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ABSTRACT
Wildlife behavior studies have provided vital information towards understanding the natural histories of wildlife species and 
identified crucial components regarding their habitat and metabolic needs. For many species, typical behavioral data are col-
lected using diurnal scans that have limitations in both when and where the data can be collected, ultimately leading to biases 
in behavioral patterns. With technological and analytical advancements of radiotechnology, behavior data can be collected more 
often and over larger spatial scales than with traditional methods. This study compares the behavioral time budget estimates 
between two different observational methods: ground-truthed diurnal scanning observations and 24-h tri-axial accelerometer 
(ACC) GPS/GSM transmitter data that were classified using machine learning. We used the time budgets produced from the two 
methodologies and calculated the daily energy expenditure (DEE) for wintering Lesser Scaup (Aythya affinis) to explore the im-
plications of biased behavioral data. We found significantly more feeding and less flight behavior of birds in the ACC data than 
in the visual scanning data. Using the ACC behavior proportions of the two most energetically demanding behaviors (feeding 
and flying), we found that feeding occurred 42% more during the day and flying occurred 23% more during the night. Lastly, we 
identified that the DEE estimated using the diurnal scanning observations produced a significantly lower estimate than with 
the 24-h ACC data. This advanced way of interpreting wildlife behavior patterns can increase our understanding of wildlife 
species' natural history and make improved decisions regarding wildlife conservation and management. Incorporating this new 
technique of wildlife behavioral observations, we provided a new framework to expand our current knowledge of wintering wa-
terfowl behaviors and energetic needs that can be adapted to research the vast intricacies of wildlife behavior.

1   |   Introduction

Investigating behavioral patterns is invaluable to understand-
ing wildlife species' natural history, conservation and popu-
lation needs (Martin  1998). An understanding of behavioral 
patterns permits researchers to quantify wildlife daily activi-
ties including daily movement (Martin  1998), habitat use and 

resource selection (Pedersen et  al.  2011), responses to envi-
ronmental stimuli and environmental changes (Bro-Jørgensen 
et  al.  2019), impact of human disturbance (Owen et  al.  2017), 
and their subsequent impacts on daily energetic costs (Wilmers 
et  al.  2017). The energetic demand by wildlife species varies 
seasonally (Kautz et  al.  1982) and can have substantial cross-
seasonal effects on reproduction and population levels (Sedinger 
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and Alisauskas 2014). Therefore, to meet peak body condition 
for reproduction, it is imperative that wintering habitats con-
tain ample food resources for individuals as this is a funda-
mental determinant of fitness and overall population stability 
(Ankney and MacInnes 1978; Afton and Ankney 1991; Tinkler 
et al. 2009).

The winter food limitation hypothesis states that the avail-
ability of food for energy and nutrients is the primary factor 
limiting waterfowl populations during winter and migration 
(Krapu and Swanson  1975; Sherry et  al.  2005). To maintain 
and increase available wintering food resources for the con-
servation of waterfowl populations, biologists must consider 
the amount of energy present in the landscape. This is often 
modeled by using the energy supply and demand in the form 
of daily energy expenditure (DEE) of waterfowl species to esti-
mate the carrying capacities of the wintering grounds (Livolsi 
et  al.  2015). DEE represents the required energy needed to 
support an individual bird for 1 day and is calculated by (1) 
summing the basal metabolic rate (BMR), (2) thermoregula-
tory requirements at a specific lowest critical temperature, 
and (3) the energetic cost of daily behaviors such as flying, 
feeding, and swimming (McKinney and McWilliams  2005), 
also known as time-activity budgets (Paulus  1988; Crook 
et al. 2009).

Instantaneous scan sampling is a data-collecting technique 
which allows an observer to record current behavior patterns 
displayed by individuals at preselected moments in time and is 
typically used to record behaviors of individuals through direct 
observation as well as activities of groups, individual behav-
ior synchronization and flock size, and spatial relationships 
in populations (Engel  1996). This technique can be advanta-
geous because it is less obtrusive, inexpensive, and can produce 
large amounts of data over a short period of time (Paolisso and 
Hames 2010). Although scanning methods have often been used 
to estimate behavior patterns and DEE (Bergan et al. 1989; Ladin 
et al. 2011; Heise et al. 2019), there are limitations to this meth-
odology that can bias behavior proportions and result in inaccu-
rate DEE estimates. First, if behaviors cannot be continuously 
observed using scanning methods over a 24-h period, at night 
for example, time budgets may not be reflective of the full period 
by missing important observations such as nocturnal behaviors 
(Wang et al. 2015). Because waterfowl movement and foraging 
behavior differs between diurnal and nocturnal time periods 
(Ydenberg et al. 1984; Jones et al. 2014; Heise et al. 2019), ob-
serving daily behaviors on a 24-h cycle is vital for calculating 
energy estimates. Second, if a wildlife species occupies hab-
itats where conducting scan samples is logistically difficult or 
impossible (e.g., open water or dense vegetation) inaccurate or 
incomplete behavior estimates can occur. Other methods, such 
as live-stream web cameras, have been used to overcome these 
limitations; however, in areas such as the Chesapeake Bay, these 
methods still pose obstacles since collecting the data would re-
quire deploying cameras in a tidal environment that can cause 
unrepairable damage or lost equipment (Wood et al. 2025).

To counter the potential visual and spatial bias associated with 
scan samples, the use of x-y-z tri-axial accelerometer (ACC) data 
provided by Global Positioning System-Global System for Mobile 
Communications (GPS/GSM) transmitters can potentially help 

determine wildlife behavior. This technology has been instru-
mental in helping researchers and managers understand habitat 
and resource selection, spatial patterns, and home ranges for 
many wildlife species (Brown et al. 2012). Despite these advan-
tages, ACC telemetry data are costly, reduces sample sizes, and 
may be difficult to statistically separate movement behaviors 
(Hebblewhite and Haydon 2010). Therefore, it is imperative to 
compare both field scanning observations and ACC technology 
when interpreting behaviors and calculating time budgets for 
DEE estimates.

Lesser Scaup (Aythya affinis) (hereafter scaup), populations in 
the United States have been declining steadily for over 20 years 
(Afton and Anderson  2001; Ross et  al.  2012; US Fish and 
Wildlife Service 2024). While much focus has been devoted to 
their breeding- and reproductive ecology, there has been limited 
research conducted on limiting factors imposed by their win-
tering locations and behaviors (Austin et  al.  2000). In winter, 
scaup rely on open bodies of water and forage on benthic organ-
isms (i.e., bivalves such as clams and mollusks [Bivalvia spp.])to 
build up fat reserves and acquire the necessary energy for the 
following breeding season. The Chesapeake Bay and its tribu-
taries comprise the largest estuary in the United States (Goetz 
et al. 2004) and offers ample open water habitat. However, much 
of the historically forested landscape has now been largely con-
verted to urban/suburban residential communities, agriculture 
lands, and supporting infrastructure altering water quality 
and chemistry relative to historic parameters (Cooper  1995). 
Changes in water quality, along with changes in bottom topog-
raphy, substrate composition, and submerged aquatic vegetation 
(SAV) species composition and availability may directly impact 
the abundance of the scaup's primary food resources in the ben-
thic community and in turn impact wintering behaviors and 
habitat (Dauer et al. 2000; Najjar et al. 2010).

We calculated and analyzed wintering scaup behaviors using 
traditional diurnal observational scanning and 24-h ACC tech-
nology. Our first goal was to compare the behavioral proportions 
during the diurnal and nocturnal portions of the day that were 
predicted using the ACC data, and we hypothesized that the 
high-energy behaviors of feeding and flying would occur sig-
nificantly more during the diurnal hours than in the nocturnal 
time period. We also hypothesized that the ACC method would 
observe feeding and flying behavior significantly more often 
than with the traditional scan sampling method. Second, we 
compared the diurnal and nocturnal energy expenditure calcu-
lated from the ACC behavior data and predicted that the noctur-
nal energy expenditure estimate would be significantly greater 
than the estimates from the diurnal time period. We also com-
pared the difference between 24-h ACC estimated DEE versus 
extrapolating diurnal behavioral scan sampling to the 24-h pe-
riod and the diurnal energy expenditure from the diurnal ACC 
data and the daylight behavioral scan samples. We hypothesized 
that the ACC DEE estimate would be greater than the scan sam-
ple DEE estimate for both the daylight comparison and 24-h 
periods because the ACC would account for nocturnal move-
ment behaviors as well as flight behaviors often not captured 
during observational scan sampling (Morton et al. 1989; Jeske 
and Percival 1995). Providing a full 24-h behavior and energetic 
profile for scaup can be used to support future management and 
conservation decisions in their wintering areas.
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2   |   Material and Methods

2.1   |   Study Area

The Chesapeake Bay is the largest estuary in the United States 
and is located on the eastern coast surrounded by the states of 
Maryland and Virginia (Baird and Ulanowicz  1989; Reay and 
Moore  2009; Maryland State Archives  2021). For this study, 
we conducted our research in the Maryland portion of the 
Chesapeake Bay, USA (Figure 1) which encompasses approxi-
mately 11,603 sq. km with an average depth of 6.4 m and a max-
imum depth of 53.0 m (Reay and Moore 2009; Maryland State 
Archives 2021). There are two major salinity divisions that in-
crease towards the south: oligohaline (0–6 g/kg) and mesoha-
line (6–18 g/kg; Baird and Ulanowicz 1989).

