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ACADEMIC ABSTRACT 

Barrier islands are dynamic environments facing increasing vulnerability to climate 

changes, sea level rises, and anthropogenic activities. Hurricane Sandy (October 2012) 

modified the Atlantic coast of the United States. On Fire Island and Westhampton Island, 

New York, multiple overwashes and three breaches occurred. The U.S. Army Corps of 

Engineers filled two breaches, increased dune elevation and stabilized dunes by planting 

American beachgrass (Ammophila breviligulata). They built two restoration areas to mitigate 

the impact of an island stabilization project to federally listed breeding piping plovers 

(Charadrius melodus). The goal of this thesis was to quantify habitat changes after Hurricane 

Sandy, and assess habitat use of piping plovers specifically in human-created restoration 

areas. We created land cover maps using an object-based classification method (overall 

accuracy 85%), and field-collected data from four post-hurricane habitat types. Vegetation 

cover increased across all habitat types, especially in manipulated (30.1% increase) and 

natural overwashes (37.9% increase), while dry sand for nesting declined by 8%. Vegetation 

density indices were higher in natural overwashes than planted engineered dunes, likely a 

reflection of plant age and establishment. We monitored 83 nests (67 pairs) of piping plovers 

from 2015–2017. Restoration areas were successful in attracting breeding piping plovers, 

although pair densities were lowest in this habitat in 2016, and in 2017 plovers selected 

against the restoration areas (χ2 = 29.47, df = 3, p<0.0001). There was no effect of habitat 

type on reproductive parameters. We suggest vegetation removal may be necessary to 

maintain early successional habitats for piping plover management.  

 

 

 

 



 

GENERAL AUDIENCE ABSTRACT 

Barrier islands are thin strips of land, which generally lie parallel to the mainland. 

They are dynamic environments subject to change from weather conditions and ocean 

currents. They are vulnerable to future climate changes, sea level rise, and increased human 

activity. Hurricane Sandy, October 2012, caused major landscape changes to the Atlantic 

coast. On two barrier islands, Fire Island and Westhampton Island, south of Long Island, the 

U.S. Army Corps of Engineers (USACE) further modified the post-hurricane habitats. They 

created two restoration sites designed to offset the impact of an island stabilization project to 

a federally protected breeding shorebird, the piping plover. Piping plovers nest on 

unvegetated or sparsely vegetated sand. We created land cover maps from aerial images and 

collected field data to describe habitat changes after Hurricane Sandy (2013, 2015–2017) in 

four habitat types creating during or after the hurricane. The vegetation cover and density 

increased across these four habitats, but especially in the manipulated overwashes and natural 

overwashes. This is likely due to the age of the plants in each habitat type. As vegetation 

grew back, areas of sand in each habitat type declined. Human-created restoration sites were 

used by plovers but in 2017 plovers used them less than expected. We monitored piping 

plover nests and chicks (April to August 2015–2017), and there were no differences in these 

measurements among habitat types. The findings from this thesis will assist in piping plover 

conservation on Fire Island and Westhampton Island.  
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CHAPTER 1: INTRODUCTION 

 

Barrier islands are thin strips of land generally orientated parallel to the mainland, and 

typically with a beach backshore, dune system, island interior and marsh bayside 

(Leatherman 1988, Gieder et al. 2014). The barrier islands on the Atlantic and Gulf coasts of 

the United States comprise 10% of the global number, and almost one quarter of the total 

global length (Stutz and Pilkey 2001). These systems are uniquely dynamic due to natural 

drivers such as rapid changes in wave energy, sediment supply, ocean currents, and tidal 

effects (Dolan et al. 1980). In turn, these effects shape shoreline vulnerability, ecology, and 

species presence and abundance (Jackson et al. 2008, Ouillon 2018).  

The species that occupy barrier islands experience unique challenges to which they 

have adapted. A variety of plant communities exists on barrier islands, and they support many 

animal species, including threatened species. The interdependent floral and faunal 

communities are all affected by a variety of forces on the coast such as erosion, sand 

deposition, salt spray, tides, storminess, and anthropogenic activities (Miyanishi and Johnson 

2007, Miller et al. 2010, Isermann 2011, Hesp and Walker 2013, Feagin et al. 2015). Not 

only does the plant community help shape faunal distributions, these plant species found 

within the dune system shape island geomorphology and may increase the resiliency of 

barrier islands to frequent storm events (Houser and Hamilton 2009, Hesp and Walker 2013, 

Zinnert et al 2017). 

