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May 2020

Bat populations in North America face novel threats from white-nose syndrome and
widespread turbine-related mortality related to the rapidly expanding wind power industry in
addition to long-standing pressures from habitat loss and degradation. Bats, unlike most small
mammals, are long-lived and slow to reproduce, highlighting the importance of understanding
and managing anthropogenic sources of mortality. My dissertation research used acoustic bat
detectors to measure bat activity at commercial wind projects, predict patterns in risk, and
design strategic measures to reduce fatality rates by curtailing turbine operation during periods
when bats are most active. Bats collide with wind turbines only when their rotors are spinning,
and risk of turbine-related fatality is therefore a dynamic factor that can be manipulated by
curtailing turbine operation when bats are active. We first measured inter-detector variation in
metrics of acoustic bat activity to understand how the acoustic detection process may affect
inferences related to spatial and temporal variation in bat activity. Using acoustic detectors
mounted on top of wind turbines at two commercial wind farms in West Virginia, we then

demonstrated that the amount of bat activity recorded when turbines were operating aligned
closely with bat fatality rates on multiple scales. Accordingly, the metric of bat activity exposed
to turbine operation provides a meaningful, quantitative indicator of turbine-related bat fatality
risk. Further, bats responded consistently to changing wind speed and temperature at turbines
in both wind farms across multiple years, enabling exposed bat activity to be predicted
accurately among turbines and years. Building on these results, we simulated exposure of bats
to turbine operation and energy loss for curtailment strategies recommended by state and
federal agencies in the United States and Canada. By adjusting parameters such as cut-in wind
speeds and temperature thresholds, we demonstrated the ability to design strategic
curtailment programs that achieve equivalent or greater predicted reductions in bat activity
exposure for substantially less energy-production loss. Characterizing fatality risk on a finer
scale using acoustics will help regulatory agencies and the wind industry alike reduce risks of
population-level impacts to vulnerable bat species while continuing to expand large-scale
renewable energy generation.
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CHAPTER 1
CAN YOU HEAR ME NOW? IMPLICATIONS OF IMPERFECT DETECTION ON COMMON METRICS
OF ACOUSTIC BAT ACTIVITY
Abstract
Acoustic bat detectors provide one of the few methods to monitor bats effectively and
unobtrusively as they fly and forage in their natural habitat. The ability to detect a bat
acoustically varies according to many dynamic factors including behavior of the bat and its
position and orientation relative to a detector, conditions of the air and surrounding habitat,
and characteristics of acoustic detectors such as sensitivity and microphone type. Inferences
based on acoustic monitoring are therefore potentially affected by nuisance variation
introduced during the detection process. We summarized a unique dataset of acoustic bat
recordings collected by detector pairs deployed over periods of several weeks to many months
to quantify detection probability and inter-detector concurrence in multiple common metrics of
acoustic bat activity under field settings. We demonstrated that paired bat detectors often do
not record the same bat passes and that detection probability and inter-detector alignment in
the amount of recorded bat activity were low during short intervals (e.g. 1–20 minutes).
Nevertheless, the amount of inter-detector variance attributable to nuisance factors was small
relative to biologically interesting sources of variance, such as nightly weather patterns or
habitat characteristics. Bat activity metrics summarized per night and per detector were closely
aligned between paired detectors whether oriented in parallel (sampling the same airspace) or
perpendicular (sampling adjacent airspace). As such, the potential impact of imperfect
detection on a monitoring program depends on the temporal scale over which data are
1

analyzed and the amount of variation related to variables of interest. Our results highlight the
difficulty of removing inter-detector variation altogether and show that paired bat detectors of
the same type and configuration rarely detect an identical set of bat passes. However, the longterm nature of passive acoustic monitoring, even when a single bat detector is used, can
compensate for such variation to provide an accurate assessment of important indicators of bat
activity.
1.1. Introduction
Bats’ nocturnal behavior and ability to fly, coupled with the fact that most North American bat
species produce sounds well above the range of human hearing, renders bats difficult to
observe in their natural habitat. Donald Griffin’s discovery that bats use echolocation to avoid
obstacles and capture prey (Griffin and Galambos 1941; Griffin 1953) led to development of
acoustic bat detectors to first listen to, then visualize, and ultimately record ultrasonic bat calls.
While early bat detectors required vanloads of cumbersome equipment, technological
advances and innovations coupled with increased awareness of the need to monitor bat
populations have since led to dramatic improvements in the technical capabilities and
portability of bat detectors (Grinnell 2018). Bat detectors have illuminated many aspects of bat
behavior and highlighted a fascinating diversity of echolocation characteristics and behaviors
within and among species. As bats face the combined effects of ongoing processes such as
habitat loss, and novel threats from white-nose syndrome and turbine-related impacts at wind
farms, information from acoustic monitoring will play an increasingly important role in bat
research and management.

2

The ability to deploy bat detectors continuously for multiple nights to intervals of more than a
year and increasing availability of affordable and reliable bat detectors has led to
unprecedented use of passive monitoring to document trends in the amount of bat activity and
species composition across broad temporal and spatial scales (Parsons and Szewczak 2009).
Acoustic detectors record time-stamped files that can be analyzed to generate an index of bat
activity (overall or by species/species group) during a monitoring interval. Although acoustic
activity does not indicate the number of bats in an area (see Hayes 2000), the number of
recorded passes provides a relative index of activity which can be analyzed at various temporal
and spatial scales.
Acoustic bat survey results are often analyzed on a nightly basis (e.g. presence/absence of bat
detections per night, number of passes per night) for evaluating temporal patterns or
relationships with variables such as temperature, precipitation, wind speed, or moon phase
(e.g. Erickson and West 2002, Parsons et al. 2003). Due to the influence of many factors
affecting bat activity on a nightly basis (see Hayes 1997), nightly data are typically aggregated
and summarized over longer intervals (multiple nights, seasons, or monitoring periods
encompassing several months) to measure spatial variation in occupancy (e.g. Yates and Muzika
2006) or activity (e.g. Gehrt and Chelsvig 2004). Increasingly, acoustic detectors are being used
to determine presence of rare species (US Fish and Wildlife Service 2020), evaluate potential
risk to bats at locations considered for wind energy projects (US Fish and Wildlife Service
2014a), and monitor regional trends in bat populations over time (e.g. North American Bat
Monitoring Program). Real-time acoustic bat data recorded on wind turbines has even been
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used to trigger wind turbine curtailment to prevent turbine operation during periods when bats
are active and reduce fatality rates (Hayes et al. 2019).
With increasing reliance on acoustic methods comes a greater need to understand and quantify
sources of variation related to the process of detecting and recording bats. Broadly, changes in
acoustic bat activity can represent biologically interesting variation in the number, species, or
behavior of bats, or can stem from factors such as the characteristics of the sampled airspace
and associated influence on the propagation of ultrasound through air, and the equipment used
to record the sound (Adams et al 2012; Goerlitz 2018). Some sources of potential nuisance
variation cannot be controlled for under natural monitoring conditions. Humidity, wind speed,
and temperature affect propagation of sound through air, adding numerous dynamic factors
that could influence not only the ability to detect ultrasound, but also the amplitude and
frequency profile of the echolocation pulses produced by the bats themselves (Parsons 1996;
Goerlitz 2018). Further, bats do not always echolocate when in flight (Gorresen et al. 2017;
Corcoran and Weller 2018), and individual bats alter their echolocation behavior depending on
surrounding habitat, distance to obstacles, and proximity to other bats, adding additional
sources of variation in call characteristics and associated detectability (Clement et al. 2014;
Obrist 1995).
Other sources of nuisance variation are potentially easier to minimize in acoustic survey design.
Standardizing detector deployment configuration and placement can reduce the potential
influence of characteristics of the surrounding physical habitat on acoustic bat survey results.
The dimensions of a sampled flight corridor and amount of vegetative clutter can affect not
only the species composition of bats likely present near a detector, but also the types of calls
4

they will be producing, and their orientation relative to the detector, all of which in turn affect
acoustic detection probability (Clement et al. 2014; Parsons 1996; Parsons and Szewczak 2009).
Bat detectors use a variety of microphone elements and algorithms/technologies to transform
ultrasonic echolocation pulses of bats into the range of human hearing, and associated
variation in sensitivity among detector types can have profound effects on detection range and
volume of sampled airspace (Parsons 1996; Parsons and Szewczak 2009; Adams et al. 2012),
highlighting the need to standardize equipment when comparing activity among sites. Larson
and Hayes (2000) demonstrated the importance of calibrating detectors and ultrasonic
calibration devices are commercially available for certain bat detectors (e.g. Wildlife Acoustics
Ultrasonic Calibrator and Titley Scientific Anabat Equalizer). Analyzing acoustic data requires a
combination of automated filtering or visual differentiation between bats and noise,
highlighting the importance of standardizing data analysis methods.
As acoustic bat detectors become more reliable, long-term acoustic monitoring programs raise
additional sources of nuisance variation. When deployed passively over long periods of time,
bat detectors often malfunction at some point due to a variety of factors including battery
failure, microphone damage or degradation, firmware bugs, or damage from electrical
disturbances and lightning. Detector failure is often sudden but can also involve gradual
degradation or decline in sensitivity, influencing the effectiveness of any individual detector.
Detector calibration cannot ensure consistent subsequent performance under variable field
conditions, and fluctuating variation in detector sensitivity, although likely in studies involving
passive monitoring, is difficult to measure in the field.

5

The likelihood of detecting a bat acoustically during any given interval and the number of bat
calls recorded therefore depend on numerous factors, some of which vary in time and space
and are difficult to control in field settings and others that can be minimized by standardizing
data collection and analysis methods. Whether such factors could introduce problematic bias
into results of an acoustic survey depends to a large extent on study design and objectives,
although their potential effects are often untested in acoustic studies (Duchamp et al. 2006).
We addressed potential influence of inter-detector variation on several common metrics of
acoustic bat activity using a dataset of passive acoustic bat recordings from paired detectors
collected by Peterson et al. (2014, 2016). Paired detectors of the same model were deployed
side-by side (<1 m apart) and monitored equivalent, uncluttered airspaces presumed to be of
the same volume and experiencing identical environmental conditions. Acoustic data were
recorded, processed, and analyzed using identical methods. Accordingly, natural factors that
are typically difficult to account for under field conditions were presumed to have minimal
influence on detection probability. Nevertheless, prior analyses of a subset of this dataset
noted differences in nightly numbers of recorded bat calls between paired detector, although
aggregated survey results were highly correlated (Peterson et al. 2014). Peterson et al. focused
their analysis on data from a single detector at each site, selected post hoc based on qualitative
review of system status files and recorded data, but left unexplored variation in rate of bat
detection between paired detectors at shorter intervals and the resulting amount of time
aggregation needed to produce accurate estimates of bat activity.
In this paper we specifically addressed the questions of detectability and consistency in several
metrics of bat activity across a range of intervals by analyzing a large set of acoustic data from
6

paired detectors. We then analyzed at what temporal scales paired detectors report consistent
indices of bat activity and calculate actual detection probabilities from a subset of timecorrected bat passes. By comparing bat activity metrics between pairs of identical detectors
sampling overlapping or adjacent airspace, the population of bats available for detection was
presumably identical between paired detectors and inter-detector variation in results between
detectors was therefore attributable to the detection process or other sources of nuisance
variation. This dataset is one of the most extensive of its type, providing an unprecedented
opportunity to explicitly assess inter-detector variation in measures of bat activity based on
multiple paired detectors deployed under a wide range of conditions.
1.2. Methods
1.1.1 Acoustic Data Collection
Peterson et al. (2014, 2016) measured bat activity at remote islands, offshore structures, and
coastal sites throughout the northeastern U.S. between 2009–2014 as part of a regional study
of bat activity offshore. Acoustic monitoring stations consisted of paired acoustic bat detectors
(Anabat model SD1 and SD2, Titley Scientific, Queensland, Australia) deployed at fixed locations
for periods of 3–12 months per year (Peterson et al. 2016). Detectors were deployed in pairs to
protect against data loss in the event of equipment failure, with the second detector serving as
a backup. During analysis, the detector with a more complete dataset was designated as the
primary detector, although both detectors functioned properly in many cases, yielding a unique
set of double-observer data. Paired units were located less than 1 m apart, with microphones
oriented parallel (sampling fully overlapping airspace) or perpendicular to one another
(sampling adjacent and slightly overlapping airspace; Figure 1.1). In most cases, individual
7

detectors were changed or replaced during each year of surveys, resulting in unique pairings of
detectors of the same type among locations and years. Accordingly, and because detector pairs
were geographically or temporally distinct, we considered each detector pair in each year to be
an independent sample for the purposes of assessing differences in results among detectors.
Figure 1.1. Paired acoustic detectors deployed in perpendicular orientation at Monhegan Island
Lighthouse in 2010 (left) and parallel orientation at Isle au Haut Lighthouse in 2009 (right).

Detectors were mounted on lighthouse railings, temporary towers, and other structures away
from trees and other vegetation, such that paired detectors sampled unobstructed airspaces of
equivalent dimensions and volume, defined by the pickup patterns of microphones, which were
all of the same type. Detectors were deployed in weatherproof enclosures and powered with
12-volt batteries charged by small solar panels, with 1.5-inch diameter PVC elbow fittings (90degree) used to direct ultrasound into detectors (Peterson et al. 2014). We calibrated detectors
prior to deployment using an ultrasonic transmitter (Bat Chirp II, Tony Messina, Las Vegas,
Nevada) to confirm units were within acceptable subjective range of sensitivity and to minimize
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variation among detectors (Larson and Hayes 2000). We also adjusted sensitivity in the field as
necessary to minimize static from external sources (Peterson et al. 2014).
We downloaded data from bat detectors using CFCread software (version 4.3s, Titley Scientific,
Queensland, Australia), which uses a series of configurable triggers to extract time-stamped
frequency-time plots of potential bat passes from detectors. We used default settings including
a smoothness setting of 50, maximum time between calls of 5 seconds, and minimum line
length of 5. We categorized each attempted detector-night as successful or not based on
system status files generated during data extraction and other diagnostic information such as
battery voltage and reported sensitivity as described in Peterson et al. (2014). In most cases,
detectors remained inoperative after an equipment malfunction, except certain cases where
batteries dropped below a critical voltage but were later recharged by solar panels.
We visually inspected each recorded file using AnalookW software (version 3.7; Titley
Scientific), differentiating bats from background noise or static and defining a bat pass as any
sequence of 2 or more recognizable echolocation pulses. We assigned passes with 5 or more
pulses to species or species group based on similarity to reference recordings of free-flying bats
of known species recorded using similar detectors. We assigned each bat pass to a species or
species group defining a bat pass as any sequence of 2 or more recognizable bat echolocation
pulses (e.g. frequency-modulated sweeps ranging from ~15–120 kHz) separated by no more
than 2 seconds within a 15 second file (Peterson et al. 2014).

9

1.1.3 Data Analysis
Data Synchronization
We compiled a dataset of acoustic bat passes recorded by primary and backup detectors,
including only those nights during which both detectors were determined to be working
properly. During analysis, we discovered that detector clocks, although synchronized before
deployment, drifted at variable rates, requiring nightly alignment of timestamps for evaluating
detection probability. We visually inspected a subset of bat passes recorded by paired detectors
on dual computer displays, identifying simultaneous detections based on similarity of recorded
frequency-time plots and/or consistency of patterns among sequences of passes (Figure 1.2).
When simultaneous detections could be identified, we determined the difference between
timestamps assigned by each detector to create a nightly correction factor for each pair,
averaging offset times if multiple simultaneously recorded passes could be identified during a
night. We used this nightly correction factor to synchronize timestamps during the subset of
nights where simultaneous detections were documented.
Figure 1.2. Screenshots of an eastern red bat (Lasiurus borealis) recorded by primary (left) and
backup (right) detectors at Appledore Island on the night of July 31, 2012.

10

Short Duration (1–60 minutes) Analysis with Synchronized Data
We assessed inter-detector variation in detection probability and the number of bat passes and
during short intervals ranging from 1–60 minutes using the subset of paired data from
detectors with synchronized clocks, limiting analysis to pairs with at least 10 bat passes
recorded per detector. We first rounded synchronized timestamps down to the nearest interval
(binned by 5 minutes) and tallied the number of passes per interval recorded per detector in R
version 3.5.1 (R Core Team 2018) using packages lubridate and dplyr (Grolemund and Wickham
2011; Wickham et al. 2019). Each interval represented four possible outcomes consisting of
detection at neither detector (0:0), detection only by the primary or backup detector (1:0 or
0:1), or by both detectors (1:1).
To evaluate change in detection probability across intervals of different length, we calculated
for each pair of detectors in each interval length the proportion of intervals with presence (1:1,
1:0, or 0:1) in which both detectors recorded bat activity (1:1). We then calculated Lin’s
concordance correlation coefficient (Lin’s CCC; Lin 1989) for the square-root transformed
number of bat passes recorded by each paired detector, binning data in the same aggregation
intervals. Lin’s CCC is commonly used to quantify agreement in measurements of continuous
variables by paired observers or pieces of equipment (Watson and Petrie 2010; Barnhart et al.
2002) and is analogous to a correlation coefficient between observed data and a regression line
forced through the origin with a slope of 1. We calculated Lin’s CCC using the CCC function in R
Package DescTools (Signorell 2019).
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Nightly Analysis using Complete Dataset
We determined the number of passes recorded per night and calculated a nightly activity index
(AI) representing the number of minutes in which bat activity occurred (Miller 2001). Because
detector clocks varied by no more than a few minutes, we used the full set of paired data for
nightly analyses, although we excluded results from pairs with fewer than 10 surveyed nights or
from which either detector recorded fewer than 10 bat passes. As for shorter intervals, we
calculated detection probability based on the number of nights with presence during which
both detectors recorded bats and used Lin’s CCC to evaluate alignment in nightly bat activity
metrics measured by paired detectors.
Nightly data are typically used to assess the influence of weather and other temporally variable
factors on bat activity. To compare the magnitude of biologically interesting sources of variation
(e.g. among nights) to nuisance (intra-pair) variation, we used nested ANOVA models with
random intercepts to partition nuisance variance versus potentially interesting (inter-pair and
inter-night) variance in the number of bat passes and AI using the lme function in R package
nlme (Pinheiro et al. 2018) and the varcomp function in R package ape (Paradis and Schliep
2018; Dingemanse and Dochtermann 2013). We ran separate models for the number of passes
and AI for each configuration type, nesting random variables detector (primary or backup)
within night within pair, implementing models using the script with the form lme(sqrt(response
variable) ~ 1, random = ~1|pair/night, method = “REML”) such that detector was the lowest
unit of replication.
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To assess temporal variation in intra-pair detector alignment, we calculated a nightly index of
similarity (S) in the number of bat passes recorded per night by primary and backup detectors in
each pair as
𝑆𝑆 = 1 −

|(n𝑝𝑝 − n𝑏𝑏 )|
(n𝑝𝑝 + n𝑏𝑏 )

where np = the nightly number of passes recorded by the primary detector and nb = the nightly
number passes recorded by backup detector, such that S is a real number ranging from 0–1.
Unlike detection probability and Lin’s CCC, which are calculated using nightly data but
summarized per detector pair, S is itself a nightly metric, providing an index of temporal
variation in intra-pair alignment. To evaluate consistency in alignment between paired
detectors over time, we partitioned variance in S among nights and detector pairs using
separate hierarchical mixed-effects models for parallel and perpendicular configurations,
including number of nights since deployment (nnights) and square-root transformed total
number of bat passes (passes) recorded per detector as fixed effects and detector pair as a
random effect. We implemented models in R using a script with the form lme(S ~ nnights +
sqrt(passes), random = ~1|pair) using a separate nightly dataset for each configuration type.
We also calculated the mean and coefficient of variation in nightly S indices for each pair of
detectors as an index of the magnitude and variability in nightly alignment between paired
detectors.
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Multi-night Analysis using Complete Dataset
Acoustic bat data are typically summarized among surveyed nights to generate site-level
activity metrics. Each pair of detectors in our dataset sampled a distinct location, and we
calculated for each paired bat detector the rate of bat passes per night, percent of surveyed
nights with activity, and mean nightly activity index (AI). For pairs with more than 30 surveyed
nights, we also calculated the Gini coefficient for each detector as a quantitative measure of
evenness in bat activity among nights. Although not commonly reported in acoustic wildlife
surveys, the Gini coefficient can indicate concentration of populations (Shryock and Siegel
1980) and provides a useful metric of the degree to which activity is concentrated within a
small number of nights or evenly distributed among nights (Peterson et al. 2016).
For each multi-night activity metric, we calculated Lin’s CCC for the subsets of pairs with parallel
and perpendicular orientation. As we did for the nightly analysis, we partitioned intra-pair
variance from inter-pair variation (representing variation among sites) to quantify the relative
magnitude of nuisance variance in each bat activity metric at the detector level. We applied a
square-root transformation to the number of recorded passes and AI for nightly and multi-night
models and used a similar model structure for each activity metric, scaling variance
components to compare partitioning among the four activity metrics.
1.2

Results

Short Duration (1–60 minutes) Analysis using Synchronized Data
We used 254 simultaneously recorded bat passes to align timestamps (rounded to the nearest
minute) during 97 nights for detector pairs with parallel (n = 9) or perpendicular (n = 5)
configurations. The resulting dataset, representing 10 distinct locations and 5 years, consisted
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of 61,241 aligned minutes, with 0–9 bat passes detected per minute, totaling 5,866 passes
recorded by primary detectors and 5,487 passes recorded by backup detectors. Overall, bat
activity occurred during 6.0 percent of minutes surveyed by perpendicular detector pairs and
6.7 percent of minutes at parallel detector pairs, suggesting generally similar opportunity for
bat presence at pairs with each configuration type. Excluding data from one site (SEGISL 2009)
which accounted for 66 percent of passes within this dataset, 59.4 percent of bat passes
recorded by detectors in parallel configurations and 76.0 percent of bat passes recorded by
detectors in perpendicular configurations occurred during minutes in which the paired detector
recorded no bat activity.
At one-minute grain, simultaneous detections occurred infrequently, with mean calculated
detection probabilities of 0.23 (s = 0.30) among perpendicular pairs and 0.19 (s = 0.18) among
parallel pairs. Mean Lin’s CCC values for the number of bat calls aggregated per minute by
primary versus backup detectors were 0.34 (s = 0.38) and 0.27 (s = 0.38) for perpendicular and
parallel pairs, respectively based on one-minute intervals. Detection probability and Lin’s CCC
increased and became less variable among pairs when data were aggregated over longer time
periods, with consistently higher detection probability among parallel versus perpendicular
pairs (Figure 1.3). For data aggregated to 60 minutes, mean detection probability values for
perpendicular and parallel pairs were 0.67 (s = 0.17) and 0.79 (s = 0.16), respectively, whereas
mean Lin’s CCC for the number of passes was 0.77 (s = 0.15) for perpendicular detectors and
0.84 (s = 0.23) for parallel detectors when aggregated at 60-minute intervals.
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Figure 1.3. Detection probability (left) and Lin’s CCC (right) for paired acoustic bat detectors
based on 11,413 bat passes recorded at 14 detector pairs over 97 nights, aggregated at
intervals from 1–60 minutes.

