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ABSTRACT

Aerial surveys are effective and cost-efficient for quantifying population size and
habitat use of waterfowl and other waterbirds across vast and especially inaccessible
landscapes. Surveys and associated data are critically important to understand population
dynamics and to guide habitat management, land acquisition, and conservation decisionmaking. Due to cessation of the Midwinter Waterfowl Survey in 2016 and need for
reliable surveys to monitor wintering waterbird populations in South Carolina, I
evaluated fixed-wing, 250-m wide aerial strip-transect surveys during fall–winter 2016–
2019. My objectives were to design efficient and affordable aerial survey methodologies
to estimate waterbird abundance, distribution, and habitat use in South Carolina. To my
knowledge, South Carolina currently is the only state in the Atlantic Flyway conducting
probability based aerial surveys inland of the Atlantic Ocean. I revised survey strata
following 2016–2017 surveys to reduce variation and increase survey efficiency. Overall,
I reduced surveyed area by 38% but captured and retained 95% of waterfowl and other
waterbird detections from 2016–2017 surveys. I used design-based analyses to estimate
population indices (Î; abundance not corrected for detection bias) of dabbling ducks,
diving ducks, total ducks, geese and swans, coots and gallinules, pelagic and piscivorous
waterbirds, wading birds, and raptors. I desired an a priori goal of precision at coefficient
of variation (CV) ≤ 15–20%. My January 2018–2019 estimates for total ducks (74,504 ≤
Î ≤ 102,421) were similar to estimates reported for Midwinter Waterfowl Surveys 2012–
2015. However, I did not achieve desired precision for waterbirds during most surveys.
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Therefore, I estimated a theoretical survey effort to achieve CV = 20%. Increasing survey
effort three-fold (i.e., ~66 flight hours = 7.5 days) theoretically would provide desired
precision across all waterbird taxa. Furthermore, I suggest additional survey stratification
of high density waterbird areas, optimal allocation of transects, geographically strategic
increases in survey effort, and simulations to evaluate proposed variance-reduction
methods. Moreover, I developed and advocate an adaptive monitoring framework to elicit
and evaluate goals, improve precision, and optimize survey efficiencies of future
waterbird surveys in South Carolina.
I acknowledge population indices are inherently biased because they do not
account for imperfect detection. Thus, we implemented two tandem-team simultaneous
aerial observers in January and February 2018 and I analyzed data as replicated counts
using N-mixture models to estimate detection probability, abundance, and species-habitat
relationships for dabbling ducks, diving ducks, pelagic waterbirds, and wading birds.
Model-based inference generally was comparable and more precise for dabbling and
diving ducks (11% ≤ CV ≤ 27%) compared to single-observer, design-based estimation
(17% ≤ CV ≤ 36%). However, both front- and rear-seat observers exhibited low detection
probabilities across all taxa (p ≤ 0.35) and detection probability varied among habitats
(i.e., open water, intermediate emergent marsh, and forest/scrub-shrub wetlands). Thus, I
suggest using methods such as double or repeated sampling to minimize detection bias
during aerial surveys for wintering waterfowl. Additionally, habitats influencing
waterbird abundance were temporally dynamic between January and February 2018.
Managed and non-managed historic rice fields influenced dabbling and diving duck
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abundances positively in January 2018 but not in February 2018. Complete drawdowns
of managed impoundments following waterfowl hunting in late January may have
influenced duck-habitat relationships in February 2018. N-mixture models provided
benefit of estimating abundance, detection probability, and habitat associations in one
consolidated analysis. Our results suggest these, and other hierarchical analytical
approaches are promising, and similar methods could be adopted to improve monitoring
and estimation of highly aggregated wintering waterbird populations. In summary, aerial
surveys and analytical approaches used in my thesis have provided repeatable
methodologies and advanced knowledge for monitoring wintering waterfowl and other
waterbirds in South Carolina and elsewhere. I recommend continuance of these or
integrated aerial and ground surveys in South Carolina.
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CHAPTER I
AERIAL STRIP-TRANSECT SURVEYS FOR MONITORING FALL–WINTER
WATERBIRD ABUNDANCE AND DISTRIBUTION IN SOUTH CAROLINA

Waterfowl (Anatidae), other waterbirds, and wetlands are ecologically and
societally valuable worldwide (Mitsch and Gosselink 2000; Turner et al. 2000; U.S. Fish
and Wildlife Service [USFWS] 2005, 2013; Notaro et al. 2016, Kaminski et al. 2017).
Therefore, management of these natural resources should be based on rigorous science
and resulting reliable knowledge (Romesburg 1981, Nichols et al. 1995, Williams 1997).
Ecological monitoring of natural resources informs management decisions and is integral
to conservation (Nichols and Williams 2006); however, monitoring often may be
inadequate and conservation funding is limited (Legg and Nagy 2006, Botrill et al. 2008).
Therefore, strategies to monitor these birds and their habitats should clearly define
objectives and predicted outcomes (Nichols and Williams 2006) and address
effectiveness, efficiency, and expenditures to inform decision-making (Lyons et al. 2008,
Pearse et al. 2009, Reynolds et al. 2011).
Aerial surveys are effective and cost-efficient for quantifying population and
habitat dynamics, understanding impacts of environmental and anthropogenic change,
managing wildlife populations, and other conservation needs (Kaminski 1979; Williams
et al. 1999; Pearse et al. 2008a, 2012; Denes et al. 2015). The most prominent example in
North America are extensive aerial and ground surveys in the United States and Canada
to estimate breeding populations of waterfowl which guide setting of annual harvest
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regulations (Smith 1995, Williams et al. 1996, Brasher et al. 2002). The North American
Waterfowl Management Plan (NAWMP) established population abundance goals and
recommended researchers improve population surveys at local, regional, and continental
scales (U.S. Department of the Interior and Environment Canada 1986, NAWMP 2018).
Additionally, the North American Waterbird Conservation Plan echoed NAWMPs goals
and emphasized need for standardized waterbird and habitat surveys in nonbreeding and
wintering regions wherein information is insufficient (Kushlan et al. 2002).
Coastal and inland South Carolina contains vast wetlands continentally important
to resident, migrating, and wintering waterfowl and other waterbirds (Weber and Haig
1996, Epstein and Joyner 1998, Gordon et al. 1998, Mikuska et al. 1998, Narreff 2009,
Fidorra et al. 2015); however, approaches to monitoring this area have been criticized.
Historically, the Midwinter Waterfowl Survey in South Carolina and elsewhere used
fixed-area survey designs, and results were presented as raw counts of ducks, geese, and
swans (USFWS 2017). Therefore, estimation and statistical precision could not be
quantified. Researchers questioned validity of the Midwinter Waterfowl Survey, citing
lack of explicit sampling design and standardized protocols, and inconsistency among
annual survey coverages, observers, states, and agencies (Eggeman and Johnson 1989,
Reinecke et al. 1992, Heusmann 1999). Consequently, federal support for the Midwinter
Waterfowl Survey was discontinued in 2016 (USFWS 2017). This void left states to
decide 1) whether to continue monitoring wintering waterfowl, 2) whether to expand
monitoring efforts to include waterbird species other than waterfowl, and 3) evaluate
survey methodology to estimate abundance and distribution of these birds. Thus, an

3

information gap and opportunity to improve upon the Midwinter Waterfowl Survey
existed in many regions of the United States (e.g., Mississippi; Pearse et al. 2008a), and
agencies, including South Carolina Department of Natural Resources (SCDNR), believed
rigorous survey methods should be implemented and evaluated to produce reliable
estimates of waterfowl and waterbirds to guide future population and habitat conservation
efforts (Masto et al. 2017).
Gregarious behavior and dynamic spatiotemporal distributions during winter
makes estimating abundance and distributions of waterfowl and other waterbirds
challenging (Baldassarre and Bolen 2006, Pearse et al. 2007, 2008a). Nevertheless,
precise estimates and considerable methodological improvements to aerial surveys (e.g.,
probability sampling and strip-transects) during winter were demonstrated in the Atlantic
Flyway for American black ducks (Anas rubripes; Conroy et al. 1988). Additionally,
further improvements were demonstrated in the Mississippi Alluvial Valley for mallards
(A. platyrhynchos) and other dabbling ducks (Reinecke et al. 1992, Pearse et al. 2008a,b).
Moreover, Arkansas, Louisiana, and Missouri have adopted protocols similarly used in
Mississippi to survey wintering waterfowl (Lehnen 2013, Herbert et al. 2018). Finally,
Pearse et al. 2008b estimated duck abundance while adjusting for detection bias, which a
growing body of literature advocates to estimate population size accurately (Thompson
2002, Denes et al. 2015). Indeed, few aerial surveys in North America have evaluated
methods to estimate wintering abundance and distribution of waterbirds other than
waterfowl at a landscape-scale (Kingsford and Porter 2009). Before rigorous waterbird
surveys become operationally routine in South Carolina, sampling protocol and
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methodology, estimation procedures, statistical precision, and practical considerations
must be addressed.
The SCDNR, partnering-sponsoring biologists, and I designed aerial strip-transect
surveys to estimate abundance and distribution of migrating and wintering waterbirds in
coastal and selected inland regions of South Carolina for fall and winters 2016–2019. My
goal was to design effective, affordable, and straightforward procedures that would
generate usable estimates of abundance and spatial distributions of waterbirds in South
Carolina for SCDNR and other partners of the Atlantic Coast Joint Venture (ACJV) of
NAWMP. My specific objectives were to 1) design and conduct aerial surveys of
geographically important regions (i.e., strata) in South Carolina for waterbirds to estimate
their abundance with acceptable precision of CV ≤ 15–20% (Pearse et al. 2008a), 2)
compare waterbird abundance estimates between two tandem-seated aerial observers, 3)
use aerial survey data to illustrate spatial distributions of waterbirds in South Carolina,
and 4) recommend management implications consistent with my results to SCDNR and
the ACJV.

STUDY AREA
Aerial surveys for 2016–2017 encompassed nine geographic strata in coastal and
inland regions of South Carolina, based on prior knowledge and winter surveys
conducted by SCDNR, USFWS, ACJV, and other wildlife biologists from South Carolina
(Weber and Haig 1996, Epstein and Joyner 1998, Gordon et al. 1998, USFWS 2008).
These initial survey strata were identified in fall 2015 and were revised following 2016–
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2017 aerial surveys (Masto et al. 2017). Revised strata (n = 10) encompassed 5,676.08
km2 of wetlands and potential waterbird habitat, including impounded wetlands, coastal
marsh, estuaries, tidal and freshwater rivers, lakes, and ponds in coastal and inland
regions of South Carolina (Fig. 1.1.).

METHODS
Aerial Surveys
A total of 13 aerial surveys were conducted, including four during winter 2016–
spring 2017 (15–16 December 2016, 9–11 January 2017, 19–21 and 24 February 2017,
and 27–30 March 2017), four during fall 2017–winter 2018 (20–22 September 2017, 12–
15 November 2017, 14–16 January 2018, 12–15 February 2018), and five during fall
2018–winter 2019 (21–23 September 2018, 16–18 November 2018, 13 and 15–17
December 2018, 17–19 January 2019, and 13–15 February 2019). Aviation services were
provided by Seven Rivers Aviation, Georgetown, South Carolina (2016–2018) and
Wilkerson Aviation Services LLC, Summerton, South Carolina (2018–2019). We used a
fixed-winged, single-engine Cessna 172 (Cessna Aircraft Co., Wichita, Kansas). The
pilot navigated along east-west, 250-m wide transects using an on-dash global positioning
system (GPS) while maintaining an altitude of ~60 m above ground level using the
aircraft’s altimeter. During 2016–2017 aerial surveys, before my involvement in this
study, SCDNR biologist, Molly Kneece served as sole aerial observer and delineated
transect boundaries using tape marks on the right window and wing-strut of the aircraft
(Norton-Griffiths 1978, Reinecke et al. 1992, Pearse et al. 2008a). During 2017–2018
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surveys, M. Kneece served as front-seat observer and I as rear-seat observer. We used a
clinometer to determine transect boundaries at 10.57° below the horizon as the top
transect boundary with an erasable marker on both the front and rear windows. We then
determined the angle at which the fuselage of the aircraft obstructed our view (i.e., ~40°)
and used erasable marker to mark the bottom transect boundaries for each observer
(Koneff et al. 2008; Figure 1.2.). This approach enabled both observers to view a transect
width of 250 m outward from the right side of the aircraft. During 2018–2019 surveys, I
served as sole observer and reverted to the Norton-Griffith (1978) method to delineate a
transect boundary of 250 m.
Observers independently enumerated and recorded identifiable waterbirds within
transect boundaries. I recognize that our estimates may be conservative resulting from
only recording identifiable birds, but I desired not to inflate estimates of any taxon by
including birds that could not be identified to species. Observers voice-recorded their
data using tablet computers and aerial survey software (RECORD, J. I. Hodges, USFWS,
unpublished data). This approach and technology enabled every voice-recorded detection
of ≥1 bird(s) to be serially and geographically referenced. Additionally, observers
followed USFWS aerial survey protocol for counting waterfowl and other waterbirds
(Bowman 2014). Specifically, waterbirds observed outside transect boundaries or in
flight were not recorded. However, flushing waterbirds known by observer(s) to have
been within the transect were recorded. Furthermore, raptors were recorded when inside
transect boundaries whether perching or flying. These exceptions were consistent with
USFWS aerial survey protocol (Garrett Wilkerson, Santee National Wildlife Refuge
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pilot-biologist, personal communication). Following the survey, observer(s) transcribed
data independently (TRANSCRIBE, J. I. Hodges, USFWS, unpublished data).
Survey Design
2016–2017 surveys. – Biologists from federal, state, and non-governmental
employers familiar with waterbird habitat and previous Midwinter Waterfowl Surveys in
South Carolina identified geographic regions important to waterbirds across the state.
Specifically, a joint meeting was convened at the James C. Kennedy Waterfowl and
Wetlands Conservation Center and Baruch Institute of Coastal Ecology and Forest
Science, Georgetown, SC to discuss initial strata boundaries. We delineated these regions
(i.e., strata; n = 9) in a Geographic Information System (GIS; ESRI 2011) using roads
and highways when possible; these strata covered 9132.74 km2. We then created a
sample frame of 250-m wide, east-west transects across the survey area within each
stratum. Because 2016–2017 was our inaugural survey year, and we had little prior
knowledge of waterbird spatial distributions across the landscape, we implemented a
systematic sampling design with a survey effort of 7.5–10% of stratum area. The percent
range of survey effort varied slightly among strata and surveys because we selected
additional transects until we reached or exceeded 7.5% of total transect length within
each stratum (Pearse et al. 2009). We implemented systematic sampling to ensure
reasonable coverage of each stratum relative to available funding (Thompson et al. 1998,
Pearse et al. 2008a). This sampling design avoided navigational issues and provided an
efficient means of learning and mapping distributional patterns of waterbirds (Caughley
1977, Butler et al. 1995, Kingsford and Porter 2009). I did not attempt to estimate
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abundance from the first year of survey data due to biased standard errors associated with
systematic sampling rather than spatial random sampling (Caughley 1977, Conroy et al.
1988). I refined survey strata in summer 2017 for 2017–2019 surveys using the National
Land Cover Database, plotted waterbird detections from 2016–2017, and interpolated
waterbird distributions from these surveys (Alisauskas 1997, Homer 2015; Figure 1.3).
To revise survey strata, I excluded areas of three landcover types including
forested wetlands, upland habitats, and area prohibited or not recommended for low
altitude flight by the Federal Aviation Administration (i.e., no-fly zones). I defined
forested wetlands as those including woody vegetation above water (e.g., scrub-shrub,
cypress [Taxodium distichum]-tupelo [Nyssa sylvatica] swamps, and bottomland
hardwoods) and upland habitats as those with trees, herbaceous vegetation, and no water.
Finally, no-fly zones included densely populated areas (e.g., Blufton, SC; Litchfield, SC)
and 10-mile radial airspace surrounding major airports such as Charleston International
Airport (Charleston, SC) and a Marine Corps Air Station (Beaufort, SC). I justify
exclusion of these areas because 1) forested wetlands provide wetland habitat but bird
detection from the air is nearly zero due to dense canopies and understories in our survey
strata (cf. Smith et al. 1995, Pearse et al. 2008b), 2) upland habitats provide little or no
wetland habitat, and 3) no-fly zones prohibit sampling and therefore cannot be included
in the sampling frame. Additionally, although some densely human-populated areas may
allow low-altitude flight, these areas provide limited wetland habitat for waterbirds and
would increase sample variance and survey costs if included in the sample.
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Survey revisions. – Nine percent of 1,179 waterbird detections (i.e., ≥ 1 bird)
during fall–winter 2016–2017 aerial surveys were observed in landcover classes that
included palustrine forested wetlands and upland pine (Pinus spp.) and mixed deciduous
forests. I removed areas from the total survey area dominated by these forest types.
Overall, I removed 51.32% of upland habitats and 46.87% of forested wetlands.
Additionally, I removed 51.31% of agriculture–rural and 31.24% of suburban–
metropolitan landcovers. Finally, I removed 100% of no-fly zones from the survey space.
Reductions in area to the Santee Lakes and the Upper and Lower ACE Basin
strata were most significant (Figure 1.3.). For example, I reduced the Santee Lakes
stratum by 52.25% (Table 1.1.). Additionally, I combined the Upper and Lower ACE
Basin strata. Together, the ACE Basin stratum was reduced by 36.85%. I also divided the
Myrtle Beach stratum into the Pee Dee and North Inlet strata and reduced area by
31.82%. Similarly, I divided the Savannah stratum into the Port Royal and Savannah
strata which reduced total area by 35.95%. Overall, I reduced the entire survey area by
37.85% but retained 95% of all 2016–2017 waterbird detections (Table 1.1.; Figure 1.3.).
2017–2019. – I used stratified random sampling and the revised survey strata (n =
10) to reduce sampling error and bias (Cochran 1977). I estimated abundance of
waterbirds with an a priori goal for precision of CV ≤ 15–20% (Pearse et al. 2008a).
Among the 10 strata using GIS, I created a sample frame of 1,447 east-west, 250-m
transects. I used unequal probability random sampling to select transects proportional to
their length and with replacement (Caughley 1977, Reinecke et al. 1992, Pearse et al.
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2008a), so probability of selecting a transect (pi) was its length (xi) divided by the sum of
all transect lengths within a stratum (X = x1 + … + xN ; Equation 1).
(1)
𝑝𝑖 = 𝑥𝑖 ⁄𝑋
Additionally, I restricted adjacent transects from being selected within a single survey to
minimize probability of double-counting individual waterbirds (Pearse et al. 2008a). I
acknowledge the probability of selecting transects was altered by restricting adjacent
transects from being selected. However, it was rare that adjacent transects were selected
in a single survey and bias due to double-counting waterbirds was more concerning than
minor changes in transect selection probabilities. I randomly selected new sets of
transects for each survey to reduce serial autocorrelation of data among surveys and
include a representative sample of transects within surveys and strata (Pearse et al.
2008a,b). Finally, I allocated survey effort proportional to stratum area and sampled at
7.5–10% of cumulative transect length within a stratum and budget constraints.
Estimation and Analysis
I estimated population indices (Î; abundance not corrected for imperfect detection)
for eight waterbird taxonomic groups including dabbling ducks (tribe Anatini), diving
ducks (tribes Aythini, Mergini, and Oxyurini), total dabbling and diving ducks, geese and
swans (tribes Anserini and Cygnini), coots and gallinules (Rallidae), pelagic and
piscivorous waterbirds (Anhinga, Larus, Pelacanus, and Phalacrocorax species), raptors
(subfamily Circinae, Haliaeetus leucocephalus, and Pandion haliaetus), and wading birds
(families Ardeidae and Threskiornithidae, and Mycteria americana). I justify estimating
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abundance and distribution of waterbird taxonomic groups rather than individual species,
because species-specific identification was imperfect and not verifiable, especially when
surveying many species and taxa. Furthermore, most conservation planning tools use
aggregations or representative species to identify priority habitat and conservation areas
(Doherty et al. 2015). Moreover, I suspected that most species were not distributed
evenly or abundantly enough across South Carolina to estimate species-specific indices
precisely at the state level (Conroy et al. 1988; cf. Pearse et al. 2008a). I calculated an
overall population index (𝐼̂) for each waterbird taxa by summing strata indices (𝐼̂𝑡 ), 𝐼̂ = 𝐼̂𝑡1
+ … + 𝐼̂𝑡10 , where 𝐼̂𝑡 is the average of observed aerial counts y along the ith transect out of
total selected transects n in stratum t divided by the probability of selection 𝑝𝑖 (Skinner
2016; Equation 2).
(2)
𝑛