Human development and stabilization of coastlines have increased over the last 

century, influencing the future responses and adaptability of coastal zones (Halpern et al. 

2008, von Glasow et al. 2013,  Barragán and de Andrés 2015), leading to a call for 

environmental awareness and management of coastal urban areas (Noren et al. 2002, von 

Glasow et al. 2013). Sandy shorelines may be especially vulnerable to erosion induced by sea 

level rise, increased storminess and anthropogenic activities (Brown and McLachlan 2002). 

Although relative rates of sea level rise and sediment supply strongly alter geomorphologic 

changes to the shoreline (McBride et al. 1995), human habitat may have profound effects on 

barrier island vulnerability (Miselis and Lorenzo-Trueba 2017).  

The ecological impact of landscape modifications may be exacerbated by predicted 

increases in storm intensity, extreme precipitation and rates of sea-level rise (Zhang et al. 

2000, Lozano et al. 2004, Emanuel 2013, Kunkel et al. 2013). These future climate events 
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have the potential to threaten coastal intertidal habitat (Galbraith et al. 2002). If left to natural 

processes, increased storminess may improve opportunities for some species, such as those 

dependent on early-successional habitat (Zeigler et al. 2017, Walker et al. in review). 

However, with continued increases in coastal development and habitation, coupled with the 

risk of increased future storm intensity and flooding along the Atlantic coast (Noren et al. 

2002, Woodruff et al. 2013), an increase in engineered coastal stabilization projects is 

inevitable. 

In the United States, an increase in human coastal habitation and recreation has co-

occurred with coastal stabilization projects along the coasts of New Jersey and New York 

resulting in habitat modifications ( Halpern et al. 2008, Maslo et al. 2012, Rice et al. 2017). 

In these states, barrier islands may be stabilized through engineering projects to serve as 

storm defense. Two common practices are the construction of engineered dunes, and planting 

of vegetation to trap sand and stabilize the dune system. Along the northeast Atlantic coast, 

native, salt-tolerant plants such as American beachgrass (Ammophila breviligulata, hereafter 

‘beachgrass’) are row planted to increase dune elevation and stability (Krajnyk and Maun 

1981). In recent years, many beaches have been impacted by beach nourishment, dune 

stabilization and increased dune elevation through engineering efforts resulting in a loss in 

potential species habitat (Rice 2017, Walker et al. in review).  

These habitat changes occur through time and may be quantified using a variety of 

remote sensing methods. Land cover maps based on remotely sensed data such as satellite 

imagery, aerial photography, and Light Detection and Ranging (LiDAR) are used not just to 

detect land cover change but also to understand species distribution, resource use and 

selection, and spread of invasive species (Underwood et al., 2007). Unfortunately, land cover 

classes cannot be directly extracted from remotely sensed images, but they can be indirectly 

derived from the spectral information stored within the images’ pixels using classification 

methods. Biologists commonly use classification tools to interpret remotely sensed data for 

modelling purposes. Therefore, understanding the associated accuracy of these methods is 

vital in interpreting the results correctly. Spatial analyses with high classification error could 

lead to misinterpretation of results (Congalton and Green 1993). Coastal systems such as 

barrier islands are distinct from urban or forested environments, where image classification 

studies commonly focus, and present a new challenge with its inherent stochasticity.   
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Landscape changes through coastal habitat modification and human disturbance is of 

concern for obligate coastal species such as shorebirds that have shown declines in 

abundance and reduced condition with increased human disturbance (Brown and McLachlan 

2002, Defeo et al. 2009, Foster et al. 2009, DeRose-Wilson et al. 2018, Gibson et al. 2018). 

Many shorebird species including the piping plover have their life histories rooted in 

dynamic, early successional systems and depend on natural processes such as overwash or 

flooding events to create suitable habitat (USFWS 2014, Hunt et al. 2018, Fraser and Catlin 

in press). On the Atlantic coast they nest on un-vegetated sandy or coarse grain substrate and 

typically rely on moist sand and tidal mud flats to forage on invertebrates (Elias et al. 2000, 

Cohen et al. 2009). Breach and overwash events from storms and hurricanes can result in 

creation of unvegetated potential nesting and foraging habitat (Cohen et al. 2009, Walker et 

al. in review 2018) such that piping plover pair numbers tend to increase following these 

early successional habitat creating events (Wilcox 1959, Cohen et al. 2009, Robinson et al. in 

prep). However, the dune stabilization efforts for human benefits prevent essential natural 

coastal processes such as ocean to bay overwash (Nordstrom 2005, Defeo et al. 2009, Maslo 

et al. 2012), thereby reducing available habitat for plovers. Decreased suitable habitat is 

partially responsible for piping plovers being listed in 1986 under the Endangered Species 

Act (USFWS 1985). 