Nightly Analysis using Complete Dataset
We compiled a dataset of 2,440 nights of acoustic bat data from 26 independent pairs of
detectors with perpendicular (n = 9) and parallel (n = 17) configurations, with 10–247 nights
surveyed per pair. Detection probability based on nightly presence/absence of bats ranged
from 0.44–1.00 among pairs, with an overall median of 0.89 (Table 1.1). Ninety-five percent
(95%) of nights with activity documented by only one detector had 5 or fewer passes at the
single detector recording bat activity, although up to 97 bat passes occurred during such nights.
The degree of intra-pair alignment in the nightly number of recorded bat passes varied
substantially among pairs (Lin’s CCC ranged from 0.33–0.99 among pairs) and AI (Lin’s CCC
ranged from 0.29–1.0 among pairs), although median Lin’s CCC was 0.90 or higher for both
metrics, indicating that in most cases, intra-pair alignment was relatively high at nightly
intervals (Table 1.1). Variance in nightly bat activity occurred primarily among nights and
detector pairs, whereas nuisance, intra-pair variance accounted for 3.3% of total variance in the
nightly number of bat passes and 3.0% of variance in nightly AI for parallel pairs (Table 1.2).
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Table 1.1. Multi-night bat activity metrics for primary (P) and backup (B) detectors and indices of intra-pair alignment based on
nightly data. Activity metrics include total number passes, rate (passes per night), percent nights with recorded bats, mean activity
index (AI), and Gini coefficient (GC). Alignment indices include detection probability (DP), mean similarity index (S), coefficient of
variation (cv) in S, and Lin’s concordance correlation coefficient (CCC) for the nightly number of passes and AI between detectors.
Peterson et al. (2016) includes detailed site descriptions.
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GC

DP

Lin’s
CCC,
AI
0.80
0.83
0.91
0.69
0.91

S
(mean)

cv(S)

0.60
0.53
0.73
0.42
0.62

0.61
0.67
0.38
0.90
0.54

Intra-pair variance accounted for slightly higher proportion of total variance in the number of
recorded bat passes (5.7%) and AI (3.8%) at perpendicular pairs.
Mean detection probability and Lin’s CCC for the nightly number of recorded bat passes and AI
did not vary significantly between configurations or as a function of activity rate (Table 1.3). The
mean of the nightly similarity index (S) was significantly higher for parallel detector pairs
(median = 0.75) than perpendicular pairs (median = 0.55) and significantly higher for detector
pairs with more bat activity. Detection probability and mean S calculated per pair were
positively related (correlation coefficient 0.88). The coefficient of variation in mean S was
significantly lower for parallel pairs and pairs with more bat activity, indicating more consistent
intra-pair alignment (Table 1.3). Nightly S varied more among nights than detector pairs, with
proportionally greater nightly variability for perpendicular versus parallel pairs and was also
significantly higher for nights with more bat passes, but did not increase as a function of the
number of nights since deployment (Table 1.4).
Multi-night Analysis using Complete Dataset
Bat activity metrics summarized per detector within each pair were highly correlated. Lin’s CCC
for the rate of bat passes per detector-night, percent nights with activity, mean AI, and Gini
coefficient recorded by primary versus backup detectors was 0.98 or higher for pairs with
parallel configurations and 0.92 or higher for perpendicular pairs (Figure 1.4). Intra-pair
variance in each of these activity metrics accounted for less than 2% of the total variance
among detector pairs with parallel configurations and less than 7% of total variance among
perpendicular pairs (see Table 1.2).
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Table 1.2. Partitioned components of variance (scaled) in nightly (number of recorded bat
passes and activity index [AI]) and multi-night (total passes, activity rate, percent nights with
bat activity, mean AI, and Gini coefficient) bat activity metrics.
Scale

Metric

Nightly

Bat Passes (nightly)*
AI (nightly)*
Multi-night
Rate*
% Nights with Activity
AI (Mean)*
Gini coefficient
*square root transformed

Parallel Configuration
Intra-pair Inter-pair Night
0.033
0.430
0.537
0.030
0.459
0.511
0.019
0.981
0.012
0.988
0.012
0.988
0.004
0.996
-

Perpendicular Configuration
Intra-pair Inter-pair Night
0.057
0.385
0.557
0.038
0.422
0.540
0.032
0.968
0.069
0.931
0.013
0.987
0.040
0.960
-

Table 1.3. Summary of general linear models evaluating the effect of detector configuration and
activity rate on indices of intra-pair alignment in nightly bat activity measured by paired
acoustic detectors, weighted by the number of surveyed nights per pair.
DP
Variable
Configuration
Perpendicular
(intercept)
Parallel
Mean Rate (squareroot transformed)
R2
F (2,23)
*p < 0.05. **p < 0.01.

β

SE β

Lin’s CCC,
Rate
β
SE β

Lin’s CCC,
AI
β
SE β

S (mean)
β

cv(S)

SE β

β

-0.53

0.21

-0.14

0.21

-0.21

0.25

-0.36

0.22

0.42

0.21

0.41

0.21

0.21

0.21

0.11

0.25

0.59*

0.22

-0.44*

0.21

0.12*

0.04

0.05

0.04

0.06

0.05

0.09*

0.04

-0.11*

0.04

0.38
7.09**

0.10
1.34

0.08
0.97

0.34
5.86**

Table 1.4. Parameter estimates and model summary for fixed and random effects from
hierarchical mixed-effects models of nightly variation in similarity index S.
Variable
Fixed Effects
# Nights since
Deployment
Total Bat
Passes*
Random Effects
Detector Pair
Night
R2 (marginal)
R2 (conditional)
*square root transformed

SE β

Parallel

Estimate (95% CI)

Perpendicular

0.001 (<0.001 – 0.001)

-0.001 (-0.002 – <-0.001)

0.015 (0.011 – 0.019)

0.009 (0.005 – 0.013)

0.166 (0.110 – 0.250)
0.282 (0.269 – 0.295)
0.085
0.321

0.084 (0.040 – 0.174)
0.320 (0.299 – 0.342)
0.098
0.156
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0.35
6.15**

Figure 1.4. Multi-night bat activity metrics (bat passes per night (a), percent of nights with
activity (b), Gini coefficient (c), and activity index [AI; d]) calculated for primary and backup
detectors within each pair. Dashed lines indicate a 1:1 relationship.

a.

b.

c.

d.

1.3 Discussion
Paired acoustic bat detectors of the same make and model often do not record the same
individual bat pass events nor equivalent numbers of bat passes during a given interval, even
when sampling the same airspace and configured with identical settings. In fact, more than half
of recorded bat passes occurred during minutes when a paired detector recorded no bat
activity. Detection probability and intra-pair alignment in the number of recorded bats were
low and variable among surveyed sites at short intervals but improved and became more
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consistent over intervals longer than 20 minutes. Intra-pair alignment in bat activity measured
on a nightly basis was generally high, suggesting that extending the interval over which data
were aggregated further increased consistency of bat activity measures.
The amount of intra-pair variation in bat activity varied considerably among detector pairs and
tended to be higher for perpendicular pairs and sites with less bat activity based on each of the
four metrics of alignment we tested (detection probability, Lin’s CCC for the number of passes
and AI, and mean similarity index S), although only some relationships were statistically
significant. The nightly similarity index S fluctuated substantially among nights for detector
pairs, suggesting that detector sensitivity and detection probability themselves are temporally
variable as well.
Despite variability in intra-pair alignment of bat activity metrics, our results suggest that
aggregating data over periods as short as ~1 hour can generate reliable indices of presence and
relative activity with small measurement error relative to biologically interesting sources of
variation like time and space. At nightly and longer intervals, intra-pair variance in bat activity
accounted for a small proportion of total variance in bat activity among nights and/or detector
pairs. While pairing detectors as was done in Peterson et al. (2016) helped guard against data
loss over long monitoring intervals and allowed us to quantify intra-pair variation over a range
of temporal scales, our results suggest that pairing acoustic detectors provides little additional
information on bat activity patterns. Detection probability could still be quantified by other
means, such as building detection histories based on different nights as in Weller et al. (2012)
and distributing additional bat detectors among other locations would provide additional
spatial information that would presumably be more useful for management decisions.
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Calculating detection probability based on double-observers makes several assumptions
including that observers are sampling equivalent areas and that individuals are available for
detection by both observers (Nichols et al. 2000; McCallum 2005). Bats’ highly mobile behavior
coupled with relatively limited range of acoustic bat detectors complicates such assumptions,
as illustrated by comparing intra-pair similarity in bat activity among detector configurations.
Nightly acoustic data were more similar and less variable between detectors in parallel versus
perpendicular pairs, indicating that slight changes in detector position can contribute to
variation in detection patterns. Whereas detecting a bat at only one detector in a parallel pair
sampling the airspace represents a detection error, the same result at a perpendicular pair
could represent either a detection error or simply indicate that a bat passed only through the
sampled air space of a single detector. In cases where foraging bats fly repeatedly past a pair of
detectors, multiple detection opportunities could be expected to lessen the influence of
nuisance variance for parallel and perpendicular pairs alike, but in cases of a single fly-by,
detectors in perpendicular orientation could be expected to yield more dissimilar results.
Identification of individual bats is not possible with acoustic methods, although we documented
greater difference in alignment between detectors at sites with low levels of bat activity,
suggesting that a higher proportion of bat passes at these sites may have represented fly-bys as
opposed to repeated detections of the same bat, as might be expected for actively foraging
bats.
Effectively, bats are only available for detection when they pass within range of an acoustic
detector, which represents a small proportion of airspace available to foraging bats. Our results
highlight the degree to which a bat detector may fail to detect bats even when present during
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periods of less than 15–20 minutes. Intuitively, aggregating data over longer intervals increases
the likelihood that a bat will fly within range of a detector and be recorded it if is present in the
area throughout the sampling interval. Improved detection probability and intra-pair alignment
over longer intervals was not surprising, as detection probability is a scale-dependent metric
that logically increases as the time window lengthens (McCallum 2005). Typically, acoustic bat
survey protocols summarize data over relatively long periods of time (e.g. nightly tally of passes
or average rate of activity during a period of multiple nights), which greatly decreases the
proportional influence of nuisance variation as opposed to variation of interest, such as among
nights or different locations. Longer sampling intervals are also often necessary for acoustic
surveys to detect all species present in an area (Skalak et al. 2011).
When deployed for long periods of time, bat detector microphone sensitivity can be affected by
numerous variables. We observed microphones with visible damage caused by moisture or
partially blocked by spiderwebs, and although fluctuating battery voltage of detectors used in
this study should not affect sensitivity (Corben pers. comm) it is possible that voltage reached
critically low levels for portions of nights such that the surveyed period differed in length
between paired units. Further, categorizing bat detectors as working or not working during a
given night over a multi-month deployment relies on subjective review of system status files
and results without the benefit of quantitative data on detector sensitivity. Normally, nights
with partial data loss are classified as non-operational and removed from analysis, although
they can go unnoticed in large datasets of the type included in this study. Detectors frequently
record no bat activity even when working properly, particularly for sampling in environments
with low levels of bat activity, and distinguishing periods of multiple nights with no activity from
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periods with a malfunctioning detector, or with reduced sensitivity due to a weak battery,
requires subjective determination.
Inconsistent detector sensitivity, possibly caused by fluctuating battery voltage, temporary
fouling of microphone elements (e.g. by moisture/fog, spider webs, etc.) and/or errors in
nightly determination of proper detector operation could explain some of the nightly variation
in intra-pair alignment (represented by nightly similarity index S), most of which was
unexplained by factors we modeled, including the number of nights since deployment and
amount of bat activity (marginal R2 < 0.1), with substantial variation remaining among detector
pairs and surveyed nights. Calibrating equipment and standardizing analysis methods
presumably reduces but cannot eliminate equipment-related nuisance variation under field
conditions or over long periods of time.
Intra-pair variation in recorded bat activity was substantially smaller in our study than in
comparisons among different types of detectors (e.g. Adams et al. 2012), which can differ
substantially in microphone type, detection pattern, signal to noise ratios and other factors
affecting sensitivity. As detectors and associated analysis methods continue to develop,
comparisons to previous datasets recorded with older equipment will introduce yet additional
sources of variation, potentially complicating long-term monitoring programs that rely on
autonomous acoustic monitors (Rempel et al. 2013; Shonfield and Bayne 2017). Such programs
are gaining broad support and becoming more practical as technological improvements enable
acoustic bat detectors to be deployed for long periods of time and bats economic importance,
vulnerability, and potential value as bioindicators are receiving increased recognition (Jones et
al. 2009; Kunz et al. 2011). Accordingly, understanding the degree to which imperfect detection
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and variation in sensitivity among individual bat detectors, microphone types, and analysis
methods affect results will be critical for the design and implementation of large-scale and longterm acoustic monitoring programs (Loeb et al. 2015; Walters et al. 2012), as will accounting for
imperfect detection, as has been successfully applied to bat acoustic data (Gorresen et al. 2008;
MacKenzie et al. 2002; Wright et al. 2016). Although our analyses considered bat activity in
total, species-specific analyses may need to account for inter-specific variation in detection
probability.
Detection probability under field conditions is influenced by numerous dynamic processes. Our
results highlight potential issues with assuming consistent detector sensitivity under field
conditions, even after calibrating detectors of the same make and model, but also demonstrate
that intra-pair variance in bat activity was proportionally small relative to inter-night or intersite variance. Similarly, activity metrics calculated at the site level were closely aligned between
detectors even when detection probability at shorter intervals were low. Ultimately, the
potential effect of nuisance variation attributable to equipment and the detection process
depends on the temporal scale of analyses, with the greatest potential effect noticeable for
short intervals. When calculated at the detector level based on hourly or longer intervals, each
activity metric we evaluated was closely aligned between paired detectors, whether sampling
overlapping or immediately adjacent airspace. Accordingly, we recommend that management
decisions relying on the amount of bat activity rely on data aggregated over intervals of at least
one hour and ideally at a nightly or multiple nightly level. Despite potential limitations of
acoustic monitoring for bats and inevitable variation among pieces of equipment, our results
demonstrate that this type of nuisance variation has a limited influence on overall metrics
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when comparing aggregated results from the same type of bat detector and when proper
measures are taken to standardize detector configuration and operation. Although deploying
backup detectors can effectively guard against data loss from equipment malfunction, our
results suggest that distributing individual detectors across additional sites would provide more
biologically useful information and be a better use of limited resources when designing bat
monitoring programs based on acoustics.
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CHAPTER 2
DEFINING RISK IN THE ROTOR ZONE: USING ACOUSTIC BAT DETECTORS TO EXPLORE
RELATIONSHIPS BETWEEN BAT ACTIVITY AND FATALITY RISK AT WIND TURBINES
Abstract
Turbine-related bat mortality at commercial wind energy facilities is a widespread occurrence in
that may threaten the conservation of certain long-distance migratory bat species in North
America. As the wind industry expands, so does the potential for population-level
consequences, and wind industry stakeholders and regulatory agencies alike are investigating
strategies to reduce impacts to bats. Bats collide with wind turbines only when turbine rotors
are spinning, and several studies have documented that preventing turbine operation at low
wind speeds can effectively reduce bat fatality rates. However, few quantitative data exist to
determine appropriate threshold wind speeds to curtail turbine operation. Carcass monitoring
has been the primary method to evaluate impacts to bats and the effectiveness of turbine
curtailment at reducing fatality rates, but this method is costly and provides coarse feedback on
the relative success of alternative curtailment programs. We tested whether acoustic bat data
recorded at turbine nacelle height could provide a more temporally precise and sensitive
measure of fatality risk to bats by analyzing acoustics, weather, turbine operation, and fatality
data collected at two commercial wind farms in West Virginia over seven years. Each wind farm
implemented several distinct curtailment treatments during our study, allowing us to compare
fatality rates and acoustic activity across multiple operational strategies. We found that the rate
of bat passes occurring when turbine rotors were spinning explained over 80 percent of the
variation in estimated bat fatality rates and accounted for significant variation in raw carcass
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counts per turbine and the probability of finding bat carcasses during individual turbine
searches. Conversely, bat activity occurring when turbines were not operating had no influence
on fatality. By differentiating bat activity occurring when turbines were on or off, and therefore
exposed to turbine operation or not, we demonstrated a novel use of acoustic bat data as a
quantitative measure of fatality risk. We also found that bat activity exposure could be
predicted accurately among turbines and years. Together, these results demonstrated that the
metric of exposed bat activity was positively correlated with bat fatality on multiple scales and
was predictable, thus providing a framework to characterize risk to bats with finer temporal
and spatial resolution than carcass monitoring allows and predict the effectiveness of
alternative curtailment strategies.
2.1 Introduction
Turbine-related bat fatality is a widespread occurrence at commercial wind farms and may
threaten the conservation of some long-distance migratory bat species in North America. Wind
power is a growing source of renewable energy and extrapolating average fatality rates to the
projected future build-out of the industry yields high estimates of annual fatalities for
vulnerable species (Arnett and Baerwald 2013; Arnett et al. 2016; Hein and Schirmacher 2016).
Hoary bats (Lasiurus cinereus), eastern red bats (L. borealis), and silver-haired bats
(Lasionycteris noctivagans) appear most susceptible to turbine-related impacts and consistently
comprise the most-documented fatalities (Arnett et al. 2008; Hein and Schirmacher 2016; Kunz
et al. 2007), although fatalities of federally endangered, threatened, and candidate bat species
whose populations have been decimated by White-nose Syndrome (e.g., Indiana bats [Myotis
sodalis], northern long-eared bats [M. septentrionalis], and little brown bats [M. lucifugus])
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have also occurred at wind energy facilities (Arnett et al. 2016; Hein and Schirmacher 2016).
Potential population-level consequences are difficult to measure given the absence of reliable
population estimates for long-distance migratory bats, but the relatively long life span of bats
coupled with their slow reproductive rates suggest that declines are likely for vulnerable
species such as hoary bats (Frick et al. 2017).
Turbine-related bat fatalities occur only when turbine rotors are spinning (Arnett et al. 2016)
and preventing turbine operation at low wind speeds effectively reduces bat fatality rates. The
cut-in speed of a commercial wind turbine refers to the wind speed at which the turbine begins
to generate electricity (Manwell et al. 2009). Turbine rotors may or may not rotate below this
cut-in speed, depending on the make and model. In the context of wildlife impacts, turbine
curtailment refers to the practice of simultaneously increasing the cut-in speed of turbines and
feathering turbine blades parallel to the wind to prevent the turbine rotor from spinning below
the increased cut-in speed. Turbine curtailment at low wind speeds prevents turbine operation
and associated fatality risk to bats during conditions when bats are most active. Baerwald et al.
(2009) first reported reductions in bat fatalities resulting from curtailing turbines at low wind
speeds, and Arnett et al. (2010) also demonstrated effectiveness of curtailment, noting similar
reductions at turbines with cut-in wind speeds of 5.5 and 6.5 meters per second (m/s).
Subsequent curtailment studies have demonstrated considerable variation in reduced fatality
rates for cut-in speeds ranging from 3.5–6.9 m/s (American Wind and Wildlife Institute 2018b;
Arnett et al. 2013). Although effective at reducing bat fatalities, curtailing turbine operation
also eliminates the ability to generate renewable electricity, and the cost of curtailment
increases as an approximately cubic function of wind speed between normal cut-in speeds and
29