𝐼̂𝑡 = ∑ 𝑦𝑖𝑡 ÷ (𝑛𝑝𝑖𝑡 )
𝑖=1

Similarly, I calculated an unbiased variance of the population index V(𝐼̂) by summing
stratum variances, V(𝐼̂) = t1 + … + t10, a standard error (SE) as the square root of the
population variance, SE(𝐼̂) = (√𝑉[𝐼̂] ), and a CV as CV(𝐼̂) = (SE[𝐼̂] ÷ 𝐼̂) * 100 for each
waterbird group during 2017–2019 aerial surveys (Pearse et al. 2008a, Skinner 2016).
To evaluate front- and rear-seat observer estimation differences, I estimated a
distribution of average difference derived from aerial observer counts (𝐼̂𝑓𝑟𝑜𝑛𝑡 − 𝐼̂𝑟𝑒𝑎𝑟 ) for
each waterbird taxa in January and February 2018 surveys. Thus, a positive estimate of
average difference indicated the front-seat observer estimated more birds than the rear-
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seat observer and a negative estimate indicated the opposite. I tested for differences
during January and February 2018 instead of all surveys during that year because the
rear-seat observer (N. Masto) was less experienced, having participated only in
September 2017 and November 2017 surveys previously, which could bias estimates and
comparisons of abundance (Conroy et al. 1988, Tracey et al. 2005, Bowman 2014; cf.
Erwin 1982, Frederick et al. 2003, Strobel et al. 2015). Furthermore, January and
February are months when waterbirds in South Carolina are most abundant in winter;
thus, unveiling observer differences during these surveys is important. I used α = 0.01 to
test for observer differences to minimize chance of type I error (i.e., falsely rejecting the
null hypothesis of no difference between observers by chance).
I also evaluated whether aerial survey abundance estimates met a priori goals of
precision (CV ≤ 15–20%; Pearse et al. 2008a). For abundance indices that were not zero
(i.e., no birds observed), I estimated a hypothetical survey effort based on survey and
waterbird taxa-specific variance that would optimize precision of waterbird estimates to
CV = 20%. These analyses assume waterbird population estimates and variance are stable
and represent reality (Gelman and Hennig 2017). Specifically, I let f be the ratio of
desired and observed CVs for each waterbird taxa (Equation 4)
(4)
𝑓=

𝐶𝑉𝑑𝑒𝑠𝑖𝑟𝑒𝑑
𝐶𝑉𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑

Specifically, f equals the margin of error adjusted by a factor of k to achieve the desired
variance and I solved for k (Equations 5 and 6).
(5)
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1
1
𝑓 = √𝑘𝑛 =
1
√𝑘
√𝑛
(6)
𝑘=

1
𝑓2

The product of k and the original survey effort across all strata (i.e., transect length
surveyed of the total cumulative transect length) produced a theoretically optimized
survey effort for each survey and taxa of waterbirds.
Finally, to demonstrate utility of probabilistic aerial surveys in identifying and
illustrating key areas of waterbird use and existing or potential habitat conservation, and
as a public outreach tool for South Carolina and other waterbird enthusiasts and
conservationists, I interpolated observed distributions of waterbirds across the study area
for 2017–2019 surveys based on GPS locations and waterbird taxa counts recorded by the
front-seat observer. I followed a three-step process to prepare a spatial vector layer for
interpolation (Pearse et al. 2008a). I first imported my spatial data of survey-specific
locations of waterbird taxa x observed from the aircraft into a GIS (ESRI 2011). I then
created a spatial data layer to represent the portion of the study area surveyed (i.e.,
transects flown). To accomplish this task, I imported my survey-specific transect data
layer and created points equally spaced along surveyed transects every 1,000 m. Lastly, I
combined waterbird x and transect vector layers, which represented observed and
recorded numbers of total waterbird x within the sampled portion of the study area for
each survey.
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To estimate spatial distribution of waterbird groups across the study area I used
front-seat observer GPS locations of ≥1 bird(s) and inverse-distance weighting (IDW)
interpolation. I selected IDW interpolation, because it is robust and simplistic (Baback
and Deustsch 2009). The IDW interpolation creates a predictive smooth surface based on
spatially weighted moving averages of sample point values and assumes sample values
closer to one another are more alike than those farther apart (Baback and Deustsch 2009).
Specifically, waterbird observations of ≥1 bird(s) nearer to an unsampled prediction
location are assigned greater weight, and weight diminishes with increasing distance from
the prediction location (i.e., distance-decay function). I used a distance-decay function of
1 because larger power functions result in predictions with greater estimation variance
(Baback and Deustsch 2009). I also used a smoothing factor of 0.2 to create a smoother
prediction surface (Yilmaz 2007). Following interpolation, I developed five categories of
waterbird x densities to illustrate spatial variation across the survey region for each month
(i.e., low, low-medium, medium, medium-high, and high). I designated density categories
for each month using geometrical intervals of survey-specific waterbird densities
(Johnston et al. 2001, de Smith et al. 2009). Geometrical interval is a data classification
method that identifies class breaks (i.e., transition from one density category to another)
using geometric progressions that minimize variance between classes (Johnston et al.
2001, Jiang 2003). This classification method is especially useful to visualize highly
skewed right-tail data such as waterbird densities in South Carolina (Johnston et al. 2001,
Jiang 2003). To evaluate temporal variability and trends in waterbird densities, I averaged
survey-specific class breaks across winters 2017–2019 (n = 7 surveys) and manually
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defined class breaks based on these averages (Pearse et al. 2008a, Cromley 1987). Thus,
class breaks for waterbird x were consistent among surveys to describe temporal variation
in waterbird densities. Finally, I color coded density categories using warm-to-cool color
graduations with red depicting high densities of birds and blue depicting low densities
(Pearse 2007). I performed all spatial analyses at a 1 km2 spatial scale.

RESULTS
Waterbird Abundance and Precision
I generated estimates of waterfowl and other waterbirds using detection data from
front-seat observations, because co-pilot observers have greater visibility from the
cockpit than rear-seat observers and are most common in waterbird aerial surveys (e.g.,
Smith 1995). However, I acknowledge possible bias in estimates due to different
observers occupying the cockpit between 2017–2018 and 2018–2019. Based on front-seat
observer’s counts, estimated abundance of all duck species combined ranged from 1,558–
102,421 birds (24% ≤ CV ≤ 46%) for fall 2017–winter 2019 surveys, with greatest
abundance of ducks observed in January 2019 (Table 1.2., Figure 1.4.). The greatest
abundance of dabbling ducks, diving ducks, and geese and swans also were observed in
January 2019 (Î = 77,978 and Î = 24,443, Î = 1,849, respectively; Table 1.2., Figure, 1.4.).
Wading bird abundance was greatest in fall–early winter surveys, Septembers and
Novembers 2017 and 2018, ranging from 13,065–26,339 birds (13% ≤ CV ≤ 43%; Table
1.3., Figure 1.4.). Wood storks, a threatened species in its range
(https://www.fws.gov/northflorida/woodstorks/wood-storks.htm), were detected in
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greatest abundance in Septembers 2017 and 2018 with most birds observed in the Port
Royal stratum both years. Coots and gallinules were not observed from the aircraft in
Septembers 2017 or 2018 but, in other surveys, ranged from 14,108–44,514 birds (35% ≤
CV ≤ 56%), with greatest abundance in November 2018 (Table 1.3., Figure 1.4.). Pelagic
waterbird abundance ranged from 5,281–16,581 birds (18% ≤ CV ≤ 47%) and estimated
≥11,572 birds in all surveys except for September 2017 (Î = 8,047) and January 2018 (Î =
5,281; Table 1.3., Figure 1.4.). Double-crested cormorants (Phalacrocorax auritus) were
detected in greatest abundance in February 2018 and January 2019 with most birds
observed in Santee Lakes stratum during 2017–2018 and in South Winyah–Bulls’ Bay
stratum in 2018–2019. Raptors were most abundant in February 2018 (Î = 347) and least
abundant in September 2017 (Î = 82) with no conspicuous seasonal pattern of abundance
(Table 1.3., Figure 1.4.). Bald eagles (Haliaeetus leucocephalus) were detected in
greatest numbers in February 2018 and December 2018 with most birds observed in the
ACE Basin stratum during 2017–2018 and the ACE Basin and Port Royal strata during
2018–2019. Overall, estimates of total waterbirds across all surveys ranged from 26,332–
148,155 with greatest abundance of these birds observed in November 2018. On average,
waterfowl accounted for 48.72% of total waterbirds during September–winter surveys
and 58.61% during November–February. Eight and 20% of all waterbirds were waterfowl
in September 2017 and 2018, respectively. Eighty-two percent of these waterfowl across
both September surveys were blue-winged teal (Spatula discors).
Generally, diving duck estimates were more precise than dabbling duck estimates.
Nonetheless, we achieved our a priori goal of precision (CV ≤ 15–20%) for diving ducks
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only for February 2018 (Table 1.2.). We also achieved this precision for pelagic
waterbirds in February 2018, November 2018, and January 2019 and for wading birds in
September 2018 and January 2019 (Table 1.3.). The most precise estimate of abundance
across surveys was for wading birds in September 2018 (Î = 26,339, SE = 3,510, CV =
13%). Across surveys and waterbird groups, precision of abundance estimates averaged
CV = 26–48%, with pelagic waterbirds and diving ducks exhibiting greatest precision
and geese and swans exhibiting least.
Two observers surveyed waterbirds simultaneously in January and February 2018.
The rear-seat observer (N. Masto) estimated greater abundances of dabbling ducks, total
ducks, geese and swans, and pelagic waterbirds in both surveys compared to the frontseat observer (M. Kneece; Tables 1.4. and 1.5.). Additionally, estimates generated from
the rear-seat observer generally exhibited greater precision compared to the front-seat
observer in both surveys for dabbling ducks, total ducks, coots and gallinules, and wading
birds (Table 1.4.; cf. Tables 1.2–3.). Despite increased precision for some taxa, the rearseat observer achieved desired precision for coot and gallinules during February 2018
(CV = 17%) compared to the front-seat observer who achieved desired precision for
pelagic waterbirds in January 2018 (CV = 20%) and diving ducks in February 2018 (CV
= 17%). Evidence of differences between observers was detected for pelagic waterbirds
in January 2018 (Z0.005 = −2.75, P = 0.006) and diving ducks in February 2018 (Z0.005 =
−2.59, P = 0.001; Table 1.5.). Although not significant relative to a priori α = 0.01, the
differences between front- and rear-seat observers’ estimates for dabbling ducks and total
ducks were notably large for both surveys (𝛥𝐼̂ = 21,754–49,797 and 𝛥𝐼̂ = 31,163–40,135,
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respectively) with the rear-seat observer estimating greater abundance (Table 1.5.).
Additionally, differences in wading bird abundance estimates between observers also
were deemed great in January 2018 (𝛥𝐼̂ = 16,220; Table 1.5).
We set survey effort to 7.5–10% of cumulative transect length with strata because
of fiscal constraints. Effort across surveys averaged 8.22% (Table 1.6.). Optimized
sample effort (Effortopt) to achieve a priori precision of CV = 20% for total ducks
averaged 22% of total transect length (Effortopt = 12–45%) among nine surveys, with
least effort estimated for December 2018 and greatest effort for September 2018 (Table
1.6.). Sample effort estimated to achieve desired precision for dabbling ducks averaged
29% (16–45%) across all surveys with least effort needed in September 2017 and greatest
effort needed in September 2018 (Table 1.6.). Diving ducks needed least sample effort to
achieve desired precision, averaging 15% across surveys (6–26%), followed by pelagic
waterbirds, wading birds, and raptors that averaged 16% (7–26%), 20% (4–38%), and
21% (11–45%), respectively (Tables 1.6. and 1.7.). Geese and swans needed greatest
survey effort averaging 53% across surveys (30–143%), followed by coots and gallinules
that averaged 43% (26–64%; Tables 1.6 and 1.7). Across all surveys and taxa, an average
of 27% effort (22–45%) was needed to achieve a priori precision, with September 2018
needing greatest survey effort (45%) followed by November 2017 (37%). Excluding
aforementioned estimated effort in November 2017 and September 2018, effort across all
surveys and taxa ranged from 22–25% with September 2017, February 2018, and
December 2018 needing least effort and November 2018 and January 2019 greatest
effort. Assuming a needed effort of 25% to achieve CV = 20% across all surveys and
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waterbird taxa, about three times additional effort would be needed than was expended
(7.5–10%) which would approximate a total of 7–8 days (i.e., ~66 hours flight
time/survey = ~16,500/survey at $250/hour [2019 USA currency]). This additional
survey effort would be similar for total ducks that required an estimated 22% average
effort to achieve desired precision across surveys and 17–24% effort in January when
total ducks were most abundant (Table 1.6).
Waterbird Spatial Distributions
I generated maps of predicted distributions of waterbirds across coastal and inland
South Carolina for winter 2017–2019 aerial surveys (e.g., Figure 1.5.; Appendix). Class
breaks were averaeged across winter surveys November 2017, January 2018, February
2018, November 2018, December 2018, January 2019, and February 2019 for dabbling
ducks, diving ducks, pelagic waterbirds and wading birds to depict spatial distributions
and temporal variation in waterbird density categories. Class breaks dividing dabbling
duck densities were low (<0.287 dabblers/km2), low-medium (0.287–1.019
dabblers/km2), medium (1.020–6.457 dabblers/km2), medium-high (6.458–53.525
dabblers/km2), and high (>53.525 dabblers/km2). Diving duck density class breaks were
low (<0.090 divers/km2), low-medium (0.090–0.203 divers/km2), medium (0.204–0.777
divers/km2), medium-high (0.778–4.756 divers/km2), and high (>4.756 divers/km2).
Class breaks dividing pelagic waterbirds were low (<0.118 pelagic birds/km2), lowmedium (0.118–0.205 pelagic birds/km2), medium (0.206–0.698 pelagic birds/km2),
medium-high (0.699–4.198 pelagic birds/km2), and high (>4.198 pelagic birds/km2).
Finally, wading bird densities were divided into low (<0.070 waders/km2), low-medium

20

(0.070–0.141 waders/km2), medium (0.142–0.606 waders/km2), medium-high (0.607–
4.198 waders/km2), and high (>4.198 waders/km2). Waterbird densities exhibited
significant temporal variation and generally were greatest in northern portions of the
ACE Basin, South Winyah–Bulls Bay, and Santee Lakes strata (e.g., Figure 1.5,
Appendix).

