240-17x y=170-10x
3009 1s=-0.176 *** 3001 s =-0.104 ***
° L]
—_ .
é 200 200
)
=]
a *
<
E" 100 100
[
L] L]
0 0
0 5 10 15 20 0 5 10 15 20
e) All Tracks
y=140-79x
300 s =-0.370 ***
200
100
° L]
0
0 5 10 15 20
Wind Speed (m/s)

Figure 6. Linear regression of flight altitude above ground level in relation to wind speed, (a-d)
grouped by track type and for (e) all track types collectively. For each regression, the median flight
altitude was used for each m/s. The regression equation and correlation coefficient (rs) is given
for each plot. The horizontal bars represent the variance around each median (IQR).

288 A significant positive correlation (r; = 0.309"**) was found between time spent
200 looking down and flight asymmetry (sum of directional changes) (Figure 7a). Showing
200 that when their flight path was less symmetrical raptors spent more time looking down,
201 Le. the more asymmetrical their flight path was the less vigilant they were. Furthermore,
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202 for individuals in active flight the relationship between time spent looking down and
203 flight asymmetry was more positively correlated (r; = 0.426***) (Appendix H.3). Time

20 spent looking down was negatively correlated (rs = —0.310***) with track length ratio,
205 indicating that raptors with a more direct path also were the most vigilant (Figure 7b).
206 Time spent looking down was also found to be negatively correlated (r; = —0.427**%)

207 With time spent on active flight, meaning that raptors actively flying were more vigilant
208 (Figure 7c). A significant positive correlation was also found between time spent looking
200 down and flight altitude (rs = 0.135***). However, when looking at this relationship for
s0 each track type individually, it was only straight tracks that also showed a significant
s1  positive correlation (rs = 0.208"**). For chaotic tracks this correlation was negative
sz ((rs = 0. — 149*) and no significant correlation was found for the two other track types
33 (Appendix H.4).

a) b)
p=44+3x107x )= 45-23 3
1001 %0300 %+ 1001 %, 50310+
75 ? 75
° ° ¢
®le o ° . .
501 . .. ® ° 50 1 .
id d L]
° :o. ° | *T ? * .
. e o
25 : ! o. o 25 7 ° ° T
° L]

—~ L .
=X
% 0 . 0
eu 0 1000 2000 3000 0.00 0.25 0.50 0.75 1.00
g Absolute Sum of Directional Changes Track Length Ratio
E a
) )
g 100] 1R 100{ 2230307~
2]
3
E .
=

75

50

25

0 25 50 75 100 0 100 200 300
Time Spent on Active Flight (%) Flight Altitude (m)

Figure 7. Linear regression of the proportion of time each individual spent looking down in
relation to (a) the sum of directional changes, (b) the track length ratio, (c) the proportion of
time spent on active flight, and (d) flight altitude. For each regression, the median proportion of
time spent looking down was used for each corresponding variable (every 50 sum of directional
changes; each 0.05 ratio value; each % for active flight; and every 10 m). The regression equation
and correlation coefficient (rs) is given for each plot. The horizontal bars represent the variance
around each median (IQR).

30 3.2. Avoidance Behavior

308 A weak correlation was found between distance to nearest turbine and flight altitude
s06  for all track types (rs = 0.0658***; Figure 8). When grouping the tracks by type a slightly
307 larger positive correlation was found for the track types curvy (rs = 0.110***), and spiral
s08 (s = 0.134***), whereas for chaotic tracks this correlation was negative (r; = —0.0854**)
s00  and for straight tracks this correlation was not significant (p > 0.05).
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Figure 8. Linear regression of distance to the nearest turbine in relation to flight altitude above
ground level, (a—d) grouped by track type and for (e) all track types collectively. For each regres-
sion, the median flight altitude was used for every 20 m. The regression equation and correlation
coefficient (rs) is given for each plot. The horizontal bars represent the variance around each
median (IQR).