~12–15 m/s (Carrillo et al. 2013). Accordingly, wind farm operators seek to minimize the
amount of curtailment but often lack empirical evidence to justify lower cut-in speeds,
shortened periods, or incorporation of parameters other than wind speed.
Standardized carcass monitoring, consisting of trained observers walking regularly spaced
transects beneath turbines and visually detecting carcasses has been the primary method to
estimate bat fatality rates and evaluate effectiveness of curtailment (Bernardino et al. 2013;
Huso et al. 2016). However, fatality estimates often have relatively wide confidence intervals
due to short carcass persistence times and imperfect carcass detection, and smaller sample
sizes of carcasses found during curtailment studies also contribute to imprecise fatality
estimates. While carcass searches can demonstrate effectiveness of curtailment programs if
associated fatality rates are sufficiently different, this method may have a limited ability to
distinguish subtly different curtailment programs. Further, carcass searches, even if conducted
daily at each turbine, cannot determine the precise timing of fatalities and will therefore do
little to further refine our understanding of factors influencing fatality risk. The high cost of
standardized carcass monitoring also reduces its suitability as a long-term monitoring strategy.
By contrast, acoustic detectors provide finely grained temporal data on bat activity within the
rotor zone of turbines and can operate autonomously for long periods of time (Parsons and
Szewczak 2009). Weller and Baldwin (2012) used acoustic monitoring and occupancy models to
demonstrate the influence of season and multiple environmental variables on bat activity in the
rotor zone and suggested that incorporating additional parameters could improve the efficiency
of curtailment programs. Behr et al. (2017) and Korner-Nievergelt et al. (2013) also used
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nacelle-mounted bat detectors to assess the influence of season, time of night, and several
weather variables on bat activity at wind farms throughout Germany.
Although acoustic bat surveys have long been conducted to assess species composition and
seasonal activity patterns of bats at proposed wind energy projects, prior attempts to relate bat
fatality and activity have yielded mixed results. Hein et al. (2013) found no significant
relationship between pre-construction bat activity levels and subsequent fatality estimates in
an analysis of results from 12 wind energy facilities with paired data. The magnitude of preconstruction acoustic bat activity and fatality during operation showed no relationship across
12 wind energy projects in Pennsylvania, although seasonal patterns in bat activity and fatality
were consistent (Taucher et al. 2012). By contrast, Baerwald and Barclay (2009) noted a
significant association between pre-construction bat activity and fatalities among 5 sites in
Alberta and reported significant relationships between bat activity and fatalities on a nightly
basis (Baerwald and Barclay 2011). Johnson et al. (2011) also reported a correlation between
regional trends in nightly acoustic bat activity and fatalities for certain species at a nearby wind
energy facility near their study site for certain bat species.
Several factors could explain the lack of consistent relationships between acoustic bat activity
and fatality patterns. Bats appear attracted to wind turbines (Cryan et al. 2014), and preconstruction surveys are unable to account for the concentration of bat activity near turbines.
Potentially complex behavioral processes affect temporal and seasonal variation in bat activity,
and comparisons over coarse time scales may have failed to detect relationships between
activity and fatality that may occur in shorter intervals. Further, the number of recorded bat
passes does not reliably indicate the number of bats in an area (Hayes 2000), such that bat
31

activity should not necessarily indicate the magnitude of fatalities. Lastly, turbines pose a risk to
bats only when operating, and previous studies attempting to link acoustic bat activity and
fatality rates have not differentiated activity that was exposed or not exposed to turbine
operation.
With these considerations in mind, we analyzed an extensive set of acoustic bat data recorded
at nacelle height and concurrent fatality data collected at two commercial wind facilities in
West Virginia between 2011–2018 and investigated correlations between bat activity and
fatality across various temporal and spatial scales. We hypothesized that the proportion of bat
activity exposed to turbine operation would be positively correlated with bat fatalities whereas
activity occurring when turbines were curtailed would not affect fatality risk. We also compared
simulated versus measured exposure of bat activity to turbine operation under various
curtailment treatments and tested the ability to predict exposure using data from individual
turbines across years. As such, we tested whether passive acoustic monitoring could provide an
effective methodological framework to predict the effectiveness of curtailment systems and
evaluate their effectiveness. A temporally precise and sensitive metric of fatality risk will
improve the ability to predict and manage risk to bats and be useful in designing curtailment
strategies that are tailored to site-specific patterns in bat activity.
2.2 Methods and Study Area
2.2.1 Study Area
Our study took place at two commercial wind projects in West Virginia, both located on
forested ridges in the Ridge and Valley ecoregion (Figure 2.1), characterized by long, linear
ridges oriented roughly northeast–southwest (Woods et al. 1996). Fourteen bat species could
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occur in West Virginia, including the little brown bat, northern long-eared bat, Indiana bat, gray
bat (M. grisescens) small-footed bat (M. leibii), silver-haired bat, tri-colored bat (Perimyotis
subflavus), big brown bat (Eptesicus fuscus), eastern red bat, Seminole bat (Lasiurus seminolus),
hoary bat, evening bat (Nycticeius humeralis), Virginia big-eared bat (Corynorhinus townsendii
virginianus), Rafinesque’s big-eared bat (Corynorhinus rafinesquii). All bats in West Virginia
echolocate using ultrasonic frequencies ranging from ~10–190 kHz and can be detected
acoustically using bat detectors, although species vary in echolocation behavior and
characteristics and not all species are equally detectable (Parsons and Szewczak 2009). Hoary
bats, eastern red bat, and silver-haired bats account for 72% of carcasses found at commercial
wind projects in the Ridge and Valley ecoregion, although fatalities of all species except the
eastern small-footed bat, Virginia big-eared bat, and Rafinesque’s bat have been documented
at wind projects in North America (American Wind and Wildlife Institute 2018a).
Laurel Mountain
The Laurel Mountain Wind Facility (Laurel Mountain) is a 97.6-megawatt (MW) wind farm
spanning approximately 20 km along the ridgeline of Laurel Mountain, which forms the border
between Randolph and Barbour counties in northeastern West Virginia. Laurel Mountain
consists of 61 1.6-MW GE XLE turbines arranged in a single string at elevations ranging from
780–945 m above sea level (Figure 2.1). Each turbine has an 82.5 m diameter rotor mounted
atop an 80 m tower, with the rotor zone extending from approximately 39–122 m above
ground level. During normal operation, these turbines rotate at speeds ranging from 10–18
revolutions per minute (rpm) between the standard cut-in wind speed of 3.5 m/s and the
maximum wind speed of 25.0 m/s, and often freewheel at wind speeds less than 3.5 m/s. Other
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than synchronized flashing red beacons on 22 of the turbines, the turbines themselves do not
have any lighting. Mature hardwood forests under various commercial harvest regimes occur
across most of the ridgeline and relatively steep side slopes, with no extensive wetland features
or exposed rocky talus slopes along the ridgeline.
New Creek
The New Creek Wind Project (New Creek) is a 103 MW wind farm located on approximately 11
km of forested ridgeline on New Creek Mountain in Grant County, West Virginia. New Creek
includes 49 Gamesa turbines (45 model G97 and 4 model G90), each with a 2.0 MW capacity
and 78 m hub height. The rotor diameters of the G97 and G90 turbines are 97 m and 90 m
respectively. During normal operation, these turbines rotate at speeds up to 17.8 rpm between
the standard cut-in wind speed of 3.0 m/s and the maximum wind speed of 25.0 m/s. Other
than synchronized flashing red beacons on 18 of the turbines, the turbines themselves do not
have any lighting. The ridgeline elevation within New Creek is approximately 900 m above sea
level, with elevations in the surrounding values ranging from 400–450 m. The bedrock of New
Creek Mountain consists of sandstone with several exposed rocky talus fields up to ~0.17 km2
occupying much of the steep western slope of the mountain. The eastern slope is generally less
steep and lacks exposed talus fields. Forests within New Creek are primarily oak-dominated
with a canopy of scrub oak (Quercus ilicifolia) reaching a maximum height of 5–10 m in most
areas and areas of pitch pine (Pinus rigida) regeneration. Wetlands are limited along the
ridgeline with water generally found only in temporary pools along existing roadways and a
small pond at the southern end of the site.
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Figure 2.1. Location of the Laurel Mountain (blue outline) and New Creek (red outline) Wind
Projects in West Virginia. Red dots identify turbines equipped with acoustic detectors during
the study and black dots indicate turbines without acoustic detectors.
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2.2.2 Turbine Curtailment
Laurel Mountain
Turbines at Laurel Mountain were operated under a variety of curtailment scenarios during
various periods between 2011–2015. During the 2011–2012 survey period, which encompassed
15 August–31 November 2011 and 1 April–31 July 2012, 24 study turbines were divided among
three operational treatments of 8 turbines each, consisting of feathering below normal cut-in
speed of 3.5 m/s, increased cut-in speed of 4.5 m/s, and an operational control. The same cutin speeds were applied across all temperatures. All turbine operation was shut down at night
between 1 August and 5 September 2012, and a restrictive curtailment system was applied to
all turbines between 6 September and 15 November 2012. Unlike blanket curtailment systems
that use a single cut-in wind speed applied across all temperatures, this “sliding scale”
curtailment system applied progressively higher cut-in speeds at warmer temperatures. The
same system was implemented in 2013 at all turbines. Various parameters of the curtailment
system were modified after 2013 to focus on a narrower set of conditions, including capping
the cut-in speed at 6.9 m/s in 2014 and 2015, lowering cut-in speeds during April (2015), and
removing curtailment in November (2015; Table 2.1). A 30-minute buffer before sunset and
after sunrise (updated weekly) also was removed in 2015. The turbine control system used realtime data from nacelle-mounted anemometers and temperature sensors at 2 on-site
meteorological towers to automatically trigger curtailment of individual turbines during the
prescribed combinations of temperature and wind speed.
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New Creek
New Creek turbines were divided into 4 operational groups in 2017 and curtailed at cut-in
speeds ranging from 4.5–6.9 m/s depending on the time of year. In 2017, cut-in speeds were
the same among treatments between 1 April–30 June, were equally allocated among 2–3
subsets of turbines between 1 July–15 October, and 2–4 subsets of turbines between 16
October–15 November (Table 2.2). When multiple cut-in speeds were in effect, treatments
were applied sequentially among turbines. Curtailment treatments were implemented between
sunset and sunrise (updated weekly) and triggered automatically based on temperature and
wind speed data recorded by instruments mounted on the nacelles of each turbine. During
2018 monitoring, 12 turbines were operated without curtailment according to manufacturer’s
normal specifications (control) and 37 were operated according to a curtailment program based
on acoustic data collected in 2017, which applied cut-in speeds ranging from 4.0–6.0 m/s
depending on the time period (Table 2.2).
2.2.3 Turbine Operation Data
We obtained 10-minute mean rpm and wind speed data from each surveyed turbine and 10minute mean temperature from turbines and on-site meteorological (met) towers during each
study period. For Laurel Mountain, we used temperature data averaged between 2 met towers,
and for New Creek, we used temperature data recorded externally at each turbine nacelle, as
these were the temperature data referenced by corresponding turbine control systems. We
removed spurious wind speed readings (e.g. <0 m/s and >30 m/s) and omitted sequences of 6
or more identical wind speed readings, which were indicative of anemometers becoming stuck
at relatively low wind speeds.
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Table 2.1. Cut-in wind speeds (m/s) and temperature thresholds of curtailment treatments during each monitoring period at Laurel
Mountain between 2011 and 2015.
Study Period
2011–2012
Fall 2012
2013
2014
2015
Temperature
15 Aug–31 Oct 2011;
1 Aug–5
6 Sep–15
1 Apr–15
1 Apr–15
1 May–
1–30 Apr
1–15 Nov
1 Apr–31 Jul 2012
Sep*
Nov
Nov
Nov
31 Oct
> 15°C
control; 3.5; 4.5 m/s
shutdown
8.0 m/s
8.0 m/s
6.9 m/s
4.0 m/s
6.9 m/s
control
12.5–15°C
control; 3.5; 4.5 m/s
shutdown
7.5 m/s
7.5 m/s
6.9 m/s
4.0 m/s
6.9 m/s
control
10.0–12.5°C
control; 3.5; 4.5 m/s
shutdown
6.5 m/s
6.5 m/s
6.5 m/s
4.0 m/s
6.5 m/s
control
7.5–10.0°C
control; 3.5; 4.5 m/s
shutdown
5.5 m/s
5.5 m/s
5.5 m/s
4.0 m/s
5.5 m/s
control
< 7.5°C
control; 3.5; 4.5 m/s
shutdown
3.5 m/s
3.5 m/s
3.5 m/s
3.5 m/s
3.5 m/s
control
*All turbines at Laurel Mountain were fully curtailed at night (all wind speeds) during 1 Aug–5 Sep 2012, during which no fatality searches occurred.

Table 2.2. Cut-in wind speeds (m/s) and temperature thresholds of curtailment treatments applied at New Creek in 2017 and 2018.
Temperature

2017

1 April–30
June

1 July–15 October

> 10°C

6.9 m/s

6.0 m/s; 6.9 m/s

5–10°C

6.9 m/s

≤ 5°C

6.9 m/s

control;
6.0 m/s; 6.9 m/s
control; 6.0 m/s; 6.9
m/s

Study Period
16 October–15
November
4.5 m/s; 5.5 m/s;
6.0 m/s; 6.9 m/s
control; 6.0 m/s;
6.9 m/s

1 April–30
June
control; 5.5
m/s
control; 5.5
m/s

1 July–30
September
control;
6.0 m/s
control;
6.0 m/s

control; 6.9 m/s

control

control
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2018
1–31 October
control; 5.0 m/s
control; 5.0 m/s
control

1–15
November
control; 4.0
m/s
control; 4.0
m/s
control

2.2.4 Standardized Carcass Monitoring
Standardized carcass monitoring occurred seasonally at subsets of turbines at Laurel Mountain
in 2011–2015 and at New Creek in 2017–2018. Survey dates varied from year to year, although
search methods remained consistent across turbines, years, and sites (Table 2.3). Trained
observers visually scanned the ground on either side of marked, linear transects extending to
the limits of the turbine, with transects spaced at 5 m intervals at Laurel Mountain (Stantec
2013) and 4 m intervals at New Creek (Stantec 2019). Plot sizes were defined by the cleared
area around each turbine or the limit of searchable terrain up to a maximum square plot,
centered on the turbine and 90 m on a side. Periodic mowing occurred at Laurel Mountain to
maintain visibility and carcass detection, whereas ground cover at New Creek was sufficiently
sparse during the monitoring periods and mowing was not required.
The bat fatality rate per turbine was estimated separately for turbines in each operational
treatment at each site using estimators that augmented the number of carcasses found during
searches by incorporating results of site-specific bias trials and thereby accounting for
imperfect carcass detection, carcass removal by scavengers, search interval, and the proportion
of area that could be searched. Bat fatality estimates for all operational treatments at Laurel
Mountain were generated using the “Shoenfeld method” (Shoenfeld 2004; Young et al. 2011)
as described in Stantec 2016 whereas fatality was estimated for all treatments at New Creek
using the “Huso estimator” (Huso 2010; Huso et al. 2012) at New Creek, as described in Stantec
2019. The Huso and Shoenfeld estimators have both been used frequently for estimating bat
fatality rates and include the same general correction factors but make different assumptions
about carcass detectability, persistence, and other factors (Bernardino et al. 2013).
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Table 2.3. Standardized carcass monitoring survey effort for Laurel Mountain and New Creek,
2011–2018.
Site
Laurel

Monitoring
Period
2011/2012
2012

Dates
15 Aug–31 Oct
2011; 1 Apr–31
Jul 2012
6 Sep–15 Nov

Curtailment Cut-in
Speeds (m/s)
control
4.5

# Turbines/Interval
12 turbines/3-day
12 turbines/3-day

Estimator

Reference

Shoenfeld
Shoenfeld

Stantec 2013*
Stantec 2013*

3.5–8.0 (based on
24 turbines/3-day
Shoenfeld Stantec 2014
temperature)
2013
1 Apr–15 Nov
3.5–8.0 (based on
24 turbines/3-day
Shoenfeld Stantec 2014
temperature)
2014
1 Apr–15 Nov
3.5–6.9 (based on
24 turbines/3-day
Shoenfeld Stantec 2015
temperature)
2015
1 Apr–15 Nov
3.5–6.9 (based on
24 turbines /3-day
Shoenfeld Stantec 2016
temperature)
New
2017
1 Apr–15 Nov
6.9
12 turbines/7-day
Huso
Stantec 2018
Creek
6.0–6.9 (by season)
12 turbines/7-day
Huso
Stantec 2018
5.5–6.9 (by season)
13 turbines/7-day
Huso
Stantec 2018
4.5–6.9 (by season)
12 turbines/7-day
Huso
Stantec 2018
2018
7 May–14 Nov
Control
24 turbines/7-day
Huso
Stantec 2019
4.0–6.9 (by season)
25 turbines/7-day
Huso
Stantec 2019
*Fatality estimates for the first year of operation at Laurel were based on combined monitoring in fall 2011 (8
turbines per treatment) and spring/summer 2012 (12 turbines per treatment).