DISCUSSION

Successful monitoring programs must define objectives and design effective
surveys likely to meet programmatic needs amid budget constraints (Nichols and
Williams 2006, Botrill et al. 2008, Reynolds et al. 2011). We designed an aerial survey to
estimate abundance and distribution of eight waterbird taxa including 47 detected species
in South Carolina during fall–winter with an a priori level of precision of CV ≤ 15–20%
(Pearse et al. 2008a) and an annual budget allowing 7.5–10% survey effort per survey.
Our aerial surveys were based in probability sampling, statistically designed and
defensible based on previous aerial survey research (e.g., Conroy et al. 1988, Reinecke et
al. 1992, Pearse et al. 2008a), and generate useful data on relative abundance, spatial
distribution, sample effort needed relative to precision, and habitat use (Chapter II).
Furthermore, no other known probabilistic sample survey currently exists to monitor
waterbird population status, trends, and distributions during fall–winter across South
Carolina and the Atlantic Flyway. Thus, I recommend continuing aerial surveys to
generate relative waterbird population trends in South Carolina during winter.
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Additionally, I encourage other states to implement similar surveys and coordinate
comparable cross-state analyses and interactions for regional and flyway-scale fall and
winter waterbird population estimates and conservation initiatives. However, our results
indicate additional work is needed to increase precision and thus improve reliability of
waterbird estimates. Assuming aerial transect surveys continue in South Carolina, I
suggest several modifications to the current survey design and protocol be considered to
increase precision, as well as address survey bias in the following sections.
Precision
Precision of population estimates is critical to generating reliable estimates (i.e.,
not greatly variable [e.g., CV > 20%]). We achieved our a priori precision of CV ≤ 15–
20% five times across nine surveys and eight taxa combinations with pelagic waterbirds
meeting our desired precision in three surveys and diving ducks and wading birds each in
one survey. Therefore, a cumulative 93% (n = 72 combinations of nine surveys and eight
taxa) of waterbird estimates were either zero (no detections; n = 5; [5/72]*100 = 7%) or
did not meet our a priori level of precision (n = 62; [62/72]*100 = 86%). Low precision
of most estimates across taxa suggests waterbird densities and distributions exhibited
significant spatial clustering, as reflected in spatial distributions (Appendix), resulting in
increased sample variance. Thus, I recommend additional stratification based on “high”
densities of birds to improve precision (Pearse et al. 2008a). Original strata were
delineated using roads and highways, primarily to report waterbird abundances in
geographically bound and familiar regions of South Carolina. Although we did not
estimate abundance for 2016–2017 surveys because transects were uniformly and not
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randomly distributed, I assume that precision increased by revising strata around where
most waterbirds were detected in the first year of surveys. However, pervasive withinstrata variation in waterbird counts remains but may be reduced with additional
stratification. Conroy et al. (1988) concluded that increasing stratification of aerial
surveys in the Atlantic Flyway improved precision of black duck population estimates.
Indeed, computer simulated mallard aerial survey designs which incorporated highdensity strata exhibited superior precision compared to those that did not include high
density strata (Pearse et al. 2009). Additionally, Pearse et al. (2009) reported that
precision of simulated estimates did not differ using a single contiguous high-density
stratum versus several non-contiguous high-density strata; thus, contiguous high density
strata may as effective to increase precision as non-contiguous strata and simplify inflight
procedures and reduce flight time and cost. Finally, post-stratification using spatial
interpolation is a proven method to increase precision and reduce bias (Alisauskas 1997).
Therefore, based on our interpolated duck and other waterbird densities and prior
experience (Masto et al. 2018; Figure 1.5.), I suggest using existing survey data to
evaluate precision of estimates derived from the following new stratifications (Fig. 1.6.):
1) stratifying the Santee Delta region by dividing the South Winyah–Bulls’ Bay stratum
into separate north and south strata, 2) two substrata within the ACE basin, one along the
Combahee River and the other between the Edisto and Ashepoo Rivers, and 3) an
additional stratum northward from the Santee Lakes that encompasses Santee National
Wildlife Refuge and surrounding private landowners.
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We allocated sample effort proportional (i.e., 7.5–10%) to cumulative transect
length among strata and surveys, because we did not have a priori knowledge of sample
variance within strata among survey months. We now have estimated variance for two
observers over two years. I recommend using the means of the stratum variances from
November–February 2017–2019, weighted by their sample effort to allocate sample
effort optimally per strata for each waterbird taxa (Cochran 1977:98). I suggest excluding
September surveys from these analyses because most waterbirds have not yet arrived in
South Carolina therefore September would not be representative of winter waterbird
variances among strata. Specifically, I recommend Neyman optimal allocation which is
used when variances differ significantly among strata (Lohr 1999). Furthermore, updating
variance estimates and adapting optimal allocation of survey effort annually should
increase precision over time assuming waterbird spatiotemporal distributions are
relatively constant. Theoretically, estimates derived using optimal allocation will equal or
improve their precision compared to proportional allocation (Lohr 1999). Pearse et al.
(2009) demonstrated that optimal allocation combined with high density strata designs
were superior for mallards in Mississippi. If managers designate high-density strata in
South Carolina, optimal allocation should be used for existing strata, and new high
density strata should be surveyed at twice their proportional rate for one year until taxaspecific variances among strata and surveys are known (Pearse et al. 2008a).
If additional stratification and optimal allocation are not implemented for
subsequent surveys, increasing sample effort is necessary to generate increasingly precise
estimates of winter waterbird abundance in South Carolina. For example, increasing

24

sample effort by 2% reduced CVs by 2% for mallards and 3% for other dabbling and
diving ducks in Mississippi (Pearse et al. 2008a). I presented theoretical sample effort to
achieve CV = 20% for each waterbird group and survey over two years of this study.
These theoretical sample efforts could be used to weigh cost and benefits of increasing
sample effort in South Carolina. Excluding two surveys (November 2017 and September
2018), when variance and estimated sample effort were great, calculated effort across
waterbird taxa for remaining surveys (n = 7) ranged from 22–25%. Based on these
results, increasing sample effort three-fold (i.e., ~66 flight hours = 7.5 days) theoretically
would provide desired precision for all taxa of waterbirds. I recognize limited budgets
may prohibit such increases in sample effort. Thus, geographically strategic increases of
sample effort based on strata variance and available funds likely would be preferred;
however, implementing high density strata plus optimal allocation have potential to
improve precision with marginal increases in cost. In fact, Conroy et al. (1988) concluded
that “stratifying as much as possible” would be the best strategy for future aerial surveys
in the Atlantic Flyway for black ducks. Therefore, future researchers and biologists might
consider implementing a combination of these recommended designs to increase
precision while prioritizing those that cost little or nothing.
Optimal combination(s) of my proposed variance-reduction survey designs likely
exist. Realistic, parsimonious simulation models are effective and cost-efficient analytical
tools that guide management decisions (Williams et al. 1999). Therefore, a simulation
study that uses data collected from aerial surveys in November–February 2017–2019 and
integrates ecological and behavioral processes (e.g., wetland availability, weather
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severity [Schummer et al. 2010], gregariousness/spatial clustering) to compare
combinations of my recommended survey designs would be useful and guide future
waterbird aerial surveys in South Carolina and elsewhere in the Atlantic Flyway (Pearse
et al. 2009). For example, Pearse et al. (2009) compared aerial survey design
combinations (n = 12) and identified the best survey design for mallards in Mississippi
using empirically derived data. The aerial survey design they identified continues to be
used to monitor and estimate population size of wintering mallards and other waterfowl
in that state. Simulations also can be useful to identify cost among survey design
combinations and taxa (Reynolds et al. 2011, Nuno et al. 2013) and sensitivity of survey
designs in detecting long-term waterbird population trends (Sims et al. 2006). Simulation
research would be a wise investment to guide aerial survey designs in South Carolina to
increase precision and reduce cost.
Furthermore, I believe a critical need is to consider high priority waterbird species
and taxa. Adjustments to survey designs that improve precision of one taxa may reduce
precision in others. For example, high-density dabbling duck strata likely are different in
location, area, habitat, and other features than high-density pelagic waterbird strata.
Moreover, stratification, optimal allocation, and increases in survey effort depend upon
taxa, habitat resources, and season, all of which can be affected by environmental factors
such as weather (e.g., Schummer et al. 2010, Notaro et al. 2016). If the overall goal is to
modify survey design and effort for the greatest precision for all species and taxa, then
the weighted averages of optimal allocation and sample effort across species and surveys,
updated annually, would be a logical course of action. Nevertheless, ranking species and
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taxa in order of highest priority and continuously adapting a priori hypotheses and
precision will enable targeted and defensible methodology for practitioners to implement
in the air and on the ground (Nichols and Williams 2006). Excluding September 2017
and 2018 surveys when waterbird abundance was low, waterfowl comprised nearly 60%
of all waterbirds. Therefore, I suggest dabbling and diving ducks represent highest
priority. There is extensive habitat overlap among ducks, geese, and swans in South
Carolina, so all waterfowl taxa would be encountered and estimated during recommended
revised surveys. Wading birds (e.g., wood storks) and pelagic waterbirds (e.g., doublecrested cormorants) should follow waterfowl because of their importance as wetland
bioindicators and species of conservation or economic concern. Lastly, I rank raptors as a
taxon of passive surveillance in which estimation of abundance is not necessary. In my
opinion, spatial locations and raw counts of bald eagles and other raptors passively
collected during surveys are valuable to monitor trends for this previously listed and
nationally iconic species. Finally, researchers and biologists may consider ignoring
American coots (Fulica americana) because estimation of coots aggregated within mixed
flocks of dabbling or diving ducks may fortuitously affect accuracy and precision of our
highest ranked taxa. Finally, framework and analytical cost-benefit tools for detecting
population changes exist to determine which species to monitor (or prioritize) which
would enable statistically defensible taxonomic ranking (Wilson et al. 2015).
I found evidence that two simultaneous observers estimated waterbird abundance
differently for certain taxa and regardless of position in the aircraft, observer’s estimates
were highly variable. This finding is consistent with other studies (e.g., Erwin 1982,

27

Conroy et al. 1988, Frederick et al. 2003). Although I have no way to assess accuracy,
observers across all experience levels generally underestimate waterbirds (Prater 1979,
Erwin 1982, Frederick et al. 2003). Nonetheless, Erwin (1982) reported inexperienced
observers underestimated waterbirds at greater magnitudes than experienced observers. In
contrast, the rear-seat observer, who was less experienced than the front-seat observer in
this study, estimated greater abundance of nearly all waterbird taxa during January and
February 2018. I cannot disentangle confounding effects of position in the aircraft from
observer skill in these analyses. However, these results suggest a position effect may be
stronger during aerial surveys in wintering regions where waterbirds are highly
gregarious (cf. Koneff et al. 2008). Waterbirds flying in response to an approaching
aircraft renders them more detectable (Alisauskas and Conn 2019). Thus, front-seat
observers who have more visibility from the aircraft may count birds while stationary
whereas rear-seat observers may observe and count more flying birds.
Nonetheless, differences between observers’ estimation tendancies may increase
variation and bias in estimated waterbird population size (Conroy et al. 1988, Frederick et
al. 2003). Indeed, CVs for waterbird taxa were variable between survey years 2017–2018
and 2018–2019, when different front-seat observers counted waterbirds, which may have
been related or exacerbated by observer differences. However, avian behavioral,
environmental, and other factors influence waterbird distributions between surveys and
years and could contribute to variation in abundance and precision (Silverman et al. 2001,
Certain et al. 2007, Pearse et al. 2009, Zipkin et al. 2010, Notaro et al. 2016).
Nonetheless, given differences between observers, consistency in front-seat observers is
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paramount, regardless of unknown accuracy of observers’ counts in this study.
Additionally, I recommend training additional staff to count waterfowl and other
waterbirds accurately from the air. Computer-based waterbird and other animal counting
programs are available for training observers (Hodges 1993, 2014; Bowman 2015).
Moreover, implementing a second observer on the pilot-side of the aircraft, thereby
doubling sample effort by increasing transect width to 500 m, has been shown to increase
precision by 2.5% and reduced aerial survey cost because the reduction in survey time
offsets the expense of an additional observer (Pearse et al. 2009). Therefore, a second
observer on the pilot-side of the aircraft could potentially increase precision and reduce
cost, while a tandem rear observer on the passenger-side could be a means of training
alternate observers or reducing bias (Cook and Jacobson 1979, Koneff et al. 2008).
However, observers differ in experience (Erwin 1982), so I again emphasize need for
training observers before estimates are used in conservation planning.
Bias
Waterbird population indices are inherently biased; however, I could not assess
accuracy of population estimates because numbers of waterbirds and their detection
probabilities were not known explicitly. Double-observer reconciliation methods (Cook
and Jacobson 1979, Koneff et al. 2008), sightability experiments (Pearse et al. 2008b),
aerial–ground counts (Smith 1995, B. Ross, USGS, unpublished data), and sophisticated
analyses that incorporate detectability into maximum likelihood estimation of abundance
(Royle and Dorazio 2008, Lyet et al. 2016) present opportunities to estimate detection
probability and reduce bias for species, taxa, and aerial observers and should be
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considered in future research. However, practical utility of these methods may not be
feasible in all situations. For example, implementing double-observer reconciliation
methods requires an aircraft large enough to accommodate a pilot, two observers, and
their gear which often is not possible under budget constraints. Furthermore, aerial
observers would need to switch seats during surveys to estimate individual detection
probabilities (Cooks and Jacobson 1979) and develop inflight reconciliation procedures
to reduce significant post-survey analytical bias (Koneff et al. 2008), neither of which
were possible in this study. Simultaneous air–ground counts also would prove difficult
due to extensive acreage of remote and inaccessible topography and private
landownership in South Carolina. Many randomly selected transects are repeatedly
surveyed among surveys and years due to their high selection probabilities. Using these
repeatedly sampled transects, future analyses could implement multistate population
models to estimate abundance, diversity, and fall–winter population dynamics while
adjusting for detection probability of species and taxa (Denes et al. 2015). Regardless of
methodology, decreasing bias by estimating detectability of species and accuracy of
observers likely will increase cost.
Relative abundance, however, can be useful in determining population status
spatiotemporal trends, and habitat use assuming strong correlation between the indexed
and true population sizes (Caughley 1977, Johnson 2008, Barker et al. 2014). Indeed,
Pearse et al. (2008a) demonstrated strong correlations between their population indices
and bias-corrected abundance estimates for mallards (r = 0.998), dabbling ducks (r =
0.990), diving ducks (r = 0.940), and total ducks (r = 0.991). We believe bias is not as
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concerning as precision in our survey areas, assuming bias remains constant and the
variability in detection probability is less than the variability in estimated population size
(Johnson 2008). Thus, we again emphasize need for continuity in aerial observers who
theoretically will exhibit consistent bias in waterbird counting and estimation (Frederick
et al. 2003, Elphick 2008). Moreover, we urge rigorous training of aerial observers to
identify, count, and estimate waterbirds, as previously mentioned, and importantly,
inflight experience to improve counting and estimation (Elphick 2008). Using wildlife
computer simulators may present future options to adjust aerial counts by an average
correction factor derived over many computer simulations. However, we caution that
computer simulations and other experimental training exercises may not represent aerial
or other observer’s true detection probability in practice (Alldredge et al. 2008, Elphick
2008). Johnson (2008) noted that currently there is no singular method to adjust bird
counts by their detection probabilities that appears effective for monitoring programs that
survey multiple species at large geographical extents. Thus, I acknowledge
aforementioned biases in my results and present aforementioned possible solutions.
Nevertheless, I am confident our population indices currently the best information on
population size and distribution of waterbirds in South Carolina and recommend their
continuance following suggested revisions to improve precision.
Adaptive Monitoring
Long-term monitoring programs often are criticized for being ineffective and
wasteful (Heusmann 1999, Legg and Nagy 2006, Lindenmayer and Likens 2010).
Lindenmayer and Likens (2009) argued three common issues undermine their credibility
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and success: 1) they are driven by short-term funding which cannot be sustained and are
implemented backwards (i.e., collect data first, ask questions second); 2) they are poorly
designed because statisticians are left out of the experimental design and planning phase;
and 3) they often begin with unresolved disagreement about what and where to monitor.
Our survey of waterbirds in South Carolina provides a sturdy foundation. Indeed, we
have identified questions and objectives, designed a robust survey specific to waterbirds
and their habitat in South Carolina, and have specified species and taxa to monitor using
aerial surveys. Furthermore, we have learned and incrementally improved our survey
over this study. We have implicitly conducted adaptive monitoring in a structured
decision-making framework (Lyons et al. 2008, Lindenmayer and Likens 2009). An
explicit model is needed for continuation of waterbird surveys in South Carolina and
elsewhere. Here, I present a conceptual model and populate the model specific to this
study to guide future waterbird monitoring decisions in South Carolina and elsewhere
(Fig. 1.7.). My model has its foundation from Lindenmayer and Likens’ (2009) proposed
adaptive monitoring and includes the three basic components of structured decisionmaking: objectives, actions, and outcomes (Lyons et al. 2008). Importantly, the model is
iterative to address new questions, problems, or methods (Lindenmayer and Likens
2010).
In this study, we iterated the decision cycle and adapted our survey each year in
attempt to meet our objectives (e.g., Fig. 1.7.). We successfully designed an aerial survey
to estimate distributions of migrating and wintering populations of waterbirds in 2016–
2017 and following these surveys, adjusted survey design to optimize efficiency and

32

accommodate estimation of population abundance. In 2017–2018, we estimated
population abundance and compared estimates between front- and rear-seat observers but
generally did not meet our a priori goal of precision of CV ≤ 15–20% for most taxa.
Finally, during 2018–2019 we estimated abundance using a different front-seat aerial
observer and conducted analyses to estimate detectability and habitat use (Chapter II).
Notwithstanding a different front-seat observer, we did not achieve our a priori desired
precision in 2018–2019 for most waterbird taxa and thus another iteration of the decision
cycle ensues. Specifically, managers must decide in this new iteration of the decision
process whether to continue to improve aerial surveys in attempt to achieve CV ≤ 15–
20% by evaluating simulations and variance-reduction methods or to evaluate
alternatives. This is a complex process that depends on numerous factors including
elicitation of objectives and desired outcomes and so I recommend using this model to
aid decision-making. Even if objectives are met, this tool remains useful and temporally
dynamic for improvements. For example, detectability, species-specific estimation, and
improvements to aerial surveys to reduce cost are questions that arose during this study.
New technology also can spark questions and iterations to the decision cycle. For
example, if unmanned aerial vehicles (UAVs [i.e., drones]) with enhanced battery life or
multispectral rotating cameras outfitted to the aircraft are developed and successfully
implemented, these technologies have potential to significantly improve aerial surveys in
South Carolina and elsewhere. Finally, additional fiscal resources and biologists or
researchers with ability and time to conduct surveys and analyze data might stimulate an
iteration in the decision cycle.
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Monitoring is rarely useful if it does not reduce uncertainty to inform
management decisions (Williams 2007). Thus, adaptive monitoring and resource
management must be linked in process and procedures (Lyons et al. 2008, Lindenmayer
et al. 2011). Using this model will improve monitoring and thus elicit utility of our
surveys to inform management by encouraging co-working scientists and managers to
evaluate goals, objectives, and effects of management actions. Lastly, I encourage use
and adaptation of this and other systematic decision-support tools for other difficult
monitoring choices such as when or how often to monitor (Hauser et al. 2006,
McDonald-Madden et al. 2010), which species or taxa to monitor based on objectives and
cost (Wilson et al. 2015), and using targeted monitoring to resolve uncertainty (Runge et
al. 2011).
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Survey area (km )
1,436.86
1,174.09
70.98
791.77
304.67
369.06

2

Survey strata
ACE Basin (ACE)

2017-2019

Black River (BR)
Charleston (CH)
Cooper River (CR)
North Inlet (NI)
Pee Dee Basin (PD)
Savannah (SV)
1,948.15
Port Royal (PR)
Savannah (SV)
Santee Lakes (SL)
2,173.74
Santee Lakes (SL)
S.Winyah-Bulls Bay (SW)
863.42
S.Winyah-Bulls Bay (SW)
Total
9,132.74
Total
a
Percent change in strata and total survey area from 2016–2017 to 2017–2019

Survey strata
Lower ACE Basin (LA)
Upper ACE Basin (UA)
Black River (BR)
Charleston (CH)
Cooper River (CR)
Myrtle Beach (MB)

2016-2017

60.17
545.46
163.85
161.81
89.82
731.16
516.61
1,038.00
720.47
5,676.08

Survey area (km2)
1,648.73

-52.25
-16.55
-37.85

-35.95

-15.23
-31.11
-46.22
-31.82

Change (%)a
-36.85

Table 1.1. Survey strata and area for 2016–2017, revised strata for 2017–2019 aerial surveys, and percent reduction in
total area.