The Maryland portion of Chesapeake Bay region includes 
diverse land uses. The southeastern portion of Chesapeake 
Bay contains large expanses of saline wetlands comprised 
of smooth cordgrass (Spartina alterniflora), salt meadow 
grass (Spartina patens), big cordgrass (Spartina cynosuroi-
des), needle rush (Juncus roemerianus), and marsh elder (Iva 
fructescens) (DeLuca et al. 2004). The northern region of the 
Chesapeake Bay is identified with freshwater wetlands con-
sisting of narrow-leaved cattails (Typha angustifolia), com-
mon reed (Phragmites australis), arrow arum (Peltandra 
virginica), rose mallow (Hibiscus moscheutos), oak-tulip pop-
lar (Liriodendron tulipifera) forests, and low-density agricul-
ture (DeLuca et al. 2004). In the central eastern shore region, 
commercial agriculture dominates the landscape (Keller 
et  al.  1993; DeLuca et  al.  2004; Szlávecz and Csuzdi  2007; 

FIGURE 1    |    Focalized location (area outlined in red on inset map of Maryland, USA) showing five regions containing four observation locations 
distributed around the western and eastern shores of the Chesapeake Bay, Maryland, USA, used for behavioral scan sampling in January–March 
2021 and 2023 and the December—March 2022 and 2023 trapping location at Eastern Neck National Wildlife Refuge, Rock Hall, Maryland, USA.
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Lamb et al. 2021) consisting of row crops, poultry production, 
and some pasture (DeLuca et al. 2004).

2.2   |   Behavioral Scan Observations

We conducted behavioral scan observations from late January–
March in 2022 and 2023. These behavioral scans were con-
ducted in five different regions that were located around the 
shore: southeast, east, north, west, and southwest (Figure  1). 
Each of these five regions were comprised of four observational 
points resulting in a total of 20 observational points (Figure 1).

Each week, we randomly selected four out of the five regions to 
conduct observational scans and randomly selected three of the 
four observational points from each specified region that were 
each scanned during two of four distinct time periods: morn-
ing crepuscular, morning—afternoon, afternoon—evening, and 
evening crepuscular. We determined the time periods using the 
package “suncalc v. 0.5.1” in RStudio v. 4.1.3 (McDuie et al. 2019; 
Thieurmel and Elmarhraoui 2022; R Core Team 2023) that uses 
astronomy, dates, and latitudes and longitudes of a specific area 
to calculate sunlight phases. Morning crepuscular was deter-
mined from dawn until initial sunrise, the morning—afternoon 
was calculated from initial sunrise to solar noon, afternoon—
evening was calculated from solar noon until initial sunset, and 
evening crepuscular was from initial sunset to dusk. To make 
sure that each sampling region was represented for each time 
segment, every other day was sampled with the opposite time 
segment of the previous day. For example, on the first day of 
each week during the observations, we randomly selected one 
of the five sampling regions and then randomly selected three 
of the four observational points within that sampling region to 
visit during the morning crepuscular and afternoon segments. 
The following day, we randomly selected one of the remain-
ing four sampling regions and its corresponding observational 
points to sample during the afternoon and evening crepuscular 
time periods. This pattern continued as such until the end of the 
week. The following week we reversed the pattern starting with 
the afternoon to evening crepuscular period. We used an instan-
taneous scan sample method (Heise et  al.  2019) using tripod 
spotting scopes and binoculars (10 × 42) on lookouts, beaches, 
piers, and in a truck depending on the site. Only birds that were 
within 200 m of the shore were used for behavioral observations 
due to limitations in scanning equipment.

Prior to arrival, we recorded sunrise and sunset before each 
day's observation scans. Upon arrival and before each scan, we 
recorded the date, time, wind speed (m/s) and direction and 
air temperature (°C) using a handheld anemometer. We ran-
domly decided the direction of the first scan by coin flip and 
alternated direction for each subsequent scan. During a 1-h pe-
riod, we scanned six separate times every 10 min to assure inde-
pendence of observations (Jones et al. 2014; Heise et al. 2019). 
During the scan observations, we recorded behavior verbally 
into a voice recording device and later transcribed scans to data 
sheets. Behaviors were broken into six categories: flying, diving, 
swimming, preening, loafing, and sleeping (Heise et al. 2019). 
We characterized flight behavior as movement through the 
scanning area through the air as well as landing and taking off. 
Diving behavior, averaging ~10–20 s in duration (Lovvorn 1994; 

Stephenson 1994), was observed by watching scaup dive under 
the water and arrive to the surface. The pauses between div-
ing bouts (< 15 s) or when an individual was seen eating was 
considered in the diving behavior category (Austin  1987; 
Byrkjedal  1997). Additionally, we gave 1–2 s of viewing time 
after all the individuals on the surface were recorded before 
continuing with the scan to try to account for individuals that 
were submerged underwater during a dive event. We observed 
swimming as back and forth lateral movement, preening as 
feather cleaning, bathing, and itching, loafing as awake with no 
movement, and resting as no movement with head tucked. Since 
equivalent energic costly behaviors have been shown to have 
significantly similar energy modifiers (McPherson  2020), we 
combined sleeping and loafing behaviors into one rest category 
and swimming and diving behaviors into one feeding category. 
Therefore, we categorized behaviors into four categories: flying, 
feeding, preening, and rest, because they represented the full 
range of energetic costs (McPherson 2020). Other behaviors such 
as agnostic, alert, and mating behaviors were not recorded as 
to keep consistent with the behaviors that were observed using 
ACC data as described below.

2.3   |   Trapping and Transmitter Implants

We trapped scaup between December–March 2021–2022 and 
2022–2023 off the shore of Eastern Neck Wildlife Refuge lo-
cated on the Chester River in Rock Hall, Maryland (39.010300, 
−76.211808; Figure  1) using closed barrier traps (Haramis 
et  al.  1982). Each scaup received a United States Geological 
Survey (USGS) size six stainless steel band with a unique band 
number and were sexed, aged, and weighed to make sure scaup 
met the minimum requirements for internal transmitters (3% 
of body weight). We measured tarsus (cm) and wing cord (cm) 
for each individual to confirm Lesser Scaup identification from 
Greater Scaup (Aythya marila) according to Pyle (2008). To re-
duce detrimental effects that traditional external transmitter 
attachments have on diving ducks (Olsen et al. 1992), we used 
30-g GPS/GSM transmitters (OrniTrak-I30 3 G; Ornitela, UAB, 
Vilnius, Lithuania) that were surgically implanted 64 individu-
als including 37 males and 27 females, and 38 individuals that 
were at least second year or younger (SY) and 26 that were aged 
as after second year (ASY) following procedures outlined in 
Olsen et al. (1992). Implant surgeries occurred at the Patuxent 
Veterinary Hospital, USGS Eastern Ecological Science Center 
(formally known as Patuxent Wildlife Research Center) located 
in Laurel, MD, ~141 km away from the trapping site. The inter-
nal transmitters were surgically implanted into the right caudal 
air sac. The surgery itself typically took 20–25 min and < 60 min 
from first starting anesthesia to recovery (Olsen et al. 1992). We 
released the scaup at the trapping site after a 3–4-h recovery pe-
riod. We set the transmitters to record location (longitude and 
latitude) every 60 min and an accelerometer x-y-z directional de-
gree reading every 10 min for 5 s bursts at 10 Hz.

Specifically, when using internal transmitters, Mulcahy and 
Esler  (1999) recommend censoring data for up to 14 days post 
release to minimize surgery effects that are associated with ab-
normal movement and behavior. However, this recommenda-
tion was determined using low frequency transmitter data that 
were acquired once every 3–6 days (Mulcahy and Esler  1999). 
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With the advancement of telemetry and GPS transmitter tech-
nology, location data can be collected at higher rates leading to 
fine-scale movement data. This can be used to identify more 
precise estimates of movement rates that may show abnormal 
patterns associated with transmitter surgical procedures and 
when those patterns return to normal. Using the hourly GPS lo-
cation data, we calculated the average distance traveled (km/
day) for up to 20 days post release using the “amt v. 0.2.1.0” pack-
age in RStudio (Dechen Quinn et al. 2012; Signer et al. 2023). 
We used these distances for each individual and a time-series 
change point analysis with the “changepoint v. 2.2.4” package 
in RStudio to determine censored periods that corresponded 
to crucial times post-release when significant movements were 
made (Edelhoff et al. 2016; Killick et al. 2022). However, in ac-
cordance with Mulcahy and Esler (1999), we only included in-
dividuals that survived > 14 days post-release and stayed within 
the Maryland portion of the Chesapeake Bay for any further 
analysis. This resulted in 29 individuals with 17 males and 12 
females, and 14 SY and 15 ASY.