2.2.5 Acoustic Bat Monitoring
Acoustic Data Collection
At Laurel Mountain, we monitored bat activity at nacelle height (~90 m above ground level)
using Anabat (Titley Electronics, Queensland, Australia) model SD1 or SD2 echolocation
detectors deployed in weatherproof housings bolted to nacelle-mounted anemometer masts.
Each detector was powered by a 12-volt battery charged by a 10-watt solar panel. Monitoring
occurred at 6 turbines in 2011 and 9 turbines in years 2012–2015. We selected evenly spaced
turbines among the subset of 24 turbines at which standardized carcass searches occurred. We
tested all system microphones using an ultrasonic transmitter (Bat Chirp II, Tony Messina, Las
Vegas, Nevada) prior to and following deployment and manually adjusted the sensitivity to ~6–
7, or 1 unit below that point where constant static was recorded (Peterson et al. 2014; see
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Chapter 1). Detectors were rotated among turbines and/or replaced between survey years such
that each turbine/detector pair was a unique combination. We attached microphones directly
to the acoustic detectors and used 90-degree 1.5- inch PVC elbows to protect the detector
microphones from precipitation and serve as an acoustic reflector. We oriented the opening of
each PVC elbow to point horizontally (downwind) off the back end of the nacelle (Figure 2.1).
We set detector clocks using a network-connected computer and programmed detectors to
record data on a nightly basis between 18:00 and 08:00, to sample the full period from sunset
to sunrise, plus a buffer on either side. In 2011–2014, GLM1 (Titley Electronics, Queensland,
Australia) modems enabled remote data transfer and in 2015, we manually downloaded data
from detectors’ compact flash memory cards and inspected detector systems on an
approximately monthly basis. We replaced malfunctioning system components when possible
throughout each monitoring period. After downloading data files using CFCread software
(version 4.3s, Titley Scientific, Queensland, Australia) with default settings in place, we
categorized each attempted detector-night as successful or not by reviewing system status files
and diagnostic information such as battery voltage and reported sensitivity.
We monitored acoustic bat activity at New Creek using full-spectrum bat detectors (Wildlife
Acoustics SM4), deploying detectors on the nacelle-mounted anemometer mast of 9 turbines
evenly distributed throughout the wind farm. Omni-directional SMM-U1 microphones were
oriented horizontally, aiming away from the rotor off the back of the nacelle. We programmed
detectors to operate continuously from 30 minutes before sunset to 30 minutes after sunset
based on the latitude and longitude of the site, using a built-in scheduling function of the
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detectors. We operated detectors in “triggered wav” model with default sampling rate of 256
kHz, gain of 12 dB, and trigger settings of 16 kHz frequency, 1.5 ms minimum duration, 12 dB
level, and 3 s window. Detectors were powered by 12-volt batteries charged by 10-watt solar
panels. We performed sensitivity checks on detector microphones prior to deployment using a
Wildlife Acoustics Ultrasonic Calibrator to ensure microphones were operating according to
manufacturers’ specifications. We converted .wav files recorded by detectors to zero-crossing
format using Kaleidoscope Pro software (version 3.1.7) and manually generated a nightly status
file categorizing each attempted survey night as successful or not successful based on recorded
data and a system status file generated by each detector.
Figure 2.2. Acoustic bat detectors (circled in orange) installed on the nacelle of Turbine 47 at
Laurel Mountain (left) and Turbine 1 at New Creek (right).

Acoustic Data Analysis
After conversion to zero-crossing format, we visually inspected each recorded file from Laurel
Mountain and New Creek using AnalookW software (version 3.8s or later; Titley Scientific,
Queensland, Australia) and defined a bat pass as a single file containing 2 or more visually
discernable echolocation pulses within a 15-second file (Kunz et al. 2007).
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We rounded the time stamp of each bat pass up to 10-minute intervals in R version 3.5.1 (R
Core Team 2018) package xts (Ryan and Ulrich 2018) and determined the corresponding wind
speed and turbine rotor speed (rpm) from the same turbine nacelle. Temperature data were
averaged from 2 on-site meteorological towers at Laurel Mountain and were recorded by
sensors on the exterior of each turbine at New Creek. We also tallied the number of bat passes
per 10-minute period in which acoustic data were collected. We manipulated timestamps using
R package lubridate (Grolemund and Wickham 2011) and determined sunrise and sunset times
for each surveyed night using R package suncalc (Thieurmel and Elmarhraoui 2019).
2.2.6 Comparison of Bat Activity and Fatality
Using a threshold rotor speed of 1 rpm or higher to indicate turbine operation, we categorized
every recorded bat pass for which rpm data were available as either exposed to turbine
operation or not using R package dplyr (Wickham et al. 2019). This allowed us to differentiate
bat activity in terms of exposure to turbine operation and associated risk of turbine-related
fatality. We calculated the proportion of bat passes exposed to turbine operation and the
number of exposed passes per night (or 10-minute interval for analysis at the scale of individual
turbine searches) for turbines in each curtailment treatment and test relationships between
exposed bat activity and fatality risk at multiple temporal scales.
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Bat Activity and Fatality Estimates by Treatment
We pooled acoustic data from turbines within operational treatments for which empirical bat
fatality estimates were available (see Table 2.3) and calculated, for the date ranges represented
by the fatality estimates, the rate of total bat passes and the subset of passes exposed to
turbine operation per night. We also calculated the percent of recorded bat passes that were
exposed to turbine operation (detected when turbine rpm ≥ 1) at turbines in each operational
treatment. The number of bat passes recorded by a detector can be influenced by many factors
(see Chapter 1; Hayes 2000), and we tested two metrics of bat activity to determine whether
they showed similar relationships with bat fatality rates. We limited acoustic data summaries to
the range of dates in which treatments were in effect and/or time periods represented by the
corresponding fatality estimate. Because detectors were not deployed on all turbines at which
carcass searches took place, bat fatality estimates were based on a larger number of turbines
than acoustic bat activity metrics.
We used general linear models to compare bat fatality estimates for each treatment to the
pooled rate and percent of bat activity measured at turbines in the same treatment. We ran
separate models for total bat activity and the subset of bat activity exposed to turbine
operation and conducted Wald likelihood ratio tests using R package aod (Lesnoff and Lancelot
2012) to compare models with and without site as a factor.
Bat Activity and Raw Carcass Counts per Turbine
To compare fatality patterns and acoustic bat activity at a finer spatial and temporal scale, we
calculated the rate of total bat passes and the subset of passes exposed to turbine operation
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per night measured at each turbine and compared each metric to the raw number of carcass
found per turbine during standardized carcass searches. We calculated carcass totals and
acoustic activity metrics for turbines within the period same periods, representing the intervals
in which distinct operational treatments were implemented (see Table 2.3). We considered
acoustic data and carcass totals to be independent among turbines and monitoring periods
based on temporal and spatial isolation of the datasets from one another. We modeled the raw
carcass count per turbine as a function of bat activity measured per turbine during the same
monitoring period using generalized linear models with a Poisson distribution. As we did at the
treatment level, we ran separate models for total bat activity and the subset of activity exposed
to turbine operation. Search area, number of turbine searches, and ground visibility, each of
which can influence raw carcass counts, were similar among turbines at each site but differed
between sites. As above, we compared models with and without site as a factor to account for
these factors and evaluated significance of site using Wald tests.
Bat Activity and Carcass Detection during Individual Turbine Searches
We determined the number of bat passes recorded at each turbine during nights between
standardized carcass searches and calculated the rate of total and exposed bat passes per 10minute period to account for seasonal variation in length of nights. Such intervals were typically
3 nights for Laurel Mountain and 7 nights for New Creek, corresponding to the turbine search
interval at each site. We compared this interval-specific metric of total and exposed bat activity
to the binary probability of detecting or not detecting fresh bat carcasses (e.g. fatalities
estimated to have occurred since the last turbine search) during the subsequent turbine search
using logistic regression. This comparison explored the relationship between bat activity and
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bat fatality on as fine a temporal scale as available carcass data allowed. As above, we ran
separate models for total bat activity and the subset of exposed activity and compared models
with and without site using Wald tests.
2.2.7 Simulating and Predicting Exposure
We simulated turbine operation under each implemented curtailment strategy for which
acoustic data were available by categorizing every 10-minute period as meeting or not meeting
the parameters of each turbine’s curtailment treatment. We then calculated the rate and
percent of bat activity with measured exposure (bats detected when turbine rpm ≥ 1) and
simulated exposure (bats detected when curtailment conditions were met) to turbine
operation. This comparison indicated how closely actual turbine operation aligned with the
design of each curtailment strategy. For uncurtailed control turbines, we used the wind speed
bin at which rotor speed exceeded 1 more than 50% of the time (2.0 m/s for New Creek and 3.0
m/s for Laurel Mountain) as the threshold for simulating exposure.
Next, we evaluated the ability to predict the amount of bat activity exposed to turbine
operation by calculating measured exposure associated for each turbine and comparing this to
simulated exposure for the same treatment based on data recorded at the same turbine during
the previous monitoring period (usually the previous year). We compared predicted and
measured exposure for individual turbines, limiting the dataset to turbines surveyed
acoustically in consecutive years. We also tested predictions based on a pooled dataset
(separated by site) of acoustic data from all turbines except those in the treatment being
predicted. We compared predicted versus measured exposure for individual turbines and the
pooled dataset using general linear models, log-transforming simulated and measured
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exposure for analyses based on individual turbine data to account for the bias towards
restrictive curtailment treatments that resulted in low exposure of bat activity to turbine
operation. We compared models with and without site using likelihood ratio tests and
evaluated the accuracy of predictions based on models using the individual turbine and pooled
datasets by calculating the root mean square error (RMSE) and 95% confidence intervals of
model residuals.
2.3

Results

Bat Activity and Fatality Estimates by Treatment
Paired nacelle-height acoustic bat data and fatality estimates were available for 10 distinct
operational treatments implemented at Laurel Mountain (n = 6) and New Creek (n = 4; Table
2.4). Empirical bat fatality estimates ranged from 1.4–38.2 bats per turbine per monitoring
period among treatments, and the associated number of bat passes per night ranged from 5.3–
12.8 (Table 2.4). The nightly rate of total bat activity measured at turbines within each
operational treatment had no discernable relationship with estimated bat fatality rates,
although the subset of exposed bat activity explained close to 80 percent of the variation in
estimated bat fatality rates among treatments (F(1,8) = 26.1, R2 = 0.77, p < 0.001; Figure 2.3).
Likewise, the percent of bat passes exposed to turbine operation was even more closely aligned
with estimated fatality rates (F(1,8) = 63.6, R2 = 0.89, p < 0.001; Figure 2.3). Site was not a
significant factor for any of the models comparing bat activity and fatality estimates.
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Table 2.4. Acoustic bat survey effort and results by site, year, and treatment, with corresponding bat fatality estimates (bats per turbine per
monitoring period), for Laurel Mountain and New Creek.

4,543 (2,755)

# Bat Passes per
Detector-night
(Exposed Rate)
9.4 ( 5.7)

260 (133)
4,125 (1,720)

shutdown
6 (198)
3,711 (0)
3.5–8.0 (by
6 (384)
3,636 (381)
temperature)
2013
31 Mar–14 Nov
3.5–8.0 (by
9 (1,741)
18,135 (1,030)
temperature)
2014
9 Apr–15 Nov
3.5–6.9 (by
9 (1,874)
9,998 (843)
temperature)
2015
9 Apr–15 Nov
3.5–6.9 (by
9 (1,679)
13,123 (951)
temperature)
New Creek
2017
NA
6.9 m/s
NA
NA
2017
NA
6.0–6.9 (by season)
NA
NA
2017
19 May–14 Nov
5.5–6.9 (by season)
5 (724)
9,281 (2,384)
2017
19 May–14 Nov
4.5–6.9 (by season)
2 (220)
2,394 (534)
2018
9 May–16 Nov
control
4 (694)
4,981 (4,022)
2018
16 May–16 Nov
4.0–6.9 (by season)
5 (666)
6,936 (964)
*Bat fatality estimates as reported in references cited in Table 2.3.
**The 3.5 m/s cut-in speed was discontinued after fall 2011 and no fatality estimate was available.
***Fatality monitoring did not occur during the fall 2012 shutdown and no fatality estimate was available.
****Acoustic data were unavailable from turbines in these operational treatments in 2017.

Site
Laurel
Mountain

Monitoring
Period
2011/2012
2011**
2011/2012
2012***
2012

Dates Surveyed
Acoustically
24 Aug–11 Nov;
28 Mar–31 Jul
24 Aug–13 Sep
24 Aug–11 Nov;
30 Mar–31 Jul
1 Aug–5 Sep
6 Sep–14 Nov

Curtailment Cut-in
Speed (m/s)
control
3.5
4.5

# Turbines
(# Detectornights)
4 (483)
1 (21)
5 (609)
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# Bat Passes
(Exposed)

% Passes
Exposed

Bat Fatality
Estimate (95% CI)*

60.6

23.4 (17.6–30.2)

12.4 (6.3)
6.8 (2.8)

51.2
41.7

NA
6.6 (4.6–8.8)

18.7 (0.0)
9.5 (1.0)

0.0
10.5

NA
1.5 (0.8–2.5)

10.4 (0.6)

5.7

1.4 (0.7–2.2)

5.3 (0.4)

8.4

1.9 (1.3–2.7)

7.8 (0.6)

7.2

2.1 (1.0–3.8)

NA
NA
12.8 ( 3.3)
10.9 (2.4)
7.2 (5.8)
10.4 (1.4)

NA
NA
25.7
22.3
80.7
13.9

2.6 (1.5–4.6)
2.2 (1.3–3.4)
4.0 (2.2–6.5)
1.9 (1.4–2.6)
38.2 (21.0–75.7)
3.7 (2.2–7.2)

Figure 2.3. Estimated bat fatality as a function total bat passes per night (left), the subset of bat
passes exposed to turbine operation (center), and percent of bat passes exposed to turbine
operation (right) for curtailment treatments Laurel Mountain and New Creek. Dashed lines
indicate 95% confidence intervals around the regression line. Error bars represent upper and
lower 95% confidence intervals surrounding fatality estimates and were not included in the
model structure.

Bat Activity and Raw Carcass Counts per Turbine
Bat carcass counts and acoustic data were available for 22 individual turbines (after removing 2
turbines with fewer than 1 week of acoustic data) across 7 distinct monitoring periods at Laurel
Mountain and New Creek (see Table 2.4), representing 53 independent carcass totals with
corresponding measures of bat activity. Significantly more bat carcasses were found at turbines
with higher rates of exposed bat activity within the corresponding monitoring period (χ2 =
124.28, p < 0.001). The total number of bat passes per night also explained significant variation
in raw carcass counts per turbine (χ2 = 10.2, p = 0.001), although the strength of this
relationship was substantially weaker than when only exposed activity was modeled (Figure
2.4). Fewer carcasses were found at New Creek than Laurel Mountain due in large part to a
longer search interval (fewer total carcass searches) and site was a significant factor in both
models.
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Figure 2.4. Total number of bat carcasses found per turbine as a function of the total bat passes
per night (left) and the subset of bat passes per night exposed to turbine operation (right) for
Laurel Mountain and New Creek. Dashed lines indicate 95% confidence intervals.

Bat Activity and Carcass Detection during Individual Turbine Searches
Acoustic and fatality data were available for 2,172 turbine search intervals at Laurel Mountain
(mean length = 3.05 days) and 322 intervals at New Creek (mean length = 7.07 days). Carcasses
were found following 55 intervals (2.5%) at Laurel Mountain and 10 intervals (3.1% at New
Creek). The probability of finding a bat carcass was significantly greater following intervals with
a higher rate of exposed bat activity (logistic regression, χ2 = 64.3, p < 0.001). The probability of
carcass detection was still greater following intervals with higher rates of total bat activity
(logistic regression, χ2 = 9.8, p = 0.002), although the relationship was weaker (Figure 2.5). Site
was not a significant factor for models with all bat activity or subsets of exposed and unexposed
activity based on likelihood ratio tests.
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Figure 2.5. Distribution of bat activity in intervals preceding turbine searches with and without
detection of bat carcasses as a function of the number of total bat passes (left) and the subset
of exposed bat passes (right) per night during the interval since the previous turbine search for
Laurel Mountain and New Creek.

2.3.1 Simulating and Predicting Curtailment
Curtailment treatments implemented at Laurel Mountain and New Creek from 2011–2018
should have exposed 2.7–91.2 percent of recorded bat passes to turbine operation at individual
turbines based on simulations using 10-minute temperature and wind speed data, whereas
measured exposure ranged from 3.6–88.5 percent among turbines based on turbine operation
data using a threshold of 1 rpm. Log-transformed simulated and measured exposure were
highly correlated based on data from 62 independent measurements from individual turbines
(F(1,60) = 742.7, R2 = 0.93, p < 0.001; Figure 2.6).
Predictions based on acoustic and weather data collected the previous year at the same turbine
(n = 33 paired datapoints) were also closely related to measured exposure (F(1,31) = 163.1, R2 =
0.84, p < 0.001; Figure 2.6). The mean of the absolute value of differences between measured
and predicted exposure, based on data from the previous year at the same turbine, was 4.3%.
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The 95% quartiles for residuals of the model comparing predicted and measured exposure
ranged from -0.30–0.21, with a residual RMSE of 0.149. The relationship between predicted and
measured exposure did not vary significantly among sites.
Figure 2.6. Measured versus simulated exposure of bat activity to turbine operation (left; n =
62) and predicted exposure based the previous year’s data (center; n = 33) for individual
turbines and pooled turbines by operational treatment (right; n = 12) at Laurel Mountain and
New Creek, 2011–2018.

Predicted exposure, based on data pooled among turbines at each site excluding the treatment
in question, ranged from 0.0–90.2 percent of bat passes among 12 distinct operational
treatments for which nacelle-height acoustic data were available. Predictions were highly
correlated with measured exposure (F(1,10) = 220.0, R2 = 0.96, p < 0.001), which ranged from
0.0–80.8 percent of bat passes (Table 2.4; Figure 2.6). The 95% quartiles for residuals of the
model comparing predicted and measured exposure ranged from -6.6–9.2, with a residual
RMSE of 5.1. The relationship between predicted and measured exposure of bat activity did not
differ among sites based on likelihood ratio tests and predicted exposure explained over 90% of
variance in measured exposure among treatments (Figure 2.6). The mean of the absolute value
of differences between predicted and measured exposure based on pooled data was 5.4
percent.
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Table 2.5. Predicted and measured exposure of bat activity to turbine operation by treatment
at Laurel Mountain and New Creek, 2011–2018, limited to treatments for which acoustic data
were available.
Site
Laurel

Monitoring
Period
2011/2012
2011
2011/2012

Curtailment Cut-in
Speed (m/s)
control
3.5
4.5

2012

shutdown
3.5–8.0 (by

Predicted
Exposure (%)
69.7 (n = 53,092)
56.8 (n = 57,491)
32.4 (n = 53,547
0.0 (n = 55,836)
4.7 (n = 53,895)

Measured
Exposure (%)
59.2 (n = 4,659)
51.2 (n = 260)
40.9 (n = 4,204)
0.0 (n = 3,711)
10.9 (n = 3,636)

Difference
(%)
11.3
5.7
8.3
0.0
6.2

5.6 (n = 39,396)

5.7 (n = 18,135)

0.3

7.3 (n = 49,533)

8.4 (n = 9,998)

0.7

8.1 (n = 44,408)

7.3 (n = 13,123)

3.0

15.3 (n = 14,339)
16.5 (n = 21,211)
90.2 (n = 18,627)
20.5 (n = 16,684)

25.7 (n = 9,281)
22.4 (n = 2,410)
80.8 (n = 4,993)
13.9 (n = 6,936)

7.7
3.2
9.9
8.9

temperature)
2013

3.5–8.0 (by
temperature)

2014

3.5–6.9 (by
temperature)

2015

3.5–6.9 (by
temperature)

New
Creek

2017
2018

Mode 3 (2017)
Mode 4 (2017)
Control (2018)
Curtailed (2018)

