ABSTRACT

MCALISTER, MARK AUSTIN. Resident Canada Goose Abundance and Occurrence at
Variable Spatial Extents. (Under the direction of Christopher Moorman and Christopher
DePerno).

Since the early 1980’s, the Atlantic Flyway resident population of Canada geese
(Branta canadensis) has increased, but range-wide abundance and distribution estimates are
lacking. Efficient methods to precisely estimate resident Canada goose abundance and
distribution are needed to help direct adaptive management of the burgeoning population. We
compared precision and efficiency between the band return and plot survey methods of goose
abundance estimation. Our results indicated the 2 methods produced similar abundance
estimates with similar overall costs. However, we suggest the band return method is better
for goose abundance estimation because it is more precise and if continued for multiple years
will allow calculation of additional population metrics (i.e., survival, recovery rates, and
harvest distributions). Also, we investigated the relationship between remotely sensed land
cover features (i.e., open water, pasture, forest cover) and goose occurrence. The probability
of goose presence increased with increasing open water within the 1-km? survey plot and
increasing pasture within the 9 km? surrounding the survey plot, which provided important
cover and food resources, respectively. We suggest our approach of using remote sensing
data to predict Canada goose presence across a large spatial extent can be used to determine

distributions for other widely distributed species that are easily surveyed.
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CHAPTER 1

A Comparison of Field Methods to Estimate Resident Canada Goose Abundance
Across a Large Spatial Extent

Abstract

Since the early 1980’s, the Atlantic Flyway resident population of Canada geese
(Branta canadensis) has increased. Resident Canada geese are a valuable resource for
hunting and wildlife viewing, but when in concentrated-large numbers they create negative
human-wildlife interactions and pose a risk of zoonotic disease transmission. An efficient
method to precisely estimate resident Canada goose abundance at a large spatial extent is
needed to help direct adaptive management of the increasing population. Our objective was
to compare precision and efficiency between 2 common methods to estimate goose
abundance in North Carolina, USA (139,389 km?). The first method (i.e., band return
estimation) used hunter band returns, and the second (i.e., plot survey) used surveys of 1-km?
plots randomly located across potential goose habitat in the state. To quantify efficiency, we
recorded all expenses and time dedicated to goose banding and plot surveys. In June 2014,
we banded 2,102 geese at 44 sites. During the 2014-2015 hunting season, we received 173
direct band recoveries. For the band return method, we calculated (using the Lincoln-
Peterson formula) an abundance estimate of 153,168 (95% CI= 130,165 — 176,171) and
determined it required $72,857.55 and 2,316.5 person-hours to complete. In April 2015, we
surveyed 300 1-km? plots across North Carolina and observed 449 geese. For the plot survey
method, we calculated (by multiplying mean number of geese observed by total available
goose habitat plots) an abundance estimate of 155,655 (95% Cl= 102,572 — 208,738) and

determined it required $80,766.95 and 2,857.3 person-hours to complete. Although results



were similar, we suggest the band return method is better to estimate the resident Canada
goose population because it provides a more precise estimate with similar overall costs and if
continued for multiple years will allow calculation of additional population metrics including
survival, recovery rates, and harvest distributions.

Introduction

At the turn of the 20th Century, population densities of Canada geese (Branta
canadensis) (from this point forward goose) across North America were severely depleted by
overexploitation and the destruction of wetlands (Smith et al. 1999). Since that time, laws
governing waterfowl harvest and habitat protection have allowed goose numbers to rebound.
This increased protection and restocking efforts by state and federal agencies have led to the
establishment of a non-migratory, or resident, geese in the Atlantic Flyway. As of 2015, the
flyway population was estimated at around 1 million birds (U.S. Fish and Wildlife Service
2015).

Resident geese are a valuable resource for waterfowl hunters and the general public.
Federal harvest estimates indicated that during the September 2014 resident goose season
hunters harvested 178,100 birds in the Atlantic Flyway (Roberts et al. 2015). Increased
resident Canada goose hunting opportunities potentially have direct economic impacts;
according to a 2011 survey, hunters spent an estimated $1.4 billion annually on migratory
game bird hunting in the United States (Carver 2015). Additionally, resident geese provide
citizens with an opportunity to observe waterfowl. In a public survey regarding geese in
Long Island, New York, 78% of respondents said they enjoyed the presence of resident geese

(Loker 1996). Resident Canada geese provide increased opportunities for bird watchers in the



field, which can have significant economic impacts; according to a 2011 survey, bird
watchers spent an estimated $4.1 billion annually on bird watching trips and equipment in the
United States (Carver 2013).

When present at high densities, geese can cause negative human-wildlife interactions.
Negative human-goose interactions have increased as resident goose densities have risen
(Conover and Chasko 1985). Between 1999 and 2010, 59% of the 12,679 complaint calls to
the United States Department of Agriculture Wildlife Services regarding geese were related
to property damage, including defecating on lawns and sidewalks, which caused lawn
damage, excessive cleanup costs, and property being unused by human owners (Smith et al.
1999, Atlantic Flyway Council 2011). One study indicated the cost to repair goose damage
(e.g., reestablishing overgrazed lawns, cleaning goose feces from sidewalks) was more than
$60 per bird (Allan et al. 1995).

When in close proximity to humans, geese can transmit zoonotic diseases, such as
Escherichia coli, Giardia, and Campylobacter jejuni, through fecal matter (Graczyk et al.
1998, Kullas et al. 2002, Rutledge et al. 2013). Also, geese can collide with aircraft and have
been identified as the third most hazardous species to aircraft with approximately 1,109
reported goose-aircraft collisions occurring in the United States over an 18-year period from
1990-2007, requiring $47.4 million in repair costs (Dolbeer et al. 2000, Dolbeer and Wright
2008).