In October 2012, Hurricane Sandy made landfall on the Atlantic coast of the United 

States causing significant changes to the landscape (Rice 2017). In New York, Hurricane 

Sandy altered the coastline including barrier islands, Fire Island and Westhampton Island, 

south of Long Island (Rice 2017). Much like other developed urban areas along the Atlantic 

Coast of the United States, these two barrier islands have been heavily manipulated by 

humans (Bocamazo et al. 2011, Rice 2017). On Fire and Westhampton Islands, multiple 

washover events and three full breaches occurred during Hurricane Sandy. One breach was 

left open while the United States Army Corps of Engineers (USACE) filled the other two 

soon after Hurricane Sandy. The storm-surges and wave action pulled out deep-rooted plants 

and deposited sediment within the bay, creating flood-shoals. In some locations, dunes were 

elevated through dredge sand placement, snow fencing (to trap sand), and American 

beachgrass was row-planted on elevated dunes. Following Hurricane Sandy, the USACE 

proposed the Fire Island Inlet to Moriches Inlet Stabilization Project (FIMI), a coastal risk 

reduction project that was designed to reduce future impacts of large storms on coastal 

communities. 



4 

 

Fire and Westhampton Islands are included in the New York - New Jersey recovery 

unit for piping plovers set by the United States Fish and Wildlife Service (USFWS). The 

population size of the recovery unit has reached up to the target population goal of 575 

individuals in 2007, but since then has declined (USFWS 2009). Under Section 7 of the 

Endangered Species Act (16 USC 1531 et seq.), the USFWS developed a Biological Opinion 

(BIOP; USFWS 2014) to assess the potential impact of the FIMI project on breeding piping 

plovers present in the area. The BIOP included habitat creation and management goals meant 

to mitigate loss of plover breeding habitat from the stabilization project. Approximately 45 

hectares of restoration area were created during the winter of 2014, intended to imitate 

overwash habitat which could have been created if the FIMI project were not implemented. 

Although successional development on coastal dunes has been well studied, most of the 

previous studies have focused on its impacts on dune stabilization, or island geomorphology 

(Miller et al. 2001, Bocamazo et al. 2011), and not the effects on barrier island flora and 

fauna that inhabit the barrier island ecosystem.  

We studied the impacts of Hurricane Sandy and the subsequent human alterations on 

the vegetation of Fire Island and Westhampton Island, and the associated effects on piping 

plover habitat use and reproductive success. To address fine-scale habitat changes and plover 

response, this thesis research was designed to achieve the following goals:  

1. Assess land cover image classification methods in coastal barrier island systems using 

high-resolution orthoimagery (Chapter 2).  

2. Quantify and compare habitat changes following Hurricane Sandy among four post-

hurricane habitat types on Fire and Westhampton Islands (Chapter 3).   

3. Examine the habitat selection and reproductive output of breeding piping plovers in 

USACE-created restoration areas and three other post-hurricane habitats (Chapter 4).  

In Chapter 1, we compared two pixel-based methods and one object-based method for 

classifying high-resolution, four band aerial imagery. Effective wildlife management and 

species conservation rely on accurate habitat assessment for species management decisions. 

The objectives of Chapter 1 were 1) compare accuracy rates among two common pixel-based 

classification methods and one object-based image classification method, 2) inform 

interpretation of different land cover classes in coastal systems, 3) assess changes in the 

overall accuracy with the inclusion of additional post-processional tools and LiDAR, and 4) 

provide recommendations, requirements and guidance for creating land cover maps for 
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resource selection analyses in these habitats. Specifically, we focused on a section of Fire 

Island to inform fine scale habitat selection and ecological research of plovers and a common 

mammalian nest predator, the red fox (Vulpes vulpes; Patterson et al., 1991).  

After selecting the most accurate method for image classification, we used this 

approach in Chapter 2 to quantify fine-scale habitat changes following Hurricane Sandy. The 

objectives of this chapter were 1) quantify the proportion of vegetation cover above the 

annual high tide in four post-hurricane habitat types, and 2) assess vegetation density in row-

planted, engineered dunes compared to natural overwash. By improving our understanding 

and the role of plant communities in barrier island ecology, our hope was to guide habitat 

management for early successional habitat dependent species, specifically federally 

threatened and endangered piping plovers.  