310 When comparing the relationship between flight altitude and time spent looking
su down for raptors in close proximity to a turbine with those distant to a turbine, positive
;12 correlations were found at both distances (close: r; = 0.219***; distant: r; = 0.177***),
a3 but the slope of the regression trend line for raptors in close proximity was a fivefold
s1e  larger than that of distant raptors (Figure 9). Hence, individuals in close proximity to
a1 the nearest wind turbine clearly flew at higher altitudes if spending a larger amount of
a6 time looking down.
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Figure 9. Linear regression of the proportion of time each individual spent looking down in
relation to flight altitude above ground level, grouped by distance to nearest turbine (a) close:
<150 m and (b) distant: >150 m. For each regression, the median proportion of time spent looking
down was used for every 10 m. The regression equation and correlation coefficient (r5) is given for
each plot. The horizontal bars represent the variance around each median (IQR).

a) Flight Direction Towards Turbine b) Flight Direction Away from Turbine
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Figure 10. Linear regression of distance to the nearest turbine (<150 m) in relation to flight altitude
above ground level grouped by flight direction (a) flying towards the nearest turbine and (b) flying
away from the nearest turbine. For each regression, the median flight altitude (m) was used for
every 10 m. The regression equation and correlation coefficient (5) is given for each plot. The
horizontal bars represent the variance around each median (IQR).

317 For raptors in close proximity to the nearest turbine (<150 m) a significant positive
s1e correlation was found between distance to the nearest turbine and flight altitude when
s raptors were flying towards the nearest turbine (r; = 0.158***) and a slightly stronger
320 correlation was found when raptors flying away from the nearest turbine (r; = 0.209**)
sz (Figure 10). When raptors were flying towards a turbine, a positive correlation was
;22 found between distance to nearest turbine and time spent looking down for all three
s2s  altitude zones separately (above: s = 0.126***; below: rs = 0.147***; in: s = 0.0789"%)
324 (Figure 11)
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Figure 11. Linear regression, for individuals flying towards a turbine, of the proportion of time
the birds spent looking down for each track (median values for turbine distance groups per 20
m) in relation to distance of the nearest turbine. The linear regression models were also made for
tracks divided into groups based on the rotor zone of the nearest turbine. The regression equation
and correlation coefficient (rs) is given for each plot. The horizontal bars represent the variance
around each median (IQR).

s2s 4. Discussion
s26  4.1. Flight Behavior Described by Flight Trajectories and Flight Orientation

327 The results of the case study demonstrate how flight trajectories can be used to
a8 describe flight behavior by classifying track type. Moreover, the absolute sum of track
320 angles and the track length ratio can be used to quantitatively assess risk prone behavior.
s Flight symmetry, quantified by the absolute sum of track angles, can be used to describe
s flight behavior, showing that tracks with low tortuosity i.e. straight and curvy tracks
32 also were the most symmetrical tracks and the most asymmetrical tracks were those
s with high tortuosity i.e. spiral and chaotic tracks (Figure 3). Track length ratio proved to
s« be a robust indication of tortuosity, showing that individuals with straight flight types
335 also had the highest length ratio i.e. essentially flying in the most direct path (Figure

;s 4). Previous studies have often described tortuosity as an indicator for collision risk,
sz hypothesizing birds with a more tortuous flight path to be at higher risk for collision
ss  [6,33,34]. The inference of these studies is based on the expectation that a more tortuous
330 flight path is associated with a larger amount of time flying and when flying there will
s«0  always be a collision risk. Furthermore, the results in this study found a significant
;a1 positive correlation between time spent looking down and flight asymmetry and a
;a2 significant negative correlation between time spent looking down and track length ratio,
sas  both indicating that individuals with a more tortuous flight behavior are less vigilant
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sas  (Figure 5a and Figure 7a-b), hence supporting the hypothesis that birds with a tortuous
ss  flight path are at increased risk for collision.