Diving Ducks

Total Ducks

Geese and Swans

Surveya nb
Î
SE
CVc
Î
SE
CV
Î
SE
CV
Î
SE
CV
1
83
1,558
434
0.28
0
0
1,558
434
0.28
617
265
0.43
2
85
64,105
25,388 0.40
5,421
1,595
0.29
69,526
25,317 0.36
712
342
0.48
3
91
51,606
17,947 0.35
22,897
7,180
0.31
74,504
22,651 0.30
1,100
423
0.39
4
88
58,183
25,388 0.36
8,302
1,434
0.17
66,485
21,114 0.32
0
0
5
94
9,431
4,325
0.46
0
0
9,431
4,325
0.46
568
466
0.82
6
100
67,835
23,423 0.35
11,264
4,023
0.36
79,099
24,170 0.31
589
205
0.35
7
101
43,704
12,845 0.29
20,619
5,617
0.27
64,323
15,690 0.24
1,142
642
0.56
8
96
77,978
33,522 0.43
24,443
5,103
0.21
102,421
35,058 0.34
1,849
795
0.43
9
88
36,562
14,694 0.40
18,517
4,694
0.25
55,079
17,591 0.32
704
284
0.40
a
Survey dates: Survey 1, 20-22 Sept 2017; Survey 2, 12-15 Nov 2017; Survey 3, 14-16 Jan 2018; Survey 4, 12-15 Feb 2018, Survey 5, 21-23
Sept 2018, Survey 6, 16-18 Nov 2018, 13-17 Dec 2018, 17-19 Jan 2019, 13-15 Feb 2019
b
n = number of transects sampled
c
CV = SE / Î

Dabbling Ducks

Table 1.2. Population indices ( Î ), standard errors (SE), and coefficients of variation (CV) for dabbling ducks, diving ducks, total ducks, and geese and
swans estimated from aerial surveys conducted in South Carolina during fall and winters 2017–2019.
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n
83
85
91
88
94
100
101
96
89

b

Î
0
30,534
29,255
30,801
0
44,514
14,108
19,587
22,967

SE
0
13,534
12,061
15,836
0
23,273
4,946
11,000
8,603

c

CV
0.44
0.41
0.51
0.52
0.35
0.56
0.37

Coots and Gallinules
Î
8,047
16,581
5,281
15,776
13,524
10,678
15,715
11,572
13,211

SE
2,409
7,798
1,211
3,229
4,769
2,033
3,804
2,059
2,939

CV
0.30
0.47
0.23
0.20
0.35
0.19
0.24
0.18
0.22

Pelagic Waterbirds
Î
16,028
23,459
16,106
7,716
26,339
13,065
7,851
7,990
7,197

SE
4,151
10,178
6,380
3,206
3,510
4,470
1,810
1,589
2,119

Wading Birds
CV
0.26
0.43
0.40
0.42
0.13
0.34
0.23
0.20
0.29

Î
82
351
141
347
191
210
305
225
177

SE
32
164
55
83
45
65
67
66
57

Raptors
CV
0.38
0.47
0.39
0.24
0.24
0.31
0.22
0.24
0.32

Survey dates: Survey 1, 20-22 Sept 2017; Survey 2, 12-15 Nov 2017; Survey 3, 14-16 Jan 2018; Survey 4, 12-15 Feb 2018; Survey 5, 21-23 Sept
2018; Survey 6, 16-18 Nov 2018; Survey 7, 13-17 Dec 2018; Survey 8, 17-19 Jan 2019; Survey 9, 13-15 Feb 2019
b
n = number of transects sampled
c
CV = SE / Î

a

Survey
1
2
3
4
5
6
7
8
9

a

Table 1.3. Population indices ( Î ), standard errors (SE), and coefficients of variation (CV) for coots and gallinules, pelagic and piscivorous waterbirds,
wading birds, and raptors estimated from aerial surveys conducted in South Carolina during fall and winters 2017–2019.
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Table 1.4. Population indices ( Î ), standard errors (SE), and coefficients of variation (CV) for dabbling
ducks, diving ducks, total ducks, geese and swans, coots and gallinules, pelagic and piscivorous
waterbirds, wading birds, and raptors estimated by the rear-seat observer in aerial surveys
conducted in South Carolina during winter 2018.
14-16 January 2018
Group
na
Î
Dabbling ducks
91
101,712
Diving ducks
91
13,240
Total ducks
91
113,936
Geese and swans
91
2,460
Coots and gallinules 91
23,467
Pelagic waterbirds
91
11,129
Wading birds
91
32,402
Raptors
91
27
a
n = number of transects sampled
b
CV = SE / Î

12-15 February 2018
CVb
0.32
0.24
0.28
0.74
0.37
0.21
0.38
0.73

SE
31,804
3,118
31,719
1,810
8,712
2,319
12,405
20

n
88
88
88
88
88
88
88
88

Î
80,377
18,013
98,390
146
29,129
18,517
7,716
243

SE
24,689
4,140
25,686
79
5,055
4,399
2,462
62

CV
0.31
0.23
0.26
0.54
0.17
0.24
0.32
0.25

Table 1.5. Estimates of average differences between front- and rear-seat observers (ΔÎ ), standard errors (SE),
standard scores (Z), and probability values (P) at α = 0.01 for dabbling ducks, diving ducks, total
ducks, geese and swans, coots and gallinules, pelagic and piscivorous waterbirds, wading birds,
and raptors derived from the count differences between aerial observers (𝐼̂𝑓𝑟𝑜𝑛𝑡 – 𝐼̂𝑟𝑒𝑎𝑟 ) during
January and February 2018 aerial surveys conducted in South Carolina during winter 2018.
14-16 January 2018
Group
Dabbling ducks
Diving ducks
Geese and swans
Total ducks
Coots and gallinules
Pelagic waterbirds
Wading birds
Raptors
a

ΔÎ
-49,797
9,584
-1,548
-40,135
4,690
-5,934
-16,220
47
a

SE
23,731
7,776
1,936
24,382
11,473
2,162
10,759
47

Z
-2.10
1.23
-0.80
-1.65
0.41
-2.75
-1.51
1.01

12-15 February 2018
P
0.036
0.218
0.424
0.100
0.683
0.006
0.132
0.315

Estimate of mean difference between front- and rear-seat observer
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ΔÎ
-21,754
-9,592
-144
-31,163
1,673
-2,741
628
104

SE
14,642
3,703
78
15,769
13,648
4,019
1,786
74

Z
-1.49
-2.59
-1.84
-1.98
0.12
-0.68
0.35
1.40

P
0.138
0.001
0.066
0.048
0.903
0.495
0.725
0.160

Table 1.6. Survey effort (Effortorig), margin of error adjustment for desired precision of CV = 20% (k20%), and
optimal survey effort to achieve desired precision of CV = 20% (Effortopt) for dabbling ducks, diving
ducks, total ducks, and geese and swans estimated from aerial surveys conducted in South Carolina
during fall and winters 2017–2019.
Dabbling ducks

Diving ducks

Total ducks

Geese and swans

Surveya Effortorigb k20%c Effortoptd
k20%
Effortopt
k20%
Effortopt
k20%
Effortopt
1
0.0829
1.96
0.16
1.96
0.16
4.63
0.38
2
0.0820
4.00
0.33
2.10
0.17
3.24
0.27
5.76
0.47
3
0.0776
3.06
0.24
2.40
0.19
2.25
0.17
3.80
0.30
4
0.0782
3.24
0.25
0.72
0.06
2.56
0.20
5
0.0851
5.29
0.45
5.29
0.45
16.81
1.43
6
0.0810
3.06
0.25
3.24
0.26
2.40
0.19
3.06
0.25
7
0.0864
2.10
0.18
1.82
0.16
1.44
0.12
7.84
0.68
8
0.0820
4.62
0.38
1.10
0.09
2.89
0.24
4.62
0.38
9
0.0848
4.00
0.34
1.56
0.13
2.56
0.22
4.00
0.34
a
Survey dates: Survey 1, 20-22 Sept 2017; Survey 2, 12-15 Nov 2017; Survey 3, 14-16 Jan 2018; Survey 4, 12-15
Feb 2018; Survey 5, 21-23 Sept 2018; Survey 6, 16-18 Nov 2018; Survey 7, 13-17 Dec 2018; Survey 8, 17-19 Jan
2019; Survey 9, 13-15 Feb 2019
b
Original survey effort as a percentage of the transect length surveyed of the total cumulative transect length
c
Factor derived from survey and group-specific variance (CV) that adjusts the margin of error to achieve desired
survey precision of CV = 20%
d
Survey and group-specific sample effort (%) that acheives a desired survey precision of CV = 20%
Table 1.7. Survey effort (Effortorig), margin of error adjustment for a desired precision of CV = 20% (k20%), and
optimal survey effort to achieve desired precision of CV = 20% (Effort20%) for coots and gallinules,
pelagic and piscivorous waterbirds, wading birds, and raptors estimated from aerial surveys conducted
in South Carolina during fall and winters 2017–2019.
Coots and
gallinules

Pelagic
waterbirds

Wading birds

Raptors

Surveya Effortorigb k20%c Effortoptd
k20%
Effortopt
k20%
Effortopt
k20%
Effortopt
1
0.0829
2.25
0.19
1.69
0.14
3.61
0.30
2
0.0820
4.84
0.40
5.52
0.45
4.62
0.38
5.52
0.45
3
0.0776
4.20
0.33
1.32
0.10
4.00
0.31
3.80
0.30
4
0.0782
6.50
0.51
1.00
0.08
4.41
0.34
1.44
0.11
5
0.0851
3.06
0.26
0.42
0.04
1.44
0.12
6
0.0810
6.76
0.55
0.09
0.07
2.89
0.23
2.40
0.19
7
0.0864
3.06
0.26
1.44
0.12
1.32
0.11
1.21
0.10
8
0.0820
7.84
0.64
0.81
0.07
1.00
0.08
1.44
0.12
9
0.0848
3.42
0.29
1.21
0.10
2.10
0.18
2.56
0.22
a
Survey dates: Survey 1, 20-22 Sept 2017; Survey 2, 12-15 Nov 2017; Survey 3, 14-16 Jan 2018; Survey 4, 12-15
Feb 2018; Survey 5, 21-23 Sept 2018; Survey 6, 16-18 Nov 2018; Survey 7, 13-17 Dec 2018; Survey 8, 17-19 Jan
2019; Survey 9, 13-15 Feb 2019
b
Original survey effort as a percentage of the transect length surveyed of the total cumulative transect length
c
Factor derived from survey and group-specific variance (CV) that adjusts the margin of error to achieve desired
survey precision of CV = 20%
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d
Survey and group-specific sample effort (%) that acheives a desired survey precision of CV = 20%

Figure 1.1. Study area of coastal and inland South Carolina, USA in which aerial
surveys were conducted of migratory and wintering waterbirds. Strata
included Ashepoo-Combahee-Edisto River basin (ACE), Black River
basin (BR), Charleston region (CH), Cooper River Basin (CR), North Inlet
(NI), Pee Dee basin (PD), Port Royal Sound (PR), Santee Lakes (SL),
Savannah region (SV) and the Santee Delta to Bulls’ Bay region (SW).
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Figure 1.2. Schematic of angles measured using a clinometer to delineate transect
boundaries on the window for a 250 m field of view (not drawn to scale).
Angles not measured with the clinometer were derived using simple
trigonometry.
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Figure 1.3. Survey area and superimposed aerial detections of ≥ 1 waterbird(s) during
2016 –2017 and revised survey area for aerial surveys in 2017–2019.
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Figure 1.4. Population indices of abundance and standard errors for dabbling ducks,
diving ducks, total ducks, geese and swans, coots and gallinules, pelagic
waterbirds, wading birds, and raptors estimated from aerial surveys
conducted in South Carolina during fall and winters 2017–2019.

56

Figure 1.5. Spatial distribution of dabbling ducks interpolated across coastal and
inland South Carolina, USA derived from aerial surveys conducted
January 2019. Density categories were low (<0.287 dabblers/km2), lowmedium (0.287–1.019 ducks/km2), medium (1.020–6.457 ducks/km2),
medium-high (6.458–53.525 dabblers/km2) and high (>53.525
dabblers/km2).
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Figure 1.6. Proposed high density strata to reduce variance in Ashepoo-CombaheeEdisto Rivers Basin (ACE-HD), Santee Delta (SD), and Santee Lakes (SLHD) superimposed on a kernel smoothed surface using January 2017–
2019 waterbird counts.
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Figure 1.7. A conceptual model of the decision-making process for adaptive
monitoring and populated diagrams specific to monitoring decisions for
aerial surveys to estimate waterbirds in South Carolina. Blue ovals depict
beginning stage, green hexagons represent planning, yellow diamonds
reflect decisions, pink rectangles represent implementation, and purple
rhombi depict an evaluation stage based on collected and existing data and
subsequent analyses.
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CHAPTER II
MODELING DOUBLE-OBSERVER AERIAL COUNT DATA TO ESTIMATE
DETECTION, ABUNDANCE, AND HABIAT RELATIONSHIPS OF WATERBIRDS
WINTERING IN SOUTH CAROLINA

Estimating abundance of organisms in relation to their habitats is fundamental to
understanding population dynamics and distributions of wildlife, and important for
conservation because these metrics inform resource management and decision making
(Williams et al. 2002, Nichols and Williams 2006). However, complete population
censuses are rarely possible. Thus, biologists design and implement surveys to estimate
abundance with a goal of adequately representing true population size.
Aerial surveys are efficient and effective monitoring tools to estimate wildlife
population-level parameters especially in large and inaccessible landscapes (e.g., Smith
1995 and Williams and Johnson 1995). A fundamental concern when estimating
abundance is that detection is imperfect (Elphick 2008). Without adjusting for imperfect
detection, researchers may reach misleading conclusions of abundance/occurrence,
population trends, and spatiotemporal distributions (Thompson 2002, Denes et al. 2015).
Thus, accounting for imperfect detection is critical for understanding dynamics and
management of animal populations, particularly those under annual harvest pressure and
those in decline (Kéry and Schmidt 2008).
Marsh and Sinclair (1989) described detection error as availability and perception
bias. Availability bias refers to error associated with animals not available for detection
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during surveys. For example, individuals may be omitted, despite being seen, because
they are outside transect boundaries. Furthermore, cryptic species, such as green herons
(Butorides virescens), might hide in response to an approaching aircraft thereby rendering
them unavailable to observers. Perception bias refers to error associated with animal
detection given they are available for detection. For example, observers may omit,
miscount, or misidentify species during surveys (Elphick 2008). Detection errors can be
exacerbated by aircraft speed, flight height, glare and other weather influences, and
cognitive ability for simultaneous identification and enumeration of waterbirds (Fleming
and Tracy 2008, Bowman 2014). Thus, biologists seeking to estimate abundance should
account for underlying observation process that generates measurement error while
counting animals. This can be represented as n = N * a * p, where n is the number of
animals counted, 𝑁 is true abundance, a is the probability an animal is available for
detection, and p is the probability the animal is detected given its availability (Kéry and
Schmidt 2008). Factors that influence detection include differences in species traits (e.g.,
sexual dimorphism, gregariousness), survey-related factors (e.g., observer effort and
skill), environmental factors (e.g., habitat, weather), and species abundance (Thompson
2002, Fleming and Tracey 2008, Koneff et al. 2008, Pearse et al. 2008b, 2009, Bowman
2014).
Various methods have been developed to estimate detection probability and
abundance including double and repeated sampling (Smith 1995, Royle 2004a), distance
methods (Buckland et al. 2001), multiple observers (Cook and Jacobson 1979, Koneff et
al. 2008), removal models (Pollock and Kendall 1987, Farnsworth et al. 2002),
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sightability experiments (Pearse et al. 2008b), or a combination of these methods (e.g.,
Alisauskas and Conn 2019). However, some of these techniques have constraints such as
increased cost, effort, reduced interpretability, and stringent assumptions. Thus, no single
method is applicable to estimate abundance and detection in all situations (Johnson
2008).
Nonetheless, double-observer methods generally are appealing because they
require only one sampling occasion of unmarked individuals. Double-observer methods
are comparable to mark-recapture in which matched pairs of detections between
observers are used to estimate detection probabilities (Seber 1982). However, reconciling
detections between observers can generate errors when implemented post hoc (Pollock
and Kendall 1987). Ideally, reconciling detections between observers should occur during
the survey, but such resolution is difficult while flying (cf. Koneff et al. 2008, Alisauskas
and Conn 2019). Whether reconciliation occurs during or after surveys, matching
detections when time between detections is brief can generate significant error, which
often is the case when surveying dense and gregarious taxa such as wintering waterfowl
and other waterbirds (Pollock and Kendall 1987). In addition, observers should alternate
between primary (e.g., front-seat) and secondary roles mid-survey to estimate individual
observer’s detection probabilities, which is difficult in small aircrafts with limited seating
and thus was not possible in this study (Nichols et al. 2000, Koneff et al. 2008, Chapter
I).
Binomial N-mixture models are a class of hierarchical models that require
spatially and temporally replicated counts allowing simultaneous estimation of detection
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and population-level abundance/occurrence (Royle et al. 2004a). This approach models
counts (n) at site i during time t as binomial random variables, nit ~ Binomial(Ni t , p),
where Nit is abundance and p is detection probability. Estimation of p is modeled with a
binomial distribution while Nit is treated as a random variable generated under a Poisson
or similar statistical distribution (e.g., negative binomial). These models are popular in
ecology, because they allow estimation of detection probability and abundance from
spatially and temporally replicated data of unmarked animal populations. The surveys
required to construct these models are relatively inexpensive and less invasive compared
to traditional methods such as mark-recapture or distance sampling (Duarte et al. 2018).
Furthermore, N-mixture models allow for predictor variables, which may explain
variation in abundance and detection (Denes et al. 2015).
Here, I combined implementation of two tandem-seated aerial observers and
analyzed data using a repeated counts framework. Royle and Dorazio (2008) proposed
modeling multiple-observer counts in this manner. Furthermore, Riddle et al. (2010)
simulated multiple observer count data and analyzed using N-mixture models which
reduced bias and effort compared to traditional multiple-observer analyses. However, to
my knowledge, no study has evaluated these analytical methods for aerial surveys of
wintering populations of waterbirds. Thus, I took advantage of spatially and temporally
replicated data generated by the two aerial observers who shared the same field of view
in the aircraft to estimate abundance, detection, and habitat relationships of dabbling
ducks, diving ducks, pelagic waterbirds, and wading birds using binomial N-mixture
models. Specifically, I desired accurate (i.e., adjusted by detection probability) and
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precise (i.e., CV ≤ 15–20%) estimates of abundance for each waterbird taxa. My second
goal was to evaluate covariates that explained variation in detection and abundance of
waterbird taxa.

STUDY AREA
We conducted experimental double-observer aerial transect surveys during
January and February 2018 within 10 geographic strata in coastal and inland South
Carolina (Figure 2.1.). Combined strata encompassed 5,676.08 km2 of potential waterbird
habitat including impounded and formally impounded wetlands, coastal marsh, estuaries,
tidal and freshwater rivers, lakes, and ponds (Arner and Hepp 1989, Gordon et al. 1989,
Johnson and Montalbano 1989; Figure 2.1.). Additional details and figures of the study
area are provided in Chapter 1 of this thesis.