The United States Fish and Wildlife Service (USFWS) uses adaptive harvest
management (AHM) to set season lengths and bag limits to regulate the resident goose

population density at acceptable levels (Williams and Johnson 1995). A key component of



AHM requires that state and federal regulatory agencies monitor goose density trends over
time (Nichols et al. 2007). Hence, a precise and efficient method is required to help drive
AHM of goose population densities.

Two common methods of estimating goose abundance are the band return and the
plot survey methods. The band return method has been used with Arctic-nesting geese
(Alisauskas et al. 2009) and mallards (Alisauskas et al. 2013), but typically produces
estimates 2 — 4 times greater with larger confidence intervals than count based methods
(Alisauskas et al. 2009, Alisauskas et al. 2013). However, abundance estimates are still
acceptable to make inferences about long-term trends in the population (Alisauskas et al.
2009). The plot survey method has been used successfully in the northeastern United States
since 1989 (Heusmann and Sauer 2000, Heusmann and Sauer 1997) and requires fewer
assumptions and correction factors than the band return method. Additionally, plot surveys
are conducted during the breeding season and can be used to estimate the number of breeding
pairs (Heusmann and Sauer 2000).

Our objectives were to: 1) assess the precision and determine appropriate corrections
for the associated biases of the band return and plot survey methods for estimating adult
resident goose abundance in North Carolina; and 2) compare direct and indirect costs
associated with each method. We predicted the band return method would result in a greater
abundance estimate with larger confidence intervals because previous waterfowl studies have
shown band return methods result in larger abundance estimates when compared to sight
based abundance estimation methods (i.e., plot surveys, transect surveys) (Alisauskas et al.

2009).



Study Area

We conducted band return and plot survey methods across North Carolina, which has
a total land area of 139,389 km?. We used the North American Bird Initiative Bird
Conservation Regions to describe North Carolina’s 3 physiographic regions. The
southeastern Coastal Plain consists primarily of riverine swamps and marshes near the
Atlantic Ocean and longleaf (Pinus palustris), slash (Pinus elliottii), and loblolly pine (Pinus
taeda) forests further inland. The Piedmont consists of pine and mixed hardwood forests and
has the largest amount of urbanization in the state. The Appalachian Mountain consists of
oak (Quercus spp.) — hickory (Carya spp.) forests at lower elevations and hemlock (Tsuga
spp.) - spruce (Picea spp.) forests at higher elevations (North American Bird Initiative 2015).

We set banding quotas for each of the 9 North Carolina Wildlife Resources
Commission (NCWRC) Districts (Figure 1, Table 1) using goose observations from breeding
bird survey data and a 2009 population estimate completed by North Carolina district
biologists (Pardieck et al. 2015). In June 2014, we selected 44 banding sites statewide that
had large flocks of molting resident geese (Figure 2). When selecting capture sites, we varied
between urban (i.e., golf courses and public parks) and rural (i.e., farm ponds and pastures)
sites throughout the state in an attempt capture differences in hunting pressures.

It is likely that Canada goose abundance differs across physiographic regions in North
Carolina, but formal studies of goose distribution were lacking, so we elected to use a
random sampling approach instead of stratified random sampling. To focus sampling in areas
more likely to have geese, we defined available goose habitat as 1-km? plots with any open

water or less than 80% forest cover. We excluded any plots that were 100% open water and



fell outside of a 1-km buffer of the shorelines of the Atlantic Ocean, Pamlico Sound, and
Albemarle Sound. We used US Geological Survey National Land Cover Database (NLCD)
2011 to determine percent cover of open water and forest cover (Homer et al. 2015). The
total number of 1-km? plots that met these criteria was 104,001 (Figure 3), with the majority
of the plots located in the Piedmont and southeastern Coastal Plain physiographic regions.
We assigned plots a unique number and used a random number generator to choose 300
individual plots to survey. Plots were representative of habitat available to geese in North
Carolina (Figure 4).
Methods
Goose Capture and Banding

We captured resident geese from June 12-27, 2014 during the flightless period when
geese were molting primary feathers. We used a modified version of Cooch’s flightless bird
roundup technique to herd and manipulate birds to a desired location (Cooch 1953). We
coaxed flocks of geese out of water using kayaks, grouped them on land, and slowly
surrounded them using mobile ten-foot aluminum panels. After capture, we separated adults
and juveniles, divided large groups, and moved the captured geese into shaded areas to
reduce risk of overheating and other injury during the banding process. We recorded sex and
age (cloacal examination and plumage evaluation) for each bird. Prior to release, each bird
received a standard USFWS aluminum leg band (Size 8, U.S. Geological Survey Bird
Banding Lab [Laurel, MD]). We submitted the leg band number, sex, age, and location of
capture to the U.S. Geological Survey Bird Banding Lab. We monitored direct recoveries of

banded geese shot or found dead by hunters from September 2014 — March 2015.



Band Return Abundance Estimation
We used a less biased form of Lincoln’s Estimator (Lincoln 1930) for population

estimation proposed by Chapman (1951):

. (g + D(ny; +1) A
N ( (my + 1) _1> ’

This formula used the total number of birds banded for the first sample (n;), North Carolina
harvest estimates from the NCWRC state estimate (n, 1) and USFWS federal estimate (n, ,)
for the second sample, and the number of direct band recoveries by hunters as the number
occurring in both samples (m,). We used state and federal harvest estimates because they
often result in different estimates during the same year. We compared abundance estimates
derived using these harvest estimates to determine which was more reliable. Because
waterfowl band return rates often are less than 100%, we used results from a reward band
study as a correction factor (). The study determined reporting rates for geese across the
United States and concluded the mean reporting probability of a standard band to be 0.73
(95% CI=0.69-.077) (Zimmerman et al. 2009b). We assumed no temporal difference
between our reporting rate and those reported by Zimmerman et al. (2009b) because studies
with other waterfowl species documented no significant difference in reporting rates between
years (Conroy and Blandin 1984). Additionally, we assumed the band return rate of 0.73 to
remain constant for all individual geese in the population because this is unlikely to change

for monomorphic species like Canada geese (Nichols et al. 1995).