346 The time individuals spent looking down was found to be significantly negatively
saz  correlated with time spent on active flight, i.e. individuals utilizing active flight methods
ses  were more vigilant (Figure 7b). Individuals that spent a greater amount of time on active
a0 flight also generally had a more direct flight path, as individuals flying in a chaotic or
sso  spiral flight pattern generally spent a small proportion of time on active flight (Figure

1 5b). Thus, indicating that these flight types are more reliant on soaring to increase
sz altitude. Furthermore, the results clearly show that the use of thermal soaring lead to
ss3  spiral flight patterns, as it was found that individuals flying in spiral patterns occurred
s« more frequently at temperatures above 10 °C and low wind speeds (Appendix H.1).
sss  These findings are in agreement with the expectation that weather variables affect flight
sss  behavior, more particularly the utilization of thermal soaring.

357 Another important predictor of collision risk is flight altitude in relation to the rotor
s zone i.e. flight in the rotor zone is associated with a higher collision risk [6,9,33-35].
sse  Flight altitude has previously been found to be determined by movement type e.g.
se0 migratory or local movement [6]. Lanzone et al. [6] and Bergen ef al. [34] found that
ser  migratory birds flying in a linear fashion flew at higher altitudes. Contrary to this, the
se2  results in this study show that most individuals flying in straight (or curvy) patterns
ses  flew at altitudes in or below the rotor zone (Figure 5c). These contradicting results
sea are however likely to be due to the raptors on Gotland mainly consisting of breeding
ses  populations, as the island is not directly part of any migratory routes for these species
ses  [26]. The raptors in this study are therefore assumed to be mainly local birds. Similar to
se7  the findings in this study, Dahl et al. [14] found that occurrences below the rotor zone
;s were mainly individuals engaging in directional flight and some engaging in social
30 behavior. Moreover, distance to wind turbines is an obvious predictor of collision risk.
s In this study it was found that most of the raptors flying near turbines had the flight
sn type straight or curvy and that the proportion of raptors flying in a spiral or chaotic
sz pattern increased with distance to the nearest turbine. This is in agreement with previous
s studies showing that soaring birds change their flight trajectories to avoid wind turbines
s7a [3,10,13].

s 4.1.1. Effect of Weather on Flight Behavior

376 Understanding how weather affects flight behavior is important for developing risk
sz assessment models. In this study a significant negative correlation was found between
s7e  flight altitude and wind speed i.e. the raptors flew at lower altitudes with increasing
s wind speeds (Figure 6). In accordance with these findings previous studies also found
;0 that eagles were more likely to fly at altitudes under 150 meters at higher wind speeds
sar [35,36]. Kuehn et al. [35] suggests that these results reflect an increasing collision risk
;a2 at higher wind speeds. Contrary to this, we suggest that, while moderate wind speeds
383 (5-10 m/s) result in an increased collision risk, due to the resulting flight altitudes being
ssa  within the rotor zone, high wind speeds (>10 m/s) generally result in flight altitudes
;s below the rotor zone and the risk of collision with moving rotor blades is therefore
s negligible (Figure 6).

sz 4.2. Avoidance Behavior

388 The findings of the case study prove the use of variables describing flight behavior
;0 and thereby camera-based monitoring systems such as IdentiFlight for evaluating
300 avoidance behavior, as the results indicate that golden eagles, white—tailed eagles and
s01  red kites exhibit some degree of meso-avoidance to the turbines within the wind farm
32 on Gotland. Most previous studies show that raptors exhibit avoidance behavior by
303 increasing flight altitude in proximity to turbines [9,11,15,18,22]. In this study the species
s0s  studied decreased flight altitude in proximity to turbines. This response is also an
305 indication of avoidance behavior, as it can be argued that avoidance also can take place
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s9s under the rotor zone. This avoidance response becomes more evident when dividing
307 the track types according to flight direction (Figure 10). This avoidance response may
ss  be explained as when nearing a turbine the use various flight methods to increase
300 altitude is reduced. Furthermore, it was found that individuals in close proximity
a0 to the nearest wind turbine flew at higher altitudes if spending a larger amount of
a1 time looking down (Figure 9a). Thus, individuals foraging increase their altitude to
a2 increase time spent looking down to forage, indicating even foraging individuals, which
203 are expected to be less vigilant, display avoidance behavior to turbines. Moreover,
20«  When comparing the avoidance behavior of individuals oriented towards the nearest
as turbine when flying either above, below or in the rotor zone, towards a turbine a
a6 positive correlation was found, between distance to nearest turbine and time spent
sz looking down, for all three altitude zones. While this correlation was largely similar for
s individuals flying at altitudes above or below the rotor zone, the correlation was weaker
a0 for individuals flying towards the turbine at altitudes within the rotor zone. (Figure 11).
a0 This could indicate that individuals flying at altitudes within the rotor zone exhibit a
s lower avoidance behavior and are at a larger risk for colliding with the turbine.