2.4 Discussion
The number and percent of bat passes exposed to turbine operation explained a significant
amount of variation in estimated bat fatality rates among distinct operational treatments
ranging from normally operating turbines to aggressive curtailment programs designed to
reduce bat fatality rates. Exposed bat activity also explained a significant amount of the
variation in raw carcass counts among turbines and the probability of detecting bat carcasses
during individual turbine searches. Total bat activity, which included passes detected when
turbine were off, had a weaker relationship with fatality risk based on individual turbines
searches and raw carcass counts and no relationship with fatality rates at the treatment level.
Similar patterns occurred at Laurel Mountain and New Creek indicating consistency in
relationships between exposure and fatality at both sites. The only models in which site was a
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significant factor were those comparing raw carcass counts to acoustic activity. Raw carcass
counts depend on the search area, ground conditions, and number of searches per monitoring
period, among other factors (Bernardino et al. 2013). Although these factors were relatively
consistent among turbines at each site, they differed between sites, affecting the relationship
between exposed activity and carcass counts. Roughly twice as many searches occurred at
Laurel Mountain than New Creek, likely contributing to the higher number of carcasses found at
Laurel Mountain.
The strongest and most compelling relationship between bat activity and fatality was the
between acoustic data pooled among turbines and fatality estimates representing distinct
operational treatments. Because they account for varying survey methods and site-specific
patterns in carcass persistence, searcher efficiency, search areas, and spatial distribution of
carcasses, fatality estimates provide a more accurate and complete representation of fatality
risk than raw carcass counts or individual carcass detections (Bernardino et al. 2013; Huso et al.
2016). The treatment-level results demonstrated not only that curtailment can dramatically
reduce fatality rates, but that exposed bat activity was a quantitative measure of these
reductions.
Our simulations of curtailment treatments aligned closely with measured exposure,
demonstrating that simulations accurately characterized turbine operation under different
curtailment scenarios and that turbines were off when they were supposed to be. Also,
simulated exposure also aligned closely with measured exposure during subsequent years.
Together, these results demonstrate that acoustic bat and weather data recorded at nacelle
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height can be used to characterize site-specific patterns in exposure of bat activity to turbine
operation, simulate curtailment plans, and predict their associated reductions in exposure. This
in turn enables direct comparison of alternatives and lays a foundation for designing
curtailment programs that either maximize exposure reduction for a given amount of energy
loss or that achieve a target reduction threshold with minimal energy loss.
When applied in the context of a curtailment study where bat fatality rates have been reduced,
carcass searches typically yield small sample sizes, contributing to imprecise fatality estimates
that complicate efforts to differentiate treatments. Actual difference in operational treatments
depends on the extent to which wind speeds fall between cut-in speeds of different strategies,
such that treatments with subtly different cut-in speeds may result in similar turbine operation
when implemented (Arnett et al. 2013). Curtailment studies are often unable to distinguish
treatments with different cut-in speeds or other parameters. A recent compilation of
curtailment study results based on carcass monitoring illustrated the considerable variation in
measured effectiveness among curtailment studies, demonstrating the challenge of
determining the relative benefit of various increases in cut-in speed (Barnes et al. 2018). Thus,
some of the noise in the relationships between activity and fatality is attributable to inaccuracy
of fatality estimates themselves rather than the more quantitative metric of acoustic bat
activity or in the underlying relationship between bat activity and fatality risk. In our study,
fatality estimates were between 1–3 bats/turbine/monitoring period for 7 of the 12 operational
treatments at Laurel Mountain and New Creek, and confidence overlapped for most estimates.
However, the amount of exposed bat activity varied considerably among treatments, and the
greater sample sizes of bat passes allowed for better differentiation among strategies.
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Our detection of strong associations between exposed bat activity and fatality rates does not
necessarily contradict previous studies that documented weak if any relationships between
acoustic activity and fatality rates. First, previous studies have compared pre-construction
acoustic data with fatality rates measured during project operation. Also, no other study has
differentiated between exposed and unexposed bat activity and analyzed only the subset of bat
activity exposed to turbine operation. Exposed activity measured at nacelle height is the result
of a bat flying in or near the rotor zone of a turbine when the turbine is spinning. While most
bats that fly near turbine nacelles or pass through the rotor swept zone of operating turbines
do not collide with turbine blades (Horn et al. 2008), quantifying the amount of bat activity in
this zone indicates the magnitude of potential risk at any given moment. By contrast, bat
activity occurring when turbines are idle or curtailed should have no relationship with fatalities.
Whether due to curtailment or simply because the wind speed was well below the normal cutin speed, considerable amounts of bat activity were not exposed to turbine operation and
therefore not at risk of turbine-related impacts. We suspect that future comparisons that
analyze only the subset of activity exposed to turbine operation, whether measured or
simulated, will likely detect relationships with fatality risk. Additional comparisons of exposed
bat activity and fatality rates across a broader geographic range will provide better resolution
surrounding their relationship, enabling more robust tests among different sites and
landscapes.
Unlike carcass counts, the number of bat passes recorded at nacelle height is unaffected by
turbine operation and usually exceeds the number of carcasses found during curtailment
studies by several orders of magnitude. Even though bat passes do not indicate numbers of
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individual bats, the rate of bat basses exposed to turbine operation is a more sensitive and
quantifiable metric that will likely be more successful than carcass counts or fatality estimates
in detecting differences among curtailment treatments. Extracting additional information from
acoustics, such as species composition, could further inform curtailment programs that target
listed or sensitive species. Collecting acoustic data at nacelle height is relatively straightforward
and substantially less costly than conducting carcass monitoring. Exposed bat activity is
therefore an ideal metric for not only comparing treatments but demonstrating that
curtailment effectively avoided conditions in which bats were active.
Exposed activity can also be analyzed with greater temporal precision than carcass searches,
allowing finer scale characterization of fatality risk or evaluation of how successfully a
curtailment program prevented turbine operation during times when bats were present.
Quantitative feedback at fine temporal scale will be essential for determining whether
parameters of a curtailment program encompassed conditions when bats were active and
whether bats responded consistently to changing weather conditions. Presently, bat fatality is
known to be higher following nights with low wind speed (e.g. Kunz et al. 2007) but fatality
studies based on carcass searches will not provide the basis to explore the relationship
between aerospheric conditions and fatalities on a scale finer than the night level. Bat activity
and wind speed fluctuate considerably during most nights, such that nightly analyses are
insufficiently granular to detect changes in bat behavior and fatality risk associated with
incremental shifts in wind speed.
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Curtailment plans are typically developed using the same parameters for all turbines in a
project. Fatality rates are calculated based on carcass totals aggregated among turbines, and
curtailment programs are evaluated based on comparing these treatment-level fatality rates
(Barnes et al. 2018). This approach can demonstrate overall differences between distinct
treatments but does not provide information on whether curtailment parameters may need to
be adjusted for individual turbines. We found that simulated and measured acoustic exposure
were similar at individual turbines among years, suggesting that curtailment programs could be
designed and evaluated on a per-turbine basis if results indicate variation in inter-turbine
variation in fatality rates or bat behavior. In the same way that focusing curtailment on
conditions with high concentrations of bat activity can improve its efficiency, curtailing turbines
with variable levels of baseline exposure could enable fatality risk to be managed more
strategically across a wind project.
As the wind industry and regulatory agencies attempt to develop appropriate measures to
reduce the potential for population-level impacts, the ability to predict the costs and potential
benefits of various curtailment treatments and the ability to measure how effectively they
reduce risk of bat fatality will be critical. Results from Laurel Mountain and New Creek suggest
that exposed bat activity, as measured with nacelle-mounted bat detectors, can address both
needs. This method also provides the type of data necessary to characterize conditions
associated with high fatality risk on a finer temporal and spatial scale, providing a framework to
improve the effectiveness of curtailment while reducing the associated amount of energy loss.
Conducting similar studies across a broader range of habitats and geographic regions and
projects with more diverse curtailment treatments will help demonstrate the flexibility and
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utility of nacelle-height acoustic data to evaluate the effectiveness of different curtailment
strategies at reducing fatality risk to bats.
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CHAPTER 3

WHEN ARE BATS IN THE ROTOR ZONE? CHARACTERIZING RELATIONSHIPS BETWEEN BAT
ACTIVITY, WIND SPEED, AND TEMPERATURE
Abstract
Bat fatality at commercial wind farms in North America is a widespread yet poorly understood
occurrence that may threaten the viability of certain bat species. Efforts to site projects in low
risk areas have been largely unsuccessful, highlighting uncertainty surrounding factors that
affect bat fatality rates. Carcass surveys at wind farms have documented remarkably consistent
patterns in species composition and seasonal timing of bat fatalities and have indicated highest
risk to bats during relatively low wind speeds and warm temperatures. Turbine-related bat
fatalities occur only when turbine rotors are spinning, and bat fatality risk is therefore a
dynamic and controllable factor that is either present or not depending on how a turbine is
programmed and varies as a function of bat activity. Multiple studies have demonstrated that
curtailing turbine operation at low wind speeds can reduce bat fatality rates substantially.
Although effective at measuring fatality rates, carcass monitoring cannot indicate the precise
timing of fatalities or the associated temperature and wind speed, limiting its ability to
characterize quantitatively conditions associated with risk. Bats and wind turbines interact in
the lower layer of the atmosphere known as the aerosphere, which is itself a complex and
poorly understood habitat. We deployed acoustic bat detectors on the nacelles of wind
turbines at two commercial wind farms in West Virginia to document the distribution of bat
activity versus temperature and wind speed and improve understanding of factors driving risk
of turbine-related fatalities. Using spatial distance metrics, we found that distribution of bats
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versus temperature and wind speed was consistent across years and between sites, although
patterns varied among species and times of year. By comparing distributions of bat activity
from subsets of data to complete datasets, we found that acoustic monitoring at ~10 turbines
encompassed seasonal patterns and most variation in the distribution of bat activity as a
function of temperature and wind speed. Broadly, our results suggest that bats respond
predictably to conditions in the aerosphere at the macro scale, and that inter-species and
seasonal variation is likely systematic and therefore encompassed in acoustic datasets
representing the full seasons in which bats are active. Accordingly, the intersection of turbine
operation and bat activity defines a quantitative metric of risk that can be evaluated on fine
temporal and spatial scales and predicted once site-specific patterns have been established.
3.1

Introduction

Turbine related bat fatality has emerged as one of the more vexing environmental issues for the
wind industry. Whether bats are attracted to turbines, mistaking them for potential roost
habitat, or simply unable to detect and avoid the fast-moving turbine blades, an estimated
500,000 or more bats die annually at wind projects across North America (Arnett and Baerwald
2013). Three long-distance migratory species—the hoary bat (Lasiurus cinereus), silver-haired
bat (Lasionycteris noctivagans), and eastern red bat (Lasiurus borealis)—consistently account
for most fatalities across the U.S. (American Wind and Wildlife Institute 2018a). A recent study
eliciting expert opinion from independent bat researchers highlighted the potential for fatality
associated with the current wind buildout to cause population-level impacts to hoary bats (Frick
et al. 2017). The earliest reports of bat fatality at commercial wind projects noted that most
fatalities occur in late summer and early fall and during nights with relatively low wind speeds
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(Arnett et al. 2005; Kunz et al. 2007). These patterns have remained remarkably consistent
across numerous post-construction fatality studies conducted throughout North America
(Arnett and Baerwald 2013; American Wind and Wildlife Institute 2018a). Less consistent is the
magnitude of bat fatality among regions and wind farms. Median bat fatality estimates range
from ~1–6 bats/megawatt (MW) per year among regions, and fatality rates at individual sites
have exceeded 40 bats/MW (American Wind and Wildlife Institute 2018a).
Concerns of population-level effects from sustained fatality of bats at wind projects, coupled
with the understanding that bats are at risk of impact only when turbine rotors are spinning led
to the development of turbine curtailment as a method to reduce bat fatality rates (Arnett et al.
2010). Curtailment prevents turbine operation at low wind speeds by increasing the threshold
cut-in wind speed at which turbines start generating electrical power (normally ~3–4 m/s) and
feathering turbine blades to prevent rotation below the cut-in speed. By preventing turbine
operation when bats are most active, curtailment can be highly effective at reducing bat fatality
rates, but also precludes the ability to generate electricity. Initial studies tested the
effectiveness of curtailing turbine operation below cut-in speeds of 5.0, 5.5 m/s, and 6.5 m/s
but noted the potential for lower cut-in speeds to be tested (Baerwald et al. 2009; Arnett et al.
2010). Subsequent studies have tested cut-in speeds ranging from feathering below
manufacturer’s cut-in speed to 6.9 m/s over various times of night and times of year (American
Wind and Wildlife Institute 2018b; Arnett et al. 2013; Barnes et al. 2018). More recent efforts
have explored incorporating metrics beyond wind speed in curtailment plans to focus
curtailment on high risk conditions while allowing additional energy production when bats are
not active (Behr et al. 2017; Hayes et al. 2019; Martin et al. 2017).
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Standardized carcass searches have been the primary method used to measure fatality rates
and evaluate effectiveness of curtailment strategies, but this method cannot indicate the
precise timing of fatalities or the associated temperature and wind speed. Further, sample sizes
of bat carcasses are often quite small when turbine curtailment is in place, complicating efforts
to understand relationships between fatalities and weather variables and differentiating
alternative curtailment programs. Consequently, our understanding of the factors driving
fatality risk and parameters necessary to reduce risk effectively through curtailment remain
coarse. Higher cut-in speeds are objectively more protective of bats because they prevent
turbine operation during a wider range of conditions, reducing risk. However, the substantial
variation in measured effectiveness of various curtailment programs coupled with greater
energy losses from curtailment at higher cut-in speeds often lead to disagreement between
wind energy developers and regulatory agencies in setting the parameters of curtailment
programs, whether during the permitting process or once projects are operational.
Ultimately, our understanding of bat behavior in the rotor zone and factors that lead to
variation in fatality rates among regions and species is limited. The aerosphere, or lower
portion of the atmosphere in which bats are active and interact with wind turbines, is itself a
complex and dynamic habitat (Diehl 2013; Frick et al. 2013; Kunz et al. 2008; Lambertucci et al.
2015). We do not fully understand factors that affect the numbers of bats active in rotor zone
at any given time or how variable these relationships between bats and conditions may be
across different times of year or night, habitat types, regions, or among species. However,
acoustic monitoring can be used to determine the relative amount of bat activity at nacelle
height during any given moment, which in turn can be compared to factors such as
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temperature and wind speed measured at the same location. Such data can be used to simulate
exposure to turbine operation and evaluate fatality risk on a finer scale (see Chapter 2).
While conditions in the aerosphere are difficult to predict, bats’ behavioral responses to
changing conditions in this airspace are likely the result of selection pressures operating on
evolutionary timescales and may therefore follow more predictable patterns. If this is the case,
characterizing the relationship between bat activity and conditions in the rotor zone could
enable design of conditions-based curtailment programs that focus curtailment on conditions
with highest risk. The practicality of this approach will depend to a large extent on how
consistently conditions in the aerosphere affect and bat activity or behavior.
In the same way that habitat characteristics affect spatial distribution of a species across a
landscape, we propose that variables such as temperature and wind speed affect the likelihood
of bat activity in the aerosphere at any given moment. Applying this context to a wind farm, the
amount of time with given combinations of temperature and wind speed represents habitat
availability, while the relative amount of bat activity occurring during these combinations
indicates the habitat preference of bats which in turn indicates magnitude of potential fatality
risk as a function of conditions. Expressed as a continuous surface, these distributions can be
visualized by heat maps with wind speed and temperature as x and y coordinates and
compared using spatial distance metrics following methods routinely applied to species
distribution maps (Lavigne et al. 2010; Levine et al. 2009). Wilson et al. (2011) found Hellinger
distance, a metric used to quantify the similarity between probability distributions, to be
particularly effective in comparing species distribution maps. We used Hellinger distance to
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compare the distribution of bat activity in the multidimensional conditions space defined by
temperature and wind speed among species, turbines, months, years, and sites to quantify
consistency of factors potentially affecting risk of turbine-related bat fatalities at two
commercial wind farms in West Virginia. Because the availability of combinations of
temperature and wind speed follows predictable seasonal patterns, as do overall levels of bat
activity, we expected the relationships between bat activity and temperature and wind speed
to vary among months, but that seasonal patterns in variation would be similar among turbines
and years. We also expected differences in the distribution of activity among bat species, due to
variation in foraging and flight behavior and seasonal activity patterns. The degree of similarity
in such patterns among sites likely reflects proximity of sites to one another, and similarity in
terms of topography, habitat, and weather patterns.
We calculated Hellinger distances between heat maps based on subsamples of increasing size
from each site versus a full dataset representing both sites approximately equally to determine
the amount of data necessary to adequately characterize distributions of bat activity. Our
results provide insight on the ability to extrapolate distributions of bat activity among sites,
turbines, and years and the sampling design necessary to adequately characterize bat activity
patterns at a site and will help guide efforts to design and evaluate suitable curtailment
programs to manage bat mortality at commercial wind projects.
3.2 Methods
This study used a set of acoustic bat recordings and wind speed, temperature, and turbine
operation data recorded at Laurel Mountain between 2011–2015 and at New Creek between

65

2017–2018. Chapter 2 describes each site and field methods for acoustic data collection and
analysis. Raw data consisted of a count of bat passes (identified manually using visual analysis),
temperature, wind speed, and turbine rotor speed (rpm) during every 10-minute period in
which acoustic detectors operated. These data were available for selected turbines at each site
during each year and were used in analysis only when all four parameters were available. To
assess distribution of bat activity as a function of wind speed, we tallied the number of bat
passes within 0.5 m/s wind speed bins and 2.5°C temperature bins and calculated the
cumulative percent of recorded bat activity versus each variable, aggregating data among
turbines. We performed a similar summary by species, aggregating data among turbines and
years. We manipulated and summarized data using R version 3.5.1 (R Core Team 2018) package
dplyr (Wickham et al. 2019).
We measured seasonal variation in bat activity by calculating a monthly rate of bat passes
recorded per 10-minute period for each site, aggregating turbines and years, and determining
the percent species composition of the subset of bat passes identified to species (or genus in
the case of Myotis species). We prepared heat maps using R package ggplot2 (Wickham 2016)
for the same month/site groupings to display visually the distribution of bat activity as a
function of wind speed and temperature. To determine whether relationships between activity,
temperature, and wind speed were consistent among years, months, turbines, and sites, we
calculated Hellinger distance between all pairwise combinations of data grouped by turbine
(aggregating years), species (aggregating turbines and years), and year (aggregating turbines),
following methods described in Wilson et al. (2011). We truncated the dataset used to
calculated Hellinger Distance to exclude periods with wind speeds less than 2 m/s or greater
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than 8 m/s and temperatures outside the range of 0–22.5°C to create a common extent over
which to calculate Hellinger distances. To standardize extent of conditions over which to
analyze activity and calculate Hellinger distance, we manually entered zeroes in temperature
and wind speed combinations that did not occur in our dataset. We compared Hellinger
distances among all possible pairwise combinations for different data groupings using general
linear models.
We also used Hellinger distance to evaluate the amount of data needed to adequately
characterize the relationship between bat activity, temperature, and wind speed as indicated
by aggregate datasets. We combined the most recent 2 years of acoustic data from each site to
represent a fully saturated dataset, consisting of n individual turbine datasets from Laurel
Mountain and m individual turbine datasets from New Creek. We deployed acoustic detectors
for extended periods encompassing late spring through fall, such that 6–9 months of data from
a single detector represents a practical sampling unit. We then drew 100 random subsamples
(without replacement) of data representing each of 1–n samples from Laurel Mountain and 1–
m samples from New Creek and calculated the Hellinger distances between each subsample
and the full dataset, plotting Hellinger distance as a function of the number of samples.
Because subsamples with increasing numbers of turbines more closely resemble the fully
saturated dataset, Hellinger distance inevitably decreases with sample size. The shape of this
decrease provides information on the amount of data needed to adequately characterize the
relationships between bat activity and temperature and wind speed at each site. The Hellinger
distance between the samples of n and m datasets and the full dataset therefore represented
the difference between each site and an aggregate dataset.
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3.3

Results

Acoustic bat detectors recorded bat activity from the nacelles of selected turbines at Laurel
Mountain from 2011–2015 and at New Creek in 2017–2018. We omitted analysis of data from a
partial sampling season in 2011 and from 3 individual turbines at New Creek that operated
properly for less than 30 nights or for which insufficient weather data were available, resulting
in a total of 8,820 detector-nights of data for which temperature, wind speed, and turbine rpm
data were also available. These nights represented 612,328 10-minute periods at night (30
minutes before sunset until 30 minutes past sunrise), within which we identified 78,212 bat
passes based on visual analysis (Table 3.1). Of these passes, 45,769 (58.5%) were identified to
species (or species group in the case of Myotis), with eastern red, hoary, and silver-haired bats
together accounting for 86.5% and 95.8% of identified bat passes at Laurel Mountain and New
Creek, respectively (Table 3.2).
Table 3.1. Survey effort and data availability for acoustic bat monitoring, weather, and turbine
operation from Laurel Mountain and New Creek, 2012–2018.
Site

Year

Date Range

# Turbines*

Detector10-minute Periods** Bat Passes**
nights**
Laurel
2012
Apr–Nov
6
1,286
88,630
13,636
Mountain
2013
Apr–Nov
9
1,733
119,545
18,133
2014
Apr–Nov
9
1,874
130,693
9,998
2015
Apr–Nov
9
1,679
114,120
13,112
New Creek
2017
May–Nov
7
930
66,684
11,675
2018
May–Dec
8
1,318
92,656
11,658
Total
21
8,820
612,328
78,212
*Data from a partial season in fall 2011 at Laurel Mountain and from 3 detectors at New Creek were omitted from
subsequent analysis as they represented a small subset of the full season over which bat activity could occur.
**Data limited to subset of nights and periods for which acoustic bat, temperature, wind speed, and turbine rpm
data were available.
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Table 3.2. Species composition of the subset of identified bat passes from nacelle-height
monitoring at Laurel Mountain and New Creek, 2012–2018.
Species
big brown bat
eastern red bat
hoary bat
silver-haired bat
Myotis species
tri-colored bat

