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Overall Dynamic Body Acceleration in Straw-Colored Fruit Bats Increases in Headwinds but Not With Airspeed
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Atmospheric conditions impact how animals use the aerosphere, and birds and bats should modify their flight to minimize energetic expenditure relative to changing wind conditions. To investigate how free-ranging straw-colored fruit bats (Eidolon helvum) fly with changing wind support, we use data collected from bats fit with GPS loggers and an integrated triaxial accelerometer and measure flight speeds, wingbeat frequency, and overall dynamic body acceleration (ODBA) as an estimate for energetic expenditure. We predicted that if ODBA reflects energetic expenditure, then we should find a curvilinear relationship between ODBA and airspeed consistent with aerodynamic theory. We expected that bats would lower their airspeed with tailwind support and that ODBA will decrease with increasing tailwinds and increase with wingbeat frequency. We found that wingbeat frequency has the strongest positive relationship with ODBA. There was a small, but negative, relationship between airspeed and ODBA, and bats decreased ODBA with increasing tailwind. Bats flew at ground speeds of 9.6 ± 2.4 ms−1 (Mean ± SD, range: 4.3–23.9 ms−1) and airspeeds of 10.2 ± 2.5 ms−1, and did not modify their wingbeat frequency with speed. Free-ranging straw-colored fruit bats therefore exerted more total ODBA in headwinds but not when they changed their airspeed. It is possible that the flexibility in wingbeat kinematics may make flight of free-ranging bats less costly than currently predicted or alternatively that the combination of ODBA and airspeed at our scales of measurement does not reflect this relationship in straw-colored fruit bats. Further work is needed to understand the full potential of free-ranging bat flight and how well bio-logging techniques reflect the costs of bat flight.
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INTRODUCTION

Vertebrate flapping flight is an energetically costly, but economical form of locomotion. Many birds and bats modulate their airspeed, the speed at which they fly relative to the moving air column, in relation to the amount of wind support they receive (Hedenström, 2003; Pennycuick, 2008; Safi et al., 2013; Sapir et al., 2014). They generally increase airspeed with headwind and crosswind (Hedenström et al., 2002; Pennycuick, 2008; Kogure et al., 2016), but decrease airspeed with tailwind to lower overall energetic expenditure. However, measuring instantaneous energetic expenditure is difficult in the wild (Butler et al., 2004; Green et al., 2009), and instead of direct measurement, theoretical relationships built from first principles and wind-tunnel experiments are largely applied to predict the energy requirements of free-flying animals (Pennycuick, 1978; Norberg, 1990; Rayner, 1999; Tobalske et al., 2003b). These relationships are based on the size and shape of a bird, its airspeed, and the resulting power requirements for that flight (Rayner, 1999; Pennycuick, 2008). However, predictions from these models do not always match field-based measures, such as the extreme flight speeds of Brazilian free-tailed bats that are far outside the maximum predicted power these small bats should be capable of (McCracken et al., 2016). Body-mounted accelerometers are a way to show how total power requirements change throughout flight in free-ranging animals, as well as shed light on limited aspects of their wingbeat mechanics (Gleiss et al., 2011; Elliott et al., 2013; Bishop et al., 2015; Elliott, 2016; Hicks et al., 2017). By applying accelerometer-derived motion estimates for both behavior and energy expenditure we should be able to better understand the ways that bats and birds respond to their environment.