a1z 5. Conclusion

a13 To our knowledge this is the first study providing robust quantitative results de-
a1a  scribing raptors’ flight behavior. Our findings on flight behavior have previously been
a5 described in theory, but the results presented in this study are the first to demonstrate
a6 this theoretical knowledge with comprehensive measurable results. Furthermore, this
a7 study provides a framework for future research, using data from camera—based monitor-
a1s  ing systems, demonstrating how flight trajectories and bird images can be utilized to
a1s  describe risk prone behavior and thereby assess collision risk and avoidance behavior.
a0 Thus, providing a crucial step towards quantifying collision risk to be used in future
a1 predictive models. However, this study is only based on assumptions that behaviors
a2 such as foraging and tortuous flight are more prone to collision. It is therefore necessary
a3 to assess the behavior of individuals hit by turbines prior to the collision. The use of
a2« camera—based monitoring systems along with a collision detecting system such as the
a2s  WT-Bird system, that can detect collisions through the use of acoustic sensors on turbine
a2¢ blades [37] would enable the necessary data to be collected. This study provides a
a7 quantitative method that can be utilized to analyze such data and factually determine
a2s which behaviors lead to an increased collision risk.
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a0 Appendix A. Study Site
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Figure A.1. The IDF Tower (red drop) and the 400 meters zone (orange circle) around the tower i.e.
the observational zone. The wind turbines that the birds within the 400 meters zone flew closest to
(orange crosses) and other turbines (grey crosses) within the wind farm.

saa  Appendix B. Operational Days

Table B.1. Number of days where the camera system were operational, number of days with
sightings of the selected raptor species (red kite, golden eagle, and white-tailed eagle), and number

of tracks for each month.

Month Operational days Days with raptors Number of tracks
February 20 14 53
March 31 25 153
April 30 23 91
May 31 20 69
June 12 8 8
July 11 6 20
August 18 16 87
September 30 23 140
October 26 13 39
November 22 5 12

Total 231 153 672
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a2 Appendix C. IdentiFlight System
sz Appendix C.1. Curtailment Prescription

Table C.1. Model type, number of turbines, rotor diameter, hub height, rotor zone, radius of outer
and inner cylinder, and height of outer and inner cylinder for covered and partially covered wind

turbines.
Model Number of Rotor Hub Rotor zone Radius of outer Radius of inner Height of outer Height of inner
turbines  di. (m) height (m) (m above ground level)  cylinder (m) cylinder (m) cylinder (m) cylinder (m)
Covered
Vestas V27 1 27 31 15.5-46.5 700 250 300 200
Vestas V29 1 29 31 14.5-47.5 700 250 300 200
Vestas V9O 1 90 80 33-127 700 400 400 250
Partially covered
Kenersys 2500 100 1 100 85 33-137 600 300 400 250
Vestas V47 2 47 45 19.5-70.5 600 300 300 200
Vestas V9O 2 90 80 33-127 700 300 400 250
Vestas V100 1 95 100 50.5-149.5 700 400 400 250
N
W% E
S o Visby
Gotland
County
135m
[}

Meters
N T 0O O

0 50 100 200 300 400 500

Figure C.1. Fully covered (dark blue) and partially covered (light blue) wind turbines by the IDF
tower. The horizontal curtailment zone (radius of inner cylinder) is shown around each turbine.
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aaa  Appendix C.2. IdentiFlight Camera System

Figure C.2. IdentiFlight tower at study site.