Laurel Mountain (n = 31,707)
# Passes
% Identified
2,883
9.1
5,433
17.1
13,892
43.8
8,114
25.6
111
0.4
1,274
4.0

New Creek (n = 14,062)
# Passes
% Identified
366
2.6
3,638
25.9
6,838
48.6
2,999
21.3
15
0.1
206
1.5

Bat Activity Varied with Wind Speed and Temperature
Although bats were detected during periods with wind speed exceeding 15 m/s at both sites,
77% and 69% of recorded passes occurred below 5.0 m/s at Laurel Mountain and New Creek,
respectively (Figure 3.1;Table 3.3). Approximately 30–40% of bat passes were detected below
normal cut-in speed, and most bat activity (69% at Laurel Mountain and 59% at New Creek)
occurred during periods with wind speeds between 2–5 m/s. Among species, the proportion of
bat activity below 5.0 m/s ranged from 83% for hoary bats to 97% for Myotis species at Laurel
Mountain and from 72% for big brown bats to 87% for Myotis species at New Creek (Figure
3.2).
Bat activity also occurred primarily during warmer temperatures, with 86% and 91% of
recorded bat passes occurring above 10°C at Laurel Mountain and New Creek, respectively
(Figure 3.2; Table 3.4). Distribution of bat activity varied slightly more among years for
temperature than wind speed. Silver-haired bat activity occurred during colder temperatures
than other species at Laurel Mountain and New Creek, where 31% and 19% of passes recorded
when temperatures were less than 10°C (Figure 3.2).
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Table 3.3. Percent distribution of bat passes among wind speed bins at Laurel Mountain and
New Creek, 2012–2018.
Wind Speed
Bin (m/s)
0.0 < 0.5
0.5 < 1.0
1.0 < 1.5
1.5 < 2.0
2.0 < 2.5
2.5 < 3.0
3.0 < 3.5
3.5 < 4.0
4.0 < 4.5
4.5 < 5.0
5.0 < 5.5
5.5 < 6.0
6.0 < 6.5
6.5 < 7.0
7.0 < 7.5
7.5 < 8.0

Laurel Mountain (n = 54,879)
% Passes
Cumulative
0.0
0.0
2.0
2.0
0.3
2.2
5.3
7.5
10.6
18.1
12.9
31.0
12.5
43.4
13.0
56.4
11.2
67.6
9.3
76.9
6.8
83.7
5.0
88.7
3.7
92.5
2.3
94.8
1.5
96.3
1.2
97.5

New Creek (n = 23,333)
% Passes
Cumulative
0.5
0.5
2.2
2.7
3.2
5.9
4.8
10.7
7.3
17.9
8.8
26.7
8.9
35.6
9.7
45.3
12.4
57.6
11.7
69.3
8.9
78.3
6.1
84.4
4.3
88.7
3.5
92.2
2.6
94.8
1.7
96.5

Table 3.4. Percent distribution of bat passes among temperature bins (2.5) at Laurel Mountain
and New Creek, 2012–2018.
Temperature
Bin (C)
<0
0 < 2.5
2.5 < 5.0
5.0 < 7.5
7.5 < 10.0
10.0 < 12.5
12.5 < 15.0
15.0 < 17.5
17.5 < 20.0
20.0 < 22.5
22.5 < 25.0
25.0 < 27.5

Laurel Mountain (n = 54,879)
% Passes
Cumulative
0.1
0.1
0.2
0.3
1.4
1.6
4.4
6.0
7.7
13.7
11.5
25.2
19.6
44.8
25.6
70.4
23.2
93.7
5.8
99.5
0.4
99.9
0.1
100.0

New Creek (n = 23,333)
% Passes
Cumulative
0.0
0.0
0.5
0.5
1.1
1.6
3.0
4.7
4.4
9.1
7.3
16.4
11.0
27.5
21.2
48.6
26.2
74.8
16.7
91.5
8.3
99.8
0.2
100.0
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Figure 3.1. Cumulative percent of bat passes versus wind speed (upper plot) and temperature
(lower plot) recorded between May and October at Laurel Mountain in 2012–2015 and New
Creek in 2017–2018, aggregating data among turbines.
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Figure 3.2. Cumulative percent of bat passes identified to species versus wind speed recorded
between May and October at Laurel Mountain in 2012–2015 and New Creek in 2017–2018,
aggregating data among turbines and years.
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Seasonal Variation in Bat Activity
Bats were most active during September at Laurel Mountain and in August at New Creek, with
76% of recorded bat passes occurring in July, August, and September overall. Species
composition varied among months with similar patterns at Laurel Mountain and New Creek.
Hoary bats were the most frequently identified species in May–August while silver-haired bats
accounted for most identifications in September and October (Figure 3.3). Distribution of bat
activity with respect to wind speed and temperature also differed substantially among months,
reflecting variation in both the amount of time and the amount of bat activity during periods
with given wind speeds and temperatures (Figure 3.4). Notably, bats were rarely active below
10°C in May whereas a moderate proportion of bat activity occurred below 10°C during
September at both Laurel Mountain and New Creek. Aggregating data among months, most bat
activity was distributed in relatively warm temperatures (>10°C) and low wind speeds (<5 m/s)
at Laurel Mountain and New Creek (Figure 3.5). Because most bat passes were detected in July–
September, these months have the greatest influence over overall distributions of bat activity
versus wind speed and temperature.
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Figure 3.3. Monthly rate of total bat passes per 10-minute period and species composition of
identified passes recorded between May and October at Laurel Mountain in 2012–2015 and
New Creek in 2017–2018, aggregating data among turbines and years.

Figure 3.4. Monthly distribution of bat activity by wind speed and temperature as a percent of
passes recorded between May and October at Laurel Mountain in 2012–2015 and New Creek in
2017–2018, aggregating data among turbines and years.
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Figure 3.5. Overall distribution of bat activity by wind speed and temperature as a percent of
total passes recorded at Laurel Mountain in 2012–2015 and New Creek in 2017–2018,
aggregating data among turbines and years.

Consistency of Relationship between Bat Activity and Conditions
We generated heat maps of bat activity for the subset of data between 2 – 8 m/s and 0 – 22.5,
which represented 68,161 bat passes (87% of total dataset). Hellinger distance indicates
increasing dissimilarity between heat maps (ranging from 0 to 1 with 0 indicating identical
maps). Hellinger distance between heat maps representing the percent distributions of bat
activity by wind speed and temperature at Laurel Mountain and New Creek was 0.23,
combining turbines and years, providing a reference point to which other Hellinger distances
could be compared. When grouped by year, distributions of bat activity showed greater
variation based on visual comparison and Hellinger distance, which ranged from 0.17–0.39
(mean = 0.26) for 15 unique pairwise comparisons among year and site (Figure 3.6). Grouping
data by site and month yielded Hellinger distances ranging from 0.16–0.97 (mean = 0.55) based
on 105 pairwise comparisons, indicating substantially greater variation among months.
Hellinger distance between species-specific distributions ranged from 0.19–0.95 (mean = 0.48)
75

based on 66 pairwise comparisons among species and site and showed pronounced differences
between certain species (Figure 3.7). Myotis species were least similar to other species in terms
of distribution of activity according to wind speed and temperature, although very few Myotis
species were recorded at nacelle height at either site (n = 90 Myotis out of 39,904 identified
passes included in the dataset used for calculating Hellinger distance). Hellinger distance
between 210 pairwise comparisons between turbines, aggregating data among years, ranged
from 0.13–0.60 (mean = 0.34), with more pronounced differences among turbines at New
Creek, for which only 1 year of data were available in most cases due to sampling different
turbines in 2017 and 2018 (Figure 3.8).
Differences between distributions of bat activity by wind speed and temperature were greatest
among months and species, moderate among turbines, and lowest among years (F(3,392) =
45.3, R2 = 0.26, p < 0.001). Hellinger distances for inter-site comparisons were significantly
greater when comparing among years (F(1,13) = 16.39, R2 = 0.56, p = 0.001) and turbines
(F(1,208) = 29.72, R2 = 0.13, p < 0.001), but Hellinger Distances varied similarly within and
between sites when data were grouped by species (F(1,64) = 1.34, R2 = 0.02, p = 0.25) and
month (F(1,103) = 0.15, R2 = 0.001, p = 0.7; Figure 3.9).
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Figure 3.6. Distribution of bat activity by wind speed and temperature as a percent of passes
recorded per year at Laurel Mountain in 2012–2015 and New Creek in 2017–2018, aggregating
data among turbines.

Figure 3.7. Distribution of bat activity by wind speed and temperature as a percent of passes
recorded per year at Laurel Mountain in 2012–2015 and New Creek in 2017–2018, aggregating
data among turbines.
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Figure 3.8. Overall distribution of bat activity by wind speed and temperature as a percent of
passes recorded at Laurel Mountain in 2012–2015 and New Creek in 2017–2018, aggregating
data among turbines and years.
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Figure 3.9. Hellinger distances for pairwise comparisons of distributions of bat data when
grouped by species, turbine, and year at Laurel Mountain and New Creek.

Evaluating Optimal Sample Sizes to Characterize Distribution of Bat Activity and Conditions
Acoustic datasets used to evaluate the effect of sample size on characterizations of bat activity
and conditions during the most recent 2 years of monitoring per site represented 76–216 nights
each, with a range of 398–2,974 bat passes recorded per turbine. The distribution of bat activity
versus temperature and wind speed became less variable and more representative of overall
patterns for Laurel Mountain and New Creek as sample size increased. Hellinger distance
between the merged dataset and subsamples of increasing numbers of individual turbines
during a single year demonstrated a rapid initial decrease in variation from 1–5 samples, then a
gradual decrease from 6–10 samples, at which point the metric converged at the midpoint of
the distance between the two sites (Figure 3.10). At 10 samples, mean Hellinger distances
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between subsamples and full datasets from the most recent 2 years of monitoring at each site
were 0.14 for Laurel Mountain and New Creek. For comparison, the Hellinger distance between
the aggregate distributions of bat activity from the most recent 2 years of data from Laurel
Mountain and New Creek was 0.26.
Figure 3.10. Hellinger distances between 100 randomly drawn subsamples of varying size from
Laurel Mountain and New Creek versus an aggregate distribution representing data from Laurel
Mountain in 2014–2015 (18 turbines) and New Creek in 2017–2018 (15 turbines).

3.4 Discussion
Bat activity at Laurel Mountain and New Creek occurred primarily during relatively low wind
speeds and warm temperatures, with 75–85% of bat passes recorded when wind speed was
less than 5.0 m/s and 86%–91% of passes occurring above 10°C. Distributions of bat activity
according to wind speed and temperature were similar among years at both sites, indicating
consistent relationships between bat activity and both weather variables. Among species
groups, Myotis species and tri-colored bats (Perimyotis subflavus) were associated with lower
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wind speeds than other species at both sites, and silver-haired bats were active during colder
temperatures. Seasonal distribution of bat activity and changes in species composition were
surprisingly similar at Laurel Mountain and New Creek, considering that surveys at the two sites
were separated by a minimum of two years. Most bat activity occurred in July–September at
both sites, with long-distance migratory species accounting for most activity at both sites.
Species composition varied among months in a similar pattern between sites, likely explaining
some of the observed variation among species in distribution of activity as a function of wind
speed and temperature.
When analyzed in terms of the conditions space defined by wind speed and temperature,
distribution of bat activity was most consistent among years and sites and grew increasingly
dissimilar among turbines, species, and months. Given the morphological and behavioral
diversity of bats, inter-species variation in the distribution of bat activity as a function of
temperature and wind speed is not surprising (see Ciechanowski et al. 2007). Similarly, bats
likely respond differently to changing temperatures and wind speeds when foraging during the
maternity period versus migrating long distances in the fall, providing numerous reasons for
seasonal variation in distributions of bat activity in the conditions space (Fleming and Eby 2003;
Liechti and McGuire 2017; Krauel and McCracken 2013; Pettit and O’Keefe 2017). However,
patterns in such variation are likely systematic on some scales and could therefore be
incorporated in acoustic datasets that encompass the full seasonal extent of bat activity and
associated range in species composition. Indeed, when acoustic and weather data were
aggregated across species and seasons, the distribution of bat activity versus conditions was
substantially more consistent. Broadly, this pattern suggests that bats respond consistently to
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conditions in the aerosphere at the macro scale, whereas predictable variation may occur
among species and different seasons.
When considering temperature and wind speed as habitat variables that influence the
likelihood of bats being active at nacelle height during any given moment, the frequency of
certain combinations of temperature and wind speed during an interval represent habitat
availability. However, because our purpose was to quantify exposure as an index of risk and not
to characterize behavioral response to conditions per se, we did not apply a use-versusavailability approach (Manly et al. 2007) to account for varying habitat availability, as has been
done for other studies of bat behavior in response to changing conditions (e.g. Roeleke et al.
2018). Accordingly, the distributions we measured reflect the availability of certain
temperature and weather conditions as well as bats’ tendency to be more active during certain
conditions, both of which appeared to be consistent among sites and years in our study. This
aligns with our overall purpose of characterizing distribution of exposure for predicting impacts
at wind farms but may mask more subtle behavioral relationships between bats and weather
variables. Additional data of this type from a greater diversity of wind farms will help quantify
how consistent the distribution of bat activity is on a seasonal basis and in response to
parameters such as temperature and wind speed that are relevant for risk of turbine-related
impacts at commercial wind farms.
Variation among distributions of bat activity in the conditions space decreased as a function of
the number of samples (each representing a single detector deployed for a period of ~3–7
months), although ~10 samples was generally adequate to characterize the distribution of
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activity at both sites. Combined with the greater variation among months and species and
minimal variation among years, our results highlight the importance of sampling throughout
the period over which fatalities may occur and suggest that detectors should be deployed on
the nacelles of ~ 10 turbines. However, collecting multiple years of data provided less additional
information.
Fatality studies across North America have consistently noted a general pattern of greater
fatality risk at low wind speeds, with most fatalities occurring on nights with mean wind speed
less than 6 m/s (Kunz et al. 2007; Arnett et al. 2008; Arnett and Baerwald 2013). The same
studies also reported positive associations between fatality risk and mean nightly temperature.
However, studies based on carcass counts cannot determine the precise conditions when
fatalities occurred and therefore provide limited information about relationships between bat
activity, risk, and weather variables. Our results aligned with general trends noted from fatality
studies but provide better spatial and temporal resolution and more precisely quantify the
influence of temperature and wind speed on bat activity and associated risk of turbine-related
impacts. When analyzed at 10-minute intervals, aggregated over many nights of sampling at
multiple detectors/turbines, bat activity demonstrated clear and consistent relationships with
temperature and wind speed that varied systematically among species and different times of
year.
Improved understanding of associations between bat activity and conditions in the aerosphere
is critical to evaluating the potential for turbine curtailment to reduce risk of bat fatality at wind
projects. Wind turbines typically include sensors that monitor temperature and wind speed and
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automatically pitch their blades and begin generating energy according to algorithms that vary
among turbine models and manufacturers (see Chapter 2). These parameters can in turn can be
modified when curtailment is required, reducing the amount of bat activity exposed to turbine
operation. Turbine-related fatality risk is therefore a dynamic and controllable factor that is
either present or not depending on how a turbine is programmed and varies as a function of
bat activity. Accordingly, the intersection of turbine operation and bat activity defines a
quantitative metric of fatality risk that can be evaluated on fine temporal and spatial scales and
predicted once site-specific patterns have been established.
Whereas temperature, wind speed, and bat activity are difficult to predict individually with
precision, bat activity as a function of wind speed and temperature, as well as broad seasonal
trends in weather and bat activity, appear to follow predictable patterns. Wind speed and
temperature have explained significant variation in bat activity based on acoustic monitoring in
other studies at wind projects in the US (Weller and Baldwin 2012) and Europe (Behr et al.
2017; Korner-Nievergelt et al. 2013; Martin et al. 2017).
Laurel Mountain and New Creek are both in the same physiographic region and each consisted
of a single string of turbines on a linear ridge. Habitats and topography were also similar among
turbines at each site. Accordingly, the similarity of distributions of bat activity versus
temperature and wind speed we observed among sites and turbines may not be transferrable
to sites in other regions or with greater inter-turbine habitat or topographic heterogeneity.
Analyzing relationships between bat activity and weather variables at nacelle height from wind
projects in different regions and landscapes will provide an opportunity to assess variation on a
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larger scale and will help determine consistency of results among sites and regions. Not only
might habitat, topography, and weather patterns differ substantially among sites and regions,
but variation in species composition and relative abundance of bats could also affect activity
patterns at nacelle height and may necessitate different strategies to successfully reduce
turbine-related bat fatalities using curtailment (Hayes et al. 2019). Similarly, as turbine
technology advances and turbines become larger and more able to generate energy at low
wind speeds, the intersection between turbine operation and bat activity will also shift,
affecting both the cost and effectiveness of curtailment programs. Monitoring acoustic activity
at nacelle height and using these data to evaluate exposure will provide critical quantitative
feedback to guide and adaptively manage turbine curtailment programs at commercial wind
farms.
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CHAPTER 4

ACTIVITY-BASED INFORMED CURTAILMENT: SIMULATING SMART CURTAILMENT
ALTERNATIVES USING NACELLE-HEIGHT ACOUSTICS
Abstract
State and federal regulatory agencies in the United States and Canada are now requiring or
recommending that wind projects implement turbine curtailment as a measure to reduce bat
fatality rates and the associated potential for population-level impacts to vulnerable bat
species. Wind turbine curtailment reduces the amount of bat activity exposed to turbine
operation and can reduce bat fatality rates but also precludes the ability to generate energy.
Potential power generation is limited at low wind speeds and considerable amounts of bat
activity occur during these conditions, highlighting the potential to reduce bat fatality rates
with little associated energy loss. We used acoustic bat data and temperature, wind speed, and
turbine operation measurements from two commercial wind farms in West Virginia to simulate
reduction in exposed bat activity and associated energy loss for 15 curtailment strategies
currently being recommended by regulatory agencies in the United States and Canada. In each
case, these “blanket” strategies involved seasonal increases in turbine cut-in speed by 1.5–4
m/s above the baseline cut-in speed determined by turbine manufacturers (typically 3–4 m/s).
Predicted reductions in acoustic exposure (25–85%) and energy loss (0–125 Megawatt-hours
per turbine per year) varied substantially among strategies but were similar between the two
wind farms and between among years. While overall energy loss accounts for a relatively small
amount of the total energy a commercial wind project could produce in a year, the relative
differences in cost among curtailment strategies were considerable.
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We developed an interactive software tool to visualize distribution of bat activity seasonally
and as a function of temperature and wind speed and calculate how effectively curtailment
strategies reduced exposure of bat activity to turbine operation for individual sites, turbines,
and bat species. Using this tool, we designed activity-based informed curtailment alternatives
with equal or greater predicted reductions in bat activity exposure but less energy loss than
each agency-recommended curtailment plan. By focusing curtailment on conditions in which
most bat activity occurred, these “smart” curtailment strategies resulted in roughly 50% less
energy loss than equivalently protective agency-recommended strategies. We were able to
meet or exceed exposure reductions of all 15 agency-recommended curtailment strategies by
making relatively minor adjustments of cut-in speeds and temperature parameters on a
monthly basis, indicating that smart curtailment alternatives do not necessarily need to be
complicated to be effective. Our results demonstrated that acoustic data recorded at nacelle
height can provide a quantitative metric to simultaneously establish target exposure reductions
associated with agency-recommended curtailment strategies and design strategic alternatives
that achieve equivalent reductions with less energy loss.
4.1