METHODS
Aerial Surveys
Aerial surveys were conducted by two observers during 14–16 January 2018 and
12–15 February 2018. Aviation services were provided by Seven Rivers Aviation,
Georgetown, South Carolina. The team flew in a fixed-winged, single-engine Cessna 172
(Cessna Aircraft Co., Wichita, Kansas). The pilot navigated east-west transect lines
spaced 250-m apart using an on-dash global positioning system (GPS) while maintaining
an altitude of ~60 m above ground level. Molly Kneece, South Carolina Department of
Natural Resources wildlife biologist, served as front-seat observer and I was the rear-seat
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observer. We used a clinometer to define transect boundaries at 10.57° below the horizon
as the top transect boundary and marked boundaries with an erasable marker on front and
rear right side windows. We then determined the angle at which the fuselage of the
aircraft obstructed our view (i.e., ~40°) and used erasable marker to mark the bottom
transect boundaries on front and rear windows for each observer (Koneff et al. 2008).
This approach enabled both observers to view a transect width of 250 m outward from
the aircraft (Figure 1.2.).
Observers independently enumerated and recorded identifiable waterbirds within
transect boundaries. I acknowledge that estimates of abundance by both observers may be
conservative resulting from only recording identified birds, but we desired not to bias
estimates of any taxon by including birds not identified to species. Observers
independently voice-recorded their data using tablet computers and aerial survey software
allowing recorded detections of ≥1 bird(s) be georeferenced (Koneff et al. 2008;
RECORD, J. I. Hodges, USFWS, unpublished data). Additionally, observers followed
federal aerial survey protocol for counting waterfowl and other waterbirds (USFWS and
CWS 1987, Bowman 2014). Specifically, waterbirds observed outside transect
boundaries or in flight were not recorded. However, flushing waterbirds known by
observer(s) to have been within the transect were recorded. This exception is consistent
with FWS aerial survey protocol (Garrett Wilkerson, Santee National Wildlife Refuge
Pilot-biologist, Personal communication). Following the survey, observer(s) transcribed
data independently (TRANSCRIBE, J. I. Hodges, USFWS, unpublished data).
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Site-level Count Data
Using a geographic information system (GIS), I imported vector layers of
transects surveyed in January and February 2018 as well as geographical locations of ≥1
dabbling duck(s), diving duck(s), pelagic waterbird(s), and wading bird(s) observed along
these transects by front- and rear-seat observers (ESRI 2011). Although waterbirds only
were detected and recorded on one side of the aircraft at ≤ 250 m from transects in the
air, geographical locations of waterbirds often resided on either side (i.e., north and
south) of the surveyed transect likely due to pilot experience flying transect surveys and
GPS location error. Thus, I manually moved transects north/south for January and
February with criteria of moving transects minimally while retaining all or most
waterbird detections (i.e., detections residing > 250 m from transects were excluded from
the sample). If a waterbird detection was excluded from the sample I prioritized and
retained paired detections by both front- and rear-seat observers when ≥ 1 bird(s) was
detected. When no paired detections existed, I deferred to moving transects minimally
and retaining detection(s) nearest the transect. Additionally, I moved transects east or
west to include waterbird detections recorded outside transects when no additional
detections within the transect were excluded. I performed aforementioned GIS
procedures manually for each transect (n = 88 and 85 for January and February 2018,
respectively).
Binomial N-mixture models require site-level spatiotemporally replicated
waterbird detections. To generate this framework, I created 250 m2 contiguous ‘sites’
along transects following a three-step process. First, I generated points spaced 250 m
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apart along transects and used these input point vectors to sever transects into 250 m-long
transect segments (hereafter segments). Next, I buffered segments north at 250 m which
created 250 m2 grid cells along all sampled transects for January and February 2018 (n =
6,616 and n = 6,722, respectively). Lastly, I joined front- and rear-seat detections of ≥1
waterbird(s) with segment grid cells. Thus, each 250 m2 site was populated with zero,
front-seat, rear-seat, or both observers’ waterbird detections. Following these methods, I
generated spatially and temporally replicated data of two primary survey occasions at
each 250 m2 site where the front-seat observer’s detections/non-detections represented the
first sample occasion and rear-seat observer’s detections/non-detections represented the
second survey occasion. Binomial N-mixture models operate under assumed population
closure—no birth, death, immigration, or emigration—between sample occasions (Royle
2004a). We satisfy this assumption because we were flying ~130–170 km/hr along
transects; thus, waterbirds were not able to move between sites during front- and rear-seat
sample occasions.
State and Observation Process Covariates
Observation process. – Covariates included to model detection probability were
observer (front or rear seat), Julian date of survey (expressed numerically), open water
wetlands (proportional area), intermediate wetland habitat (proportional area), and
forest/scrub-shrub wetlands (proportional area). Different observers, regardless of skill
and other survey parameters such as survey date, have been known to influence detection
rates (Erwin 1982, Fleming and Tracey 2008, Koneff et al. 2008). Furthermore, detection
probability likely varied among three days of surveys because survey strata were not
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randomly but strategically surveyed to maximize efficiency. Thus, geographically
correlated factors (e.g., wetland type) may affect detection probability across survey date.
Finally, detection probability is likely to vary among habitats (Smith et al. 1995, Pearse et
al. 2008b). I classified wetland habitats based on their structural characteristics. I defined
open wetlands as combined proportional area (i.e., frequency of 30 m2 pixels) of
brackish–saline deep-water wetlands, lakes, rivers, and freshwater ponds (Cowardin et al.
1979). I defined intermediate wetlands with varying degrees of vegetative structure as
managed and non-managed impoundments (i.e., historic rice fields and other impounded
wetlands with or without maintained functional dikes), brackish–saline emergent marsh,
and freshwater emergent wetlands. Finally, I considered forested and scrub-shrub
wetlands which have varying degrees of canopy closure as a final wetland category
affecting detection probability. I predicted that detection probability would be greatest in
open water habitats and decline with increasing structural complexity.
State process. – I compiled wetland covariates to describe variation in waterbird
abundance using the National Wetlands Inventory (NWI; http://landcover.usgs.gov/) and
historic rice field (HRF) data—the latter from the Baldwin Conservation Lab and
Nemours Wildlife Foundation (Rob Baldwin, Clemson University; Ernie Wiggers,
Nemours Wildlife Foundation, Yemassee, SC, unpublished data). These data have been
comprehensively mapped throughout South Carolina using LiDAR and historic aerial
imagery and are currently being verified on the ground for accuracy. The HRFs contained
managed tidal impoundments and non-managed former rice fields with breached dikes
which are functionally different from natural emergent wetlands. However, the NWI
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incorrectly classified these wetlands as freshwater emergent, forested/scrub-shrub, or
brackish–saline marsh depending on vegetation and other physiographic landscape
features. Thus, I first erased overlap between NWI and HRF and then merged the two
non-overlapping vectors into a single wetland layer. Next, I converted the wetland vector
to a raster and reclassified into seven wetland types: 1) managed and non-managed
historic rice fields 2) brackish–saline open water, 3) brackish–saline emergent marsh, 4)
freshwater lakes and rivers, 5) freshwater ponds, 6) freshwater emergent, and 7) forested
and scrub-shrub wetlands. Finally, I extracted frequency of 30 m2 cells of a given wetland
type from sampled 250 m2 transect segments (i.e., sites) using the raster package in R
statistical software and included proportional area of each wetland type as continuous
variables to explain variation in waterbird abundance (Hijmans and Etten 2014, R Core
Team 2018).
Data Preparation and Model Fitting
I standardized detection and abundance explanatory variables to mean zero and
variance one. Additionally, I assessed collinearity among explanatory variables with an a
priori designation of correlation between variable pairs (i.e., r ≥ 0.70; Kaminski and
Prince 1984); no pairs exhibited collinearity (−0.41 ≤ r ≤ 0.69). I fit binomial N-mixture
models to aerial survey double-observer count data of dabbling ducks, diving ducks,
pelagic waterbirds, and wading birds (see Chapter 1 for description of waterbird taxa) for
January and February 2018 in program R using the unmarked package (Fiske and
Chandler 2011). I used insensitivity of parameter estimates to a series of K values—
parameter that represents the maximum possible site-abundance—as a criterion for model
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stability and parameter identifiability (Haines 2016, Kéry 2018). Specifically, I fit
intercept-only models for the population-state and observation processes with three
separate error distributions (i.e., Poisson, zero-inflated Poisson, and negative binomial)
for each taxa and month. I evaluated best fitting distributions using Akaike’s Information
Criterion (AIC; Burnham and Anderson 2002). Next, I tested series of K values for all
distributions beginning with K = default (i.e., maximum count + 100; Fiske and Chandler
2011); 2,000; 2,500; and 3,000 birds, respectively and diagnosed stabilization using
ΔAIC = AICKi − AICKmax (i.e., Kmax = 3,000) where a significantly positive ΔAIC score
suggests unstable parameter estimates (Kéry 2018). I believe 3,000 birds is a biologically
reasonable assumption especially for aggregated species such as dabbling ducks.
Furthermore, increasing K further greatly enhanced computation time. If intercept-only
models did not stabilize at K = 3,000, I deferred to the next best error distribution based
on AIC and reasonably stable parameter estimates at given K values (Royle 2004a).
I considered five a priori models describing variation in detection probability
across taxa and months (Table 2.1.). Observation process models included:
1) Observer effects (obs; Number of parameters [k] = 2). Front- and rear-seat
aerial observers did not switch positions mid-survey because of logistical
constraints within the aircraft and thus detection probabilities are confounded
with observers’ positions.
2) Survey effects (obs + date; k = 3). Model evaluating variation in detection
probability as a function of observer and survey date.
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3) Habitat effects (open + inter + for-scrub; k = 3). Model evaluating additive
effects of open water (brackish–saline open water, lakes and rivers, freshwater
ponds), intermediate (managed and non-managed HRFs, brackish–saline
emergent, freshwater emergent) and forested and scrub-shrub wetlands on
detection probability.
4) Habitat + observer (open + inter + for-scrub + obs; k = 5). This model
combines parameters from models 2 and 4.
5) Habitat + survey (open + inter + for-scrub + obs + date; k = 6). A global
model combining all observation parameters.
I hypothesized that observer effects would describe most variation in detection
probability across taxa and would be present in competitive models (ΔAIC ≤ 2; Burnham
and Anderson 2002). I retained detection covariates which received most support in the
full process model to estimate abundance and detection probability.
Next, I considered six a priori models describing variation in abundance (Table 2.1.).
1) Design model: includes the effect of transect length (continuous variable; km)
which accounts for bias associated with our survey design whereby transects
were selected with unequal probability proportional to transect length. The
design model serves as a null model; thus, the effect of transect length is
included in all other models.
2) Coastal model: includes managed and non-managed historic rice fields,
brackish–saline emergent wetlands, brackish–saline open water wetlands
(continuous variables; proportional area), and transect length.
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3) Inland model: includes freshwater lakes and rivers, fresh emergent wetlands,
ponds, and forested and scrub-shrub wetlands (continuous variables;
proportional area), and transect length.
4) Open water model: includes brackish–saline open water, freshwater lakes and
rivers, and freshwater ponds (continuous variables; proportional area).
5) Small impounded model: includes managed and non-managed historic rice
fields, freshwater ponds (continuous variables; proportional area), and transect
length.
6) Global model: includes additive effects of all wetland categories (continuous
variables; proportional area), and transect length.
I predicted that coastal wetlands would describe greatest variation in dabbling duck,
diving duck, and wading bird abundance, whereas, open water wetlands would predict
greatest variation in pelagic waterbird abundance. I included transect length (km) as a
variance-parameter in all abundance models to represent my aerial survey design (i.e.,
probability proportional to size transect selection; Table 2.1.; Pearse et al. 2008a, Skinner
2016). Implicit in model-based analyses is the assumption that data used are
representative of the population of inference and therefore, the way in which data were
collected can be ignored (Pfefermann 1993). However, model-based inferences can be
biased when sample units are selected with unequal probabilities (Irvine et al. 2018).
Thus, these survey designs cannot be disregarded and should be accounted for within the
modeling framework (Irvine et al. 2018). Finally, I calculated a coefficient of
determination (R2) for the top model to evaluate overall variation in detection and
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abundance explained by covariates as an index of model fit. Specifically, I calculated a
likelihood-ratio based pseudo-R2 which is determined by model improvement from the
intercept-only model (Magee 1990). I present adjusted pseudo-R2 values to modify my
coefficient of determination where the maximum is 1 (i.e., 100% variance explained;
Nagelkerke 1991).

RESULTS
Totals of 167 (2.5%) and 148 (2.2%) sites were occupied with at least one
detection (≥1 bird) of dabbling ducks in January and February 2018, respectively. The
naïve site-abundance of maximal group size for dabbling ducks observed from the
aircraft was 1,500 in January and 1,000 birds in February 2018. Diving ducks were
detected within 247 (3.8%) and 239 (3.6%) sites in January and February 2018,
respectively. Maximum group size unadjusted for detection probability for diving ducks
was 150 birds in January and 320 birds in February 2018. Pelagic waterbirds occupied
198 (3.0%) sites in January 2018 with an observered maximum group size of 59 birds and
281 (4.2%) sites in February 2018 with naïve maximum group size of 199 birds. Finally,
wading birds occupied 223 (3.4%) sites with a naïve maximum group size of 800 birds
and 199 (3.0%) sites with naïve maximum group size of 320 birds in January and
February 2018, respectively.
Fitting intercept-only state and observation processes resulted in all taxa and both
surveys best fitting a negative binomial distribution (ΔAIC = 0; wi = 1.00). However, Nmixture parameter estimates fit to successive K values under the negative binomial (NB)
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distribution were unstable (i.e., ΔAIC scores were positive and parameters estimates were
sensitive to varying K values; Figure 2.2.). Models with zero-inflated Poisson (ZIP)
distributions consistently were selected as the next best fit, although dabbling duck and
wading bird models for January and February 2018, and diving duck model for January
2018 did not fully stabilize based on ΔAIC scores (Figure 2.2). Nevertheless, I fit all
candidate models using Poisson and ZIP distributions and evaluated them using AIC. I
expected minimal effects of instability with aforementioned suspect ZIP, because
parameter estimates for the intercept-only models did not change appreciably at high K
values and relatively small ΔAIC scores (i.e., ≤ 0.47; Table 2.2.; Figure 2.2). Models fit
with covariates and ZIP distributions always were selected over models using a Poisson
distributions. However, I was concerned with unrealistically high abundance estimates;
thus, I present abundance estimates for the top model using both distributions.
Dabbling Ducks
I retained survey and habitat detection covariates (i.e., observer, survey date, open
water, intermediate, and forested-scrub canopy wetlands) for January and February 2018
dabbling duck models (ΔAICs = 0, wi = 1.00 and 0.97, respectively). The global model
including all observation and abundance covariates received greatest support for both
months (Table 2.3.). Assuming the sampled areas represented our survey strata and entire
study area, estimated abundance based on these models with a ZIP distribution was
38,556 dabblers (95% CI, 28,907≤ x ≤ 52,603; CV = 15%) and 202,981 (95% CI =
140,986 ≤ x ≤ 311,342; CV = 20%) in January and February 2018, respectively. Using a
Poisson distribution, estimated abundance was 19,489 (95% CI = 13,361≤ x ≤ 36,092;