The Lincoln-Peterson estimator, as described above, must meet 4 key assumptions

(Alisauskas et al. 2009).



The population is closed so that N is constant.

Mortality losses are acceptable within this assumption as long as marked and
unmarked members of the population are subject to equal mortality probability
(Robson 1969). We assumed for our study that mortality differences between leg-
banded geese and non-banded geese were negligible (Alisauskas et al. 2009).
Additionally, we assumed population increases due to breeding were minimal
because banding took place after the primary resident goose breeding season
(Alisauskas et al. 2009).

Probabilities of animals appearing in a sample may differ between the first and
second sampling periods but should be equal for animals within each period.

We assumed every resident goose across North Carolina had an equal probability of
being selected in the first sample (application of a leg band). Decreased hunting pressure
within municipal boundaries can affect the probability of a bird appearing in the second
sample, but because we selected banding areas with varying degrees of municipal impact,
we believe any influence to overall hunting pressure would be negligible. Additionally,
the percentage of bands returned from birds banded within municipal boundaries (6.79%)
was similar to those banded outside of municipal boundaries (8.9%) (Table 2).

Animals do not lose their mark in the time between the 2 samples.

We assumed band loss between the summer banding period and the following hunting
season to be negligible, because Zimmerman et al. (2009a) determined the retention
probability for standard aluminum leg band was high (0.9995) and constant over a 40-

month period.



IV. Geographic area of band recoveries corresponds to geographic area of harvest
estimates.
When harvest estimates are received from the state and the federal governments, they
include non-local residents, Atlantic population (AP), Southern James Bay population
(SJBP), and Mississippi Valley population (MVP) migratory geese. We used the harvest
derivation technique, a method developed by the USFWS, which uses banding totals and
direct band recoveries within the state to estimate the proportion of migrant and non-local
residents within harvest estimates (Klimstra and Padding 2012).
a. Migrant Populations Correction Factor
There were no direct recoveries by hunters from the migrant populations during
our study period, so we calculated the average proportion of migrant geese
harvested 2001 — 2015 and obtained MVP and SJBP population estimates from
professionals at the Ministry of Natural Resources in Canada (S. Hagey, Ministry
of Natural Resources and Forestry Wildlife Research and Monitoring Section

Trent University, personal communication).

b. Non-local Resident Population Correction Factor
To account for non-local residents (e.g., birds banded in Maryland and southern
Ontario), we obtained population estimates and banding totals from the Atlantic
Flyway harvest and population survey data book (Roberts et al. 2015), and Ontario’s
temperate-breeding goose estimates (C. Davies, Ontario Ministry of Natural
Resources & Forestry, personal communication).

We adjusted the harvest estimate to include only adult birds so that final population

estimates would be comparable for the band return and plot survey methods. We used the
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federal hunter parts collection data of the Harvest Information Program (HIP) to estimate the
proportion of juvenile birds in the harvest. Also, we applied a correction factor of 0.61 (95%
C1=0.59 - 0.64) to the federal harvest estimate to correct for a consistent overestimation of
goose harvest by HIP-based surveys (Padding and Royle 2012).

As a means of estimating the precision of our band return estimate, we calculated the
variance of our estimate (Var(N)) using a formula for variance of a product described
below:

Var(N) = Var(N* «p) = Var(N*)[p]? + Var(p) [f\f*]z + Var(N*)Var(p)

(ny + D)(ny + D(ny —my)(n, —my)
(my + 1)?(m; + 2)

Var(N*) =

Var(p) = variance obtained from Zimmerman et al. (2009b)
In this formula Var(N*) describes the standard variance calculation for the estimate of
abundance and Var(p) is the variance for the correction factor of unreturned bands reported
by Zimmerman et al. (2009b). We calculated a 95% confidence interval for the band return
abundance estimate to make a practical comparison of precision between the 2 abundance

estimates. We calculated the 95% confidence interval as follows:

95% CI = N* 1.96 /Var(zv)

We based the plot survey protocol on an ongoing breeding waterfowl population

Plot Survey Protocol

survey in the northeastern United States (Heusmann and Sauer 1997, Heusmann and Sauer
2000). We surveyed from April 1 - April 30, 2015 to coincide with peak breeding activity of

geese in North Carolina. We completed a single observer survey of each plot in its entirety
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using a variety of methods (i.e., boats, trucks, foot) and recorded any geese observed
(Heusmann and Sauer 1997, Heusmann and Sauer 2000, Dunn et al. 2009).

We did not limit time of day the plot surveys were completed, because visibility of
geese is similar throughout the day (Heusmann and Sauer 2000). Similarly, Rutledge et al.
(2015) showed that satellite-tagged geese had relatively constant movement probabilities
during daylight hours during the breeding/nesting period.

We separated goose observations into 4 categories depending on behavioral
characteristics. Confirmed pairs were 2 geese sighted together, exhibiting paired behavior
(i.e., nesting, defending a territory). We split lone birds into 2 categories, lone males were
any solitary bird sited off of a nest and an incubating female was any bird that was solitary
and on a nest. We considered groups to be any flocks consisting of > 3 geese (Heusmann and
Sauer 2000, Dunn et al. 2009). All birds we encountered during the plot survey, excluding
goslings, were totaled to yield an overall count at each plot (Heusmann and Sauer 2000,
Dunn et al. 2009). For final abundance estimate calculation we assumed that lone males and
incubating females had a paired mate and added an additional bird for each solitary goose,
resulting in an assumed total count at each plot.