The use of tri-axial accelerometry (ACC) combined with GPS data provides a window into the energetic strategies used by animals at fine spatial and temporal scales. ACC data can be interpreted as a measure of the amount of effort used to fly, assuming that the costs of movement constitute the bulk of an animal's energy expenditure (Karasov, 1992; Gleiss et al., 2011; Halsey et al., 2011; Hernandez-Pliego et al., 2017). The relative cost of movement has been estimated from ACC using dynamic body acceleration (DBA) and the full sum of all three axes, Overall Dynamic Body Acceleration (ODBA). For birds, ODBA and other DBA measures have been calibrated against energy consumption during running and walking (Wilson et al., 2006), and inferred in free-flying birds through correlations between heart rate and ACC (Duriez et al., 2014; Bishop et al., 2015; Hicks et al., 2017). Furthermore, models of flapping flight estimate biomechanical power from acceleration data (Spivey and Bishop, 2013). While mechanical power output does not have a direct linear relationship with metabolic power input (Biewener, 2006; Gleiss et al., 2011; Spivey and Bishop, 2013), DBA measures can explain a substantial proportion of total daily energetic expenditure (DEE) or energy expenditure during specific activities in vertebrates in general (Gleiss et al., 2011; Elliott et al., 2013; Duriez et al., 2014; Bishop et al., 2015; Elliott, 2016; Stothart et al., 2016; Hicks et al., 2017). This daily, integrative summary of DEE from DBA is even more effective when the portion of high-energy locomotion (e.g., flapping flight) is modeled separately from other behaviors (Green et al., 2009; Elliott et al., 2013; Duriez et al., 2014; Bishop et al., 2015; Stothart et al., 2016). Changes in acceleration can also be used to identify the behavioral context and activity of flight (e.g., flapping vs. gliding) (Elliott et al., 2013; Williams et al., 2015; Abedi-Lartey et al., 2016; Leos-Barajas et al., 2017) as well as stroke frequency and wingbeat strength (Sato et al., 2008; Kogure et al., 2016). These fundamental components have been used to infer foraging success and mass gain via increases in wingbeat frequency (Sato et al., 2008; O'Mara et al., 2019) as well as the costs of movement trajectories (Nathan et al., 2012; Amelineau et al., 2014; Duriez et al., 2014) with wind across various scales (Kogure et al., 2016; Scacco et al., 2019). There is therefore a strong time-integrated relationship between total ODBA and DEE, but it is unknown how ODBA reflects energy expenditure at finer time scales of individual behaviors, or if ODBA reflects the general non-linear relationship of power output across a range of known flight speeds (Spivey and Bishop, 2013).

Experimental work in wind tunnels has yielded the best insight into how birds and bats adjust their flight behavior and energy expenditure to increasing airspeeds. In general, birds fly faster by increasing wingbeat amplitude and/or wingbeat frequency. However, the interaction between these two adjustments can be species- and speed-dependent (Tobalske et al., 2003a; Tobalske, 2007; Altshuler et al., 2015), and be combined with an elongation of the downstroke ratio and rotation of the wings into a more vertical orientation. While birds and bats fly in similar ways at a broad level, flight behavior in these groups can differ dramatically. Bat wing motions tend to have similar, but greater overall amplitude than birds (Taylor et al., 2003), and bat wings are both relatively massive and have that mass distributed more distally than birds (Thollesson and Norberg, 1991). Like birds, bats modulate their wingbeat amplitude with speed, but to a lesser degree and tend to show either a negative or no relationship between airspeed and wingbeat frequency (Riskin et al., 2010; Hubel et al., 2016). To increase airspeed, bats reduce wingbeat frequency and wingbeat amplitude, but place their wings in a more vertical orientation (Bullen and McKenzie, 2002; Riskin et al., 2010; Iriarte-Diaz et al., 2012; Swartz et al., 2012; Hubel et al., 2016). Furthermore, large fruit bats decrease wingbeat frequency, extend their wings less fully across the entire wingbeat and increase the duration of their wingbeat downstroke to fly faster across a speed range of 3–6 ms−1 (Riskin et al., 2010). For many species, however, the airspeeds that typify free-ranging flight have yet to be achieved in wind tunnels making it difficult to extrapolate from captive conditions to those in the wild where animals may both choose faster speeds and must compensate for changing aerial environments.

The African straw-colored fruit bat (Eidolon helvum) is an ideal species to test how individual measures of flight behavior and energetics from accelerometry relate to environmental conditions. Fruit bats use constant flapping flight and rarely glide or soar (Harris et al., 1990; Lindhe Norberg and Norberg, 2012). During their commuting flights of up to 90 km from a central roost (Sapir et al., 2014; Fahr et al., 2015; Abedi-Lartey et al., 2016; van Toor et al., 2019), they decrease airspeed with wind support, and increase airspeed with crosswinds (Sapir et al., 2014). We hypothesize that if ODBA reflects relative energetic expenditure or power output in bats, then we will find a curvilinear relationship between ODBA and airspeed similar to the theoretical total power requirements of flight (Usherwood et al., 2011; Spivey and Bishop, 2013). Furthermore, if these bats follow aerodynamic theory, they should reduce airspeed with wind support. We then predict a negative relationship between ODBA and tailwind support, and that ODBA will be strongly and positively associated with wingbeat frequency. Lastly, we expect that as in wind tunnel studies, wingbeat frequency will decrease with airspeed and increase with wind support.