2.4   |   Experimentally Categorizing and Classifying 
Behaviors Using ACC Data

We videotaped two scaup (one male and one female) in con-
crete dive tanks (2.5 m deep) from the EESC's seabird colony to 
categorize ACC data into behaviors. The dive tank is equipped 
with three windows located approximately halfway between 
the top and bottom of the tank. We fitted each scaup with the 
same internal transmitters using the same surgical procedures 
as those captured from the Chesapeake Bay (Olsen et al. 1992). 
Transmitter accelerometer x-y-z directional degree readings 
were recorded every 5 s at 10 Hz for 5 s bursts resulting in al-
most constant data collection. Each scaup was marked with dif-
ferent colored leg bands to help with identification once in the 
dive tank. Approximately 2 weeks prior to video recording, we 
reinforced previous training for the scaup to dive in the tank 
by using mealworms that would sink to the bottom of the tank 

to entice feeding behavior (de Leeuw et al. 1998). We placed a 
video camera next to a window and aligned it so that the full 
water column of the dive tank was in focus. We placed a small 
clock that displayed the hour, minute, and second on the bottom 
left side of the window, so that it always remained in view of the 
camera. Each video recording event lasted approximately 4–6 h 
(de Leeuw et al. 1998). In total, we videotaped 60 h of footage 
that resulted in 48 h of usable footage, meaning that at least one 
scaup was in view of the camera and was able to be identified 
based on the colored leg band (University of Delaware IACUC 
permit: 1385-2021-0 and 1385-2022-A, USGS ACUC permit: 
2021-16P). We categorized the videoed behaviors into the same 
categories using the same guidelines as with the scanning ob-
servations: resting (including loafing and sleeping behaviors), 
preening, and feeding (including swimming and diving behav-
iors). We matched the timestamp and the ACC data from the 
transmitters to the timestamp and performed behavior from the 
video footage to create a list of verified behaviors with their co-
ordinating ACC signatures. We only recorded behaviors that ac-
counted for ≥ 3 s out of the total 5 s the behavior was performed 
(Yu and Klaassen 2021). Since flight, which is the most energeti-
cally costly behavior (Morton et al. 1989; Gill et al. 2001; Cramer 
et al. 2012), could not be measured in the dive tank, we verified 
this behavior ACC's signature separately using the ACC data of 
the hourly GPS coordinates during migration events character-
ized by cross-continental movement over land.

Past research has documented that shorter burst duration (1–3 s) 
has minimized the chance of recording ACC data of mixed be-
haviors (Brown et al. 2013; Brandes et al. 2021). Following this, 
we modified all ACC data to account for the middle 3 s bursts 
at 10 Hz in an attempt to isolate pure behaviors. The ACC data 
were verified to include four behavior groups: feeding, rest-
ing, preening, and flying (Figure  2). To translate the continu-
ous ACC data to behaviors, we used the “rabc v. 0.1.0” package 
that uses XGBoost distributed gradient-boosted decision tree 
machine learning to analyze the relationships between the x-
y-z coordinates using a total of 92 preprogrammed and added 

FIGURE 2    |    Visualization of video-taped tri-axial accelerometer data collected from a dive tank study performed at the US Geological Survey, 
Eastern Ecological Science Center, Laurel, Maryland, USA, of two captive bred Lesser Scaup (1 male and 1 female, Aythya affinis) pooled and sorted 
by behavior type: Feeding (n = 319), flying (n = 103), preening (n = 169), and resting (n = 282), where flying behavior was verified using GPS location 
data from cross-continental movement during migration periods during December–March 2021–2022 and 2022–2023 wintering periods.
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derived features and predictive models that were filtered using 
a 0.9 correlation coefficient threshold to prevent autocorrela-
tion (Minerva Center for Movement Ecology  2014; Rast  2019; 
Yu  2021; Yu and Klaassen  2021). We used the ACC GPS de-
rived flight data and the dive tank video data as training data 
that consisted of four behavior categories: flight (n = 103), rest-
ing (n = 282), preening (n = 169), and feeding (n = 319; swim-
ming = 139 and diving = 180; Figure 2). The resulting top three 
features were used in the final predictive model to assign the be-
havior categories to the unclassified ACC x-y-z coordinates. All 
involved field and captive data collection and procedures were 
approved by the federally mandated University of Delaware 
Institutional Animal Care and Use Committee (permit: IACUC 
1385-2021-0 and 1385-2022-A), the US Geological Survey—
Eastern Ecological Science Center Animal Care and Use 
Committee (permit: ACUC 2021-16P), and the US Geological 
Survey—Bird Banding Laboratory (permit: 06570).

2.5   |   DEE Calculations

We used scanning data and ACC data to calculate DEE using the 
following equation:

where RMR represents the resting metabolic rate (15.89 kJ/
bird/h; McPherson  2020),ai represents the activity-specific 
multiplier of RMR for a given behavior, CT represents the cost 
of thermoregulation (kJ/h), and ti represents the proportion of 
time spent in a specific behavior, informed by behavioral pro-
portions obtained via instantaneous scan samples and acceler-
ometry data.

We used the activity-specific modifiers presented by 
McPherson (2020) where apreening = 1.66, afeeding = 1.85 (averaged 
between adiving = 1.89 and aswimming = 1.81) and aresting = 1.05 
(averaged between aloafing = 1.10 and asleeping = 1.0). The activity-
specific multiplier for flight (aflight) was calculated using the fol-
lowing equation presented by Butler and Bishop (2000):

where Pflight is the total flight power (W) and is calculated using 
the mass (kg) and converted to kJ/h and divided by the RMR to 
get the flight multiplier (aflight = 9.2; Ladin et al. 2011).

The CT is the cost of energy that is used for thermoregulation 
when the temperature is below a lower critical temperature 
(LCT). When the LCT was lower than 14.4°C (McEwan and 
Koelink  1973), we calculated the thermoregulatory energy ex-
penditure using the equation derived from captive Lesser Scaup 
(McEwan and Koelink 1973).

where T is the temperature subtracted from the LCT. If the 
temperature was above 14.4°C, we assumed that there were no 
additional thermoregulatory costs. We converted the oxygen 

consumption using the 20.1 kJ/h to 1 L O2/h conversion factor 
presented by Carey (1996). We calculated the behavior propor-
tions for each scan (ti) and used Equation (1) to estimate hourly 
energy expenditure (HEE) for each observation. We multiplied 
the average HEE by the number of daylight hours (beginning of 
sunrise—end of sunset) to determine the DEE for the diurnal 
period. Additionally, assuming diurnal behavior was indicative 
of the full 24-h period, we multiplied the average HEE by 24 to 
determine a single winter DEE value for scaup.

For the ACC data, we assigned one of the four behaviors to the 
unclassified ACC data for days that had ≥ 95% of all total bursts 
recorded (n = 191,186) using the results of the XGBoost deci-
sion tree analysis. Once the unclassified ACC coordinates were 
assigned one of the behaviors, we calculated the behavior pro-
portions for each individual throughout the December–March 
of 2021–2022 and 2022–2023 wintering period. We paired the be-
haviors to the closest hourly ambient temperature (°C) and wind 
speed (m/s) collected from the closest weather station provided 
by the National Centers for Environmental Information, National 
Oceanic and Air Administration (NOAA) National Climatic Data 
Center (National Climatic Data Center 2023). We used the above 
equations to calculate HEE for each hour and summed to find 
DEE for full 24-h estimates and averaged across all DEE esti-
mates to calculate a single average DEE for the wintering periods 
of December–March of 2021–2022 and 2022–2023. We also cal-
culated the DEE estimate for daylight hours by multiplying the 
average HEE by the average number of daylight hours, calculated 
using the “suncalc v. 0.5.1” RStudio package (Thieurmel and 
Elmarhraoui 2022), for each day in the sampling period as well as 
an estimate for the nocturnal sampling period.

2.6   |   Time-Activity Budget and DEE Comparison 
Analysis

We first calculated the behavior proportions collected from all 
individual scaup observations that occurred during the 10-min 
instantaneous scan samples (nobservations = 42,713; nscans = 396) 
and those collected from the ACC data from 29 individuals 
(nbursts = 191,186). We tested specifically the differences between 
scaup feeding and flying behaviors as these two behaviors have 
the greatest effect on DEE estimates because of their high ener-
getic demands. As behaviors are generally nonparametric, we con-
ducted Wilcoxon rank sum tests using the “rstatix v. 0.7.2” package 
using the ACC data to compare the two behavior groups between 
the diurnal and nocturnal time periods (Kassambara 2023). With 
the data having a truncated distribution toward 0, the traditional 
approach of using the rank-based Wilcoxon rank sum test may 
also result in a lower power analysis (Wang et al. 2023). Therefore, 
we additionally performed binomial Generalized Linear Mixed 
Models (GLMM) with each scaup as a random effect in the “lme4 
v. 1.1-34” package for feeding and flying behaviors which allowed 
us to compare behavior groups to the different time periods for 
the 24-h ACC data (Bates et al. 2023). Similarly, we performed a 
binomial GLM to compare the behavior proportions of feeding 
and flight between the instantaneous scan sampling and ACC 
transmitter methods. We used a two-tailed hypothesis t-test to ex-
amine if there is a significant difference between the 24-h DEE 
estimates of the scanning methodology and the ACC methodol-
ogy. We also used a two-tailed hypothesis test to determine if the 

(1)DEETE24 =

n
∑

hr= 1

n
∑

i= 1

{[(

RMR × ai
)

+ CT
]

× ti
}

(2)Pflight = 52.6 ×M0.74

(3)CT = 0.1392(T)
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7 of 13Ecology and Evolution, 2026

diurnal energy expenditure calculated from the scanning samples 
were different than those calculated from the ACC data. To com-
pare daily energy expenditure to nocturnal energy expenditure, 
we used a two-tailed hypothesis test to determine any significant 
differences between the two estimates. All statistical analysis was 
performed using RStudio v4.3.1 (R Core Team 2023).