Plot Survey Detection and Abundance Estimation

We surveyed 27 plots 2 additional times within 5 days of the initial survey to
calculate a probability of detection (Mackenzie and Royle 2005). We used the unmarked
package in program R (Fiske and Chandler 2011) to calculate detection probability of the 27

plots, which we used to gauge the reliability of estimates at all sites.
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We calculated the mean number of geese on each plot and extrapolated those
numbers out to the plots containing goose habitat statewide. We calculated the mean number

of geese on each plot using the following formula:

n
1 Vi
n

3_1 =
In this formula, ¥ describes the sample mean number of geese observed, y; describes the
number of geese observed at the i*" plot, and n describes the total number of sample plots
(300). We multiplied the resulting sample mean by the total number of available plots in the
population (N)(104,001) to determine a statewide resident goose abundance estimate (7)
(Chochran 1977).
t = Ny = 104,001 * y

As a means of estimating the precision of our plot survey estimate, we calculated the

standard error of our sample plots (s2) and variance of our abundance estimate (Var (%))

using the following formulas:

o2 X —y)?
n—1

_ s?
Var(t) = N(N — n)?

We calculated a 95% confidence interval for our plot survey abundance estimate to make a
practical comparison of precision between both methods of abundance estimation. The 95%

confidence interval was calculated as:

95% CI =t % 1.96 * /V’dr(f)
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Cost Comparison

We used a unique project code to document all NCWRC employee time directed at
training and the completion of each of the abundance estimation techniques. Employees used
the same code when making purchases of equipment and fuel. At the conclusion of the
project, we compiled all expenses from the discrete project code, which resulted in a side-by-
side comparison of person-hours and money spent to complete the 2 methods.
Results
Band Return Estimate

We banded 2,102 after hatch year (AHY) geese in June 2014 and received 173 (8.2%)
AHRY direct band recoveries from the 2014 — 2015 waterfowl hunting season. Before
applying correction factors, the initial USFWS harvest estimate was 37,267 (Raftovich et al.
2015) and the initial NCWRC harvest estimate was 56,182 (95% CI = 41,443 — 70,921)
(North Carolina Wildlife Resources Commission 2015). We removed 38 birds from the
NCWRC and USFWS harvest estimates to account for migratory geese included in the
estimates (Southern James Bay Population = 26, Mississippi Valley Population = 12, Atlantic
Population = 0). We removed 858 birds from both harvest estimates to account for 8 North
Carolina band returns from geese banded in Maryland and Ontario, Canada. Additionally, we
removed 21.26% of the birds (USFWS = 7,923 and NCWRC = 12,078) in each of the overall
estimates to only account for after hatch year birds. Using the suggested correction factor of
Padding and Royle (2012), we reduced the federal harvest estimate by an additional 14,534
birds to correct the overestimate of the federal Canada goose harvest. The final harvest

estimate from the USFWS was 17,194 and the final harvest estimate from the NCWRC was
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43,532. The band return abundance estimate using the USFWS harvest estimate was 153,168
(95% CI =130,165 — 176,171), and the abundance estimate using the NCWRC harvest
estimate was 387,773 (95% CI = 329,374 — 446,171).
Plot Survey Estimate

We had 449 assumed observations, geese observed or assumed to be paired to a
solitary goose, at 300 plot survey locations. Geese were observed at 67 (22.33%) survey
plots. Observations were consistent with prior assumptions that goose densities differed
across physiographic strata with 14 observations (3.12%) occurring in the Appalachian
Mountains, 250 observations (55.68%) occurring in the Piedmont, and 185 observations
(41.2%) occurring in the southeastern Coastal Plain. Detection probability was 95.2% at the
27 repeat sample plots. The plot survey abundance estimate was 155,655 (95% CI = 102,572
— 208,738).
Cost Comparison

The cost of conducting the band return method was $72,857.55, with $64,179.08 for
mileage and salaries, $3,531.30 for training, and $5,147.55 for equipment. The cost of
conducting the plot survey method was $80,766.95, with $57,930.32 for mileage and salaries,
$19,321.97 for training, and $3,514.66 for equipment (Table 3). The band return method
required 2,316.5 person-hours, with 104.5 hours spent on training and 2,212 hours spent on
field work. The plot survey method required 2,857.3 person-hours, with 651 hours spent on

training and 2,206.3 hours spent on field work (Table 4).
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Discussion

Although the 2 methods resulted in incredibly similar statewide abundance estimates,
the plot survey 95% confidence interval was larger than the band return confidence interval
using the federal harvest estimate. We believe increasing the number of plot surveys and
stratifying sample plots by physiographic region are viable options for improving precision.
A power analysis of our 2015 data indicated that approximately 1,500 plots should be
surveyed to generate the same level of precision as the band return method using the federal
harvest estimate. However, increasing survey sample size would result in an increase in
survey costs (e.g., person-hours, money). Hence, a better approach for increasing precision
may be stratification. Given the heterogeneity of goose distributions across the state,
considering each physiographic region as a separate population and combining population
estimates from each strata to calculate overall state abundance likely would increase
precision to a similar level of the band return using the federal harvest estimate (Chochran
1977). This sort of stratification has been used in surveys of other waterfowl species and
caribou (Siniff and Skoog 1964, Heusmann and Sauer 1997).

The band return abundance estimates using the state and federal harvest estimates
were considerably different, which is directly related to inclusion of the Padding and Royle
(2012) harvest correction factor. Exclusion of the harvest correction factor resulted in an
inflated population estimate consistent with previous studies (Otis 2006, Alisauskas et al.
2009). In fact, use of the bias corrected federal harvest estimate resulted in an abundance

estimate almost identical to the estimate from the plot survey method. These results
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highlight the importance of including appropriate bias correction factors in the band return
model.