Lastly, in Chapter 3, we examined piping plover habitat use and local reproductive 

success at two human-created restoration sites and compared this with three other post-

hurricane habitats. Specifically our objectives were 1) assess the availability and plover use 

across four post-hurricane habitats and, if present, identify habitat selection, 2) quantify 

reproductive success (nest numbers, brood numbers and chick condition) in restoration 

habitats and three other post-hurricane habitats, and 3) document whether restoration sites 

ecologically functioned as plover habitat in a similar way to other post-hurricane habitat 

types.  
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Abstract  

Quantifying landscape metrics is an important aspect of ecological research. To understand 

how a species of interest interacts with its physical environment, we commonly use imagery 

to quantify area, land cover types, geological features, and distance variables. Common 

methods of analysis include supervised and unsupervised pixel-based image classification, 

but error associated with these methods often is ignored in ecological research and not well 

studied in coastal systems. We address the error in two common pixel-based methods and 

compare them with an object-based method by classifying high-resolution coastal 

orthoimagery. We aimed to 1) present classification accuracy metrics associated with three 

image classification methods, 2) compare classification error associated with different coastal 

land cover classes, 3) assess the overall accuracy with the inclusion of additional post-

production tools and LiDAR, and 4) make recommendations based on resources and land 

cover identification goals when using high-resolution coastal aerial imagery. We found the 

highest overall accuracy was in the supervised object-based method using K-Nearest 

Neighbour (KNN) classifier (85%) compared to the unsupervised (69%) and supervised 

(79%) pixel-based classification using ISODATA and Maximum Likelihood classifiers, 

respectively. With the inclusion of post-processing tools and LiDAR overall accuracy 

improved slightly (2–4%). Land cover class user’s accuracy was variable among methods, 

but higher accuracy was observed with spectrally distinct classes including water and 

woodland. Land cover area estimates were most accurate (all within error adjusted 95% 

confidence intervals) with the supervised object-based method including LiDAR. However, 

users should consider the resources available (including personnel, data, financial cost and 
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computational power) and their expected outcomes when selecting the most appropriate 

method.   

Keywords: barrier islands, coastal conservation, high-resolution aerial imagery, image 

classification, object-based classification.   

1. Introduction 

 Thematic maps (i.e., maps designed to show particular themes connected with a 

specific geographic area) composed using remotely sensed data such as satellite imagery, 

aerial photography, and Light Detection and Ranging (LiDAR) are commonly used in 

ecological studies to understand species distribution, resource use and selection, to detect 

land cover change and monitor invasive species (Underwood et al., 2007; Kennedy et al., 

2014; Rose et al., 2015). These maps have multiple applications in wildlife and conservation 

research where information on land cover is necessary. With open source freely available 

data from agency providers (e.g. U.S. Geological Survey) and self-controlled drones, the 

accessibility of these data has increased in recent decades (Pettorelli et al., 2018; Ruwaimana 

et al., 2018).  

 To create land cover maps, spectral imagery is obtained using a remote sensor, and 

the spectral data are then classified into information classes of interest to the user (Campbell 

and Wynne, 2011). The accuracy of this classification will determine, in large part, how 

useful the resultant land cover map is. Thus, classification accuracy has been the subject of 

numerous studies. However, most studies to date have concentrated on forested and urban 

areas (e.g. Hsieh et al., 2017; Shi and Yang, 2017; Hassan and Southworth, 2018). Less 

attention has been directed at coastal systems (but see Chust et al., 2008; McCarthy and 

Halls, 2014; Correll et al., 2018), particularly classification accuracy for barrier island 

mapping.  

Pixel-based approaches commonly are used for image classification.  These methods 

use spectral information in pixels, the smallest unit in an image, to assign classes either by 

grouping similar pixels (‘unsupervised’) or using decision-based training samples 

(‘supervised’). Unsupervised pixel-based classification identifies natural groups or structures 

within multispectral data (Campbell and Wynne, 2011). The advantages to the unsupervised 

method are that 1) extensive prior knowledge of the region is not needed, 2) human error is 

minimized, and 3) unique classes are recognized as distinct units. However, unsupervised 

classification identifies spectrally homogeneous classes within the data that do not 
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necessarily correspond to the informational classes found on the landscape of interest to the 

analyst. Furthermore, the analyst has limited control over the menu of classes and their 

spectral identities, and spectral properties of informational classes may change over time. In 

such cases, the relationship between informational classes and spectral classes is not constant, 

which limits the comparison of these relationships though time.   