3   |   Results

3.1   |   Training ACC Sampled Data

To train the ACC data, we wanted to remove potentially biased 
initial behaviors associated with transmitter implantation. The 
average total distance traveled for all 20 days was 390.1 ± SE 

35.7 km. The greatest bout of movement occurred between 
days 1–2 where the average distance traveled per day went 
from 229.3 ± SE 36.2 km to 21.8 ± SE 6.0 km with an effect size 
of 0.9 (Figure  3). The second largest change in mean average 
distance traveled per day was between days 3–4 and changed 
from 13.9 ± SE 2.3 km to 9.3 ± SE 1.6 km/day with an effect size 
of 0.6 (Figure 3). The average distance traveled for the remain-
ing 16 days was 7.2 ± SE 0.3 km. Therefore, all transmitter bursts 
were censored to exclude the first 4 days.

The top three data features for classifying behaviors using the gra-
dient boosted machine model were x_icv, the inverse co-variance 
of the x coordinate, yaw, the rotation around the z coordinate, and 
static_y, the absolute value of the running mean of the y coordi-
nate (Figure 4). With these three summary statistics, the overall 

FIGURE 3    |    Line graph showing the average distance traveled (km) with SE bars for every individual Lesser Scaup (Aythya affinis, n = 29) that 
survived > 20 days post release with blue highlighted lines indicating that between days 1–2 and days 3–4 had the most significant displacement in 
movement for winters of 2021–2022 and 2022–2023, Chesapeake Bay, Maryland USA.

FIGURE 4    |    Top three features used in the XGBoost decision tree model for predicting four behaviors of tagged Lesser Scaup (Aythya affinis) using 
ACC transmitter data in the Chesapeake Bay, Maryland USA, 2021–2023, and the cumulative model accuracy of each predictor variable to the overall 
model (red line) where x_icv is the inverse co-variance of the x coordinate, yaw the rotation around the z coordinate, and static_y, the absolute value 
of the running mean of the y coordinate.
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8 of 13 Ecology and Evolution, 2026

classification accuracy of the model was 81.5% (Figure  4). The 
F1 score is a performance measure that evaluates the accuracy 
of a model using the precision and recall scores for each variable 
(Zhang et al. 2015). Using the precision and recall values from the 
model confusion matrix (Figure 5), flying behavior had the high-
est F1 score (0.91) indicating that flight behavior was the most cor-
rectly identified. Resting behavior was the second most correctly 
identified behavior class (F1 = 0.88) followed by feeding behavior 
(diving and swimming, F1 = 0.79) and lastly, preening (F1 = 0.67).

3.2   |   Estimated Behaviors

Resting behavior (sleeping and loafing) had the highest propor-
tion of time spent of all behaviors (69.6%) that were collected 
using the instantaneous scan sampling method (n = 42,713) fol-
lowed by feeding (diving and swimming) (24.5%), flying (4.1%), 
and lastly preening (1.9%) (Table 1). The behavior proportions 
from the 24-h ACC data (ndiurnal = 86,781; nnocturnal = 104,405) 

from most to least occurring were preening (65.0%), feeding 
(diving and swimming) (29.1%), flying (3.5%), and resting (2.5%) 
(Table  1). During the diurnal hours, preening was the most 
occurring behavior (57.6%), followed by feeding (37.7%), flying 
(3.0%), and resting (1.7%) (Table  1). Preening was the highest 
representing behavior for the nocturnal hours (71.1%) followed 
by feeding (21.9%), flying (3.9%), and resting (3.1%) (Table 1).

Our results from the Wilcoxon ranks sum test comparing 
the behavior proportions between the diurnal and noctur-
nal time periods indicated that both feeding (p < 0.001) and 
flying (p < 0.001) were significantly different with small ef-
fect sizes (rfeeding = 0.1; rflying = 0.03). Similar results were 
shown from our test comparing the diurnal and nocturnal 
behaviors derived from the ACC data where feeding behav-
ior was significantly different between the diurnal and noc-
turnal time periods and showed that more feeding occurred 
during the daylight hours (37.7%) than in the nocturnal pe-
riods (21.9%, p < 0.001). Additionally, the binomial model for 

FIGURE 5    |    Confusion matrix detailing accuracy of each Lesser Scaup (Aythya affinis) behavior to be correctly identified given the XGBoost 
model with the top accurately identified behavior as flying, followed by resting, feeding, and lastly, preening, during the winters of 2021–2022 and 
2022–2023, Chesapeake Bay, Maryland USA.

TABLE 1    |    Contingency table for Lesser Scaup (Aythya affinis) outlining the percentages and total counts of all four behaviors between the ACC 
December–March 2021–2022 and 2022–2023 wintering periods, Chesapeake Bay, Maryland USA, for both diurnal and nocturnal time portions of 
the day and the total for all diurnal counts with SE for scanning observations.

Feeding Flying Preening Resting

ACC

Diurnal 37.7% (32,715) 3.0% (2607) 57.6% (50,003) 1.7% (1456)

Nocturnal 21.9% (22,838) 3.9% (4063) 71.1% (74,232) 3.1% (3272)

Total 29.1% (55,553) 3.5% (6670) 65.0% (124,235) 2.5% (4728)

Scanning observations

Diurnal 24.5% ± 13.3% (10,149) 4.1% ± 2.2% (1676) 1.9% ± 0.9% (867) 69.6% ± 45.2% (30,021)
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flying behavior showed that there was also a significant dif-
ference between flight behavior in the two time periods with 
more flight behavior during the nocturnal hours (3.9%) than 
in the diurnal time period (3.0%, p < 0.001). Our results from 
the binomial GLM comparing the two methodologies for the 
diurnal feeding behavior indicated that there was a significant 
difference (p < 0.001) and that the ACC estimated behaviors 
(37.7%) were observed more often than for the scanning meth-
ods (29.1%). The diurnal flight behavior also had significant 
differences (p < 0.001) between the two methods with scan-
ning observations (3.5%) being more often recorded than with 
the ACC transmitter data (3.0%).

3.3   |   Estimating Energy Expenditure

The average hourly energy expenditure calculated from in-
stantaneous scan samples for daylight hours (n = 42,713) was 
53.5 ± SE 1.3 kJ/bird/h (95% CI: 51.0–56.1 kJ/bird/h). The ex-
trapolated DEE for a 24-h period (assuming the diurnal be-
havior was representative of the 24-h period) was 1285.1 ± SE 
30.9 kJ/bird/day (95% CI: 1224.5–1345.7 kJ/bird/day). The av-
erage ACC diurnal HEE (ndiurnal = 86,781) was 65.0 ± SE 2.2 kJ/
bird/h (95% CI: 60.6–69.3 kJ/bird/h). The average ACC noc-
turnal HEE (nnocturnal = 104,405) was 107.8 ± SE 11.0 kJ/bird/h 
(95% CI: 86.1–129.5 kJ/bird/h). The average HEE across the full 
24-h period was 62.3 ± SE 0.3 kJ/bird/h (95% CI: 61.7–62.9 kJ/
bird/h). Nocturnal energy estimates were significantly greater 
than diurnal energy estimates (t = −65.5, p < 0.001). The DEE 
for the full 24-h period was 1496.0 ± SE 7.4 kJ/bird/day (95% CI: 
1481.4–1510.6 kJ/bird/day).

Our results of the two-tailed hypothesis t-test comparing the 
diurnal hourly energy expenditure estimates between the 
two methods indicated that there was a significant difference 
(t = −9.6, p < 0.001), with estimates being greater from the 
ACC data (65.0 ± SE 2.2) than those estimated through scan-
ning observations (53.5 ± SE 1.3, p < 0.001). Comparing the 
full 24-h DEE estimate between the scanning and ACC meth-
ods, our results showed that there was a significant difference 
(t = −6.6, p < 0.001) with the DEE estimates from the ACC data 
(1496.0 ± SE 7.4) yielding a greater estimate than those from the 
scanning observations (1285.1 ± SE 30.9).