METHODS

Capture and Handling

We collected data from 36 Eidolon helvum that wore collar-mounted (O'Mara et al., 2014) GPS and triaxial accelerometry (ACC) loggers (e-obs, GmbH, Munich, Germany). The loggers recorded position every 2.5 min and acceleration every minute for a duration of 13–14 s at a sampling frequency of 18.74–20 Hz (Table 1). These data were taken from a larger data set with a mix of logger positions and sampling rates. The full data set of all animals is available at the Movebank Data Repository doi: 10.5441/001/1.k8n02jn8 (Scharf et al., 2019). Data were collected in Ouagadougou (12.397° N, 1.488° W), Burkina Faso; in Kibi (6.165° N, 0.555° W), Ghana, and in Kasanka National Park (12.586° S, 30.243° E), Zambia where all animals were locally foraging from a central roost during tracking. Eidolon helvum were captured early in the morning with canopy mist nets as they returned from foraging which ensured that the animals had fed before handling (Fahr et al., 2015). We weighed all bats with Pesola spring balances (±0.5 g) and selected individuals with sufficient body mass (278.4 ± 20.5 g) to carry GPS + ACC loggers. Mean total logger mass was 20.95 ± 0.90 g which was 7.56 ± 0.59% of body mass.


Table 1. Deployment information for GPS+ACC loggers on E. helvum.
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Accelerometry Analysis

We extracted wingbeat frequency and ODBA from the ACC data. As indicated by the manufacturer we first transformed the raw acceleration data into ms−2. ACC data were collected in bursts on three axes (X—sway, Y—surge, Z—heave, Figure 1) for a duration of 13–14 s every 1 min at 18.74–20 Hz (Table 1). As the tags were attached on a collar and could move freely around the neck of the animal, the Z and X axis orientation may not be consistent. However, measurement along Y remains in the same orientation regardless of the position on the collar. We applied an ordination to rotate the acceleration data in uncorrelated and orthogonal principal components per burst on all three axes. We extracted the first PC representing the axis containing most of the variance (PC1 mean per individual: 82 ± 6% of variance, range: 70–92%). We extracted the oscillation owed to the movement using a Fast Fourier Transformation (FFT) on the PC1 of each burst. The FFT provided the spectrogram and thus the dominant frequency of each burst corresponding to the wingbeat frequency, if present. We also calculated the average ODBA value for each burst (j) along the three axes (x, y, z) as:

[image: image]

xi represents the ith component and [image: image] the mean of all n samples of the x-axis of burst j, and likewise for y and z. Based on the variance in the amplitude of the dominant frequency extracted from the FFT and the ODBA extracted from the acceleration data, each burst could be assigned to either flapping or non-flapping. High variance in the dominant frequency was a reliable indicator of the presence of a regular oscillation in the acceleration data. If no regular oscillation was recorded, the FFT resulted in a weak and shallow dominant frequency with little difference in amplitude. Clear outliers in respect to wingbeat frequency (<2 or >8 bps, representing about 1% of all bursts classified as flapping) were removed from further analysis. The moveACC R library used to do this can be found at: https://gitlab.com/anneks/moveACC.git.
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FIGURE 1. Example of tri-axial accelerometry measurements and principal component conversion for E. helvum (inset). (A) The raw data were transformed according to manufacturer instructions into ms−2. (B) The principal components reflect the standardized major wave forms for the three axes for each burst of acceleration.