Imperfect detection can bias count-based wildlife studies, but detection probability in
our study was high (Arroita et al. 2010). Mackenzie and Royle (2005) recommended that
sampling units should be surveyed a minimum of 3 times to calculate a reliable detection
probability. However, probability of detecting geese at a plot if geese were present was
95.2% in this study. Hence, we suggest making multiple visits to survey plots to estimate
detection is unnecessary because it will result in a minimal gain in accuracy with an increase
in project cost (approximately 3 times the amount of person-hours and other expenses).

Monetary cost for completing the band return estimation was less than the plot survey
estimation and required less person-hours. However, these overall costs do not represent the
continued use of these abundance estimate techniques on an annual basis because this was
the initial year of implementation for both methods. Future use of these methods, if continued
annually, will require less money for purchasing equipment and less person-hours as only
new employees will need to receive training for survey techniques and methods. Considering
the first year costs are inflated because of initial training and equipment costs, a more
realistic estimate would exclude those costs. After making these exclusions, the methods
required similar overall costs and person-hours.

We recommend that managers use the band return method with federal harvest
estimates for estimating adult resident goose abundance because it resulted in a more precise
estimate with costs similar to the plot survey method. Additionally, the band return method

encourages positive agency and public interactions because a large portion of banding occurs
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in areas where the public can observe and interact with agency employees and many hunters
covet the opportunity to shoot banded birds. Finally, we suggest the band return method
because when performed over an extended time period it can provide additional population
information crucial to the appropriate management of the species, including survival,
recovery rates, and harvest distributions (Brownie et al. 1985, Greene and Krementz 2008).
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Table 1. North Carolina Wildlife Resources Commission District banding goals set by state

waterfowl biologists and the total number of Canada geese banded in each district, North

Carolina (2014).

NCWRC Banding Number

District Objective Banded
District 1 188 188
District 2 163 184
District 3 330 350
District 4 158 293
District 5 435 458
District 6 144 231
District 7 260 246
District 8 190 248
District 9 133 198
Total 2001 2396
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Table 2. A comparison of after hatch year Canada geese banded within and outside of
municipal boundaries and the number of direct leg band recoveries from the same areas,

North Carolina (2014).

After Hatch Direct Band Percent
Years Banded Recoveries Recovered
Within Municipal Boundaries 663 45 6.79%
Outside Municipal Boundaries 1439 128 8.90%

Banding Location




Table 3. Comparison of costs for band return and plot survey methods of Canada goose

abundance estimation, North Carolina (2014 — 2015).

Band Return Estimation  Plot Survey Estimation

Mileage/Salaries $ 64,179.08 $ 57,930.32
Training $ 3,531.30 $ 19,321.97
Equipment $ 5,147.17 $ 3,514.66

Total $ 72,857.55 $ 80,766.95




Table 4. Comparison of person hours for band return and plot survey methods of Canada

goose abundance estimation, North Carolina (2014 — 2015).

Band Return Estimation  Plot Survey Estimation

Training 104.5 651
Field
Work 2212 2206.3

Total 2316.5 2857.3
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Figure 1. North Carolina Wildlife Resources Commission Districts used for regulatory and management purposes and for setting

resident Canada goose banding goals across, North Carolina (2014).
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Figure 2. Physiographic regions and locations of 40 sites where Canada geese were banded during the June flightless period, North

Carolina (2014).
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Figure 3. Physiographic regions and potential habitat for Canada goose developed before the random selection of 300 plot survey

locations, North Carolina (2015).
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Figure 4. Physiographic regions and location of the 300 1-km? plots surveyed for Canada geese, North Carolina April (2015).
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CHAPTER 2

Using Landscape Characteristics to Predict Distribution of Resident Canada Geese
Abstract
Quality estimates of species’ distributions are needed to ensure that conservation planning
efforts are directed in appropriate areas. Since the early 1980’s, the Atlantic Flyway resident
population (AFRP) of Canada geese (Branta canadensis) has increased, yet reliable estimates
of goose distribution are lacking in many regions. Our objective was to identify the land
cover features that best predicted goose distribution. In April 2015, we surveyed 300 1-km?
plots across North Carolina and observed 449 geese. We quantified percent coverage of 7
continuous land cover variables at 5 different spatial extents for each of the 300 plots. We fit
logistic regression models using presence and absence at the 300 plots as the dependent
variable and percent cover covariates as independent variables. The best model for predicting
Canada goose presence included percent pasture within the 9 km? surrounding the survey
plot and percent open water within the 1-km? survey plot. The probability of goose presence
increased with increasing percent open water and percent pasture, albeit at different spatial
extents, which provided important cover and food resources, respectively. Our approach
using remote sensing data to accurately predict Canada goose presence across a large spatial
extent can be used to determine distributions for other widely distributed species that can be

surveyed easily.
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Introduction

It is essential to generate quality estimates of species distributions to ensure
conservation planning efforts are directed in appropriate areas (Piorecky and Prescott 2006,
Silvy 2012). Yet, accurate distributions typically are difficult to obtain because animals are
dispersed irregularly across the landscape (Caraco 1980, Silverman et al. 2001, Certain et al.
2007). Additionally, collection of field data at a large spatial extent is expensive and requires
substantial manpower (Waddle et al. 2003). However, remote sensing and field data can be
used to reliably estimate distributions for species management purposes (Travaini et al.
2007).