4   |   Discussion

Incorporating advanced technology, such as telemetry devices, 
into wildlife research has provided several valuable insights into 
animal behavior and movement. Scaup are a species that can 
greatly benefit from these innovations, which allow for contin-
uous data collection during visually difficult time periods and 
from elusive locations. The aim of this research was to provide 
new methods to calculate DEE and assess wintering Lesser 
Scaup behavior. By using the ACC data to maximize behavior 
observations, a full 24-h daily energy budget was estimated, 
and we found that nocturnal energy expenditure was signifi-
cantly greater than diurnal energy expenditure estimates and 
that the ACC transmitter data estimated a significantly greater 
DEE and HEE than instantaneous scan sampling. Additionally, 
there were significant differences between behaviors during the 

diurnal and nocturnal time periods which greatly influenced 
their calculated diurnal and nocturnal HEE and added evidence 
to support the need for nocturnal behavior observations. The 
bias correction of an additional 211 kJ needed for a bird/day 
translates into an extra day of energy needed per week.

When performing behavior-based research and analysis, the as-
sumption that diurnal proportions of the day are representative 
of the nocturnal behaviors should be met with skepticism. The 
ACC observations yielded a significantly higher DEE estimate 
for the 24-h period than the estimate calculated from the scan-
ning samples. The diurnal scan samples occur when tempera-
tures are typically warmer than nocturnal temperatures which 
impacts the energetic adjustments for LCT. Thus, when the scan 
sample HEE was being extrapolated to a 24-h estimate, noctur-
nal thermoregulation was not being accounted for. This was 
shown in our study, where the nocturnal ACC DEE estimates 
were significantly greater than the diurnal estimates. Findings 
presented by Jorde and Owen Jr. (1988), state that some water-
fowl species perform different behaviors over the nocturnal pe-
riod. Specifically, warmer temperatures may allow waterfowl to 
spend more time performing different behaviors than when the 
temperatures reach below the LCT threshold (Jorde et al. 1984). 
Furthermore, these daily temperature changes can heavily in-
fluence the amount of thermoregulation occurring and increase 
the amount of energy needed for a single day. For instance, for 
ring-neck ducks (Aythya collaris) wintering in Florida, USA, 
where the mean diurnal and nocturnal ambient air tempera-
tures are higher than those around the Chesapeake Bay, the 
DEE estimate for the 24-h period was considerably lower than 
the ACC and scanning estimates (Jeske and Percival  1995). 
Incorporating other biological and microclimate effects, such 
as body morphometrics and wind velocities, may also provide 
more robust estimates for energy expenditure (McKinney and 
McWilliams 2005; Livolsi et al. 2015).

For the marked scaup in this study, both the results from the 
tests comparing the feeding and flying proportions between di-
urnal and nocturnal time periods indicate that feeding occurred 
significantly more during the daylight hours and there was more 
flight behavior during the night. As previously mentioned, these 
differences between the two time periods have great impact on 
these estimates because more energy is required to perform 
these behaviors during colder nocturnal temperatures. As scaup 
are a waterfowl species that can be difficult to see during the 
night, using other methods to collect behavioral observations 
other than traditional scanning procedures has proven to be 
beneficial to capture high energy behaviors.

Our findings documented feeding behaviors as the second most 
prevalent behavior in the diurnal period in both the scanning 
and ACC observational methods, and our estimates fell within 
range of previous studies (~20%–48%) estimating feeding be-
havior (Christopher and Hill  1988; Bergan et  al.  1989; Adair 
et al. 1996; Custer et al. 1996; Poulton et al. 2002; Herring and 
Collazo  2005). Although our results showed that feeding per-
formed more often during diurnal hours, past literature suggests 
that scaup feed more often nocturnally due to outside influences 
that were not accounted for during our study. For instance, 
Nilsson (1970) found scaup feeding was impacted by tempera-
ture and potential disturbances on the foraging grounds. Bergan 
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et al.  (1989) and Custer et al.  (1996) documented that specific 
behaviors such as foraging and locomotion can change through-
out the wintering season and may be impacted by human dis-
turbances and environmental stimuli such as food resources, 
inter- and intraspecific competition, weather, lunar and tidal 
cycles, as well as noise pollution and light pollution (Korschgen 
and Dahlgren  1992; Cabrera-Cruz et  al.  2018). Coupling the 
24-h observational monitoring from the ACC data with these 
additional outside influences may address these confounding 
results and share insight on feeding behaviors of scaup, espe-
cially during periods and at locations where visibility during 
nocturnal hours is low or non-existent.

Contrary results from the scanning and ACC behavioral time 
budgets indicate that preening was observed the least often with 
the scanning samples and was observed the most often with 
the diurnal ACC data. The opposite relationship was shown 
with resting behavior as it was observed the most using scan 
sampling and the least with the diurnal ACC data. Neither the 
scanning nor the diurnal ACC observations fell within previous 
research conducted that estimated preening (or noted as com-
fort) ranged between ~4% and 18% (Christopher and Hill 1988; 
Bergan et al. 1989; Adair et al. 1996; Poulton et al. 2002). Past 
literature suggests conflicting patterns regarding preening and 
resting behaviors of Lesser Scaup between diurnal and noctur-
nal hours (Bergan et al. 1989; Adair et al. 1996), which is sim-
ilar to the findings presented in this paper. In the case of the 
opposing performance rates between the two methods, one of 
the possible explanations may result from collecting behavior 
observations from different ranges from shore. Behaviors that 
were observed using scan sampling were constricted to 200 m 
from shore whereas the ACC data did not have the same lim-
itations and could be observed from any distance. Since scaup 
have been shown to rest in open water areas closer to shore 
(Bergan et al. 1989), the resting observations collected from the 
scan sampling may have been inflated since not all behaviors 
performed from all distances were represented in this sampling 
method. Another explanation for these opposing performance 
rates may be from difficulty to interpret and assign ACC be-
haviors that are confounded by external forces, such as waves 
(Halsey et al. 2011). For stationary behaviors or behaviors that 
exhibit a consistent velocity, such as resting and swimming, 
ACC readings may have difficulties deciphering out these be-
haviors (Williams et  al.  2017). Considering that the trial data 
were taken from a controlled setting, the impact of a tidal en-
vironment on the x-y-z coordinates was not measured—poten-
tially leading to the misclassification of behaviors. Past research 
suggests that scaup rest more often in open estuarine habitats 
(Herring and Collazo 2005). Thus, if a scaup was resting in an 
open water area, the impact of the waves may have shown a dif-
ferent ACC reading and labeled the behavior as something other 
than resting. Furthermore, for ACC data, functionally similar 
behaviors can be difficult to differentiate and can be mislabeled 
(Tatler et al. 2018). During the video behavior classification, any 
behavior that exhibited “comfort,” i.e., bathing, feather cleaning, 
and itching, were labeled as a broad “preening” category. If an 
ACC reading in the broad preening category had a similar x-y-z 
statistical summary relationship to those in the flying, feeding, 
or resting categories, that behavior may have been misclas-
sified. This may have inflated the predictions associated with 
the preening behavior while simultaneously underestimating 

resting behavior. Brandes et al. (2021) found a similar phenom-
enon when trying to differentiate between specific behaviors in 
giraffes (Giraffa cameloparadalis) and noted that highly over-
lapping values bordering single axes per behavior category may 
cause possible confusions during classification.

As previously stated, the behavior modifiers and trial behav-
ior observations used for the ACC data were derived from an 
environment set to stable conditions and did not incorporate 
external environmental variables such as water movement or 
waves. With the potential bias leading to the misclassification 
of behaviors, the DEE may be miscalculated and be under- or 
overestimating estimates. However, scaup residing in these al-
ternating conditions may require additional energetic require-
ments that have been unaccounted for in past DEE estimates. 
Since it requires greater amounts of energy to move and remain 
at rest in dynamic environments, such as water currents and 
wave-surge flows (Woakes and Butler  1983; Schakmann and 
Korsmeyer 2023), the estimate we present in this study that in-
corporated more energetically taxing behaviors, that is preen-
ing, may be a more realistic representation of the amount of 
energy expended daily for scaup wintering in the Chesapeake 
Bay because of the strenuous environmental conditions. In the 
case of scaup wintering in the Chesapeake Bay, it may be a bet-
ter solution to use additional or different sensors that measure 
angular rotation such as gyroscopes or magnetometers (Martín 
López et al. 2016; Williams et al. 2017).

When comparing the two methods, it should be noted that both 
have advantages and disadvantages associated with both. For di-
urnal scanning, we observed behaviors from many individuals 
without needing to perform intrusive handling and surgery pro-
cedures and without the added monetary costs of transmitters. 
However, these data were only able to be collected in locations 
that allowed public access and when individuals were within our 
200 m equipment threshold in which visibility was not obstructed 
by precipitation or choppy waves. Using the ACC data provided 
by the internal transmitters gave us access to behaviors that were 
performed during all weather and environmental conditions, in 
all locations in the Chesapeake Bay, and for full 24-h cycles. While 
the initial field work of trapping and the transmitter implants re-
quired much effort between multiple collaborators, the data col-
lection post-surgery was consistent and provided us with extensive 
behavior observations that we would not have been able to observe 
otherwise. Yet, we were only able to acquire behaviors from 29 in-
dividuals, which is a small sample and may not be representative 
of the population, required additional field work to obtain ground-
truthed behaviors to run our analysis, and had higher expenses 
from the transmitter and trapping equipment. Regardless of the 
method used, it is essential to understand the biases that come 
with each form of data collection and account for these when esti-
mating behaviors and energy expenditure.