Airspeed Calculation

To calculate airspeed, we first annotated the GPS tracks with the wind conditions at every location using the Env-DATA tool in Movebank (Dodge et al., 2013). We used the U and V component of wind from the “ECMWF Interim Full Daily SFC Wind” 10 m above ground data set (Dee et al., 2011). The U component refers to the velocity of the East-West (zonal) component of wind where positive values indicate west to east flow, and the V component refers to the velocity of the North-South (meridional) component of wind where positive values indicate south to north flow. The ECMWF reanalysis provides estimates of weather conditions at a resolution of 0.75 degrees (ca. 83.4 km), every 6 h at 10 m above ground. This wind information gives broad insight into how bats compensate for environmental conditions, and while this may not be wholly reflective of the instantaneous conditions experienced by the bat, these prevailing wind speed data combined with GPS at similar resolution to our data set have allowed detailed inference into the flight behavior of bats and birds (Safi et al., 2013; Sapir et al., 2014; Flack et al., 2016; Van Doren et al., 2016). We then calculated the ground speed for each segment between consecutive GPS points and calculated airspeed, crosswind and wind support (Safi et al., 2013) using the associated wind conditions. Wind support was calculated as the length of the wind vector in the direction of the bat's flight where positive values represent tailwind and negative values headwind and are given as total support in ms−1. Crosswind was calculated as the value of the speed of the wind vector perpendicular to the travel direction (Safi et al., 2013). The absolute value of crosswind, regardless of the side from which it came, was then used in analysis.

Segment Behavioral Classification

To identify periods of continuous flight we joined the GPS and ACC data sorted by timestamps per individual. Based on the time of the data recorded we assigned the ACC data to each corresponding segment between two consecutive GPS locations. We identified segments that contained missed fixes based on their corresponding GPS schedule and excluded them from further analysis. For each of the remaining segments we calculated the percentage of ACC bursts identified with flapping behavior. We only included segments where 100% of the bursts were classified as flapping in our analysis to further restrict the data to segments with continuous flight. We calculated the mean value of the wingbeat frequency and ODBA for each segment.

Analysis

We used a series of generalized linear mixed effects models in R 3.3.2 (R Core Team, 2016) in MASS::glmmPQL (Venables and Ripley, 2002; Pinheiro et al., 2018) to test how wind conditions affect different aspects of flight. The dataset used in these models (Table S1) contained only those segments assigned with flapping without missed GPS fixes. This resulted in a total of 3,391 locations from 36 bats over 138 nights (3.8 ± 2.4 nights per bats, range: 1–8 nights). As the wind conditions could only be calculated for GPS positions, we assigned the mean wingbeat frequency and ODBA values of the segment to the last point of each segment. We constructed models for each of the response variables: ground speed of the segment, airspeed, ODBA, and wingbeat frequency. Each model included fixed effects of wind support and the absolute value of crosswind as a cofactor. Additionally, we constructed a single model that included ODBA as the response variable, with wind support, absolute value of crosswind, wingbeat frequency, and airspeed as fixed effects. Finally, we also tested in two separate models how wingbeat frequency relates to airspeed and to ground speed of the segment. All models accounted for individual difference by including individual identity as random effect nested within tag manufacturing generation as each generation of tag had its own acceleration transformation procedure. We found no evidence of a temporal autocorrelation structure in our data. We used a Box-Cox transformation of the response variables to meet conditions for Gaussian linear models using the function MASS::boxcox (Venables and Ripley, 2002) and report the power transformation exponent (Table 2). The predictions were back-transformed accordingly. We calculated p-values for fixed effects through Wald approximation in nlme (Pinheiro et al., 2018), and because of our large sample size and nested random effects we consider p = 0.001 as our significance threshold.


Table 2. GLMM results for the effect of wind support on bat ground speed, airspeed, wingbeat frequency, and ODBA.
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Data Availability Statement

All raw GPS and ACC data are available from the Movebank Data Repository doi: 10.5441/001/1.k8n02jn8. The final annotated dataset used in our analyses can be found in Supplementary Dataset 1.