Introduction

Wind turbine-related bat fatality occurs primarily during relatively calm nights, and for this
reason, feathering turbine blades to prevent turbine rotation during low wind speeds can
reduce bat fatality rates at wind farms. This practice, known as curtailment, also precludes the
ability to generate energy. Commercial wind turbines do not generate electricity until the wind
speed reaches a threshold “cut-in” speed of 3–4 m/s, depending on turbine manufacturer and
model, and reach their rated power output at wind speeds of 12–15 m/s (Manwell et al. 2009;
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Carrillo et al. 2013). Turbine performance below the normal cut-in speed is of little
consequence in terms of energy production and has received less attention by turbine
manufacturers than design considerations affecting operation at higher wind speed when
greater energy production is at stake. Some turbines are designed to “freewheel” or rotate
without generating energy whereas other turbines feather blades until the wind speed exceeds
the normal cut-in speed. However, bats tend to be more active during lower wind speeds and a
considerable proportion of bat activity at nacelle height occurs when wind speed is at or below
normal cut-in speed (see Chapter 3), so turbine performance at these low wind speeds could
profoundly affect risk of bat fatality.
Previous research at wind farms suggests that curtailing turbine operation below 6.0 m/s can
substantially reduce fatality rates (Arnett et al. 2010). More recent studies have documented
substantial decreases in fatality using cut-in speeds as low as 4.5 m/s, although the ability to
predict measured fatality reductions as a function of cut-in speed is hampered by the
imprecision of fatality estimates and substantial variation among results (American Wind and
Wildlife Research Institute 2018b; Barnes et al. 2018). Agencies in the US and Canada have
proposed a wide range of recommended curtailment programs to reduce impacts to bats, and
wind companies have voluntarily implemented these and other strategies, with different
seasonal cutoffs, cut-in speeds, temperature parameters, and nightly timing (e.g. American
Wind Energy Association 2015). The underlying principle of curtailment is that reducing
exposure of bats to turbine operation also reduces fatality rates. While turbine curtailment at
low wind speeds has successfully reduced bat fatality rates, scant quantitative information
exists to identify a suitable cut-in speed threshold for adequately reducing risk of bat fatality
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and measured fatality reductions based on curtailment studies are highly variable among cut-in
speeds (Barnes et al. 2018).
In the absence of quantitative, site-specific information on bat activity in the rotor zone,
recommended cut-in speeds tend to be selected based on regulatory policy and described in
terms of cut-in speeds rather than management goals such as certain reductions in exposure or
fatality thresholds. Whereas higher cut-in speeds are more protective of bats, the potential
benefit of one cut-in speed versus another depends on the site-specific wind regime and the
distribution of bat activity across available conditions. Moreover, the cost of curtailment varies
with site-specific conditions and cannot necessarily be extrapolated among wind farms.
Without clear management goals such as a target reduction in fatality, determining a suitable
curtailment plan for a proposed or operating wind farm is challenging.
We used acoustic data recorded at nacelle height over multiple years at two commercial wind
farms to simulate the proportion of bat activity that would be exposed to turbine operation
under various curtailment strategies being recommended by agencies, defining exposure as the
proportion or rate of bat activity occurring when turbines exceeded 1 rpm. As outlined in
Chapter 2, exposed bat activity was positively correlated with bat fatality rates on multiple
temporal scales at both sites and represents a quantitative metric of fatality risk. Further,
simulated exposure aligned closely with measured exposure among turbines and years,
indicating the validity of forecasting reductions in exposure for curtailment programs prior to
implementation. Accordingly, we consider the metric of exposed bat activity to be indicative of
fatality risk and use predicted reduction in exposed bat activity as an index of fatality risk
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reduction from simulated curtailment strategies. We compared predicted reductions in
exposure of bat activity to predicted energy losses associated with each of several curtailment
programs currently recommended by agencies and other stakeholders to compare tradeoffs
between reductions in exposure and energy-generation potential and evaluate alternative
curtailment programs based on site-specific data.
We also introduce the concept of curtailment efficiency and present several quantitative
measures to evaluate the relative cost and benefit of curtailment. Theoretically, curtailment
during any given interval is productive only if bats are active during that interval. Ideally,
turbines would be curtailed only when bats were present and not during any other time.
Lacking technology to anticipate bat activity in the rotor zone and given uncertainty about
factors affecting bat presence and behavior in the aerosphere, such an ideal is not likely
possible. However, curtailment programs that avoid an equivalent proportion of bat activity can
be compared in terms of the ratio of curtailed periods with and without bat activity and the
associated amounts of energy loss. This analysis provides a robust example of how nacelleheight acoustic data can be used to design and evaluate curtailment programs based on sitespecific data, thereby using curtailment as a strategic tool as opposed to a blanket, one-sizefits-all approach. Such a framework could optimize smart curtailment programs based on sitespecific data and make it easier for wind farm operators and managers alike to reduce risk of
population-level impacts to bats.
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4.2 Methods
We reviewed peer-reviewed literature, guidance documents published by state, federal, and
provincial agencies, industry and non-government organization reports, and proceedings from
wind project siting processes to compile the parameters of curtailment strategies currently
being recommended by various stakeholders in North America. We limited the scope of our
analysis to curtailment strategies in the public domain that were defined by cut-in wind speed
and temperature thresholds with explicit seasonal and temporal ranges. We extracted
parameters from each suitable curtailment recommendation and simulated how these
programs would have worked had they been applied at two commercial wind farms at which
we previously conducted nacelle-height acoustic bat monitoring and recorded corresponding
temperature and wind speed data.
Our dataset, described in Chapter 2, consists of temperature, wind speed, and acoustic bat data
recorded at 10-minute intervals on the nacelles of wind turbines at the Laurel Mountain Wind
Facility (Laurel Mountain) in 2011–2015 and New Creek Wind Project (New Creek) from 2017–
2018. As in Chapter 3, we omitted from analysis data from a partially surveyed year at Laurel
Mountain in 2011 and 3 detectors at New Creek that operated for fewer than 30 nights or for
which insufficient weather data were available. We rounded the timestamps of all recorded bat
passes to the nearest 10 minutes (Chapter 1) and tallied the number of bat passes (total and
per species) recorded during each corresponding interval, omitting time periods in which all
four variables were not available. To determine the potential amount of energy that could be
generated during each 10-minute interval, we multiplied the wind speed by the standard power
generation curve for a GE XLE 1.6- MW wind turbine, binned at 0.25 m/s wind speed
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increments (Laurel Mountain) and for Gamesa G90/G97 turbines, binned at 0.5 m/s wind speed
increments (New Creek). We developed code using R version 3.5.1 (R Core Team 2018) package
dplyr (Wickham et al. 2019) to categorize every 10-minute interval as meeting or not meeting
conditions of each curtailment strategy. For comparison, we also simulated curtailment
strategies applying blanket cut-in speed increases in 0.5 m/s increments from 3.0–7.0 m/s for
the period between June 1–September 30 from sunset to sunrise without a temperature
threshold.
To evaluate effectiveness of each simulated curtailment strategy, we summed the number of
bat passes recorded during periods meeting curtailment conditions and calculated a nightly rate
and the proportion of all recorded passes exposed to turbine operation per strategy at each
site. By aggregating data among turbines and years, our simulations incorporated realistic
naturally occurring inter-turbine and inter-year variation. To estimate baseline exposure
associated with uncurtailed turbines, we first used wind speed and rpm measurements from
the subset of turbines operating without curtailment at each site to determine the threshold
wind speed bin in which mean rpm exceeded 1, then calculated the activity index and
proportion of passes associated with this threshold. We used these values as the reference
points for calculating the percent reduction in exposure for each simulated curtailment
strategy. We performed similar calculations using species-specific tallies of bat activity to
estimate reductions in exposure among species.
We simulated mean energy loss per turbine associated with each curtailment strategy by
summing the energy generation potential (kW) across 10-minute intervals meeting curtailment
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conditions, converting the resulting value to megawatt hours (MWh), and calculating the mean
among turbines. This total represented an annual estimate, per turbine, of the amount of
potential energy generation that would be lost due to curtailment under each strategy. To
contextualize this predicted power loss, we extrapolated a coarse approximation in MWh of
annual energy generation potential for each wind farm by multiplying the average net capacity
factor reported for West Virginia from 1998–2017 (29.5%; US Department of Energy 2018) by
the rated turbine capacity (1.6 MW for Laurel Mountain and 2.0 MW for New Creek) and scaled
this up to the number of hours in a year (8,766). This derived a per total theoretical energy
production of 4,138 MWh per turbine per year for Laurel Mountain and 5,172 MWh per turbine
per year for New Creek.
Using R package shiny (Chang et al. 2018), we built a data visualization app to plot simulated
energy loss and reductions in bat exposure for each curtailment strategy at each site as an
aggregate or for individual species, years, and turbines. We designed the app to allow the user
to manually set parameters of a smart curtailment alternative with different temperature and
wind speed thresholds for each month. To help determine appropriate temperature and wind
speed thresholds, we also designed the app to generate heat maps of the distribution of bat
passes and time in the conditions space defined by wind speed and temperature (see Chapter
2) and monthly bar plots of bat activity showing the proportion of exposed passes under the
selected curtailment parameters.
We used the app to visualize changes in exposure reduction and energy loss for each site and
attempt to design a smart (activity-based informed curtailment [ABIC]) curtailment alternative
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for each agency-recommended plan that resulted in equivalent or greater reductions in
exposure while minimizing energy loss. We generated an initial set of ABIC alternatives based
on all bat activity, combining species and including unidentified passes, and designed a second
set of ABIC alternatives based only on the subset of bat passes categorized as Myotis species. In
West Virginia, this group could include the federally endangered Indiana bat (Myotis sodalis),
federally threatened northern long-eared bat (Myotis septentrionalis), little brown bat (Myotis
lucifugus), and eastern small-footed bat (Myotis leibii). We chose this genus to exemplify an
opportunity for species-specific plans targeting rare species, but the same approach could be
used to focus on species most vulnerable to turbine-related fatality. We did not identify bat
passes to species within the genus Myotis during the data analysis process due to the similarity
of acoustic characteristics among these species. We calculated the predicted reduction in bat
activity exposure and energy loss for each agency-recommended strategy and ABIC alternative
and calculated reductions in energy loss between comparable pairs. Lastly, to assess the
efficiency of curtailment programs, we calculated the percent of total energy loss occurring
during periods with bat activity for each curtailment plan.
4.3

Results

Regulatory agencies in five states and three Canadian provinces and the US Fish and Wildlife
Service have made public recommendations for curtailment strategies designed to reduce bat
fatality rates. In some cases, state agencies recommended higher cut-in speeds or longer
curtailment seasons for wind projects with greater perceived risk to bats, resulting in a total of
15 distinct strategies outlined in Table 4.1. We also found several examples of curtailment
programs implemented voluntarily by wind projects and other cases in which curtailment plans
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Table 4.1. Parameters for selected curtailment scenarios recommended by state and federal regulatory agencies in the US and
Canada.
Agency (Curtailment Plan)
US Fish and Wildlife Service,
Northeast Region
(USFWS, Northeast)

Season
1 Apr–15 May
16 May–30 Sep
1 Oct–31 Oct

US Fish and Wildlife Service,
Midwest Region
(USFWS, Midwest)
Maine Department of Inland
Fisheries and Wildlife
(ME, low risk)
Maine Department of Inland
Fisheries and Wildlife
(ME, high risk)
Ontario Ministry of Natural
Resources (Ontario)
Alberta, Canada (Alberta)
British Columbia, Canada
(British Columbia)
Pennsylvania Game Commission
(PA, high risk)
Pennsylvania Game Commission
(PA, low risk)
Vermont Agency of Natural
Resources
(VT, ≥ 5 turbines)
Vermont Agency of Natural
Resources
(VT, < 5 turbines)
New York State Department of
Environment and Conservation
(NYSDEC, avoidance)

Source
US Fish and Wildlife Service 2015

1 Aug–15 Oct

Parameters
5.0 m/s; >10°C; ½ hr before sunset–½ hr after sunrise
6.9 m/s; >10°C; ½ hr before sunset–½ hr after sunrise
Manufacturer’s cut-in; >10°C; ½ hr before sunset–½ hr
after sunrise
6.9 m/s; >10°C; ½ hr before sunset–½ hr after sunrise

15 Apr–30 Sep

6.0 m/s; >0°C; ½ hr before sunset–½ hr after sunrise

Maine Department of Inland Fisheries and
Wildlife 2018

15 Apr–15 Jul;
16–30 Sep
16 Jul–15 Sep
15 Jul–30 Sep

6.0 m/s; >0°C; ½ hr before sunset–½ hr after sunrise

Maine Department of Environmental
Protection 2019

1 Aug 1–10 Sep
15 Mar–15 Oct*

5.5 m/s; sunset - sunrise
6.0 m/s; ½ hr before sunset–½ hr after sunrise

Barnes et al. 2018
Barnes et al. 2018

1 Apr–30 Jun
1 Jul–30 Sep
1 Oct–15 Nov
1 Jul–30 Sep

5.0 m/s; >10°C; ½ hr before sunset–½ hr after sunrise
5.5 m/s; >10°C; ½ hr before sunset–½ hr after sunrise
5.0 m/s; >10°C; ½ hr before sunset–½ hr after sunrise
5.5 m/s; >10°C; ½ hr before sunset–5 hrs later

Pennsylvania Game Commission 2013

1 Jun–30 Sep

6.0 m/s; >10°C; ½ hr before sunset–½ hr after sunrise

Vermont Agency of Natural Resources Fish
and Wildlife Department 2016

1 Jun–30 Sep

5.0 m/s; >10°C; ½ hr before sunset–½ hr after sunrise

1 Jun–30 Sep

6.9 m/s; >10°C; ½ hr before sunset–½ hr after sunrise

6.5 m/s; >0°C; ½ hr before sunset–½ hr after sunrise
5.5 m/s; >10°C; ½ hr before sunset–½ hr after sunrise
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US Fish and Wildlife Service 2014b

Barnes et al. 2018

Pennsylvania Game Commission 2013

New York State Department of Public Service
2019

Table 4.1 continued
Agency (Curtailment Plan)
Season
Parameters
New York State Department of
1 Jul–30 Sep
5.0 m/s; >10°C; ½ hr before sunset–½ hr after sunrise
Environment and Conservation
(NYSDEC, minimization)**
New York State Department of
1 Jun–30 Sep
6.0 m/s; >10°C; ½ hr before sunset–½ hr after sunrise
Public Service (NYSDPS,
minimization)
Minnesota Department of
1 Apr–31 Oct
Manufacturer’s normal cut-in; ½ hr before sunset–½
Natural Resources (MN)
hr after sunrise
*Maximum recommended curtailment window
**Minimum acceptable minimization strategy accepted by the NYSDEC based on the referenced source
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Source
New York State Department of Environment
and Conservation 2019
New York State Department of Public Service
2019
Minnesota Department of Natural Resources
2018

were developed as part of project-specific permitting requirements, although we limited our
analysis to general recommendations made by various agencies. All strategies involved
feathering turbine blades below cut-in speeds ranging from manufacturer’s settings (3–4 m/s)
to a maximum of 6.9 m/s, occasionally including a temperature threshold of 10°C. Seasonal
duration of curtailment varied from 41–229 calendar nights among plans, although no plan
required curtailment before March or after November. Most plans required curtailment to be
implemented all night, often including a 30-minute buffer before sunset and after sunrise, and
several plans recommended seasonal changes in cut-in speeds (Table 4.1).
Acoustic and Weather Data from Nacelle Height
Nacelle-height acoustic bat recordings and corresponding temperature and wind speed
measurements were available for a total of 8,848 detector-nights representing 1,246 calendar
dates between 2011–2018. Combined, weather data were available for 1,245,648 10-minute
periods, 560,201 of which occurred between sunset and sunrise. Bat activity occurred during
46,095 periods, representing a total of 78,226 recorded bat passes, 78,162 (99.9%) of which
occurred between sunset and sunrise. The number of recorded bat passes per 10-minute
interval ranged from 0–34, although the distribution of bat passes among intervals was heavily
skewed with 30,820 (67%) of the subset of intervals with bat activity having only 1 bat pass. Of
only 212 intervals with more than 10 recorded bat passes, all but 23 occurred at wind speeds
less than 5 m/s.
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Simulations of Regional and Wind Speed Only Curtailment Strategies
Using parameters associated with the curtailment strategies outlined in Table 4.1, simulations
based on temperature, wind speed, and acoustic bat activity recorded at Laurel and New Creek
predicted energy losses of 0–126 MWh per turbine per year and reductions of 25–85% in
exposure of total bat activity relative to uncurtailed turbines (Figure 4.1). In general, more
protective curtailment strategies resulted in greater energy loss, although this was not always
the case. The 15 plans we simulated were grouped as low (20–35%), moderate (~50–65%) and
high (75–85%) in terms of exposure reduction, although predicted energy losses within these
clusters varied substantially. Simulated energy loss for the 4 strategies with 75% or greater
predicted reductions in exposed bat activity ranged from 69–126 MWh per turbine per year for
New Creek and 79–109 MWh per turbine per year for Laurel Mountain. These predicted losses
represent 1.9–2.6% and 1.3–2.4% of the coarse approximations of annual energy generation
potential for Laurel Mountain (4,138 MWh per turbine per year) and New Creek (5,172 MWh
per turbine per year) respectively.
For comparison, blanket curtailment strategies applying cut-in speeds from June 1–September
30 at 0.5 m/s increments from 3–7 resulted in mean predicted energy losses of 0–121 MWh per
turbine per year and reductions of 14–80% in exposed bat activity when applied to the same
datasets (Figure 4.2). Simulated blanket curtailment strategies achieved 75% reductions in
exposed bat activity at or above 6.0 m/s at Laurel Mountain and 6.5 m/s at New Creek. The
relationships between reduction in bat activity exposure as a function of cut-in speeds was
nonlinear, with the most rapid reductions in exposure accumulating below 5.5 m/s, where
avoidance was 67–70% at New Creek and Laurel, respectively. By contrast, power loss
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Figure 4.1. Predicted annual power loss (MWh) and reduction in bat activity exposure for
agency-recommended curtailment strategies based on simulations using data from Laurel
Mountain (top) and New Creek (bottom).

Figure 4.2. Predicted annual power loss (MWh) and reduction in bat activity exposure for
blanket curtailment strategies with cut-in speeds from 3–6.9 m/s at 0.5 m/s increments based
on simulations using data from Laurel Mountain and New Creek.
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accumulated slowly below 5.0 m/s but grew exponentially above that point, as did differences
in simulated energy loss between sites (Figure 4.3).
Activity-Based Informed Curtailment Strategies
We used the interactive data visualization app to manipulate monthly cut-in wind speeds and
temperature thresholds and toggle on or off a 30-minute buffer before sunset and after sunrise
and view how these changes affected predicted exposure reduction and energy loss (Figure
4.4). We were able to design ABIC alternatives that were equally or more protective of bats
while resulting in less energy loss than each of the 15 agency-recommended curtailment
strategies outlined in Table 4.1. By visualizing simulations based on subsets of data, we were
able to qualitatively assess how consistently curtailment strategies would work among years,
species, sites, and turbines.
ABIC alternatives reduced predicted per-turbine energy losses by 7–68 MWh per turbine per
year compared to equivalently protective blanket strategies, with ABIC alternatives resulting in
an average of 49.2% and 47.4% less energy loss based on simulations using data from Laurel
and New Creek, respectively (Table 4.2). These reductions in predicted energy loss represent a
difference of 0.1–1.6% in total annual energy generation potential based on our coarse
approximation. The percent of energy loss during intervals with bat activity was also equal or
higher for all ABIC strategies than their blanket curtailment counterparts, indicating an
improved alignment between curtailment parameters and conditions associated with bat
activity. Despite the substantially improved efficiency of ABIC strategies, bat activity still
occurred during 20% or less of curtailed periods, suggesting that ABIC strategies could be
tailored further to more closely align with site-specific patterns in bat activity.
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Figure 4.3. Percent reduction in exposed bat activity (left) and power loss (MWh) as a function
of cut-in speed for blanket curtailment strategies simulated for July 1–September 30 using data
from Laurel Mountain and New Creek.