Along with the technological advancements of data collection for 
wildlife comes the ability for wildlife researchers to gain mean-
ingful knowledge and add to our current understandings of basic 
wildlife ecology. In this study, we presented only a few ideas of 
ways that radiotechnology can improve our data collection and 
new ways to use these data to re-evaluate prevailing questions. 
Using ACC data hold powerful capabilities that allow research-
ers to rely less on extrapolated energy expenditure based on 
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visually accessible behaviors and instead focus our efforts on cal-
culating determinate 24-h energy expenditure. For scaup in the 
Chesapeake Bay, 24-h data behavior observations were success-
fully collected using the ACC tri-axial data from GPS/GSM trans-
mitters and showed that behaviors performed during the diurnal 
hours were not significantly similar to those during nocturnal 
hours. With this knowledge, we were able to calculate a full 24-h 
energy expenditure estimate for wintering scaup that was signifi-
cantly greater than the diurnal extrapolated estimate calculated 
using scanning observations showing just one example of how 
this technology can refine wildlife data collection.

Author Contributions

Hannah L. Schley: data curation (lead), formal analysis (lead), in-
vestigation (lead), methodology (equal), writing – original draft (lead), 
writing – review and editing (equal). Christopher K. Williams: 
conceptualization (equal), data curation (supporting), formal analy-
sis (supporting), funding acquisition (lead), investigation (support-
ing), methodology (equal), project administration (lead), resources 
(lead), supervision (lead), writing – original draft (supporting), writ-
ing – review and editing (equal). Josh Homyack: conceptualization 
(supporting), methodology (supporting), writing – review and editing 
(supporting). Bill Harvey: conceptualization (supporting), methodol-
ogy (supporting), resources (supporting). Glenn H. Olsen: methodol-
ogy (supporting), writing – review and editing (supporting). Sharon 
Johnson: methodology (supporting), writing – review and editing 
(supporting).

Acknowledgments

Funding for this research came from the Maryland Department of 
Natural Resources, Ducks Unlimited, The University of Delaware 
Waterfowl and Upland Gamebird Center, and USDA Hatch (DEL00854). 
We are especially grateful to Matt Whitbeck and Marcia Pradines of 
the US Fish and Wildlife Service for providing access to Eastern Neck 
National Wildlife Refuge, the many biologists and technicians, specifi-
cally Nathan Simmons and Amanda Hoyt, of the Maryland Department 
of Natural Resources who helped during fieldwork, and Dr. Alicia 
Berlin, Carlyn Caldwell, and the staff of the US Geological Survey—
Eastern Ecological Science Center for providing their expertise and 
facilities.

Funding

This work was supported by Maryland Department of Natural Resources 
and Ducks Unlimited. Additional funding was provided by the US 
Department of Agriculture Hatch (DEL00774) and the University of 
Delaware Waterfowl and Upland Gamebird Center.

Ethics Statement

All involved field and captive data collection and procedures were ap-
proved by the federally mandated University of Delaware Institutional 
Animal Care and Use Committee (permit: IACUC 1385-2021-0 and 
1385-2022-A), the US Geological Survey—Eastern Ecological Science 
Center Animal Care and Use Committee (permit: ACUC 2021-16P), and 
the US Geological Survey—Bird Banding Laboratory (permit: 06570).

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

Our data are available at Dryad and the link is: https://​doi.​org/​10.​5061/​
dryad.​tx95x​6b8v.

References

Adair, S. E., J. L. Moore, and W. H. Kiel. 1996. “Wintering Diving Duck 
Use of Coastal Ponds: An Analysis of Alternative Hypotheses.” Journal 
of Wildlife Management 60: 83–93.

Afton, A. D., and M. G. Anderson. 2001. “Declining Scaup Populations: 
A Retrospective Analysis of Long-Term Population and Harvest Survey 
Data.” Journal of Wildlife Management 65: 781–796.

Afton, A. D., and C. D. Ankney. 1991. “Nutrient-Reserve Dynamics of 
Breeding Lesser Scaup: A Test of Competing Hypotheses.” Condor 93: 
89–97.

Ankney, C. D., and C. D. MacInnes. 1978. “Nutrient Reserves and 
Reproductive Performance of Female Lesser Snow Geese.” Auk 95: 
459–471.

Austin, J. E. 1987. “Activities of Postbreeding Lesser Scaup in 
Southwestern Manitoba.” Wilson Bulletin 99: 448–456.

Austin, J. E., A. D. Afton, M. G. Anderson, et al. 2000. “Declining Scaup 
Populations: Issues, Hypotheses, and Research Needs.” Wildlife Society 
Bulletin 28: 254–263.

Baird, D., and R. E. Ulanowicz. 1989. “The Seasonal Dynamics of the 
Chesapeake Bay Ecosystem.” Ecological Monographs 59: 329–364.

Bates, D., M. Maechler, B. Bolker, et  al. 2023. “lme4: Linear Mixed-
Effects Models Using “Eigen” and S4.” https://​CRAN.​R-​proje​ct.​org/​
packa​ge=​lme4.

Bergan, J. F., L. M. Smith, and J. J. Mayer. 1989. “Time-Activity Budgets 
of Diving Ducks Wintering in South Carolina.” Journal of Wildlife 
Management 53: 769–776.

Brandes, S., F. Sicks, and A. Berger. 2021. “Behaviour Classification on 
Giraffes (Giraffa camelopardalis) Using Machine Learning Algorithms 
on Triaxial Acceleration Data of Two Commonly Used GPS Devices 
and Its Possible Application for Their Management and Conservation.” 
Sensors 21: 2229.

Bro-Jørgensen, J., D. W. Franks, and K. Meise. 2019. “Linking Behaviour 
to Dynamics of Populations and Communities: Application of Novel 
Approaches in Behavioural Ecology to Conservation.” Philosophical 
Transactions of the Royal Society, B: Biological Sciences 374: 20190008.

Brown, D. D., R. Kays, M. Wikelski, R. Wilson, and A. P. Klimley. 2013. 
“Observing the Unwatchable Through Acceleration Logging of Animal 
Behavior.” Animal Biotelemetry 1: 1–20.

Brown, D. D., S. LaPoint, R. Kays, W. Heidrich, F. KüMmeth, and M. 
Wikelski. 2012. “Accelerometer-Informed GPS Telemetry: Reducing the 
Trade-Off Between Resolution and Longevity.” Wildlife Society Bulletin 
36: 139–146.

Butler, P. J., and C. M. Bishop. 2000. “Flight.” In Sturkie's Avian 
Physiology, edited by G. C. Whittow, 391–435. Academic Press.

Byrkjedal, I. 1997. “Identifying Inter-Dive Intervals in Time-Activity 
Budget Studies of Diving Ducks.” Wildlife Biology 3: 45–51.

Cabrera-Cruz, S. A., J. A. Smolinsky, and J. J. Buler. 2018. “Light 
Pollution Is Greatest Within Migration Passage Areas for Nocturnally-
Migrating Birds Around the World.” Scientific Reports 8: 3261.

Carey, C. 1996. Avian Energetics and Nutritional Ecology. Chapman & Hall.

Christopher, M. W., and E. P. Hill. 1988. “Diurnal Activity Budgets of 
Nonbreeding Waterfowl and Coots Using Catfish Ponds in Mississippi.” 
Annual Conference of the Southeastern Association of Fish and Wildlife 
Agencies 520–527.

Cooper, S. R. 1995. “Chesapeake Bay Watershed Historical Land 
Use: Impact on Water Quality and Diatom Communities.” Ecological 
Applications 5: 703–723.

Cramer, D. M., P. M. Castelli, T. Yerkes, and C. K. Williams. 2012. “Food 
Resource Availability for American Black Ducks Wintering in Southern 
New Jersey.” Journal of Wildlife Management 76: 214–219.

 20457758, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ece3.72868 by U

niversity O
f D

elaw
are L

ibrary, W
iley O

nline L
ibrary on [09/01/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

Version of record at: https://doi.org/10.1002/ece3.72868 

https://doi.org/10.5061/dryad.tx95x6b8v
https://doi.org/10.5061/dryad.tx95x6b8v
https://cran.r-project.org/package=lme4
https://cran.r-project.org/package=lme4


12 of 13 Ecology and Evolution, 2026

Crook, S. L., W. C. Conway, C. D. Mason, and K. J. Kraai. 2009. “Winter 
Time-Activity Budgets of Diving Ducks on Eastern Texas Reservoirs.” 
Waterbirds 32: 548–558.