RESULTS

Data from 36 straw-colored fruit bats allowed us to calculate ODBA and wingbeat frequency from the tri-axial accelerometer (Figure 1), and ground speed from GPS. Using regional wind models we then derived airspeed, wind support, and crosswinds for each segment between successive GPS points. In all of our models, there was substantial individual variation as well as effects of the GPS tag generation, with individual identity showing a larger standard deviation in all models. The combined random effects of tag generation and individual identity accounted for a moderate, but inconsistent, amount of variation within each model (Table 2). The addition of the random effects always substantially increased the fit of the model (R2 conditional, Table 2) when compared to the fixed effects alone (R2 marginal, Table 2).

Straw-colored fruit bats flew at ground speeds of 4.3–23.9 ms−1 (Mean ± SD: 9.6 ± 2.4, Figure 2A), which resulted in a mean airspeed of 10.2 ± 2.5 ms−1 (range: 0.4–22.7 ms−1, Figure 2B). To do so, they used a relatively narrow range of wingbeat frequencies (4.12 ± 0.21 bps, range: 3.19–5.04 bps, Figure 2C), and ODBA (12.76 ± 1.54 ms−2, range: 8.78–19.81 ms−2, Figure 2D). Bats modulated their flight behavior in response to the direction of wind support (Figure 2). Ground speed increased with tailwind (Figure 2B, Table 2), and bats decreased airspeed with increasing tailwind support (Figure 2B, Table 2). Wingbeat frequency increased slightly with wind support (Figure 2C) and ODBA decreased with wind support (Figure 2D). Crosswinds had a slightly negative effect on ground speed (Figure S1A), but no effect on total airspeed, wingbeat frequency, or ODBA (Table 2, Figures S1B–D).
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FIGURE 2. The effect of wind support (headwind to tailwind) on E. helvum flight behavior when crosswinds are held at zero. GLMM results are shown in blue for (A) ground speed, (B) airspeed, (C) wingbeat frequency, and (D) ODBA. The 95% confidence interval for each model, including random effects, is shown as the shaded area around the line.



When we tested the effects of wind support, crosswinds, wingbeat frequency, and airspeed on the ODBA generated by bats in a single model (Figure 3, Table 2), we again found that ODBA decreased with wind support (Figure 3A) and that there was no effect of crosswinds (Figure 3B). ODBA was strongly and positively associated with wingbeat frequency (Figure 3C) and decreased with airspeed. Wingbeat frequency was not associated with either airspeed (Figure 4A, Table 2) or ground speed (Figure 4B). Bats therefore generated less total ODBA as they received increasing tailwind support and did not increase wingbeat frequency to fly faster at lower ODBA values.


[image: image]

FIGURE 3. ODBA relative to wind support (A), crosswind (B), wingbeat frequency (C), and airspeed (D) included together in one model. The blue lines show predicted ODBA for each fixed effect where wingbeat frequency and airspeed were set to their means [4.2, 10.2, respectively for A,B], and the effect of wind support and crosswind were set to 0 (C,D). The 95% confidence interval for each model, including random effects, is shown as the shaded area around the line.




[image: image]

FIGURE 4. Airspeed (A) and ground speed (B) relative to wingbeat frequency. The predictive models and 95%CI (in blue) show no relationship between wingbeat frequency and either measure of speed.



DISCUSSION

By integrating GPS and ACC data collected from free flying E. helvum with regional wind models, we show that straw-colored fruit bats increase wingbeat frequency with wind support (Figure 2C), and that flying into headwind increases fruit bat ODBA, while increasing airspeed slightly decreases ODBA (Figures 3A,D, Table 2). As in previous work (Sapir et al., 2014), bats reduced their airspeed with increasing wind support (Figure 2B) likely to reduce costs of flight, or to maintain ground speed to aid in visual navigation (Chapman et al., 2011; Hedenström and Åkesson, 2017). However, these airspeed changes were not achieved by changing wingbeat frequency or increasing ODBA accumulation.