Supervised pixel-based classification is a more interactive method for pixel-based 

classification. This method involves the use of known identity samples to classify pixels of 

unknown identity. These identified samples, known as training samples, should typify the 

spectral properties of the informational classes. Hence, they should not include unusual 

regions, such as spectrally vague examples, or straddle the boundaries between classes. The 

advantages of the supervised pixel-based method are that 1) the analyst controls the specific 

selection process through the choice of training samples in the image, 2) there is no need to 

match spectral classes to informational classes post-hoc, and 3) due to the selection of 

training samples, the user can detect areas of serious misclassification by editing the training 

sample set (Campbell and Wynne, 2011). Conversely, the selection of training samples, 

unlike unsupervised classification, imposes a classification structure on the data, which may 

not match the natural spectral classes or complex conditions throughout the image. Secondly, 

the training data often are defined primarily on reference to informational classes (more than 

spectral properties) and may perform badly as a training set when applied to unknown pixels. 

Lastly, the training process can be time-consuming, expensive, and tedious.  

Object-oriented classification is an alternative method for creating thematic maps that 

has attracted significant attention in recent years (Blaschke, 2010; Ma et al., 2017). This 

method uses a two-step process (segmentation and classification) intended to mimic a higher 

order classification procedure (such as machine learning methods), which begin to represent 

real objects on the ground so that urban areas, vegetated areas, and water bodies begin to 

form distinct objects. The segmentation process produces objects by grouping adjacent pixels 

of similar characteristics into objects based on user-defined parameters. The second process, 

classification, is similar to the supervised pixel-based method where the analyst selects 

training samples based on a priori knowledge or datasets. The benefits of this approach 

include the ability to use data with small pixel size relative to the objects of interest 

(Blaschke, 2010). Additionally, because this method uses not only brightness characteristics 

but also contextual information such as sizes, shapes and regional textures, and produces a 
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more human-like interpretation of an image. Furthermore, recent studies have found higher 

classification accuracy with object-based classification compared to pixel-based classification 

(Whiteside and Ahmad, 2005; Yu et al., 2006; Myint et al., 2011). However, the object-based 

classification method can be computationally demanding due to the user input and turnover 

of the imagery through a two-step process.  

Regardless of the method of image classification, it is important that users understand 

the accuracy of their maps. Obviously, thematic maps with a high classification error could 

lead to misinterpretation of results (Congalton and Green, 1993). Biologists commonly use 

classification tools to interpret remotely sensed data for modelling purposes, thus, 

understanding the associated accuracy of these methods is vital in interpreting the results 

correctly. Overall accuracy can be improved though a variety of methods (Underwood et al., 

2007; Myrint et al., 2011). When using a combination of imagery and LiDAR, accuracy 

metrics have shown increases in classification accuracy (McCarthy and Halls, 2014; Ehlers et 

al. 2018). LiDAR is a form of image acquisition using a laser and active sensor, independent 

of solar illumination, comparing transmitted and returned energy (Campbell and Wynne 

2011). The reflected surface light energy is then recorded as a measure of time travelled. The 

discrepancy in time travelled (‘returns’) can provide information on the topography of the 

ground or non-ground objects, such as vegetation.  

The objectives of this study were 1) to compare accuracy metrics among two common 

pixel-based and one object-based image classification methods in a coastal barrier island 

system, 2) to assess the overall accuracy of each method with the inclusion of additional post-

processing tools and LiDAR, and 3) to provide recommendations and guidance for creating 

land cover maps for resource selection analyses in coastal barrier island habitats. Specifically, 

we focused on a coastal study area, Fire Island (New York, USA), to inform fine scale 

ecological research of piping plovers (Charadrius melodus) and a common nest predator red 

foxes (Vulpes vulpes; Patterson et al., 1991). We were interested in producing land cover 

maps to understand fine-scale habitat changes and habitat use, important for our study of 

piping plovers and red foxes on Fire and Westhampton Islands, New York.  

2. Material and Methods 

2.1. Study site, species and land cover types 
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Fire Island is a coastal barrier island south of Long Island, New York, USA (Fig. 1). 