Species distribution data can be used to target areas where actions are most beneficial
to achieve management goals. For example, distribution data can direct actions to identify
areas where competition between native and invasive species may occur or areas where
habitat improvements will most benefit a species (Piorecky and Prescott 2006, Vicente et al.
2011). Additionally, detailed species distributions can offer information about the efficacy of
hunting populations for recreation or population management (Storm et al. 2007, Robinson et
al. 2008). Combining remote sensing and field data can be used to determine the effects of
land cover on the distribution of a species across a large geographic extent. This technique of
predicting species presence is effective and has been used at varying geographic extents and
with various species including great bustards (Otis tarda), Mt. Graham red squirrel (Tamia
sciurus hudsonicus grahamensis), clouded Apollo butterfly (Parnassius mnemosyne), and
guanaco (Lama guanicoe) (Pereira and Itami 1991, Osborne et al. 2001, Luoto et al. 2002,

Travaini et al. 2007).
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Predicting species presence using 1 spatial extent (e.g., 1 km?) may be of limited use
because land cover variables may influence use at different extents. Testing the effects of
land cover at multiple spatial extents is a common practice in studies of wildlife habitat and
can provide insight related to the mechanisms underlying habitat associations (Hall and
Mannan 1999, Storch 2002, Altmoos and Henle 2010). The multi-extent approach takes into
account the influence of spatial variation on species presence and offers more explanatory
power than a single-extent approach (Morris 1987, Levin 1992).

Since the early 1980’s, the Atlantic Flyway resident population (AFRP) of Canada
geese (Branta canadensis) (hereafter referred to as goose) has increased (Dolber et al. 2014).
Resident geese provide valuable opportunities for hunting and wildlife viewing, but when
present in concentrated-large numbers they create negative human wildlife interactions and
pose a risk of zoonotic disease transmission (Graczyk et al. 1998, Kullas et al. 2002,
Rutledge et al. 2013). In 2011, because of concern about detrimental impacts of an elevated
goose population, the Atlantic Flyway Council set a goal to lower the AFRP to 700,000 birds
and redistribute geese more evenly across the landscape using adaptive harvest management
(AHM) (Blohm et al. 2006, Atlantic Flyway Council 2011). Yet, this strategy has not
reduced the goose population (Figure 1); as of 2015, the Flyway population was stable at
around 1 million birds (U.S. Fish and Wildlife Service 2015). Additionally, landowner
requests for assistance with goose caused property damage remain relatively constant in areas
with high goose densities (Atlantic Flyway Council 2011).

Canada geese are known to associate with specific habitat types seasonally (Bellrose

1980, Kear 2005). Migratory goose populations display notable shifts in seasonal habitat
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usage, spending winter and early spring foraging in agricultural fields and pastures while
roosting in nearby wetland areas and the summer months feeding on natural forage and
roosting on mud-flats near pond margins (Carriere et al. 1999, Manley et al. 2004). Ray
(2011) observed that resident Canada geese use sites with different water body size and land
use type dependent on season, and Bellrose (1980) noted that Canada geese used post-harvest
grain fields in the fall and early winter for forage. Single extent habitat relationships
commonly have been used to model goose distributions at a landscape level (Naugle et al.
1997, Donovan et al. 2004, Reiter et al. 2013). However, habitat relationships may occur at
varying spatial extents and extent rarely has been addressed when researching Canada goose
habitat associations (Conkin and Alisauskas 2013). Further research on habitat associations at
different spatial extents may offer a better explanation of goose distribution.

Our objective was to identify land cover features and spatial extents that influence
goose occurrence on the landscape. We predicted that developed open space (e.g., golf
courses, cemeteries, and other manicured lawns) and open water at smaller spatial extents
would have significant effects on goose usage. We identified developed open space and open
water as attractants for geese (Smith et al. 1999). We postulated land cover features at varied
spatial extents would have different impacts on goose occurrence across the landscape
(Conkin and Alisauskas 2013).

Study Area

We conducted goose surveys across North Carolina, which has a total land area of

139,389 km?. We used the North American Bird Initiative Bird Conservation Regions to

describe North Carolina’s 3 physiographic regions. The southeastern Coastal Plain consists
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primarily of riverine swamps and marshes near the Atlantic Ocean and longleaf (Pinus
palustris), slash (Pinus elliottii), and loblolly pine (Pinus taeda) forests further inland. The
Piedmont consists of pine and mixed hardwood forests and has the largest amount of
urbanization in the state. The Appalachian Mountain region consists of oak (Quercus spp.) —
hickory (Carya spp.) forests at lower elevations and hemlock (Tsuga spp.) - spruce (Picea
spp.) forests at higher elevations (North American Bird Initiative 2015).

To focus sampling in areas more likely to have geese, we defined available goose
habitat as 1-km? plots with any open water or less than 80% forest cover. We excluded any
plots that were 100% open water and fell outside of a 1-km buffer of the shorelines of the
Atlantic Ocean, Pamlico Sound, and Albemarle Sound. The number of 1-km? plots that met
these criteria was 104,001 (Figure 2), with the majority of the plots located in the Piedmont
and southeastern Coastal Plain. We assigned each plot a number and then used a random
number generator to choose 300 plots from those available (Figure 3).

Methods
Plot Survey Protocol

We based our survey protocol on a breeding waterfowl population survey used in the
northeastern United States (Heusmann and Sauer 1997, Heusmann and Sauer 2000). We
surveyed from April 1 - April 30, 2015 to coincide with peek breeding activity of geese in
North Carolina. We completed a single observer survey of each plot in its entirety using a
variety of methods (e.g., boats, trucks, foot), recording the number of geese observed
(Heusmann and Sauer 1997, Heusmann and Sauer 2000, Dunn et al. 2009). We surveyed 27

plots 2 additional times within 5 days of the initial survey to calculate a probability of
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detection (Mackenzie and Royle 2005). We used the unmarked package in program R (Fiske
and Chandler 2011) to calculate detection probability across the 27 plots, which we used to
gauge the reliability of estimates at all sites.