ODBA had a strongly positive relationship with wingbeat frequency, which is expected from work on free-ranging birds (Elliott et al., 2014; Bishop et al., 2015). Beyond this first generalization, relationships between ODBA and wingbeat frequency with airspeed or wind support do not follow consistent patterns among species. While several studies show that free-ranging animals adjust their flight speeds in response to wind support and cross winds, there are few examples of how the mechanics of flight behavior respond to changing wind conditions. In general, free-flying birds flap their wings faster to increase airspeed (Usherwood et al., 2011; Elliott et al., 2014), and some increase wingbeat amplitude or DBA (Usherwood et al., 2011; Elliott et al., 2014), while others do not (Kogure et al., 2016). Free-flying European shags do not change their wingbeat frequency relative to head or tailwind, but show a general curvilinear relationship between wind support and wingbeat strength (Kogure et al., 2016). It could be expected that if the frequency and strength of a wingbeat comprise the bulk of ODBA, then either no relationship or a negative relationship (Kogure et al., 2016) with wind support would appear, such as the relationship we find in E. helvum. However, kittiwakes and murres decrease wingbeat frequency with wind support, and increase DBA with increasing wind support (Elliott et al., 2014). With these few studies, the instantaneous relationships between DBA measures and wind support seem to be complex and species-specific, but could also be related to the resolution of the data measured. Leveraging the existing wealth of GPS+ACC tracking, especially when combined with higher resolution wind data, would help to clarify these patterns across a broader range of conditions.

The relationship between airspeed and power (Rayner, 1999; Pennycuick, 2008) predicts that if DBA is a true measure of energy expenditure or effort (Usherwood et al., 2011; Spivey and Bishop, 2013), then we should observe some curvilinear relationship between ODBA and airspeed in the bats we sampled. ODBA had a more strongly negative relationship with wind support than airspeed, illustrating that bats required more effort to make forward progress when faced with headwind, regardless of their airspeed. This is reasonable as bats increased their airspeed when facing headwinds, and that low speeds should be the most energetically costly for birds and bats (Tobalske et al., 2003b; Hedenstrom and Johansson, 2015; Hubel et al., 2016). However, there are several non-mutually exclusive explanations for why ODBA did not have a strong relationship with airspeed, especially at the high end of speed. First, the wind data used in this study were collected at a relatively large spatial (83 km) and temporal (6 h) scale. While many of our measures directly related to wind perform as expected (e.g., reduction of airspeed and reduced ODBA with wind support), it is possible that wind sampled at this scale cannot give a high enough resolution insight into accelerometry-derived measures of energetic expenditure relative to speed. Additionally, the true speed-power curve predicted for E. helvum may be very flat at moderate to high speeds (Dial et al., 1997; Tobalske et al., 2003b; von Busse et al., 2013) further complicating this relationship. Second, in all of our models, the inclusion of random effects of tag generation and individual identity greatly improved the conditional R2 of the models over the marginal R2, sometimes by as much as 0.46. This suggests that the movement patterns among individuals can be highly variable, and that bats likely employ a diversity of solutions to compensate for wind support to generate air speeds and ground speeds (Sapir et al., 2014). Since bats make many adjustments in the shape of their wings and the angle of attack of their wingbeat to fly faster (Riskin et al., 2008; Iriarte-Diaz et al., 2011; Hubel et al., 2012, 2016), these adjustments are unlikely to be captured by ODBA (Spivey and Bishop, 2013).

It is possible that due to bat flight kinematics, accelerometers do not accurately capture bat flight effort, despite their effectiveness on birds. Acceleration measures have the greatest reproducibility and comparability across individuals and taxa when placed close to the center of mass (Halsey et al., 2011; Spivey and Bishop, 2013) to avoid the increased acceleration experienced as one moves away from this point. The center of mass of a bat, however, changes across a wingbeat cycle (Iriarte-Diaz et al., 2011). The tag placement on the collar, when on the back of the neck, would have been cranial (ahead) to the center of mass on the bats upstroke and directly dorsal (above) to the center of mass on the downstroke (Iriarte-Diaz et al., 2011). As bats fly faster, the largest differences in acceleration are found in surge (or Y in this study, Figure 1), while the vertical acceleration of the center of mass largely tracks speed (Iriarte-Diaz et al., 2011). Furthermore, as bat wings are both relatively more massive and have that mass distributed more distally than birds (Thollesson and Norberg, 1991), even accelerometers mounted directly above the center of mass may not fully capture aspects of wingbeat kinematics such as amplitude. Wingbeat frequencies and relative measures such as ODBA should still reflect the animal's movement, but changes in the distribution of lift and thrust may not be tractable with a single three-dimensional accelerometer. Calibration of accelerometers on bats flying at known speeds in a wind tunnel would delineate these relationships.