74

CV = 25%) and 25,631 (95% CI = 18,341≤ x ≤ 37,522; CV =18%) in January and
February, respectively.
During both surveys, dabbling duck abundance was associated negatively with
brackish–saline open water wetlands (β = −0.725, 95% CI = −0.989 ≤ x ≤ −0.461 and β =
−0.525, CI = −0.727 ≤ x ≤ −0.417, respectively) and freshwater ponds (β = −0.152, 95%
CI = −0.198 ≤ x ≤ −0.106 and β = −0.248, 95% CI = −0.313 ≤ x ≤ −0.184, respectively),
but positively associated with freshwater emergent wetlands (β = 0.192, 95% CI = 0.147
≤ x ≤ 0.237 and β = 0.092, CI = 0.058 ≤ x ≤ 0.127, respectively; Table 2.5., Figure 2.3.).
Additionally, dabbling duck abundance was influenced positively by managed and nonmanaged historic rice fields (β = 0.617, 95% CI = 0.462 ≤ x ≤ 0.773), but influenced
negatively by lakes and rivers (β = −0.370, 95% CI = −0.605 ≤ x ≤ −0.135) and
forested/scrub-shrub wetlands in January 2018 (β = −0.571, 95% CI = −0.724 ≤ x ≤
−0.417; Table 2.5., Figure 2.3.), although the latter negative effect may be confounded
with detection of ducks in wooded wetlands. During February 2018, dabbling duck
abundance was associated negatively with brackish–saline emergent wetlands (β =
−0.613, 95% CI = −0.703 ≤ x ≤ −0.523; Table. 2.5., Figure 2.3.). Dabbling duck
abundance increased with increasing transect length in January and February 2018 (β =
0.080, 95% CI = 0.037 ≤ x ≤ 0.123 and β = 0.185, 95% CI = 0.137 ≤ x ≤ 0.233,
respectively; Table. 2.5.). Finally, the global model explained 36.86% in 33.50% of
overall variance in January and February 2018, respectively
The probability of an observer detecting and similarly estimating number of
dabbling ducks was low and different between observers for January and February
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surveys (i.e., p = ≤ 0.112; Figure 2.4.). Additionally, detection probability averaged
between observers was variable among wetland types (Figure 2.5.). During January 2018,
average detection probability between observers was greatest in open water (p = 12.83%,
95% CI = 9.69% ≤ x ≤ 16.75%) and forested/scrub-shrub wetlands (p = 15.04%, 95% CI
= 11.24% ≤ x ≤ 19.87%) and least in intermediate wetlands (p = 4.72%, 95% CI = 4.10%
≤ x ≤ 5.43%). In contrast, although confidence intervals overlapped each other,
intermediate wetlands had greatest detection probability in February (p = 0.91%, 95% CI
= 0.78% ≤ x ≤ 1.10%), relative to open water (p = 0.62%, 95% CI = 0.49% ≤ x ≤ 0.79%)
and forested/scrub-shrub wetlands (p = 0.77%, 95% CI = 0.52% ≤ x ≤ 1.13%).
Diving Ducks
I retained only survey covariates for diving ducks in January (ΔAIC = 0, wi =
0.91) but retained survey and habitat covariates in February (ΔAIC = 0, wi = 0.91). The
coastal model with survey covariates and coastal wetlands received greatest support in
January and the global model which represented all observation and abundance
covariates received greatest support in February (Table 2.3.). Estimated abundance under
the ZIP distribution was 223,019 (95% CI = 174,818 ≤ x ≤ 284,757; CV = 12%) and
37,436 (95% CI = 25,618 ≤ x ≤ 56,729; CV = 20%) in January and February,
respectively. Using a Poisson distribution, estimated abundance was 6,038 (95% CI =
4,890 ≤ x ≤ 6,945; CV = 11%) and 6,945 (95% CI = 4,385 ≤ x ≤ 12,826; CV = 27%) in
January and February 2018, respectively.
During both surveys, I found evidence for negative associations with brackish–
saline emergent wetlands (β = −0.171, 95% CI = −0.234 ≤ x ≤ −0.108 and β = −0.981, CI
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= −1.171 ≤ x ≤ −0.790, respectively; Table 2.5., Figure 2.3.). Additionally, diving duck
abundance was influenced positively by managed and non-managed historic rice fields (β
= 0.268, 95% CI = 0.218 ≤ x ≤ 0.319) and brackish–saline open water wetlands in
January 2018 (β = 0.065, 95% CI = 0.010 ≤ x ≤ 0.121). Furthermore, diving duck
abundance was associated negatively with brackish–saline open water wetlands (β =
−0.469, 95% CI = −0.628 ≤ x ≤ −0.310), freshwater emergent (β = −1.812, 95% CI =
−2.540 ≤ x ≤ −1.084), and brackish–saline emergent wetlands (Table 2.5., Figure 2.3.).
Diving duck abundance increased with transect length in February 2018 (0.312, 95% CI
= 0.253 ≤ x ≤ 0.372; Table. 2.5.). Finally, the coastal model including all detection
covariates and managed and non-managed historic rice-fields, brackish–saline open
water, and brackish–saline emergent marsh explained 8.18% of overall variance in
January 2018. In February 2018, global models explained 18.13% of overall variation in
diving duck detection and abundance.
For both surveys, detection probability of diving ducks was ≤ 8% (95% CI = 7%
≤ x ≤ 10%; Figure 2.4.). Furthermore, confidence intervals between front- and rear-seat
observer detection probabilities did not overlap in February 2018 (Figure 2.4.). Wetland
types were not included in top detection models for diving ducks in January 2018. In
February 2018, average detection probability between observers was different for
forested/scrub-shrub and intermediate wetlands (Figure 2.5.). Confidence intervals for
average detection probability between observers overlapped between intermediate (p =
15.38%, 95% CI = 11.59% ≤ x ≤ 20.06%) and open water wetlands (p = 9.86%, 95% CI
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= 7.96% ≤ x ≤ 12.10%), and between open water wetlands and forested/scrub-shrub
wetlands (p = 6.40%, 95% CI = 4.53% ≤ x ≤ 8.97%; Figure 2.5.).
Pelagic Waterbirds
I retained survey and habitat covariates for pelagic waterbirds in January and
February 2018 (AICs = 0; wi s = 1.00). The global model including all covariates received
greatest support in January and February 2018 (Table 2.3.). Estimated abundance using a
ZIP distribution was 7,016 (95% CI = 5,045 ≤ x ≤ 9,859; CV = 17%) and 1.85 x 1038
(95% CI = 1.36 x 1030 ≤ x ≤ 2.59 x 1044; CV = 839%) in January and February 2018,
respectively. Using a Poisson distribution, estimated abundance was 4,550 (95% CI =
2,714 ≤ x ≤ 7,960; CV = 27%) and 185,956 (95% CI = 159,041 ≤ x ≤ 218,980; CV = 8%).
Because estimates were unreasonably high and precision poor for the ZIP model in
February, I also estimated abundance for this survey using the design model (i.e.,
detection covariates and transect length). Estimated abundance for this model was 36,451
(95% CI = 27,773 ≤ x ≤ 47,863; CV = 14%) and 22,975 (95% CI = 18,893 ≤ x ≤ 27,949;
CV = 10%) with a ZIP and Poisson distribution, respectively.
During both surveys, pelagic waterbird abundance was associated positively with
managed and non-managed historic rice fields (β = 1.379, 95% CI = 1.216 ≤ x ≤ 1.542
and β = 0.915, CI = 0.742 ≤ x ≤ 1.088, respectively), brackish–saline open water (β =
1.463, 95% CI = 1.241 ≤ x ≤ 1.685 and β = 0.972, CI = 0.871 ≤ x ≤ 1.072, respectively),
brackish–saline emergent wetlands (β = 1.090, CI = 0.860 ≤ x ≤ 1.319 and β = 0.936, CI
= 0.744 ≤ x ≤ 1.128, respectively), and lakes and rivers (β = 1.391, CI = 1.207 ≤ x ≤ 1.575
and β = 0.875, CI = 0.770 ≤ x ≤ 0.980, respectively; Table 2.5., Figure 2.3.). I found
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evidence for additional positive effects on abundance in February 2018 for freshwater
emergent wetlands (β = 5.416, CI = 4.387 ≤ x ≤ 6.445) and forested/scrub-shrub wetlands
(β = 1.088, CI = 0.961 ≤ x ≤ 1.215; Table 2.5., Figure 2.3.). Additionally, pelagic
waterbird abundance increased with transect length in February (β = 0.225, 95% CI =
0.160 ≤ x ≤ 0.292; Table. 2.5.). Finally, global models explained 11.14% of 16.76% of
overall variance in January and February 2018, respectively.
Confidence intervals for pelagic waterbird detection probabilities overlapped
between observers during both surveys but differed between surveys with detection
probability decreasing from January to February 2018 (Figure 2.4.). Average detection
probability was surprisingly high in forested and scrub-shrub type wetlands in January (p
= 64.90%, CI = 52.53 ≤ x ≤ 75.54) compared to intermediate (p = 10.22%, CI = 8.08% ≤
x ≤ 12.83%) and open water wetlands (p = 8.84%, CI = 6.85% ≤ x ≤ 12.83%; Figure
2.5.). In February 2018, detection probability was again highest in forested and scrubshrub wetlands, although not nearly the same magnitude of difference (p = 1.9%, CI =
1.51% ≤ x ≤ 2.50%; Figure 2.5.).
Wading Birds
For wading birds, I retained survey and habitat covariates in January and February
2018 (ΔAICs = 0; wis = 1.00). The global model received greatest support among
competing models for both surveys (Table 2.3.). Estimated abundance with ZIP models
was 178,860 (95% CI = 137,771≤ x ≤ 232,805; CV = 13%) and 11,965 (95% CI = 9,057
≤ x ≤ 16,128; CV = 15%) in January and February, respectively. Poisson models
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estimated 127,656 (95% CI = 9,596 ≤ x ≤ 4,094,845; CV = 149%) and 129,505 (95% CI
= 92,202 ≤ x ≤ 183,282; CV = 17%) wading birds in January and February, respectively.
Wetlands affecting wading bird abundance varied significantly between surveys
(Figure 2.3.). During both surveys, wading bird abundance was associated positively with
forested and scrub-shrub wetlands (β = 1.722, 95% CI = 1.462 ≤ x ≤ 1.983 and β = 0.915,
CI = 0.742 ≤ x ≤ 1.088, respectively; Table 2.5. and Figure 2.3.). However, during
January 2018 all other effects were negative. In contrast, all other parameter coefficients
in February 2018 were positive (Table 2.5. and Figure 2.3.). Specifically, I found
evidence of negative associations on wading bird abundance in January 2018 for
managed and non-managed historic rice fields (β = −0.148, CI = −0.238 ≤ x ≤ 0.059),
brackish–saline open water (β = −2.517, CI = −2.708 ≤ x ≤ −2.325), brackish–saline
emergent (β = −0.983, CI = −1.125 ≤ x ≤ −0.841), lakes and rivers (β = −2.965, CI =
−3.238 ≤ x ≤ −2.692), freshwater ponds (β = −0.327, CI = −0.394 ≤ x ≤ −0.261), and
freshwater emergent wetlands (β = −0.323, CI = −0.412 ≤ x ≤ −0.235; Table 2.5., Figure
2.3.). Additionally, wading bird abundance decreased with transect length in January
(−0.539; 95% CI = −0.642 ≤ x ≤ −0.436; Table. 2.5.). In contrast, February habitat
relationships associated with wading bird abundance exhibited positive relationships
including managed and non-managed historic rice fields (β = 1.722, CI = 1.462 ≤ x ≤
1.983), brackish–saline open (β = 0.506, CI = 0.163 ≤ x ≤ 0.848), brackish–saline
emergent (β = 2.209, CI = 1.946 ≤ x ≤ 2.472), lakes and rivers (β = 1.09, CI = 0.806 ≤ x ≤
1.412), freshwater emergent (β = 0.309, CI = 0.181 ≤ x ≤ 0.437) and forested/scrub-shrub
wetlands (Table 2.5. and Figure 2.3.). Additionally, wading bird abundance increased as
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transect length increased in February 2018 (β = 0.721, CI = 0.627 ≤ x ≤ 0.815). Overall,
variance in wading bird detection and abundance explained by global models was
25.99% and 15.77% in January and February 2018, respectively.
Observers differed in their detection of wading birds during January 2018 but
confidence intervals between observer detection probabilities overlapped in February
2018 (Figure 2.4.). Additionally, detection probability was lower in January (p = ≤
3.22%) compared to February 2018 (p = ≤ 14.50%; Figure 2.4.). Average detection
probability between observers followed my hypothesized pattern in January 2018.
Specifically, detection was greatest in open water wetlands (p = 31.55%, 95% CI =
21.64% ≤ x ≤ 43.35%), decreased in intermediate wetlands (p = 5.47%, 95% CI = 4.10%
≤ x ≤ 7.26%), and decreased further in forested/scrub-shrub wetlands (p = 2.76%, 95% CI
= 2.12% ≤ x ≤ 3.57%; Figure 2.5.). However, confidence intervals overlapped each other
between detection in open water wetlands and scrub-shrub–forested wetlands in February
2018 (p = 19.70%, 95% CI = 12.67% ≤ x ≤ 29.34% and p = 17.00%, 95% CI = 13.43% ≤
x ≤ 21.19%; Figure 2.5.).

DISCUSSION
I provide inaugural estimates of wintering waterfowl and other waterbird
abundances using N-mixture modeling of data collected from aerial surveys in South
Carolina. Twelve out of sixteen estimates of abundance met our predetermined desired
precision (CV = 15–20%). For the four estimates that did not meet desired precision, two
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estimates were unrealistically high and/or imprecise suggesting the maximum likelihood
never converged (i.e., 127,656 wading birds [Poisson] in January 2018, CV = 149%; 1.85
x 1038 pelagic waterbirds [ZIP] in February 2018, CV = 839%). Although a direct
comparison of abundance may be precluded because of sample unit and estimation
differences (i.e., grid cells [“sites”] and model-based inference versus transects and
design-based inference), estimates using N-mixture models improved precision and
generally compared favorably to abundance using design-based estimation during the
same surveys (Figure 2.6 and subsequent sections). For example and based on
overlapping confidence intervals, dabbling ducks estimated by the front-seat observer
using design-based procedures were 51,606 (95% CI = 16,430–86,782; CV = 35%) and
58,183 (95% CI = 8,423–107,943; CV = 36%; Chapter 1) in January and February 2018,
respectively, compared to 19,489 (95% CI = 13,361–36,092; CV = 25%) and 25,631
(95% CI =18,341–37,522; CV = 18%) dabblers estimated using N-mixture models with a
Poisson distribution for the same surveys. Furthermore, a hierarchical approach allowed
for estimation and incorporation of detection probability into abundance, and relative
influence of wetland habitats on taxa- and survey-specific abundance.
Statistical Distributions and Assumptions
The intercept-only NB models always were selected as most explicable AIC
model but I was unable to obtain identifiable and stable parameter estimates with this
distribution. These results are consistent with Kéry (2018) who reported 25% of Nmixture models for 137 data sets were non-identifiable using NB distributions.
Additionally, Kéry (2018) posited that identifiability problems may result in unrealistic
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abundance estimates which was similarly the case in this study (i.e., “good fit/bad
prediction dilemma”; Kéry et al. 2005, Joseph et al. 2009, Kéry and Royle 2016). All
models next best fit a ZIP compared to Poisson distribution based on AIC. This is
reasonable considering 95.8–97.8% of sites were unoccupied, which is far greater
frequency of zeros than a Poisson distribution may fit well (Martin et al. 2005).
Nonetheless, several estimates using ZIP distribution seemed unrealistically high which
may have been a result of some taxa and surveys not fully stabilizing at K = 2,500 (Table
2.2., Figure 2.2.; Dennis et al. 2015). Finally, Poisson distributions provided stable and
more comparable estimates of abundance to those presented in Chapter 1 but could be
negatively biased by not accounting for excess zeros. Alternative statistical distributions
to estimate abundance may provide better fit for flocking waterbirds (Welsh et al. 2002,
Zipkin et al. 2014).
I acknowledge that data of aggregated waterbirds may violate the assumption of
independent detections during the observation process (Royle et al. 2004a). Waterbird
flushing behavior may lead to greater detectability depending on group size (e.g., Pearse
et al. 2008b). Thus, aerial waterbird detection in South Carolina may more appropriately
be modeled using a beta-binomial distribution (Martin et al. 2011). Simulations and
comparisons between binomial N-mixture models presented in this study and betabinomial N-mixture models would provide insight into behavior, treatment, and
sensitivity of models to wintering waterbird count data collected using aerial surveys.
These comparisons represent an important subsequent focus for research.
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Waterbird Abundance
Dabbling ducks. – Dabbling duck abundance using N-mixture models was
generally comparable to abundance estimates presented in Chapter 1. In January 2018,
estimates using ZIP and Poisson distributions were comparable to estimated abundance
by the front-seat observer using design-based procedures while the Poisson improved
precision by 10% (CV = 35% to 25%) and the ZIP by 20% (CV = 35% to 15%). In
February 2018, abundance using the ZIP distribution was not comparable to other
estimates. However, the Poisson distribution compared favorably to design-based
estimates and improved precision by 18% (CV = 36% to 18%; 25,631; 95% CI = 18,341–
37,522 and 58,183; 95% CI = 8,423–107,943, respectively).
Habitat variables influencing abundance varied between January and February
2018 surveys. Managed/non-managed historic rice fields had significantly different and
positive effect on dabbler abundance compared to other wetlands during January 2018.
This result was consistent with previous studies that reported dabbling duck presence and
abundance were associated positively with impounded, managed freshwater and coastal
wetlands in South Carolina and elsewhere compared to non-diked natural wetlands
(Weber and Haig 1996, Gordon et al. 1998, Elphick 2000, Nareff 2009). However,
managed and non-managed historic rice fields were non-significant in February 2018
(Figure 2.3.). This result could be a consequence of draining managed impoundments
immediately following waterfowl hunting in late January. Expedient and complete
drawdowns are common in South Carolina and elsewhere but may have implications for
dabbling duck habitat use in late winter given that dabbling ducks and other waterbirds
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rely on these managed wetlands for critical food resources which have been linked to
body condition and survival during spring migration, breeding propensity, and
subsequent recruitment indexes (Kaminski and Gluesing 1987, Raveling and Heitmeyer
1989, Osnas et al. 2016, Bauer 2018). Even if managers maintain shallow or sheet water,
dabbling ducks, shorebirds, and other waterbirds will use these wetlands (Weber and
Haig 1996, Hagy and Kaminski 2012, Pollander et al. 2018). Interestingly, freshwater
lakes and rivers, which influenced dabbling duck abundance negatively in January 2018,
exhibited positive influence on dabbler abundance in February 2018. Dabbling duck
abundance was similar between the two surveys so positive associations with freshwater
lakes and rivers in February 2018 may suggest a compensatory mechanism whereby
dabbling ducks use natural inland and freshwater habitats because of their availability
compared to managed coastal and inland impoundments, many of which were drawdown
in February 2018 (Davis et al. 2009, Hagy et al. 2014).
Diving ducks. – Diving duck abundance using N-mixture models varied in
precision and comparability relative to abundance presented in Chapter 1. In January
2018, estimated abundance using a Poisson distribution was reasonable (i.e., 6,038; 95%
CI = 4,890–6,945) and increased precision by 20% compared to design-based analyses
(31% to 11%). However, neither front- or rear-seat observer’s confidence intervals
estimated in Chapter 1 overlapped those estimated using N-mixture models. Additionally,
the ZIP model in January 2018 seemed to overestimate abundance (i.e., 223,019 divers).
In February 2018, the Poisson model estimated 6,945 (95% CI = 4,385–12,826; CV =
27%) divers compared to the front-seat observer using design-based procedures with
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increased precision (i.e., 8,302; CV = 17%). The ZIP model was more precise (CV =
20%) than the Poisson but did not exceed precision of front-seat observer design-based
estimates and confidence intervals did not overlap. However, the ZIP compared favorably
to rear-seat observer’s estimates. Overall, both distributions represented a declining trend
in diving duck abundance from January to February 2018 which was observed by the
front-seat observer in design-based analyses. However, the magnitude of decline could be
confounded by observer because the rear-seat observer detected an opposite trend based
on abundance estimates presented in Chapter 1.
In January 2018, coastal habitats were selected from candidate models to describe
variation in diving duck abundance. Specifically, managed and non-managed historic rice
fields and brackish–saline open water habitats positively influenced diving duck
abundance whereas brackish–saline emergent marsh negatively affected abundance
(Figure 2.3.). Ring-necked ducks (Aythya collaris) were the most commonly observed
diving duck species in January 2018 and are known to use fresh/intermediate (≤ 5 ppt),
shallow water (≤ 1.5 m) with emergent, submersed, and floating vegetation, all of which
are present in managed and non-managed historic rice fields (Bergan and Smith 1989,
Baldassarre 2014). Indeed, greatest winter densities of ring-necked ducks occur in South
Carolina managed coastal impoundments (Landers et al. 1976, Baldassarre 2014). In
contrast, managed and non-managed historic rice fields were non-significant in February
2018 (Figure 2.3.). Because drawdowns were implemented widely in coastal South
Carolina following the hunting season as previously suggested, ring-necked and other
diving ducks likely dispersed inland to seek suitable wetlands. In addition to managed
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and non-managed historic rice fields, buffleheads (Bucephala albeola) and hooded
mergansers (Lophodytes cucallatus) were commonly observed in shallow water tidal
creeks and scaup (Aythya marila and A. affinis) in brackish–saline estuaries, both of
which would explain positive associations with brackish–saline open water wetlands
based on NWI in January 2018. However, diving ducks were associated negatively with
coastal wetlands in February 2018 which again may suggest inland movement or
northward migration. Indeed, both dabbling and diving ducks have exhibited significant
physiological, phenological, and distributional plasticity during winter and spring
migration in response to environmental stochasticity (e.g. wetland availability;
Schummer et al. 2010, Hagy et al. 2014, Herbert et al. 2018, Janke et al. 2019).
Pelagic waterbirds. – Pelagic waterbird abundance using ZIP N-mixture models
was precise (CV = 17%) and comparable to design-based estimates by the front-seat
observer in January 2018. However, the Poisson model increased precision compared to
design-based estimates (CV = 27% and CV = 23%, respectively) but confidence intervals
of the estimates overlapped nonetheless between the two distributions for January 2018.
In February 2018, abundance estimates using ZIP and Poisson distributions were
unrealistically high and/or imprecise (i.e., 1.85 x 1038 [95% CI = 1.36 x 1030 ≤ x ≤ 2.59 x
1044; CV = 839%] and 185,956 [95% CI = 159,041 ≤ x ≤ 218,980; CV = 8%],
respectively). In contrast, abundance estimated without covariates (i.e., design model)
seemed reasonable and were precise using ZIP and Poisson distributions (i.e., 36,451
[95% CI = 27,773–47,863; CV = 14%] and 22,975 [95% CI = 18,893–27,949; CV =
10%, respectively). Unrealistic estimates using covariates in February 2018 was due to
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large estimated coefficient for freshwater emergent wetlands relative to other parameter
estimates in this survey (β = 5.416; Figure 2.3.). Overfitting models to sparse pelagic
waterbird data or lack of variation in observed counts in this wetland type might explain
abnormally large parameter estimates.
Pelagic waterbirds associated positively with a variety of wetland types. As
expected, open water wetlands, including brackish–saline and lakes and rivers, influenced
pelagic waterbird abundance positively during both surveys. Double-crested cormorants
(Phalacrocorax auritus) were observed using entire suite of shallow tidal creeks and
rivers, estuaries, and freshwater lakes and rivers whereas eastern brown pelicans
(Pelecanus occidentalis) generally were observed in coastal open water wetlands.
Additionally, pelagic waterbirds were associated positively with managed and nonmanaged historic rice fields and brackish–saline emergent marsh, both of which have
varying ratios of emergent vegetation and open water. American white pelicans (P.
erythrorhynchos) often were observed using these wetlands likely because of their
opportunistic “dip-net” foraging behavior, which contrasts diving foraging strategies of
other Pelecaniformes (Knopf and Kennedy 1981). Lack of a positive association with
managed and non-managed historic rice fields in February 2018 was consistent with
migratory phenology of American white pelicans and other pelagic waterbirds (Vermeer
1970, Ryder 1981).
Wading birds. – Estimated wading bird abundance using N-mixture models
generally was more precise but only the ZIP model estimating 11,965 (95% CI = 9,057 ≤
x ≤ 16,128; CV = 15%) waders in February 2018 was comparable to estimated abundance
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in the same survey presented in Chapter 1. All other estimates were considerably greater
than estimates presented in Chapter 1. For example, the Poisson model for the same
survey estimated 10 times greater number of wading birds than the ZIP model. Moreover,
the Poisson for January 2018 imprecisely estimated 127,656 (95% CI = 9,596 ≤ x ≤
4,094,845; CV = 149%) total wading birds. Clearly, maximum likelihood estimates did
not converge for this survey. I suspect this may be consequence of dependent detections
of white ibis (Eudocimus albus) in managed historic rice fields and thus sensitivity of
binomial N-mixture models to violation of this assumption (Martin et al. 2011).
Wading bird abundance was associated negatively with all but forested and scrubshrub wetlands during January 2018. In contrast, I found positive associations of all
wetlands except freshwater ponds in February 2018. Wetlands constructed or modified by
humans such as reservoirs, ponds, impounded, and formerly impounded historic rice
fields often are used by wading birds (Brown and Smith 1998, White and Maine 2005,
Fidorra et al. 2016). I found evidence of wading birds associated positively with humaninfluenced wetlands in February 2018 (Figure 2.3.); however, wading birds also
associated positively with natural brackish–saline, freshwater emergent and open
wetlands. These results are consistent with Fiddora et al. (2016) who reported selection
by great egrets (Ardea alba) of tidally influenced natural wetlands. However, they also
reported selection by great egrets of man-made freshwater ponds (e.g., golf course ponds,
wastewater treatment wetlands) in South Carolina. In contrast, freshwater ponds
negatively influenced abundance of wading birds in my study. However, I did not survey
large expanses of urban–suburban areas where these wetlands are most abundant in South
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Carolina. Nonetheless, managed and non-managed historic rice fields positively
influenced wading bird abundance in February 2018.
Waterbird Detection
I modeled waterbird detection which informs absolute abundance in hierarchical
N-mixture model frameworks. Specifically, observer, survey date, open water,
intermediate wetlands, and scrub-shrub–forested wetlands were selected using AIC and
modeled as covariates with a binomial response. During January 2018, observer and
survey date were selected based on AIC to estimate detection of diving ducks. Global
detection models which included observer, survey date, and habitat effects were selected
for all other surveys and taxa. This study represented the only landscape-scale evaluation
of observer and habitat effects on detection probability of wintering waterbird
populations from aerial surveys. I acknowledge that other studies have evaluated habitat
type and group size on detection of duck and other waterbird (e.g., whooping cranes
[Grus americana]) decoys during winter aerial surveys (Smith et al. 1995, Pearse et al.
2008b, Strobel and Butler 2015). However, movement and flight, multi-species
aggregation, real-life density allocation within habitats, observer differences, and other
factors have been shown or hypothesized to affect waterbird detection probability during
aerial surveys (Fleming and Tracey 2008, Koneff et al. 2008, Strobel and Butler 2015,
Alisauskas and Conn 2019). Therefore, using observed densities of waterfowl and other
waterbirds versus decoys to estimate detection may account for some of these biases.
However, decoy-based detection surveys are useful experiments which provide
insight into mechanistic influences on detection rates for a given taxa. For example,
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group sizes in this study varied significantly and likely affected detection across all taxa.
However, my goal using N-mixture models was to estimate overall abundance and thus
could not introduce group size, density, or similar covariates because estimated
abundance was the quantity of interest (Veech et al. 2016). Experimental decoy surveys
and other analytical methods (e.g., distance sampling) could be useful to evaluate group
size and other effects, such as position of the sun and distance from transect, on
waterfowl and other waterbird detection probabilities from aerial surveys in South
Carolina and elsewhere. However, I suspect investigators implementing methods such as
mark-recapture (i.e., independent double-observer) to estimate detection may encounter
logistical constraints when compiling detection histories, especially for wintering
waterfowl. For example, the magnitude of count bias is likely great with group sizes >100
which was common in this study and count bias varies between observers regardless of
skill (Erwin 1982, Frederick et al. 2003, Pearse et al. 2008b, Pearse et al. 2009).
Therefore, matching counts and errors between observers likely would introduce
significant bias in detection probabilities (Koneff et al. 2008). Using a clinometer and
erasable marker to delineate distance categories on the aircraft window could enable
estimation of detection using distance sampling while circumventing or correcting for
some bias associated with mark-recapture (Borchers et al. 2010, Alisauskas and Conn
2019).
Overall, waterbird detection probabilities were considerably lower during winter
aerial surveys in South Carolina compared to other published aerial survey detection rates
(Koneff et al. 2008, Pearse et al. 2008b, Strobel and Butler 2015, Fidorra et al. 2016,
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Alisauskas and Conn 2019). For example, Alisauskas and Conn (2019) used distance
combined with double-observer methods and found that unconditional detection
probability during helicopter aerial surveys was approximately 0.87, 0.80, and 0.70 for
artic-nesting northern pintails (A. acuta), king eiders (Somateria spectabilis), and longtailed ducks (Clangula hyemalis), respectively (cf. Figure 2.4.). Additionally, reported
detection rates for black ducks (A. rubripes) and mallards (A. platyrhynchos) were ≥ 0.43
with detection depending on observer and aircraft type (Koneff et al. 2008). Published
detection probabilities of great egrets and whooping cranes [Grus americana) are
similarly great (Strobel and Butler 2015, Fidorra et al. 2016). As previously mentioned,
duck densities were aggregated in my study and thus observed group sizes for these taxa
were distinctly different compared to breeding areas in the United States and Canada
(e.g., Koneff et al. [2008] reported a maximum group size of eight ducks). Large
observed densities of ducks and other waterbirds have potential to generate
overdispersion in the binomial detection distribution which may bias overall detection
probability low (Kéry and Royle 2016). Furthermore, large observed waterbird densities
with brief time intervals between detections could generate bias in observer detection
histories (Koneff et al. 2008). In the context of this study, biased observer detection
histories equate to biased site-abundance i during survey occasion j (i.e., front- versus
rear-seat), although the direction of bias is inestimable.
Accordingly, observer effects were included in all top detection models. This
result was consistent with previous studies in which observers exhibited different
detection probabilities (Koneff et al. 2008, Alisauskas and Conn 2019). However,
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detectability point estimates for the rear-seat observer were higher than the front-seat
observer in all but one survey (i.e., diving ducks in January 2018). This result was
surprising and contrasts other studies which show higher detection probabilities for the
front-seat observer for waterfowl, presumably because the front-seat observer has greater
forward visibility than the rear-seat observer (Koneff et al. 2008, Alisauskas and Conn
2019). Alisauskas and Conn (2019) demonstrated detection probability was greater for
flying versus non-flying waterfowl. If forward visibility enabled the front-seat observer to
enumerate ducks before they flushed, it is reasonable to assume the rear-seat observer
might exhibit greater detection probability resulting from greater observations of flying
waterfowl compared to the front-seat observer. To test this theory, future research should
address observer bias of wintering waterfowl and other waterbirds from aerial surveys.
Finally, detection probability varied among habitat types and was survey-specific
for all waterbird models wherein habitat covariates improved AIC (Figure 2.5.).
Detection probability did not follow hypothesized trends based on habitat structural
complexity (i.e., p = open water ≥ intermediate wetlands ≥ scrub-shrub–forested
wetlands) except for wading birds in January 2018. Smith et al. (1995) and Pearse et al.
(2008b) demonstrated that habitats visually obstructing view of duck decoys (e.g.,
forested wetlands) had lower detection probabilities but that detection probability
depended on the number of duck decoys available (i.e., known group size). I suspect my
taxa- and survey-specific detection probabilities among habitat types may be confounded
by group size. For example, Pearse et al. (2008b) reported detection probability of duck
decoys was greater in forested wetlands than in open wetlands when group sizes were ≤
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15 decoys. However, as group size increased, detection probability in open water
wetlands surpassed forested wetlands with almost perfect detection of a decoy group in
open water when group size was ≥ 25 decoys. Furthermore, Smith et al. (1995) found that
intermediate densities (40 or 76 decoys/km2) had greatest detection rates regardless of
habitat type. An investigation of the influence of survey, environmental, and other
covariates on detection probability of wintering waterbirds during aerial surveys is
warranted and could include position of the sun or unimodal transformation of time,
group size, waterbird species, wetland type, observer skill, and distance from transects.
Annual evaluations of waterbird detection are not cost-effective; however, an
understanding of measurement error associated with abundance estimation is indeed
necessary in designing effective surveys to monitor population change and inform
management decisions.