Custer, C. M., T. W. Custer, and D. W. Sparks. 1996. “Radio Telemetry 
Documents 24-Hour Feeding Activity of Wintering Lesser Scaup.” 
Wilson Bulletin 108: 556–566.

Dauer, D. M., S. B. Weisberg, and J. A. Ranasinghe. 2000. “Relationships 
Between Benthic Community Condition, Water Quality, Sediment 
Quality, Nutrient Loads, and Land Use Patterns in Chesapeake Bay.” 
Estuaries 23: 80–96.

de Leeuw, J. J., P. J. Butler, A. J. Woakes, and F. Zegwaard. 1998. “Body 
Cooling and Its Energetic Implications for Feeding and Diving of Tufted 
Ducks.” Physiological Zoology 71: 720–730.

Dechen Quinn, A. C., D. M. Williams, and W. F. Porter. 2012. 
“Postcapture Movement Rates Can Inform Data-Censoring Protocols 
for GPS-Collared Animals.” Journal of Mammalogy 93: 456–463.

DeLuca, W. V., C. E. Studds, L. L. Rockwood, and P. P. Marra. 2004. 
“Influence of Land Use on the Integrity of Marsh Bird Communities of 
Chesapeake Bay, USA.” Wetlands 24: 837–847.

Edelhoff, H., J. Signer, and N. Balkenhol. 2016. “Path Segmentation for 
Beginners: An Overview of Current Methods for Detecting Changes in 
Animal Movement Patterns.” Movement Ecology 4: 21.

Engel, J. 1996. “Choosing an Appropriate Sample Interval for 
Instantaneous Sampling.” Behavioural Processes 38: 11–17.

Gill, J. A., K. Norris, and W. J. Sutherland. 2001. “Why Behavioural 
Responses May Not Reflect the Population Consequences of Human 
Disturbance.” Biological Conservation 97: 265–268.

Goetz, S. J., C. A. Jantz, S. D. Prince, A. J. Smith, D. Varlyguin, and R. 
K. Wright. 2004. “Integrated Analysis of Ecosystem Interactions With 
Land Use Change: The Chesapeake Bay Watershed.” In Ecosystems and 
Land Use Change, Geophysical Monograph Series, edited by G. P. Asner, 
R. A. Houghton, and R. S. Defries, 263–275. Blackwell Publishing Ltd.

Halsey, L. G., C. R. White, M. R. Enstipp, et  al. 2011. “Assessing the 
Validity of the Accelerometry Technique for Estimating the Energy 
Expenditure of Diving Double-Crested Cormorants Phalacrocorax au-
ritus.” Physiological and Biochemical Zoology 84: 230–237.

Haramis, G. M., E. L. Derleth, and D. G. McAuley. 1982. “Techniques 
for Trapping, Aging, and Banding Wintering Canvasbacks.” Journal of 
Field Ornithology 53: 342–351.

Hebblewhite, M., and D. T. Haydon. 2010. “Distinguishing Technology 
From Biology: A Critical Review of the Use of GPS Telemetry Data in 
Ecology.” Philosophical Transactions of the Royal Society, B: Biological 
Sciences 365: 2303–2312.

Heise, J. R., C. K. Williams, and P. M. Castelli. 2019. “Factors Influencing 
a 24-Hour Time-Budget for Wintering Atlantic Brant.” Journal of Fish 
and Wildlife Management 10: 79–90.

Herring, G., and J. A. Collazo. 2005. “Habitat Use, Movements and 
Home Range of Wintering Lesser Scaup in Florida.” Waterbirds 28: 
71–78.

Jeske, C. W., and H. F. Percival. 1995. “Time and Energy Budgets of 
Wintering Ring-Necked Ducks Aythya collaris in Florida, USA.” Wild 
46: 109–118.

Jones, O. E., C. K. Williams, and P. M. Castelli. 2014. “A 24-Hour Time-
Energy Budget for Wintering American Black Ducks (Anas rubripes) 
and Its Comparison to Allometric Estimations.” Waterbirds 37: 264–273.

Jorde, D. G., G. L. Krapu, R. D. Crawford, and M. A. Hay. 1984. “Effects 
of Weather on Habitat Selection and Behavior of Mallards Wintering in 
Nebraska.” Condor 86: 258–265.

Jorde, D. G., and R. B. Owen Jr. 1988. Waterfowl in Winter: Selected 
Papers From Symposium and Workshop Held in Galveston, Texas, 7–10 
January 1985, edited by M. W. Weller. U of Minnesota Press.

Kassambara, A. 2023. “rstatix: Pipe-Friendly Framework for Basic 
Statistical Tests.” https://​CRAN.​R-​proje​ct.​org/​packa​ge=​rstatix.

Kautz, M. A., G. M. Van Dyne, L. H. Carpenter, and W. W. Mautz. 1982. 
“Energy Cost for Activities of Mule Deer Fawns.” Journal of Wildlife 
Management 46: 704–710.

Keller, C. M. E., C. S. Robbins, and J. S. Hatfield. 1993. “Avian 
Communities in Riparian Forests of Different Widths in Maryland and 
Delaware.” Wetlands 13: 137–144.

Killick, R., K. Haynes, I. Eckley, P. Fearnhead, R. Long, and J. Lee. 2022. 
“Changepoint: Methods for Changepoint Detection.” https://​CRAN.​R-​
proje​ct.​org/​packa​ge=​chang​epoint.

Korschgen, C. E., and R. B. Dahlgren. 1992. Human Disturbances of 
Waterfowl: Causes, Effects, and Management. U.S. Fish and Wildlife 
Service Leaflet, 13.2.15.

Krapu, G. L., and G. A. Swanson. 1975. “Some Nutritional Aspects 
of Reproduction in Prairie Nesting Pintails.” Journal of Wildlife 
Management 39: 156–162.

Ladin, Z. S., P. M. Castelli, S. R. Mcwilliams, and C. K. Williams. 2011. 
“Time Energy Budgets and Food Use of Atlantic Brant Across Their 
Wintering Range.” Journal of Wildlife Management 75: 273–282.

Lamb, R. L., L. Ma, R. Sahajpal, et  al. 2021. “Geospatial Assessment 
of the Economic Opportunity for Reforestation in Maryland, USA.” 
Environmental Research Letters 16: 084012.

Livolsi, M. C., C. K. Williams, J. M. Coluccy, and M. T. DiBona. 
2015. “Morphometrics of Mid-Atlantic Dabbling Ducks for Use in 
Thermoregulation Models.” Condor 117: 644–649.

Lovvorn, J. R. 1994. “Biomechanics and Foraging Profitability: An 
Approach to Assessing Trophic Needs and Impacts of Diving Ducks.” 
Hydrobiologia 279: 223–233.

Martin, K. 1998. “The Role of Animal Behavior Studies in Wildlife 
Science and Management.” Wildlife Society Bulletin 26: 911–920.

Martín López, L. M., N. Aguilar de Soto, P. Miller, and M. Johnson. 
2016. “Tracking the Kinematics of Caudal-Oscillatory Swimming: 
A Comparison of Two On-Animal Sensing Methods.” Journal of 
Experimental Biology 219: 2103–2109.

Maryland State Archives. 2021. “Chesapeake Bay, Maryland.” Maryland 
State Archives. https://​msa.​maryl​and.​gov/​msa/​mdman​ual/​01gla​nce/​
html/​ches.​html.

McDuie, F., M. L. Casazza, C. T. Overton, et al. 2019. “GPS Tracking 
Data Reveals Daily Spatio-Temporal Movement Patterns of Waterfowl.” 
Movement Ecology 7: 6.

McEwan, E. H., and A. F. C. Koelink. 1973. “The Heat Production of 
Oiled Mallards and Scaup.” Canadian Journal of Zoology 51: 27–31.

McKinney, R. A., and S. R. McWilliams. 2005. “A New Model to 
Estimate Daily Energy Expenditure for Wintering Waterfowl.” Wilson 
Bulletin 117: 44–55.

McPherson, J. W. 2020. “Estimating Behavioral Multipliers to American 
Black Duck and Lesser Scaup Resting Metabolic Rate to Better Estimate 
Daily Energy Expenditure and Carrying Capacity.” Thesis, University 
of Delaware, Newark, DE.

Minerva Center for Movement Ecology. 2014. “AcceleRater—Minerva 
Center for Movement Ecology. AcceleRater.” http://​accapp.​move-​ecol-​
miner​va.​huji.​ac.​il/​.

Morton, J. M., A. C. Fowler, and R. L. Kirkpatrick. 1989. “Time and 
Energy Budgets of American Black Ducks in Winter.” Journal of Wildlife 
Management 53: 401–410.

Mulcahy, D. M., and D. Esler. 1999. “Surgical and Immediate Postrelease 
Mortality of Harlequin Ducks (Histrionicus histrionicus) Implanted 
With Abdominal Radio Transmitters With Percutaneous Antennae.” 
Journal of Zoo and Wildlife Medicine 30: 397–401.