We selected a 2.6 km subset of the island from the easternmost boundary of the Otis Pike 

Wilderness Area managed by the National Park Service, to the Hurricane Sandy created 

breach, Old Inlet (Fig. 1). We selected this subset as it included all informational classes 

(land cover types) of interest. Barrier islands support a variety of plant and animal species, 

which are found across these different land cover types. Disturbance dependent species, such 

as Seabeach Amaranth (Amaranthus pumilus), and both breeding and migrating coastal birds 

(such as threatened Piping Plovers (Charadrius melodus), Least Terns (Sternula antillarum), 

American Oystercatchers (Haematopus palliates)), rely on unvegetated or sparsely vegetated 

ocean backshore, overwash fans and intertidal foraging areas. Red Fox (Vulpes vulpes) are 

typically found denning in the more dense vegetation (Krim et al., 1990; Gieder, 2015) but 

use habitat types throughout barrier islands. Saltmarsh Sparrow (Ammodramus caudacutus) 

can be found nesting in the bayside marshes. From these habitats, we developed seven 

informational land cover classes of interest: – 1) beachgrass, 2) intertidal wet sand, 3) marsh, 

4) dry sand, 5) shrub, 6) water, and 7) woodland (Table 1), and assessed the accuracy of 

different classification methods in identifying them. 

2.2 Aerial imagery and pre-processing 

High-resolution aerial orthoimagery and LiDAR data were collected in February 2016 

and April 2016, respectively, by Axis Geospatial Inc. (Easton, Maryland; Appendix A). 

Imagery was prepared by Axis Geospatial following the American Society for 

Photogrammetry and Remote Sensing (ASPRS) Positional Accuracy Standards for Digital 

GeoSpatial Data, Edition 1, Version 1.0 (2014). Axis Geospatial processed the imagery, 

triangulated it to ground control, and created a Digital Elevation Model (DEM) to ortho-

rectify the images, thus removing distortions created by the camera lenses and ground 

elevations.  

Human infrastructure (e.g., roads, buildings, and parking lots) were easily 

recognizable in the imagery. We digitized their boundaries by hand in ArcMap 10.5 

(Environmental Systems Research Institute, Redlands, California), and excluded these man-

made structures from the image classification to reduce spectral confusion. Confusion in 

classification among land cover classes can occur when multiple spectral signatures are 

relatively similar.   

2.3. Method 1: Unsupervised pixel-based classification (‘UPB’) 
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2.3.1. Classification tool and algorithm 

We used the ‘Iso Cluster Unsupervised Classification’ tool in ArcMap 10.5 to classify 

the imagery for this method. We used the ISODATA classifier, which is the default 

classification algorithm for this tool and is considered superior to the minimum distance 

method (Duda and Hart, 1973; Khatami et al., 2016). During preliminary classifications, 

there was some confusion resulting from spectral overlap of the seven informational classes 

(Table 1), such that the classes were not reliably distinguishable across the imagery. Hence, 

to distinguish the different land cover types, we divided the full range of spectral values in 

our imagery into 30 classes. After classification, we collapsed the classes into the seven 

informational classes by visually inspecting and using the ‘Reclassify (Spatial Analyst)’ tool 

in ArcMap 10.5. For example, spectrally distinct regions like wave tops and stagnant water 

were classified separately and then grouped into a single water class (Table 1).   

2.4. Method 2: Supervised pixel-based classification (‘SPP’) 

2.4.1. Training samples 

We used the ‘Maximum Likelihood Classification’ tool in ArcMap 10.5 to classify 

the imagery for this method. Training samples representing each land cover type were 

selected based on the field-derived reference data and aerial photo interpretation. Given the 

limited amount of reference data in the subset image (n = 26 points), we selected additional 

training samples from the aerial imagery, using local knowledge of island flora and 

landscape, to increase the number of trainings samples (Table 1). Highly distinct classes may 

require fewer training samples to achieve good accuracy, while more spectrally diverse 

classes may require more training samples to present the full range of spectral values found in 

the given class (Campbell and Wynne, 2011). Training samples should reflect the range of 

conditions and spectral characteristics of each class, and preliminary work indicated some 

confusion in regions of the spectral range where informational classes overlapped (e.g., 

between wet sand and beachgrass). To avoid this spectral confusion, as with the UPB 

method, we created more classes than needed and then grouped them using ‘Reclassify 

(Spatial Analyst)’ tool (e.g., spectrally distinct classes like wave tops and stagnant water were 

classified separately and then grouped into a single water class; Table 1). The signatures (or 

spectral means) from the training samples were used in the Maximum Likelihood 

Classification to classify unknown pixels.  
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2.4.2. Classification tool and algorithm 

A common classifier algorithm for SPB is the Maximum Likelihood Classification 

(MLC). Although this classifier has been found to have varying accuracy, it is considered a 

benchmark (Khatami et al. 2016), and it has been successful for simple land cover maps 

(Sisodia et al. 2014). Supervised MLC classification evaluates the variance and covariance of 

brightness values of each band comparing among training samples to assign each unknown 

pixel to a certain class probabilistically.  