GIS Coverage and Covariate Selection

We used ArcGIS 10.2.2 (ESRI, Redlands, California, USA) to quantify percent
coverage of 7 variables deemed important for goose usage at 5 different spatial extents: 1
km?, 9 km?, 25 km?, 49 km?, and 81 km?2. We chose these spatial extents because they
represented 4 consecutive 1-km buffers around each 1-km? survey plot, and the increasing
area would encompass an array of landscape level effects on the probability of goose
presence. We used US Geological Survey National Land Cover Database (NLCD) 2011 to
determine percent cover of developed open space, open water, forest cover, pasture/hay, and
cultivated crops (Homer et al. 2015). We used the National Impervious Surface Datasets to
determine percent coverage of impervious surfaces (Xian et al. 2011). We used the municipal
boundaries dataset provided by the North Carolina Department of Transportation (North
Carolina Department of Transportation 2015) to determine percent coverage of municipal
boundary (North Carolina Department of Transportation 2015).

We used Analysis of Variance (ANOVA) to test for non-stationarity between survey
plots located in different physiographic regions in North Carolina. We used JMP (JMP®,
Cary, North Carolina, USA) to determine if there was a difference in the mean number of
goose observations among physiographic region.

We tested for collinearity in the 7 habitat variables at all 5 spatial extents using the

multivariate methods function in JMP (JMP®, Cary, North Carolina, USA) to calculate
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Pearson Correlation Coefficients (PCC). We described covariates to be collinear when |r| >
0.6, because Dorman et al. (2007) suggested when |r| > 0.7 collinearity began to distort model
estimation and prediction.
Resident Canada Goose Distribution

We conducted binary logistic regression to model the spatial distribution of geese
relative to land cover covariates using the glm function in R to predict conditional probability
of encounter (Keating and Cherry 2004, R, version 3.2.1, cran.r-project.org, accessed 12
February 2015). Prior to building models, we tested whether habitat covariates at each of the
5 spatial extents significantly affected goose presence (p < 0.05). If a habitat covariate did
not significantly affect goose presence at a specific spatial extent, it was excluded from the
creation of final model sets for model simplicity. To select the combination of habitat
covariates and spatial extents that had the greatest effect on goose presence, we ran all
possible model combinations of significant habitat and spatial extent covariates without
including interaction terms in JIMP® (JMP®, Cary, North Carolina, USA). We evaluated
support for the models using Akaike’s Information Criterion corrected for small sample size
(AICc) (Burnham and Anderson 2002). We determined the top model for goose presence by
selecting models that had similar AAICc values using the MuMIn package and the model > 2
AAICc of competing candidate models was considered the top model (Barton 2013).

Prior to fitting the logistic regression model, we tested for spatial autocorrelation
within our goose presence and absence data with the model standardized Pearson residuals
using the Moran’s | tool in ArcGIS 10.2.2 (Carl and Kuhn 2007, ESRI, Redlands, California,

USA). The Moran’s I test resulted in a p-value of 0.869 indicating there was no spatial
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autocorrelation in the data. Therefore, we did not incorporate any correction for spatial
autocorrelation.

After selecting the best model, we tested the strength of the model to predict goose
presence by calculating area-under-the-curve (AUC) using receiver operating characteristic
curve (ROC) (JMP®, Cary, North Carolina, USA). The AUC value is equal to the probability
the 2 random samples from different cases (i.e., presence and absence) will be ranked in the
correct order (Deleo 1993). We used JMP to select a discrimination value that minimized
omission and commission rates, thereby increasing the estimate accuracy of the AUC for the
model of goose presence and absence (Hartley et al. 2006). We randomly allocated 70% of
the 300 plot survey data points as a training data set for the model, and the remaining 30%
was used for model validation. We considered AUC values between 0.7 and 0.8 acceptable
for discrimination, between 0.8 and 0.9 excellent for discrimination, and greater than 0.9
outstanding for discrimination (Hosmer and Lemeshow 2000). We used the best logistic
regression model and field calculator in ArcGIS 10.2.2 (ESRI, Redlands, California, USA) to
calculate probability of goose presence at each 1-km? plot within North Carolina. We used
the resulting probabilities to create a predictive map to show where geese were most likely to
occur in North Carolina.

Results

We counted 449 geese during initial visits to the 300 plot locations. Geese were
observed at 67 (22.33%) survey plots. Goose distribution differed across physiographic strata
with 4 occupied plots (6% of plots with observed geese) in the Appalachian Mountains, 34

occupied plots (50.7% of plots with observed geese) in the Piedmont, and 29 occupied plots
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(43.3% of plots with observed geese) in the southeastern Coastal Plain. Estimated detection
probability was 95.2% at the 27 repeat sample plots.

We detected collinearity (|r| > 0.6) between 3 habitat covariates (i.e., percent
impervious surface, percent developed open space, and percent municipal boundary) at all 5
spatial extents. We elected to include only percent developed open space in final models
because it provided the best explanation of goose presence out of the 3 collinear habitat
covariates. We did not detect a difference (p < 0.05) in the mean number of goose
observations per physiographic region using ANOVA. As a result, it was not necessary to
account for non-stationarity between survey plots located in different physiographic regions
of North Carolina.

The best model for determining presence of geese included percent pasture within the
9 km? surrounding the survey plot and percent open water within the 1-km? survey plot
(Table 1). Increase in percent open water and percent pasture both increased probability of
goose presence (Table 2). The AUC was 0.73, meaning the spatial model correctly predicted
goose presence 73% of the time (Figure 4).

Probability of goose presence within the 104,001 plots ranged from 0.0097 — 0.7511,
and 4,425 plots had a probability of presence greater than 0.5. High probabilities of goose
presence were situated around large water bodies, particularly in areas with pasture (Figure
5). Yet, the predictive map indicated low probability of goose presence in urbanized areas in

the Piedmont, where geese are known to be present in high densities.
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Discussion

We combined surveys for geese with remote sensing data to accurately predict
probability of presence across a large spatial extent. The best predicting model performed
well, and the AUC value was comparable to other similar studies (Parris and Schneider 2009,
Nielsen et al. 2010, Tuanmu et al. 2011, Conkin and Alisauskas 2013). Additionally, the
inclusion of multiple spatial extents in the model allowed us to account for the influence of
spatial variation on goose presence and increased the model’s explanatory power (Morris
1987, Levin 1992).