It is also possible that instead of an instantaneous measure of power output, ODBA may reflect the costs of movement across longer periods of time (Elliott et al., 2013; Halsey and Goldbogen, 2017). Calibrations of ODBA against metabolic rate are typically conducted with walking or running animals, and generally show positive relationships (Halsey et al., 2011). This includes birds, for which there is currently no direct calibration between in-flight DBA and metabolic rate, though heart rate and DBA generally show positive relationships (Duriez et al., 2014; Bishop et al., 2015; Hicks et al., 2017), and DBA measures are positively correlated with First-Principals estimates for climbing power in Harris's hawks (Van Walsum et al., 2019). Despite this, the sum of DBA does explain a substantial (>70%) amount of daily energetic expenditure in many flying birds (Gleiss et al., 2011; Elliott et al., 2013; Duriez et al., 2014; Bishop et al., 2015; Elliott, 2016; Stothart et al., 2016; Hicks et al., 2017). As an integrative measure, DBA can explain 81% of DEE (Elliott et al., 2013); however, models using only the time away from the nest, without acceleration, also explain 72% of DEE (Elliott et al., 2013; Stothart et al., 2016), which is within the 18% range of error for doubly-labeled water studies (Speakman, 1997; Butler et al., 2004). Direct calibration of accelerometry with both energetic measures and kinematics across a range of known speeds will clarify how current bio-logging techniques capture the energetics of bat flight.

We found no relationship between wingbeat frequency and airspeed, and ODBA decreased slightly with faster airspeeds. To fly faster in wind tunnels bats generally do not change wingbeat frequency, but rely on amplitude and kinematic adjustments (Hedenstrom et al., 2007; Hubel et al., 2010, 2012, 2016; Riskin et al., 2010, 2012; Iriarte-Diaz et al., 2011, 2012; Hedenstrom and Johansson, 2015; Hedenström and Lindström, 2017). Eidolon helvum in a wind tunnel fly with wingbeat frequencies of 4.5–5.7 bps (Carpenter, 1986), and video of free-flying E. helvum emerging from their roosts showed bats flew at 4.4 ± 0.43 bps (Lindhe Norberg and Norberg, 2012). Both of these short estimates are higher than our mean observations (4.07 ± 0.28 bps, maximum: 5.96), but still are within the range of frequencies measured. The free-flying bats we sampled traveled with airspeeds substantially higher than the speeds at which many bats will willingly fly in wind tunnel studies (von Busse et al., 2013), and flew with lower wingbeat frequencies that appear to be consistent. This may be facilitated by the large variation in E. helvum wing camber and Strouhal number (ratio of stroke frequency and amplitude by speed) when compared to other pteropodid bats (Riskin et al., 2010). The many joints and anisotropic, compliant wing membrane of bat wings (Swartz et al., 1996; Cheney et al., 2015; Czenze et al., 2017) allow fine kinematic control by E. helvum, which could mean that their true speed-power curve is very flat (Tobalske et al., 2003b), and there is a broad range of airspeeds over which they fly at the same efficiency. Eidolon helvum appear to choose a wingbeat frequency and then rely on the strength of their wingbeats and kinematic adjustments to the shape and attack angle of their wingbeats (Riskin et al., 2010; Iriarte-Diaz et al., 2011, 2012) to modify their flight in response to changing wind conditions.

In general, the combination of GPS and accelerometry gives unparalleled access to the flight behavior of free-ranging individuals over extended time and space, especially when combined when high-resolution wind models. However, the relationships derived from birds may not directly translate to bats without additional calibration. Future work that delineates the relationship between on-board accelerometry and DBA measures with metabolic and mechanical power and flight kinematics across a range of airspeeds will help clarify what we may infer from data derived from bio-logging techniques. This will yield greater insight into the energy landscapes that animals face and the decisions they take in relationship to their environments in the wild.
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