CONCLUSION

Aerial surveys generated copious data to support estimation of waterbird
abundance, detectability, and habitat relationships in this study. Applying hierarchical Nmixture models to double-observer aerial count data provided additional benefit of
estimating the aforementioned parameters in a consolidated analysis. Indeed, aerial
surveys in South Carolina and analytical approaches used here and in Chapter 1 provided
repeatable methodologies and advanced knowledge for monitoring wintering waterfowl
and other waterbirds in South Carolina. For example, N-mixture models revealed
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statewide (i.e., 5,676.08 km2) importance of managed and non-managed historic rice
fields and other wetlands for waterbirds in January when previously, these habitat
associations only were hypothesized, reported for one or a few species, and were locally
specific and primarily for coastal South Carolina (e.g., Gordon et al. 1998, Pollander et
al. 2018, SCDNR Wildlife Management Area[s] and private properties). In contrast, Nmixture models also suggested that waterbird associations with managed and nonmanaged historic rice fields were temporally dynamic, as evidenced by weak or nonsignificant associations in February for most waterbird taxa. N-mixture models provided
clear benefits such as reflecting natural variation in waterbird abundance relative to
spatially-explicit wetland associations, and simultaneous estimation and incorporation of
detection probability in waterbird abundance estimates.
However, N-mixture models used in this study required two aerial observers in a
small aircraft, compilation of remotely sensed habitat data, post-survey geospatial
manipulation of sample units, and great computational effort and time. Although
estimates were generally more precise and allowed for estimation and correction of
detection, SCDNR likely will not be able to implement these analytical approaches
annually. If aerial transect surveys are adopted, SCDNR and other states may contract
with professional researchers and/or statisticians to analyze survey data. This partnership
might look similar to the May Breeding Population and Habitat Survey in which the U.S.
Fish and Wildlife Service and Canadian Wildlife Service implement continent-wide
aerial surveys for breeding waterfowl and wetlands, and the U.S. Geological Survey
Patuxent Wildlife Research Center analyzes survey data. Design-based analyses and
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recommended variance-reduction methods presented in Chapter 1 should provide
reasonable estimates with relatively easy implementation and analyses for individual
states to report to the public and monitor spatiotemporal trends in abundance and
distribution. However, continuity in aerial observers is critical to the validity of these
trends overtime.
Importantly, monitoring of waterbird populations using aerial transects should
continue. N-mixture and other hierarchical models can be applied to replicated transects
to estimate population dynamics and other drivers of spatiotemporal changes in
abundance and distribution (Ross et al. 2015, Herbert et al. 2018). Recent large-scale
monitoring efforts such as the Integrated Waterbird Management and Monitoring
Program (IWMM) also present opportunities for combining multiple data streams into
integrated population models at varying spatial scales for improved inference (Schaub et
al. 2007). Ground counts from the IWMM, which recently have been used to identify
flyway-scale predictors of migrating dabbling ducks (Aagaard et al. 2015), might be
combined with aerial transect surveys which are able to monitor waterbirds in vast and
remote locations where IWMM cannot (e.g., natural marsh in high and low-tide, private
property, etc.). A case study combining aerial- and ground counts in South Carolina is
underway and has reported improved precision at finer scales using combined groundand aerial data streams (Beth Ross, U.S. Geological Survey, unpublished data). This
strategy is but one of many possibilities to improve surveys and reiterates state- and
regional importance of continuing aerial transect surveys in South Carolina and
expanding winter waterbird aerial surveys across flyways. In conclusion, perhaps the best
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course of action would be for individual states to implement design-based analyses for
reporting abundance and distribution annually, while revisiting N-mixture and other statespace analytical approaches every 3–5 years to evaluate inferences, influences on aerial
and other waterbird detection, species-habitat relationships, population dynamics, and
drivers of these trends.
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Table 2.1. Dabbling duck (Anatini), diving duck (Aythini, Mergini, and Oxyurini), pelagic waterbirds
(Anhinga, Larus, Pelacanus, and Phalacrocorax spp.), and wading bird (Ardeidae,
Threskiornithidae, and Mycteria americana) candidate models for detection probability (p) and
abundance () for January and February 2018 aerial waterbird surveys.
Process models
p
obs
surv

Covariates

hab
obs + hab
surv + hab

opena + intermediateb + forested/scrub-shrubc
observer + open + intermediate + closed wetlands
observer + survey date + open + intermediate + closed wetlands

observer
observer + survey date


designd

transect length
managed/non-managed historic rice fields + brackish−saline open +
brackish−saline marsh + transect length
inland
freshwater lakes and rivers + freshwater ponds + freshwater emergent +
freshwater forest/scrub-shrub + transect length
open water
brackish−saline open + freshwater lakes and rivers + transect length
small impounded
managed/non-managed rice fields + freshwater ponds + transect length
global
all wetlands + transect length
a
Open water wetlands refer to combined proportion of brackish–saline open water, freshwater lakes and
rivers, and freshwater ponds.
b
Intermediate wetlands refer to combined proportion of managed/non-managed historic rice fields,
freshwater emergent, and brackish–saline emergent marsh.
c
Closed canopy wetlands refer to proportion area of forested and scrub-shrub wetlands.
d
Design model accounts for survey design that selects transects randomly with unequal probability
proportional to their length. The model includes transect length as a variance-parameter, is included in all
models to account for among-transect variation in length, and serves as a null model.
coastal
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Table 2.2. Table presenting Ka values and ΔAIC scoresb to diagnose model stability under Poisson and zeroinflated Poisson (ZIP) distributions for dabbling ducks (Anatini), diving ducks (Aythini, Mergini,
and Oxyurini), pelagic waterbirds (Anhinga, Larus, Pelacanus, and Phalacrocorax spp.), and
wading birds (Ardeidae, Threskiornithidae and Mycteria americana) based on intercept-only
model screening for January and February 2018.
January 2018

February 2018

Poisson
ZIP
Poisson
ZIP
Taxon
K
ΔAIC
K
ΔAIC
K
ΔAIC
K
ΔAIC
Dabbling ducks
2,000
0
2,500
0.47
1,100
0
3,000*
0
Diving ducks
300
0
2,500
0.30
500
0
500
0
Pelagic waterbirds
200
0
200
0
300
0
300
0
Wading birds
1,000
0
2,000
0.22
600
0
2,000
0.29
a
The K parameter is an upper bound on the maximum possible sample-site and taxon -specific bird abundance
b
ΔAIC score = AICKi − AICKmax where model with maximum K was 3,000 for all taxa
c
February dabbling ducks with a ZIP distribution may be suspect, because ΔAIC for the model with K = 2,500
was great (ΔAIC = 4.5) relative to other positive ΔAIC scores (i.e., ΔAIC = 0.22 ≤ x ≤ 0.47).
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Table 2.3. N-mixture models and selection statistics representing observation (p) and state abundance
() processes for dabbling ducks (Anatini) and diving ducks (Aythini, Mergini, and
Oxyurini) for 14–16 January and 12–15 February 2018 aerial surveys in South Carolina.
Taxon
Dabbling ducks

Diving ducks

Survey
January

Modela
(global) p(surv + hab) 
(coastal) p(surv + hab) 
(smallimp) p(surv + hab) 
(open) p(surv + hab) 
(inland) p(surv + hab) 
(design) p(surv + hab) 

kb
16
12
11
11
13
9

LogLc
-10,059
-10,140
-10,247
-10,371
-10,390
-10,497

AICd
20,149
20,304
20,516
20,764
20,806
21,012

ΔAICe
0.0
154.61
366.90
614.55
657.03
862.98

February

(global) p(surv + hab) 
(coastal) p(surv + hab) 
(smallimp) p(surv + hab) 
(open) p(surv + hab) 
(inland) p(surv + hab) 
(design) p(surv + hab) 

16
12
11
11
13
9

-9,566
-9,654
-9,716
-9,916
-9,921
-10,087

19,165
19,331
19,454
19,854
19,868
20,192

0.0
166.1
289.3
688.6
703.5
1,026.9

January

(coastal) p(surv) 
(glob) p(surv) 
(smallimp) p(surv) 
(design) p(surv) 
(open) p(surv) 
(inland) p(surv) 

9
13
8
6
8
10

-3,732
-3,730
-3,767
-3,903
-3,903
-3,914

7,482
7,485
7,551
7,818
7,822
7,850

0.0
3.2
68.6
336.4
340.3
367.8

(global) p(surv + hab) 
16
-3,910
7,852
0.0
(coastal) p(surv + hab) 
12
-4,013
8,050
197.5
(smallimp) p(surv + hab) 
11
-4,040
8,101
249.0
(inland) p(surv + hab) 
13
-4,063
8,153
300.6
(open) p(surv + hab) 
11
-4,091
8,205
352.4
(design) p(surv + hab) 
9
-4,099
8,215
362.9
a
Candidate models where  represents mean latent abundance under a zero-inflated distribution with
parameter  where  = i (1 − ). The observation process p is modeled as a binomial distribution yij ~
Binomial (Ni , pij) where N is abundance at site i conditional on probability of detection p at site i during
survey occasion j.
b
Number of estimated parameters.
c
Integrated loglikelihood summarizing evidence of unknown parameters  and p.
d
Akaikes information criterion (Burnham and Anderson 2002).
e
ΔAIC = AICi − AICmin
February
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Table 2.4. N-mixture models and selection statistics representing observation (p) and state abundance ()
processes for pelagic waterbirds (Anhinga, Larus, Pelacanus, and Phalacrocorax species) and
wading birds (families Ardeidae and Threskiornithidae, and Mycteria americana) for 14–16
January and 12–15 February 2018 aerial surveys in South Carolina.
Taxon
Pelagic waterbirds