However, the distribution model did not perform well in urban areas in the Piedmont,
where goose density is known to be high (Heusmann and Sauer 2000). The NLCD often
failed to identify the areas of open water in urban areas used as nesting sites by geese (i.e.,
retention ponds and ditches) (Smith et al. 1999). This likely was because the NLCD uses a
30x30 meter resolution that is not fine grain enough to detect the smaller water bodies
common in new development (Chamberlain and Tighe 2009). Also, the random selection of
survey plots resulted in proportionally less survey plots (10%) in urban areas than available
(17%), which may have reduced capacity to predict urban goose presence. Increasing the
number of survey plots or stratifying urban and rural sampling areas when selecting survey
plots could make sampling more representative of the available goose habitat (Cochran
1977).

Imperfect detection can bias count-based wildlife studies, but detection probability in
our study was high (Arroita et al. 2010). Mackenzie and Royle (2005) recommended that

sampling units should be surveyed a minimum of 3 times to calculate a reliable detection



43
probability. However, the probability of detecting geese at a plot if geese were present was
95.2% in our study. Hence, we suggest making multiple visits to survey plots to estimate
detection is unnecessary because it will result in a minimal gain in accuracy with a
significant increase in project cost.

The land cover variables that best predicted goose distribution provided key cover
and food resources. Geese were more likely present in areas with open water. Open water
sources provide safe roosting sites for adults and a refuge from predation for flightless
goslings and molting adult geese (Bellrose 1980, Kear 2005). Pasture provides forage during
early brood rearing and adult molt as well as additional forage outside of the brood rearing
area after birds obtain flight capability (Hanson and Eberhardt 1971). Conversely, developed
open space and percent cropland cover had no effect on goose distribution likely because
they are less important during the breeding season. Smith et al. (1999) identified developed
open space as an attractant for geese, but geese may forage less in these areas during the
breeding and brood-rearing season as they spend more time near open water (Hanson and
Eberhardt 1971). Agricultural crops are important foraging areas for geese (Bellrose 1980),
but agricultural crops are not available during the nesting/brood rearing season in North
Carolina as they tend to be warm-season (e.g., corn, soybeans) and have not emerged or are
being planted.

The 2 most important land cover predictors were at very different spatial extents.
Water was important at the smallest spatial extent because geese were nesting near water
sources (Bellrose 1980). Conversely, pasture was important at the larger 9-km? spatial extent

because adult geese use areas further away from water for foraging. This pairs well with
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previous research by Rutledge et al. (2013) that documented an average home-range of 9.92
km? in central North Carolina, which matched closely the 9-km? extent for pasture.
Management Implications

Although the study was conducted during the nesting/brood rearing season, we

believe results can be used to concentrate AHM techniques in areas with greater probabilities
of goose presence during the Canada goose hunting season. Although Rutledge et al. (2015)
showed that home range size of telemetered geese varied seasonally, the mean annual home-
range was 9.92 km?. Hence, resident geese likely would remain in the local area where they
were observed year round. Our approach to combine surveys for geese with remote sensing
data at multiple spatial extents accurately predicted probability of presence across a large
spatial extent and easily could be implemented for resident Canada geese in other regions.
Several northeastern US states conduct yearly breeding waterfowl surveys that can be used
with these methods to predict goose distributions at a large geographic extent (Heusmann and
Sauer 2000). Additionally, we suggest the approach could be used for other game species for
which occurrence data is available (e.g., wood duck [Aix sponsa], coyotes [Canis latrans],
and wild turkey [Meleagris gallopavo]).
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Table 1. The number of parameters (K), AICc, AAICc, and model weight (®) for models
with significant covariate combinations of percent open water (spatial extents: 1 km?, 9 km?,
81 km?) and percent pasture (spatial extents: 1 km?, 9 km?, 81 km?) for the top 10 models and

null model of Canada goose presence, North Carolina (2015).

Model K AlCc AAICc ®
Waterl + Pasture9 2 285.4 0 0.93
Waterl + Pasture81 2 290.9 5.56 0.05
Water9 + Pasture9 2 295.3 9.97 0.01
Waterl + Pasturel 2 295.8 10.44 0.01
Water9 + Pasture9 2 301.7 16.35 0
Water9 + Pasture81 2 302.2 16.86 0
Water81 + Pasture9 2 308 22.64 0
Water81 + Pasture81 2 308.3 22.92 0
Water9 + Pasturel 2 309 23.62 0
Pasture9 1 314.9 29.51 0
Null 0 323.1 37.78 0
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Table 2. Posterior means and 95% credible intervals of parameter estimates (on log scale) for

the top-ranked model of Canada geese presence, North Carolina (2015).

Parameter Mean 2.50% 97.50%

Percent Water 1km 0.31 0.2 0.43
Percent Pasture 9km 04 0.23 0.59
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Figure 1. US Fish and Wildlife Service Atlantic flyway resident Canada goose abundance

estimates from 1980 — 2015 (Dolber et al. 2014, U.S. Fish and Wildlife Service 2015).
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Figure 2. Physiographic region and non-habitat and potential habitat for Canada goose developed before the random plot selection,

North Carolina (2015).
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Figure 3. Physiographic regions and location of 300 1-km? plots surveyed, North Carolina April (2015).
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Figure 4. Receiver operating characteristic (ROC) curve testing the strength of the best model

to predict goose presence, North Carolina (2015).
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surrounding the survey plot and percent open water within the 1-km? survey plot. White area removed a priori assuming no geese

present in non-goose habitat, North Carolina April (2015).