— Two Movable Stereoscopic Cameras

~ Eight Wide-Angle Cameras in Fixed Position

Figure C.3. Imaging head components of the IdentiFlight tower. The bottom part consist of eight
fixed cameras that can detect eagle sized objects and separate important from unimportant motion
of birds. When important motion is detected the top part tracks that bird as it consist of two
movable cameras, that also measure the distance of the the bird it is tracking [27].
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as  Appendix D. IdentiFlight Data

aso The IDF system registers a large variety of variables for each observation of each
aaz track (Figure D.1). Whenever a bird of interest is detected it is assigned an unique track
ass  ID that is used for all observations of that bird. For each observation a image is taken of
a0 the bird at that specific time, as the system notes the time and date. Furthermore, the
a0 longitude and latitude as well as the height above ground level is registered, which gives
s multiple GPS coordinates of each bird i.e. tracks. Horizontal distance between the bird
a2 and camera tower as well as the distance between the bird and nearest turbine is also
a3 registered for each observation. Moreover, the system determines the species of each
ssa  bird and gives a confidence level of the species classification. The system can classify a
ass  bird in the following categories: eagle, white—tailed eagle, golden eagle, non eagle, red
ase  Kite, red or black kite, buzzard, gull, and other avian species.

K

& B [ D E F [} H ! J
1 [TrackiD DateTimeStamp  Lalitude  Longitude SpeciesTypeName ConfidenceLevel HeightAGL_m HorizontalDistance_m ClosestTurbine TurbineDistance_m Image

bbAab6ad-0516-47F7-aTa2-76ci0ad7d- 2-17-2020 957:29.089 57.0682041 18.21678264 EAGLE 0399 0 280 316 6232716662

bbAabEad-D516-47F7-5780-T6cf0a07d. 2-17-2020 357:30.104 570682913 1821666051 E AGLE 2] 2 268 316 527513125

bbAahEad-D516-47F7-a782-7cf0a97d. 2-17-2020 367.32106 570683601 1821647471 EAGLE 092 9 257 316 43.33468737

ol Yok of

bbadbbad-0516-47F7-a782-T6ci0a07d: - 2-17-2020 357.33 111 57.0683434 1821644177 EAGLE 0a 8 256 316 42.40242738

Figure D.1. Example of data output given by the IdentiFlight system.

sz Appendix E. Subsets

Table E.1. Number of observations and tracks for each data set and each subset based on track
type, distance to turbine and altitude zone, respectively. For analyses containing all tracks and
the variables, % time looking down and active flight, the data set > 100 m & > 4 images was
used. Otherwise the dataset the > 100 m was used for analyses with all tracks. Tracks with odd
deviations were removed from all data sets. For the subset dividing observations by altitude zone
only observations within 180 meters of the nearest turbine were used.

Observations Tracks

All tracks
> 100 m 8036 564
> 100 m & > 4 images 7796 442
Divided by track type
Straight 1418 130
Curvy 3190 200
Spiral 1892 60
Chaotic 1296 52
Divided by distance to turbine
Close 2215 148
Distant 5826 348
Divided by altitude zone
Above rotor zone 1311 256
Below rotor zone 820 236

In rotor zone 1580 320
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«ss  Appendix F. Calculations
aso  Appendix F.1. Track Length Ratios

<
Start Direct track length

Figure E1. Model of a track, showing the direct track length (the dotted arrow) in comparison to
the actual track length.

a60 The track length ratio was calculated for each track as shown in Equation A1, where
se1 the direct track length is the shortest distance from a track’s start point to the track’s end
sz point (Figure F.1). This resulted in a measure of deviations from the most direct path,
sz where a value of 1 represents a flight path with no deviations. The smaller the value the
sea more deviations from the direct flight path.

Direct track length

Track length ratio = Actual track length (A1)
ses  Appendix F.2. Track Angles
a66 A track is based on the observations of a single individual i.e. multiple points that

a7 are connected in a chronological order. When an individual turns it will be seen as an
aes angle in the connected points. Left turns and right turns were distinguish as the track
se0 angles ranged from —180° to 180° (figure F.2).