Figure 4.4. Predicted power loss and reduction in bat exposure for selected agencyrecommendations and equivalently protective ABIC alternatives based on simulations using
data from Laurel Mountain and New Creek (as described in Table 4.2).
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For comparison, a hypothetical curtailment program that could prevent turbine operation only
during intervals with bat activity would result in losses of 20.2 MWh and 31.6 MWh per turbine
per year based on simulations using data from Laurel and New Creek, respectively.
We developed a second set of ABIC strategies using only the subset of Myotis activity recorded
at Laurel (n = 111 passes) and New Creek (n = 15 passes). ABIC alternatives targeting Myotis
activity resulted in 11–85 MWh less energy loss per turbine per year, with mean energy loss
reductions of 78.2% and 81.8% for Laurel and New Creek, respectively. Feathering turbine
operation below manufacturer’s normal cut-in speed from April–November reduced exposure
of Myotis species bats by 50% at Laurel Mountain and 55% and New Creek, achieving greater
reductions than several plans resulting in estimated energy losses up to 74 MWh per turbine
per year (Table 4.3).
4.4 Discussion
Evaluations of curtailment strategies as simulated using wind speed, temperature, and acoustic
bat data recorded over multiple years at two different wind farms indicated that blanket
curtailment strategies can effectively reduce exposure of bat activity by substantial margins,
but that exposure reductions and energy losses were highly variable among plans. Curtailment
strategies with the same level of exposure reduction (e.g. “ME, low risk” and “NYSDEC,
avoidance”) differed by as much as 50% in terms of predicted energy loss. While predicted
energy losses associated with all of the simulated curtailment strategies accounted for a small
percent of total annual energy production based on a coarse approximation, the relative
differences in predicted cost among strategies were substantial. Energy losses were generally
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Table 4.2. Parameters of activity-based informed curtailment (ABIC) alternatives and associated exposure reduction, power loss, and
power loss efficiency (percent of energy loss occurring when bats were active) predictions compared against agency-recommended
strategies based on simulations using nacelle-height acoustic bat and weather data from Laurel Mountain and New Creek.
Smart Curtailment Strategy
Name
Description
ABIC 1

ABIC 2

ABIC 3

ABIC 4

Apr–Nov, manufacturer’s
cut-in, ½ hr before sunset–½
hr after sunrise, all
temperatures
Apr–Jul, 3.5 m/s, 10°C;
Aug– Sep, 4.0 m/s, 10°C;
Oct–Nov, 3.5 m/s, 10°C;
sunset - sunrise
Apr–May, 3.5 m/s, 10°C;
Jun, 4.0 m/s, 10°C;
Jul–Aug, 4.5 m/s, 10°C;
Sep, 4.5 m/s, 5°C;
Oct–Nov, 3.5 m/s, 5°C;
sunset-sunrise

Apr–May, 3.5 m/s, 10°C;
Jun, 4.0 m/s, 10°C;
Jul, 4.5 m/s, 10°C;
Aug, 5.0 m/s, 10°C;
Sep, 5.0 m/s, 5°C;
Oct–Nov, 3.5 m/s, 5°C;
sunset-sunrise

Site
Exposure
Reduction
(%)
31

Power Loss
(MWh) &
Efficiency (%)
0 (NA)

Laurel

25

0 (NA)

New Creek

38

2 (17%)

Laurel

39

3 (19%)

New Creek

56

9 (16%)

Laurel

Baseline Strategy
Name

Power Loss
(MWh) /
Efficiency (%)
0 (NA)

Reduction in
Energy Loss

MN

Exposure
Reduction
(%)
31

MN

25

0 (NA)

NA

Alberta
PA, low risk
Alberta
PA, low risk
USFWS, Midwest

31
34
36
30
49

14 (13%)
14 (15%)
15 (20%)
17 (19%)
49 (10%)

12 MWh; 86%
12 MWh; 86%
12 MWh; 80%
14 MWh; 82%
40 MWh; 82%

Ontario

53

27 (12%)

18 MWh; 67%

53

19 (13%)

10 MWh; 53%

48
51
53

62 (13%)
30 (16%)
20 (17%)

52 MWh; 84%
20 MWh; 67%
10 MWh; 59%

61

24 (12%)

9 MWh; 38%

59

23 (17%)

7 MWh; 30%

53

10 (20%)

New Creek

63

15 (15%)

Laurel

NYSDEC,
minimization
USFWS, Midwest
Ontario
NYSDEC,
minimization
VT, < 5 turbines

60

16 (19%)

New Creek

VT, < 5 turbines
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Table 4.2 continued
Smart Curtailment Strategy
Name
Description
ABIC 5

ABIC 6

ABIC 7

Apr, 4.0 m/s, 10°C;
May–Jun, 4.5 m/s, 10°C;
Jul–Aug, 5.25 m/s, 10°C;
Sep, 5.25 m/s, 5°C;
Oct, 4.5 m/s, 5°C;
Nov, 3.5 m/s, 5°C;
sunset - sunrise
Apr, 4.0 m/s, 10°C;
May, 4.5 m/s, 10°C;
Jun–Jul, 5.0 m/s, 10°C;
Aug, 5.5 m/s, 10°C;
Sep, 5.5 m/s, 5°C;
Oct, 5.0 m/s, 5°C;
Nov, 3.5 m/s, 5°C;
sunset–sunrise
Apr, 4.0 m/s, 10°C;
May, 5.0 m/s, 10°C;
Jun, 5.5 m/s, 10°C;
Jul–Aug, 5.75 m/s, 10°C;
Sep, 5.75 m/s, 5°C;
Oct, 5.0 m/s, 5°C;
Nov, 3.5 m/s, 5°C;
sunset - sunrise

Site
Exposure
Reduction
(%)
72

Power Loss
(MWh) &
Efficiency (%)
29 (13%)

Laurel

69

30 (17%)

New Creek

75

36 (12%)

Laurel

73

37 (16%)

New Creek

Baseline Strategy
Name

Exposure
Reduction
(%)
68
64

Power Loss
(MWh) /
Efficiency (%)
76 (10%)
47 (11%)

Reduction in
Energy Loss

69
64

98 (11%)
52 (14%)

68 MWh; 69%
22 MWh; 42%

PA, high risk

73

45 (10%)

9 MWh; 20%

VT, > 5 turbines

73

61 (10%)

25 MWh; 41%

PA, high risk

73

44 (15%)

7 MWh; 16%

VT, > 5 turbines

72

63 (14%)

26 MWh; 41%

NYSDEC, avoidance
NYSDPS,
minimization
NYSDEC, avoidance
NYSDPS,
minimization

47 MWh; 62%
18 MWh; 38%

81

52 (11%)

Laurel

ME, low risk

81

79 (9%)

27 MWh; 34%

79

54 (15%)

New Creek

ME, low risk

77

69 (14%)

15 MWh; 22%
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Table 4.2 continued
Smart Curtailment Strategy
Name
Description
ABIC 8

Apr, 4.0 m/s, 10°C;
May, 5.5 m/s, 10°C;
Jun, 6.0 m/s, 10°C;
Jul, 6.0 m/s, 10°C;
Aug, 6.0 m/s, 10°C;
Sep, 6.0 m/s, 5°C;
Oct, 5.5 m/s, 5°C;
Nov, 3.5 m/s, 5°C;
sunset–sunrise

Site
Exposure
Reduction
(%)
85

83

Power Loss
(MWh) &
Efficiency (%)
69 (10%)

71 (14%)

Laurel

New Creek

105

Baseline Strategy
Name

Power Loss
(MWh) /
Efficiency (%)
90 (9%)

Reduction in
Energy Loss

ME, high risk

Exposure
Reduction
(%)
84

USFWS, Northeast

84

109 (9%)

40 MWh; 37%

British Columbia

85

89 (8%)

20 MWh; 22%

ME, high risk

80

84 (13%)

13 MWh; 15%

USFWS, Northeast

83

126 (11%)

55 MWh; 44%

British Columbia

83

81 (13%)

10 MWh; 12%

21 MWh; 23%

Table 4.3. Parameters of activity-based informed curtailment (ABIC) alternatives and associated exposure reduction, power loss, and
power loss efficiency (percent of energy loss occurring when bats were active) predictions compared against agency-recommended
strategies based on simulations using nacelle-height acoustic bat detection data (Myotis only) from Laurel Mountain and New Creek.
Smart Curtailment Strategy
Name
Description
ABIC M1

Apr–Nov, feathering below
manufacturer’s cut-in,
sunset–sunrise, all
temperatures

Site
Exposure
Reduction
(%)
50

55

ABIC M2

Apr–May, 3.0 m/s, 10°C;
Jun, 4 m/s, 10°C;
Jul–Aug, 4.5 m/s, 10°C;
Sep, 5.5 m/s, 10°C;
Oct–Nov, 3 m/s, 10°C;
sunset–sunrise

75

Power Loss
(MWh) &
Efficiency (%)
0 (NA)

0 (NA)

15 (<0.1%)

Baseline Strategy
Name

New
Creek

Laurel

New
Creek

106

Power Loss
(MWh) &
Efficiency (%)
17 (<0.1%)

Reduction in
Energy Loss

PA, low risk

Exposure
Reduction
(%)
13

Alberta

13

15 (<0.1%)

15 MWh; 100%

USFWS, Midwest

38

62 (<0.1%)

62 MWh; 100%

NYSDEC, minimization

50

20 (<0.1%)

20 MWh; 100%

VT, <5 turbines

50

23 (<0.1%)

24 MWh; 100%

MN

50

0 (NA)

NA

PA, low risk
Alberta
USFWS, Midwest
Ontario

21
30
37
43

14 (<0.1%)
14 (<0.1%)
49 (<0.1%)
27 (<0.1%)

14 MWh; 100%
14 MWh; 100%
49 MWh; 100%
27 MWh; 100%

NYSDEC, minimization

45

19 (<0.1%)

19 MWh; 100%

NYSDPS, minimization

49

47 (<0.1%)

47 MWh; 100%

NYSDEC, avoidance

52

74 (<0.1%)

74 MWh; 100%

MN

55

0 (NA)

NA

ME, low risk
NYSDPS, minimization
Ontario
VT, >5 turbines
British Columbia
ME, high risk
NYSDEC, avoidance
PA, high risk

63
63
63
63
75
75
75
75

69 (<0.1%)
52 (<0.1%)
30 (<0.1%)
63 (<0.1%)
81 (<0.1%)
84 (<0.1%)
98 (<0.1%)
44 (<0.1%)

54 MWh; 78%
37 MWh; 71%
15 MWh; 50%
48 MWh; 76%
66 MWh; 81%
69 MWh; 82%
83 MWh; 85%
29 MWh; 66%

17 MWh; 100%

Table 4.3 continued
Smart Curtailment Strategy
Name
Description
ABIC M3

ABIC M4

ABIC M5

ABIC M6

Apr–May, 3.0 m/s, 10°C;
Jun–Aug, 4.5 m/s, 10°C;
Sep, 5.0 m/s, 5°C;
Oct–Nov, 3 m/s, 5°C;
sunset–sunrise

Site
Exposure
Reduction
(%)
87

Power Loss
(MWh) &
Efficiency (%)
13 (<0.1%)

24 (<0.1%)

Laurel

Laurel

Baseline Strategy
Name

Power Loss
(MWh) &
Efficiency (%)
24 (<0.1%)

Reduction in
Energy Loss

VT, <5 turbines

Exposure
Reduction
(%)
82

PA, high risk

85

45 (<0.1%)

35 MWh; 78%

VT, >5 turbines

87

61 (<0.1%)

37 MWh; 61%

USFWS, Northeast

90

109 (<0.1%)

85 MWh; 78%

11 MWh; 46%

Apr–May, 3.0 m/s, 10°C;
Jun, 4.5 m/s, 10°C;
Jul–Aug, 5.0 m/s, 10°C;
Sep, 5.5 m/s, 5°C;
Oct–Nov, 3 m/s, 10°C;
sunset–sunrise

91

Apr–May, 3.0 m/s, 10°C;
Jun, 4.5 m/s, 10°C;
Jul–Aug, 6.0 m/s, 10°C;
Sep, 6.5 m/s, 10°C;
Oct–Nov, 3 m/s, 10°C;
sunset–sunrise
Apr–May, 3.0 m/s, 10°C;
Jun, 5.0 m/s, 10°C;
Jul, 6.5 m/s, 10°C;
Aug, 6.0 m/s
Sep, 5.5 m/s, 5°C;
Oct–Nov, 3 m/s, 5°C;
sunset–sunrise

88

55 (<0.1%)

New Creek

USFWS, Northeast

88

126 (<0.1%)

71 MWh; 56%

96

48 (<0.1%)

Laurel

British Columbia

96

89 (<0.1%)

41 MWh; 46%

ME, low risk

96

79 (<0.1%)

31 MWh; 39%

ME, high risk

96

90 (<0.1%)

42 MWh; 47%
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higher for more protective plans, although some plans (e.g. “PA, low risk” and “USFWS,
Midwest”) resulted in substantially more energy loss than equivalently protective plans (e.g.
“MN” and “Ontario”). Each curtailment strategy recommended by regulatory agencies in the US
and Canada involved feathering turbine blades below cut-in speeds ranging from 3–6.9 m/s.
Although the seasonal duration, cut-in speeds, time of night, and temperature thresholds
varied among strategies, all involved some degree of restricted operation during late summer
(July–August).
We were able to reduce the simulated energy losses of curtailment plans by an average of more
than 40% while maintaining equal or better protection of bat activity simply by making
relatively minor adjustments to cut-in wind speeds and temperature thresholds on a monthly
basis. Even greater reductions in energy loss were possible when designing smart curtailment
alternatives specifically targeting Myotis activity, although sample sizes were small. More
aggressive reductions in exposure inevitably required more energy loss, although we were able
to match reductions of the most restrictive agency-recommended curtailment plans with less
energy loss. Adjusting cut-in speeds and temperature thresholds on a monthly basis to align
more closely with bat activity were the primary modifications needed to achieve target
reductions in exposure with substantially less energy loss. Adjusting parameters on a monthly
basis reduces the possibility of overfitting a curtailment strategy to finer scale variation in bat
activity that are less likely to occur repeatedly.
Our method of designing smart curtailment based on exposed acoustic activity and predicting
effectiveness of various curtailment programs relies on two fundamental assumptions. The first
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is that exposed activity is correlated with fatality risk. Previously, we documented close
alignment between the magnitude of exposed bat activity and bat fatality rates at multiple
scales at Laurel and New Creek and found that simulations of acoustic exposure based on one
year of data predicted measured exposure during the subsequent year with a high degree of
accuracy (see Chapter 2). Our mean predicted exposure reductions for blanket curtailment
strategies with cut-in speeds of 4.5–6.9 m/s were closely aligned with mean reductions in
empirical fatality estimates for turbines curtailed at the same cut-in speeds (American Wind
and Wildlife Institute 2018b; Table 4.4).
Table 4.4. Mean reduction in empirical bat fatality estimates among curtailment studies in the
US and Canada compared to simulated mean reduction in acoustic exposure based on acoustic
data from Laurel Mountain and New Creek.
Metric

Manufacturer’s
Cut-in**

Cut-in Speed
4.5 m/s

5.0 m/s

5.5 m/s

6.0 m/s

6.5 m/s

6.9 m/s

Mean Percent Reduction
57
66
62
77
81
47
in Bat Fatality Estimate
37 (n = 4)
(n = 4)
(n = 7)
(n = 4)
(n = 1)
(n = 4)
(n = 1)
(number of studies)*
Mean Percent Reduction
in Exposure of Bat Activity
24
51
61
68
74
77
80
at Laurel and New Creek
*Data adapted from Table 4 in American Wind and Wildlife Institute (2018b)
**Manufacturer’s cut-in was 3.0 m/s for New Creek, 3.5 m/s for Laurel, and either 3.5 or 4.0 m/s for the studies
summarized by American Wind and Wildlife Institute (2018b)

The second assumption of our smart curtailment framework is that seasonal patterns in bat
activity and relationships between bat activity and conditions in the aerosphere will follow
consistent patterns. We found that distribution of bat activity seasonally and as a function of
temperature and wind speed were highly stable among years, and even relatively similar
between the two sites we monitored (see Chapter 3). When based on site-specific acoustic data
collected over the full seasonal extent in which fatalities could occur, these distributions
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encompass seasonal and species-specific variation in the behavioral responses of bats to
weather conditions. Also, seasonal variation in bat activity and fatality patterns at wind projects
follow remarkably consistent patterns across North America characterized by gradual increases
in bat fatality rates in spring and early summer, peak rates during late summer, and gradual
decline into fall (Arnett et al. 2005; Arnett et al. 2008; Kunz et al. 2007; Arnett and Baerwald
2013; American Wind and Wildlife Institute 2018a).
Despite the consistency of seasonal fatality patterns, none of the agency-recommended
curtailment plans we simulated attempted to match this well-established pattern. By contrast,
our ABIC strategies applied gradually higher cut-in speeds during months with greater bat
activity, thus matching the intensity of curtailment to the magnitude of fatality risk.
Accordingly, the ABIC strategies we simulated represent a relatively simple and straightforward
approach to smart curtailment that uses parameters that are easily measured and already
incorporated in turbine control algorithms. Bat data are used to provide the quantitative basis
for setting appropriate parameter thresholds, but curtailment is triggered by the conditions
themselves.
Studies in Europe have also demonstrated that predictable seasonal patterns in bat activity and
relationships with weather variables can be used to improve the efficiency of conditions-based
curtailment strategies. Behr et al. (2017) used variation in acoustic bat activity measured at
nacelle height at wind farms across Germany to model the effect of factors such as wind speed,
temperature, precipitation, time of night, and time of year on bat activity. Using the model
predictions, they designed turbine-specific strategic curtailment algorithms that applied higher
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cut-in speeds during combinations of conditions with proportionally higher bat activity and
lower potential energy generation capacity. In so doing, they were able to reduce energy losses
while still achieving targeted reductions in collision risk (Behr et al. 2017). Korner-Nievergelt et
al. (2013) modeled acoustic bat activity and weather variables to predict fatality rates and
highlighted a consistent negative relationship between wind speed and bat activity.
An alternative approach to smart curtailment known as Turbine Integrated Mortality Reduction
(TIMR; Normandeau Associates, Gainesville, Florida) instead uses real-time acoustic bat
detections and wind speed thresholds to trigger curtailment, thereby relying less on the
consistency of behavioral responses of bats to changing conditions in the aerosphere. This
approach reduced bat fatality rates by 84% while resulting in an estimated 90 MWh loss in
energy production relative to fully operational control turbines (Hayes et al. 2019). Similarly,
our “ABIC 10” curtailment strategy would also reduce exposure of bat activity by 84% and result
in loss of 88 MWh per turbine per year based on simulations at Laurel and New Creek.
Triggering curtailment using real-time bat activity requires integration of bat detectors into
turbine control algorithms and depends on automated acoustic data analysis. Identification
errors could therefore result in triggering curtailment unnecessarily or failing to curtail when
risk was present. Additionally, bat detectors do not always record every bat in the air space at
any given moment (see Chapter 1; Adams et al. 2012; Hayes 2000), and detection errors could
contribute to reduced alignment between curtailment and risk. Nevertheless, both strategies
reduced energy loss during periods with low risk, highlighting multiple opportunities to make
curtailment a more efficient tool to reduce risk to bats.
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While sustained cumulative fatality at wind projects raises serious concerns about potential
population-level effects for species most prone to turbine-related impacts, such as the hoary
bat (Frick et al. 2017), the lack of reliable population estimates makes setting biologically
meaningful target fatality reductions or fatality thresholds impossible. Instead, determining if
curtailment is necessary for a wind project and choosing the parameters of the curtailment
program is driven largely by precedent and somewhat arbitrary guidelines. In the absence of
biologically sound fatality reduction targets, we suggest that nacelle-height acoustic and
weather data can be used to establish how effectively a baseline curtailment strategy required
by agencies avoids risk. As we demonstrated in this study, such information can in turn be used
to design an equivalently protective strategy that results in less energy loss. Using agencyrecommended blanket curtailment programs to establish a risk reduction target also provides
some assurance to regulatory agencies that their management objectives are being met.
The purpose of this study was neither to criticize any particular curtailment strategy nor
recommend a specific smart curtailment alternative, but to demonstrate how nacelle-height
acoustic data, when aligned with readily available temperature and wind speed data, can
inform a quantitative framework to improve the efficiency of conditions-based curtailment
program. This information will in turn dictate how complex a smart curtailment strategy needs
to be to meet risk reduction targets. We were able to meet or exceed risk reductions of all 15
agency-recommended curtailment strategies we simulated only through relatively minor
adjustments of cut-in speeds and temperature parameters on a monthly basis, indicating that
smart curtailment alternatives do not necessarily need to be complicated to be effective.
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Managing potential population-level impacts to vulnerable bat species while simultaneously
expanding the wind industry suggests that risk reduction measures must be broadly
implemented to be effective. Although blanket curtailment can reduce risk to bats substantially,
the large amounts of associated energy loss are a major impediment to widespread
implementation. Our simulations suggest that the cost of curtailment can be reduced
substantially by adjusting curtailment parameters based on site-specific data. Shifting
curtailment policy towards target-based (e.g. reduce fatality rates by 75%) rather than
parameter-based (e.g. curtail turbine operation below 6.0 m/s from June 1–September 30)
management objectives could transform curtailment into a strategic tool to achieve risk
reduction targets and would help regulators and the wind industry alike minimize the possibility
for population-level impacts to bats.
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