2.4.3. Editing tools in ArcMap 

Interactive post-processing tools within ArcMap 10.5 provide an opportunity for the 

user to edit areas of misclassification. We tested the impact of ‘Majority Filter’ on smoothing 

the pixilation (to reduce ‘salt and pepper’ effect; Yu et al., 2006), and ‘Boundary Clean’ on 

smoothing the land cover boundaries. We present the results of both pre- and post-editing 

tools.  

2.5. Method 3: Supervised object-based classification (‘OBB’) 

2.5.1. Segmentation 

We used eCognition Essentials 1.3 software (Trimble, Sunnyville, California, USA) 

to classify the imagery, which functions in steps. First, the image was segmented which is a 

process by which the image is divided into objects based on user-defined parameters. We 

used parameters for scale of 15, color/shape ratio of 0.5, and smoothness/compactness ratio 

of 0.65 (Fig.2). The scale of segmentation employed in the segmentation process influences 

classification accuracy (Whiteside and Ahmad, 2005), as decreases in scale (i.e., larger 

objects) result in a decline in accuracy metrics (Myrint et al., 2011). We used a fine scale 

parameter to reflect the high-resolution (15 cm) imagery, and color/shape and color and 

smoothness/compactness ratios were determined through preliminary visual inspection and 

identifying object boundaries that represented the land cover informational classes.  

2.5.2. Training samples 

As with the SPB method, training samples were selected to represent the 

informational classes using field-reference data and photointerpretation to represent the 

variety of land cover types (Table 1). To avoid any spectral confusion, as with the UPB and 

SPB methods, we created more classes than needed and then grouped them using ‘Reclassify 
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(Spatial Analyst)’ tool (e.g., spectrally distinct classes like dark dry sand and dry sand were 

classified separately and then grouped into a single dry sand class; Table 1). The same 

training samples were used in both iterations of the object-based classification, one with the 

exclusion and one with the inclusion of LiDAR data.  

2.5.3. Classification tool and algorithm 

We selected the K-Nearest Neighbour (KNN) classification algorithm, which is the 

default for eCognition Essentials with k = 1, where k is the number of neighbors considered 

in the classification of an unknown pixel. KNN classifier is a non-parametric distance-based 

classification, which assumes that pixels close to each other in spectral space are likely to 

belong to the same class (Richards, 2013).  

2.5.4 Inclusion of elevation data and editing tools in eCognition 

We predicted that the inclusion of LiDAR would increase overall classification 

accuracy (McCarthy and Halls, 2014). To assess the accuracy of including LiDAR data, we 

performed two iterations of the OBB image classification in eCognition. The first included 

the aerial imagery alone, and the second integrated two additional LiDAR-derived Digital 

Elevation Models into the workflow in eCognition, a Digital Surface Model (DSM) and a 

Digital Terrain Model (DTM).  

The Digital Terrain Model (DTM) contained only LiDAR bare ground returns within 

our study area and represented the ground elevation as a continuous variable (resolution: 1 m; 

range: 0.24–6.75 m). The elevation of other objects on the landscape (such as vegetation and 

structures) was calculated using non-ground LiDAR returns. We used these non-ground 

returns to produce a Digital Surface Model (DSM) using ‘Create LAS Dataset’ and ‘LAS 

Dataset to Raster’ in ArcGIS 10.5. We classified the returns into discrete classes based on 

specific height measurements that represented particular informational land cover types 

(resolution: 3 m; Table 2). The DTM and DSM were used in one iteration of the OBB 

classification in eCognition.   