Figure E2. Model of a track. Right turns ranged from 0 to 180° and left turns from —180 to 0°,
which are annotated with + and —, respectively. Trigonometry was used to calculate the angles
therefore three points was used to calculate each angle e.g. when calculating the angle for the
point B the points A and C was used as well.

a0 To calculate the angles of the track the inverse trigonometric function of cosine (arccos)
ann was used as shown in Equation A2. A, B and C represents points as shown in Figure F.2,
a2 where AB is the distance from point A to point B, and BC is the distance between point
ez Band C and so on.

2 2 2
/B —arccos<AB +BC AC )

2-AB-BC (A2)

aza  The absolute sum of track angles was calculated for each track as shown in Equation A3.
ars  This resulted in a measure of flight symmetry, where a value of 0 represents a perfectly
a7e  symmetrical track in terms of the number of turns and the size of them to the left and to
a7z the right. The larger the value the more asymmetrical the track in relation to turns to
ars  either the left or the right.

Absolute Sum of £ = (A3)

n
L4
i=1
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w7 Appendix G. x> Contingency Test

Table G.1. x> contingency test for the proportion (%) of each track type (straight, curvy, spiral,
and chaotic) in relation to time spent looking down, distance to nearest turbine, height zone (in,
below, and above rotor zone), active flight and the three different weather variables; wind speed,
temperature, and cloud coverage. Significant results are annotated with *.

Time spent looking Distance to nearest Height Proportion of time Wind speed Temperature Cloud coverage

down (%) turbine (m) zone  on active flight (%) (m/s) Q) (%)
2 55.8*** 18.6* 38.2%%* 65.3*** 56.9*+* 40.8+** 12.1
df 9 9 6 9 6 6 6

a0 Appendix H. Supplementary Results
a1 Appendix H.1. Track Types in Relation to Weather

Track Type straight [ Curvy [l spirat ] Chaotic

a) b)
50 60
40
40
30
20
20
10
0 0
0-10 10-20 20-30 0-5 5-10 10-20
Temperature (°C) Wind Speed (m/s)

)

Proportion of Tracks (%)

0-25 25-75 75-100
Cloud coverage (%)

Figure H.1.1. Proportion of occurrences of each track type in relation to wind speed, temperature,
and cloud coverage, respectively. The number of tracks is annotated above each bar.
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a2 Appendix H.2. Flight Altitude in Relation to Weather
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Figure H.2.1. Linear regression of flight altitude above ground level in relation to cloud coverage,
(a—d) grouped by track type and for (e) all track types collectively. For each regression, the median
flight altitude was used for each % cloud coverage. The regression equation and correlation
coefficient (rs) is given for each plot. The horizontal bars represent the variance around each
median (IQR).
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Figure H.2.2. Linear regression of flight altitude above ground level in relation to temperature,
(a—d) grouped by track type and for (e) all track types collectively. For each regression, the median
flight altitude was used for each °C. The regression equation and correlation coefficient (rs) is
given for each plot. The horizontal bars represent the variance around each median (IQR).
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s Appendix H.3. Flight Behavior of Individuals in Active Flight
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Figure H.3.1. Linear regression, for individuals in active flight, of the proportion of time each
individual spent looking down in relation to (a) the sum of directional changes, and (b) flight
altitude above ground level. For each regression, the median proportion of time spent looking
down was used for each corresponding variable (every 200 sum of directional changes; and every
10 m for flight altitude). The regression equation and correlation coefficient (rs) is given for each
plot. The horizontal bars represent the variance around each median (IQR).

ssa  Appendix H.4. Vigilance
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Figure H.4.1. Linear regression of the proportion of time each individual spent looking down
in relation to flight altitude above ground level, grouped by track type. For each regression, the
median proportion of time spent looking down was used for every 10 m. The regression equation
and correlation coefficient (rs) is given for each plot. The horizontal bars represent the variance
around each median (IQR).
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