 20457758, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ece3.72868 by U

niversity O
f D

elaw
are L

ibrary, W
iley O

nline L
ibrary on [09/01/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

Version of record at: https://doi.org/10.1002/ece3.72868 

https://cran.r-project.org/package=rstatix
https://cran.r-project.org/package=changepoint
https://cran.r-project.org/package=changepoint
https://msa.maryland.gov/msa/mdmanual/01glance/html/ches.html
https://msa.maryland.gov/msa/mdmanual/01glance/html/ches.html
http://accapp.move-ecol-minerva.huji.ac.il/
http://accapp.move-ecol-minerva.huji.ac.il/


13 of 13Ecology and Evolution, 2026

Najjar, R. G., C. R. Pyke, M. B. Adams, et al. 2010. “Potential Climate-
Change Impacts on the Chesapeake Bay.” Estuarine, Coastal and Shelf 
Science 1: 1–20.

National Climatic Data Center. 2023. “National Oceanic and 
Atmospheric Administration.” https://​www.​ncdc.​noaa.​gov/​cdo-​web/​
search.

Nilsson, L. 1970. “Food-Seeking Activity of South Swedish Diving 
Ducks in the Non-Breeding Season.” Oikos 21: 145–154.

Olsen, G., F. Dein, G. Haramis, and D. Jorde. 1992. “Implanting 
Radio Transmitters in Wintering Canvasbacks.” Journal of Wildlife 
Management 56: 325–328.

Owen, M. A., R. R. Swaisgood, and D. T. Blumstein. 2017. “Contextual 
Influences on Animal Decision-Making: Significance for Behavior-
Based Wildlife Conservation and Management.” Integrative Zoology 12: 
32–48.

Paolisso, M., and R. Hames. 2010. “Time Diary Versus Instantaneous 
Sampling: A Comparison of Two Behavioral Research Methods.” Field 
Methods 22: 357–377.

Paulus, S. L. 1988. “Time-Activity Budgets of Mottled Ducks in 
Louisiana in Winter.” Journal of Wildlife Management 54: 711–718.

Pedersen, M. W., T. A. Patterson, U. H. Thygesen, and H. Madsen. 2011. 
“Estimating Animal Behavior and Residency From Movement Data.” 
Oikos 120: 1281–1290.

Poulton, V. K., J. R. Lovvorn, and J. Y. Takekawa. 2002. “Clam Density 
and Scaup Feeding Behavior in San Pablo Bay, California.” Condor 104: 
518–527.

Pyle, P. 2008. Identification Guide to North American Birds, Part II. Slate 
Creek Press.

R Core Team. 2023. R: A Language and Environment for Statistical 
Computing. R Foundation for Statistical Computing.

Rast, W. 2019. “Process Acceleration Data With AccelerateR.” https://​
github.​com/​wanja​rast/​accel​erateR.

Reay, W. G., and K. A. Moore. 2009. “Introduction to the Chesapeake 
Bay National Estuarine Research Reserve in Virginia.” Journal of 
Coastal Research 57: 1–9.

Ross, B. E., M. B. Hooten, and D. N. Koons. 2012. “An Accessible 
Method for Implementing Hierarchical Models With Spatio-Temporal 
Abundance Data.” PLoS One 7: e49395.

Schakmann, M., and K. E. Korsmeyer. 2023. “Fish Swimming Mode 
and Body Morphology Affect the Energetics of Swimming in a Wave-
Surge Water Flow.” Journal of Experimental Biology 226: jeb244739.

Sedinger, J. S., and R. T. Alisauskas. 2014. “Cross-Seasonal Effects and 
the Dynamics of Waterfowl Populations.” Wild 4: 277–304.

Sherry, T. W., M. D. Johnson, and A. M. Strong. 2005. “Does Winter 
Food Limit Populations of Migratory Birds?” In Birds of Two Worlds: 
The Ecology and Evolution of Migration, 414–425. Johns Hopkins 
University Press.

Signer, J., B. Smith, B. Reineking, et al. 2023. “amt: Animal Movement 
Tools.” https://​CRAN.​R-​proje​ct.​org/​packa​ge=​amt.

Stephenson, R. 1994. “Diving Energetics in Lesser Scaup (Aythya 
Affinis, Eyton).” Journal of Experimental Biology 190: 155–178.

Szlávecz, K., and C. Csuzdi. 2007. “Land Use Change Affects Earthworm 
Communities in Eastern Maryland, USA.” European Journal of Soil 
Biology 43: S79–S85.

Tatler, J., P. Cassey, and T. A. A. Prowse. 2018. “High Accuracy at Low 
Frequency: Detailed Behavioural Classification From Accelerometer 
Data.” Journal of Experimental Biology 221: jeb.184085.

Thieurmel, B., and A. Elmarhraoui. 2022. “suncalc: Compute Sun 
Position, Sunlight Phases, Moon Position and Lunar Phase.” https://​
CRAN.​R-​proje​ct.​org/​packa​ge=​suncalc.

Tinkler, E., W. I. Montgomery, and R. W. Elwood. 2009. “Foraging 
Ecology, Fluctuating Food Availability and Energetics of Wintering 
Brent Geese.” Journal of Zoology 278: 313–323.

U.S. Fish and Wildlife Service. 2024. Waterfowl Population Status. U.S. 
Department of Interior.

Wang, W., E. Z. Chen, and H. Li. 2023. “Truncated Rank-Based Tests for 
Two-Part Models With Excessive Zeros and Applications to Microbiome 
Data.” Annals of Applied Statistics 17: 1663–1680.

Wang, Y., B. Nickel, M. Rutishauser, et al. 2015. “Movement, Resting, 
and Attack Behaviors of Wild Pumas Are Revealed by Tri-Axial 
Accelerometer Measurements.” Movement Ecology 3: 1–12.

Williams, H. J., M. D. Holton, E. L. C. Shepard, et al. 2017. “Identification 
of Animal Movement Patterns Using Tri-Axial Magnetometry.” 
Movement Ecology 5: 6.

Wilmers, C. C., L. A. Isbell, J. P. Suraci, and T. M. Williams. 2017. 
“Energetics-Informed Behavioral States Reveal the Drive to Kill in 
African Leopards.” Ecosphere 8: e01850.

Woakes, A. J., and P. J. Butler. 1983. “Swimming and Diving in Tufted 
Ducks, Aythya fuligula, With Particular Reference to Heart Rate and 
Gas Exchange.” Journal of Experimental Biology 107: 311–329.

Wood, K. A., G. Clarke, and P. E. Rose. 2025. “Using a Live-Streaming 
Webcam to Assess the Behavioural Responses of Waterbirds to Changes 
in the Density of Swans Cygnus spp.” Wildlife Biology: e01504. https://​
doi.​org/​10.​1002/​wlb3.​01504​.

Ydenberg, R. C., H. H. T. Prins, and J. van Dijk. 1984. “A Lunar Rhythm 
in the Nocturnal Foraging Activities of Wintering Barnacle Geese.” 
Wild 35: 93–96.

Yu, H. 2021. “R for Animal Behaviour Classification.” https://​github.​
com/​YuHui​Deakin/​rabc.

Yu, H., and M. Klaassen. 2021. “R Package for Animal Behavior 
Classification From Accelerometer Data—Rabc.” Ecology and Evolution 
11: 12364–12377.

Zhang, D., J. Wang, X. Zhao, and X. Wang. 2015. “A Bayesian 
Hierarchical Model for Comparing Average F1 Scores.” In 2015 IEEE 
International Conference on Data Mining, 589–598. IEEE.

 20457758, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ece3.72868 by U

niversity O
f D

elaw
are L

ibrary, W
iley O

nline L
ibrary on [09/01/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

Version of record at: https://doi.org/10.1002/ece3.72868 

https://www.ncdc.noaa.gov/cdo-web/search
https://www.ncdc.noaa.gov/cdo-web/search
https://github.com/wanjarast/accelerateR
https://github.com/wanjarast/accelerateR
https://cran.r-project.org/package=amt
https://cran.r-project.org/package=suncalc
https://cran.r-project.org/package=suncalc
https://doi.org/10.1002/wlb3.01504
https://doi.org/10.1002/wlb3.01504
https://github.com/YuHuiDeakin/rabc
https://github.com/YuHuiDeakin/rabc

	Using Advanced Tri-Axial Accelerometer Data to Improve Behavioral Time Budgets and Bioenergetic Estimates of Wintering Lesser Scaup
	ABSTRACT
	1   |   Introduction
	2   |   Material and Methods
	2.1   |   Study Area
	2.2   |   Behavioral Scan Observations
	2.3   |   Trapping and Transmitter Implants
	2.4   |   Experimentally Categorizing and Classifying Behaviors Using ACC Data
	2.5   |   DEE Calculations
	2.6   |   Time-Activity Budget and DEE Comparison Analysis

	3   |   Results
	3.1   |   Training ACC Sampled Data
	3.2   |   Estimated Behaviors
	3.3   |   Estimating Energy Expenditure

	4   |   Discussion
	Author Contributions
	Acknowledgments
	Funding
	Ethics Statement
	Conflicts of Interest
	Data Availability Statement
	References