Wading birds

Modela
(global) p(surv + hab) 
(smallimp) p(surv + hab) 
(coastal) p(surv + hab) 
(inland) p(surv + hab) 
(open) p(surv + hab) 
(design) p(surv + hab) 

kb
16
11
12
13
11
9

LogLc
-2,250
-2,311
-2,314
-2,335
-2,385
-2,388

AICd
4,533
4,644
4,651
4,695
4,793
4,794

ΔAICe
0.0
111.4
118.5
162.6
260.1
261.6

February (global) p(surv + hab) 
(inland) p(surv + hab) 
(open) p(surv + hab) 
(coastal) p(surv + hab) 
(smallimp) p(surv + hab) 
(design) p(surv + hab) 

16
12
11
11
13
9

-4,826
-4,844
-4,910
-4,910
-4,917
-4,925

9,684
9,715
9,843
9,844
9,855
9,867

0.0
31.0
158.3
160.0
170.8
183.1

(global) p(surv + hab) 
(coastal) p(surv + hab) 
(smallimp) p(surv + hab) 
(inland) p(surv + hab) 
(open) p(surv + hab) 
(design) p(surv + hab) 

16
12
11
13
11
9

-3,536
-3,560
-3,576
-3,792
-3,808
-3,816

7,104
7,145
7,175
7,610
7,637
7,650

0.0
40.6
70.3
505.5
533.0
545.5

Survey
January

January

February (global) p(surv + hab) 
16
-3,106
6,244
0.0
(coastal) p(surv + hab) 
12
-3,144
6,313
68.9
(smallimp) p(surv + hab) 
11
-3,166
6,353
109.6
(inland) p(surv + hab) 
13
-3,216
6,460
216.0
(open) p(surv + hab) 
11
-3,224
6,470
225.6
(design) p(surv + hab) 
9
-3,239
6,497
253.0
a
Candidate models where  represents mean latent abundance under a zero-inflated distribution with
parameter  where  = i (1 − ). The observation process p is modeled as a binomial distribution yij ~
Binomial (Ni , pij) where N is abundance at site i conditional on probability of detection p at site i during
survey occasion j.
b
Number of estimated parameters.
c
Integrated loglikelihood summarizing evidence of unknown parameters  and p.
d
Akaikes information criterion (Burnham and Anderson 2002).
e
ΔAIC = AICi − AICmin
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Table 2.5. Habitat covariates included in top models which influence waterbird abundance and 95% confidence
intervals (CI) for top fitted N-mixture models in January and February 2018.
January 2018
95% CI
2.5%
97.5%
4.401
4.922
0.462
0.773
-0.989
-0.461
-0.035
0.354
-0.605
-0.135
-0.198
-0.106
0.147
0.237
-0.724
-0.417
0.037
0.123

Taxon
Dabbling ducks

Covariate
Intercept
Historic rice fields
Brackish-saline open
Brackish-saline emergent
Lakes and rivers
Freshwater ponds
Freshwater emergent
Forested/scrub-shrub
Transect length

Mean
4.661
0.617
-0.725
0.160
-0.370
-0.152
0.192
-0.571
0.080

Diving ducks

Intercept
Historic rice fields
Brackish-saline open
Brackish-saline emergent
Lakes and rivers
Freshwater ponds
Freshwater emergent
Forested/scrub-shrub
Transect length

6.734
0.268
0.065
-0.171

6.542
0.218
0.010
-0.234

6.927
0.319
0.121
-0.108

-0.014

-0.068

Pelagic waterbirds

Intercept
Historic rice fields
Brackish-saline open
Brackish-saline emergent
Lakes and rivers
Freshwater ponds
Freshwater emergent
Forested/scrub-shrub
Transect length

1.975
1.379
1.463
1.090
1.391
0.036
-0.042
-0.083
0.074

Wading birds

Intercept
Historic rice fields
Brackish-saline open
Brackish-saline emergent
Lakes and rivers
Freshwater ponds
Freshwater emergent
Forested/scrub-shrub
Transect length

3.917
-0.148
-2.517
-0.983
-2.965
-0.327
-0.323
0.097
-0.014
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Mean
6.878
0.041
-0.525
-0.613
0.127
-0.248
0.092
0.034
0.185

February 2018
95% CI
2.5%
97.5%
6.273
7.030
-0.010
0.091
-0.727
-0.323
-0.703
-0.523
0.002
0.253
-0.313
-0.184
0.058
0.127
-0.262
0.330
0.137
0.233

0.040

4.223
-0.646
-0.469
-0.981
-0.036
0.013
-1.812
0.077
0.312

6.2725
-0.821
-0.628
-1.171
-0.175
-0.027
-2.540
-0.217
0.253

7.030
0.470
-0.310
-0.790
0.103
0.052
-1.084
0.377
0.372

1.716
1.216
1.241
0.860
1.207
-0.143
-0.378
-0.322
-0.024

2.229
1.542
1.685
1.319
1.575
0.214
0.294
0.155
0.172

5.046
0.915
0.972
0.936
0.875
-0.104
5.416
1.088
0.225

4.810
0.742
0.871
0.744
0.770
-0.255
4.387
0.961
0.160

5.283
1.088
1.072
1.128
0.980
0.045
6.445
1.215
0.292

3.702
-0.238
-2.708
-1.125
-3.238
-0.394
-0.412
0.026
-0.6423

4.131
-0.059
-2.325
-0.841
-2.692
-0.261
-0.235
0.168
-0.436

1.497
1.722
0.506
2.209
1.09
-0.435
0.309
1.197
0.721

1.224
1.462
0.163
1.946
0.806
-0.981
0.181
0.989
0.627

1.770
1.983
0.848
2.472
1.412
0.110
0.437
1.406
0.815

Figure 2.1. Wetland types from the National Wetlands Inventory
(http://landcover.usgs.gov/) and South Carolina historic rice field database
(Baldwin Conservation Lab, Clemson University and Nemours Wildlife
Foundation, unpublished data). Legend depicts wetland types relevant to
this study. Elliptical white area in lower left region of map was a no-fly
zone that was not surveyed.
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Figure 2.2. Plots of ΔAIC scores on the y-axis against upper bound K values used to
fit 96 intercept-only N-mixture models on the x-axis (i.e., 4 taxa x 3 error
distributions x 4 K values x 2 months). The ΔAIC indicates the difference
in Akaike’s information criterion (AIC) between models Ki and Kmax
where Kmax = 3,000. Positive values of ΔAIC out to K = 3,000 suggest
model instability.

116

Figure 2.3. Wetland parameter estimates and 95% confidence intervals for top models
in January (Survey 1) and February (Survey 2) 2018. Wetland types
include managed and non-managed historic rice fields (HRFs), brackish–
saline open water wetlands (BSO), brackish–saline emergent marsh
(BSE), lakes and rivers (LR), freshwater ponds (FP), freshwater emergent
wetlands (FE), and forested/scrub-shrub wetlands (FS).
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Figure 2.4. Detection probability of waterbirds and 95% confidence intervals for
front- and rear-seat aerial observers. Detection probabilities were derived
using linear combinations and back transforming from logit-scale effect
sizes.
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Figure 2.5. Mean detection probability of waterbirds averaged between observers and
95% confidence intervals among wetlands. Open water wetlands include
brackish–saline open water, lakes and rivers, and freshwater ponds.
Intermediate wetlands include managed and non-managed historic rice
fields, brackish–saline emergent marsh, and freshwater emergent
wetlands. The final category is scrub–forested wetlands. Solid and dashed
lines connect mean detection probabilities for survey 1 and 2, respectively.
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Figure 2.6. Estimated abundance and 95% confidence intervals of dabbling ducks,
diving ducks, pelagic waterbirds, and wading birds using three estimation
procedures (i.e., design-based [Chapter 1], N-mixture models using a
Poisson error distribution, and N-mixture models using a zero-inflated
Poisson [ZIP] distribution) for January and February 2018. Estimates not
shown for aesthetic purposes are 223,019 (95% CI = 174,818–284,757)
diving ducks in January 2018 using ZIP N-mixture model, 1.85 x 1038
(95% CI = 1.36 x 1030–2.59 x 1044) pelagic waterbirds in February 2018
using ZIP N-mixture model, and 127,656 (95% CI = 9,596–4,094,845)
wading birds in January 2018 using a Poisson N-mixture model.
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APPENDIX
WATERFOWL AND OTHER WATERBIRD SPATIAL DISTRIBUTIONS
IN SOUTH CAROLINA
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Figure A.1. Spatial distribution of dabbling ducks interpolated across coastal and
inland South Carolina, USA derived from aerial surveys conducted
November 2017. Density categories were low (<0.287 dabblers/km2), lowmedium (0.287–1.019 ducks/km2), medium (1.020–6.457 ducks/km2),
medium-high (6.458–53.525 dabblers/km2) and high (>53.525
dabblers/km2).
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Figure A.2. Spatial distribution of dabbling ducks interpolated across coastal and
inland South Carolina, USA derived from aerial surveys conducted
January 2018. Density categories were low (<0.287 dabblers/km2), lowmedium (0.287–1.019 ducks/km2), medium (1.020–6.457 ducks/km2),
medium-high (6.458–53.525 dabblers/km2) and high (>53.525
dabblers/km2).
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Figure A.3. Spatial distribution of dabbling ducks interpolated across coastal and
inland South Carolina, USA derived from aerial surveys conducted
February 2018. Density categories were low (<0.287 dabblers/km2), lowmedium (0.287–1.019 ducks/km2), medium (1.020–6.457 ducks/km2),
medium-high (6.458–53.525 dabblers/km2) and high (>53.525
dabblers/km2).
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Figure A.4. Spatial distribution of dabbling ducks interpolated across coastal and
inland South Carolina, USA derived from aerial surveys conducted
November 2018. Density categories were low (<0.287 dabblers/km2), lowmedium (0.287–1.019 ducks/km2), medium (1.020–6.457 ducks/km2),
medium-high (6.458–53.525 dabblers/km2) and high (>53.525
dabblers/km2).
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Figure A.5. Spatial distribution of dabbling ducks interpolated across coastal and
inland South Carolina, USA derived from aerial surveys conducted
December 2018. Density categories were low (<0.287 dabblers/km2), lowmedium (0.287–1.019 ducks/km2), medium (1.020–6.457 ducks/km2),
medium-high (6.458–53.525 dabblers/km2) and high (>53.525
dabblers/km2).
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Figure A.6. Spatial distribution of dabbling ducks interpolated across coastal and
inland South Carolina, USA derived from aerial surveys conducted
January 2019. Density categories were low (<0.287 dabblers/km2), lowmedium (0.287–1.019 ducks/km2), medium (1.020–6.457 ducks/km2),
medium-high (6.458–53.525 dabblers/km2) and high (>53.525
dabblers/km2).
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Figure A.7. Spatial distribution of dabbling ducks interpolated across coastal and
inland South Carolina, USA derived from aerial surveys conducted
February 2019. Density categories were low (<0.287 dabblers/km2), lowmedium (0.287–1.019 ducks/km2), medium (1.020–6.457 ducks/km2),
medium-high (6.458–53.525 dabblers/km2) and high (>53.525
dabblers/km2).

128

Figure A.8. Spatial distribution of diving ducks interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted November
2017. Density categories were low (<0.090 divers/km2), low-medium
(0.090–0.203 divers/km2), medium (0.204–0.777 divers/km2), mediumhigh (0.778–4.756 divers/km2) and high (>4.756 divers/km2).
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Figure A.9. Spatial distribution of diving ducks interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted January 2018.
Density categories were low (<0.090 divers/km2), low-medium (0.090–
0.203 divers/km2), medium (0.204–0.777 divers/km2), medium-high
(0.778–4.756 divers/km2) and high (>4.756 divers/km2).
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Figure A.10. Spatial distribution of diving ducks interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted February
2018. Density categories were low (<0.090 divers/km2), low-medium
(0.090–0.203 divers/km2), medium (0.204–0.777 divers/km2), mediumhigh (0.778–4.756 divers/km2) and high (>4.756 divers/km2).
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Figure A.11. Spatial distribution of diving ducks interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted November
2018. Density categories were low (<0.090 divers/km2), low-medium
(0.090–0.203 divers/km2), medium (0.204–0.777 divers/km2), mediumhigh (0.778–4.756 divers/km2) and high (>4.756 divers/km2).
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Figure A.12. Spatial distribution of diving ducks interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted December
2018. Density categories were low (<0.090 divers/km2), low-medium
(0.090–0.203 divers/km2), medium (0.204–0.777 divers/km2), mediumhigh (0.778–4.756 divers/km2) and high (>4.756 divers/km2).
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Figure A.13. Spatial distribution of diving ducks interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted January 2019.
Density categories were low (<0.090 divers/km2), low-medium (0.090–
0.203 divers/km2), medium (0.204–0.777 divers/km2), medium-high
(0.778–4.756 divers/km2) and high (>4.756 divers/km2).
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Figure A.14. Spatial distribution of diving ducks interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted February
2019. Density categories were low (<0.090 divers/km2), low-medium
(0.090–0.203 divers/km2), medium (0.204–0.777 divers/km2), mediumhigh (0.778–4.756 divers/km2) and high (>4.756 divers/km2).
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Figure A.15. Spatial distribution of pelagic and piscivorous waterbirds interpolated
across coastal and inland South Carolina, USA derived from aerial surveys
conducted November 2017. Density categories were low (<0.118 pelagic
birds/km2), low-medium (0.118–0.205 pelagic birds/km2), medium
(0.206–0.698 pelagic birds/km2), medium-high (0.699–4.198 pelagic
birds/km2) and high (>4.198 pelagic birds/km2).
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Figure A.16. Spatial distribution of pelagic and piscivorous waterbirds interpolated
across coastal and inland South Carolina, USA derived from aerial surveys
conducted January 2018. Density categories were low (<0.118 pelagic
birds/km2), low-medium (0.118–0.205 pelagic birds/km2), medium
(0.206–0.698 pelagic birds/km2), medium-high (0.699–4.198 pelagic
birds/km2) and high (>4.198 pelagic birds/km2).
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Figure A.17. Spatial distribution of pelagic and piscivorous waterbirds interpolated
across coastal and inland South Carolina, USA derived from aerial surveys
conducted February 2018. Density categories were low (<0.118 pelagic
birds/km2), low-medium (0.118–0.205 pelagic birds/km2), medium
(0.206–0.698 pelagic birds/km2), medium-high (0.699–4.198 pelagic
birds/km2) and high (>4.198 pelagic birds/km2).
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Figure A.18. Spatial distribution of pelagic and piscivorous waterbirds interpolated
across coastal and inland South Carolina, USA derived from aerial surveys
conducted November 2018. Density categories were low (<0.118 pelagic
birds/km2), low-medium (0.118–0.205 pelagic birds/km2), medium
(0.206–0.698 pelagic birds/km2), medium-high (0.699–4.198 pelagic
birds/km2) and high (>4.198 pelagic birds/km2).
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Figure A.19. Spatial distribution of pelagic and piscivorous waterbirds interpolated
across coastal and inland South Carolina, USA derived from aerial surveys
conducted December 2018. Density categories were low (<0.118 pelagic
birds/km2), low-medium (0.118–0.205 pelagic birds/km2), medium
(0.206–0.698 pelagic birds/km2), medium-high (0.699–4.198 pelagic
birds/km2) and high (>4.198 pelagic birds/km2).
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Figure A.20. Spatial distribution of pelagic and piscivorous waterbirds interpolated
across coastal and inland South Carolina, USA derived from aerial surveys
conducted January 2019. Density categories were low (<0.118 pelagic
birds/km2), low-medium (0.118–0.205 pelagic birds/km2), medium
(0.206–0.698 pelagic birds/km2), medium-high (0.699–4.198 pelagic
birds/km2) and high (>4.198 pelagic birds/km2).
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Figure A.21. Spatial distribution of pelagic and piscivorous waterbirds interpolated
across coastal and inland South Carolina, USA derived from aerial surveys
conducted February 2019. Density categories were low (<0.118 pelagic
birds/km2), low-medium (0.118–0.205 pelagic birds/km2), medium
(0.206–0.698 pelagic birds/km2), medium-high (0.699–4.198 pelagic
birds/km2) and high (>4.198 pelagic birds/km2).

142

Figure A.22. Spatial distribution of wading birds interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted November
2017. Density categories were low (<0.070 wading birds/km2), lowmedium (0.070–0.141 wading birds/km2), medium (0.142–0.606 wading
birds/km2), medium-high (0.607–3.972 wading birds/km2) and high
(>3.972 wading birds/km2).
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Figure A.23. Spatial distribution of wading birds interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted January 2018.
Density categories were low (<0.070 wading birds/km2), low-medium
(0.070–0.141 wading birds/km2), medium (0.142–0.606 wading
birds/km2), medium-high (0.607–3.972 wading birds/km2) and high
(>3.972 wading birds/km2).
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Figure A.24. Spatial distribution of wading birds interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted February
2018. Density categories were low (<0.070 wading birds/km2), lowmedium (0.070–0.141 wading birds/km2), medium (0.142–0.606 wading
birds/km2), medium-high (0.607–3.972 wading birds/km2) and high
(>3.972 wading birds/km2).
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Figure A.25. Spatial distribution of wading birds interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted November
2018. Density categories were low (<0.070 wading birds/km2), lowmedium (0.070–0.141 wading birds/km2), medium (0.142–0.606 wading
birds/km2), medium-high (0.607–3.972 wading birds/km2) and high
(>3.972 wading birds/km2).
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Figure A.26. Spatial distribution of wading birds interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted December
2018. Density categories were low (<0.070 wading birds/km2), lowmedium (0.070–0.141 wading birds/km2), medium (0.142–0.606 wading
birds/km2), medium-high (0.607–3.972 wading birds/km2) and high
(>3.972 wading birds/km2).
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Figure A.27. Spatial distribution of wading birds interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted January 2019.
Density categories were low (<0.070 wading birds/km2), low-medium
(0.070–0.141 wading birds/km2), medium (0.142–0.606 wading
birds/km2), medium-high (0.607–3.972 wading birds/km2) and high
(>3.972 wading birds/km2).
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Figure A.28. Spatial distribution of wading birds interpolated across coastal and inland
South Carolina, USA derived from aerial surveys conducted February
2019. Density categories were low (<0.070 wading birds/km2), lowmedium (0.070–0.141 wading birds/km2), medium (0.142–0.606 wading
birds/km2), medium-high (0.607–3.972 wading birds/km2) and high
(>3.972 wading birds/km2).
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