Furthermore, eCognition offers users the ability to manually inspect the map output 

and correct misidentified objects using the ‘Manual Editing’ tool option. We chose not to use 

this tool in our comparison study, as we did not want to cloud any change in classification 

accuracy from including the DTM and DSM.   
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2.6. Accuracy assessment  

To assess the accuracy of each classification method, we randomly generated 354 

reference points within the boundaries of the study area. At each random point, the photo 

interpreter recorded the land cover type (Table 1) in the aerial image and the predicted land 

cover type based on the classifier. These data were used as the reference in the error matrix 

accuracy calculations, or the agreement between the standard assumed to be correct 

(reference data) and the classified image of unknown quality (Campbell and Wynne, 2011). 

The thematic map is considered accurate if the standard and the classified image closely 

correspond. Anderson (1976) stated at least 85% overall accuracy should be achieved in the 

identification of land cover categories. Ideally, to increase the confidence in the thematic map 

and enhance interpretation, measures of accuracy and good practices are encouraged, 

including the presentation of user’s accuracy, producer’s accuracy and overall accuracy 

(Congalton and Green, 1993; Radoux et al., 2011; Olofsson et al., 2014). Overall accuracy is 

the most basic measure of accuracy, expressed as the proportion of reference sites which 

were most correctly mapped. Producer’s accuracy is the probability that the classifier has 

labelled a pixel as class A given that the actual reference data is the same. User’s accuracy is 

an indication of a map’s accuracy – the probability that an actual class is A given that the 

pixel has been labelled A on the thematic map by the classifier. This distinction is important 

for the use of maps and to accurately interpret land cover derived values; hence, the user’s 

accuracy and overall accuracy should most often be adopted.  

Accuracy assessments typically are based on comparing points of the mapped, or 

predicted, land cover with reference data. This assessment can be performed at different 

scales (i.e. pixel, group of pixels, objects, etc.). Previous studies suggest that an object-based 

strategy may be more appropriate for accuracy assessment (Radoux et al., 2011), but a 

universally best spatial assessment unit may not exist (Stehman and Wickham, 2011). We 

decided to use a pixel-based assessment given the resolution of our imagery, scale of interest, 

and focus on comparing different methods. We converted the OBB maps to raster layers in 

ArcMap 10.5 using the ‘Polygon to Raster’ tool.  

We tested our own ability to correctly identify habitats from the raw aerial imagery. 

Photo interpreter accuracy was assessed using 248 field-derived reference points from across 

the whole of Fire Island, collected in April 2016, November 2016, and April 2017 using a 

high accuracy (<1 m; Robinson et al. in prep) handheld Trimble Geo7x GPS unit. These data 
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were collected in a stratified random design, in an attempt to visit all land cover types, and 

collected within a few months of when the imagery was collected to pair the imagery and 

reference data as closely as possible. We overlaid these field-derived data on aerial imagery 

that most closely corresponded to the time of field data collection (i.e. February 2016, 

September 2016, and April 2017, respectively). At each point, the photo interpreter recorded 

the land cover type they visually detected at that pixel in the raw image. We created an error 

matrix to quantify our photointerpretation accuracy as compared to the field-derived land 

cover type (Table 3).   

2.7. Error adjusted area 

Land cover maps allow us to estimate the proportion and area of each land cover 

class. However, area estimates of each land cover class are often biased because of 

classification error (Olofsson et al., 2013). We used results from the error matrices for each 

method (UPB, SPB without and with editing tools, and OBB without and with LiDAR) to 

adjust for each associated classification error (Olofsson et al., 2013). The technique requires 

1) estimates of area in each class from the map (obtained from the attribute table in ArcMap 

using the cell count values) and 2) the size of each cell (based on the spatial resolution of the 

image (15 cm; Appendix A). We then calculated an adjusted area, standard error and lower 

and upper 95% confidence intervals for each land cover type accounting for the error 

associated with that method (Olofsson et al., 2013).  

3. Results 

Land cover classes were correctly identified by the photo interpreter and matched our 

field observations at 82% of field collected data points (Table 3), and no land cover type was 

misidentified more often than it was correct (>50% accuracy across land cover classes).  

Overall classification accuracy was 69% for UPB, 79% for SPB, and 85% for OBB 

(Table 4 a-b, d; Table 5). Overall accuracy increased from 79% to 81% for the SPB 

classification method with the use of majority filter and boundary clean tools (Table 5). The 

OBB method accuracy without LiDAR was 85% and increased to 89% with the addition of 

LiDAR (Table 5).  

The user’s accuracy ranged from 7–100% for the UPB method, 52–100%, for the SPB 

method, and 59–100% for OBB (Table 4 a-b, d; Table 5). We recorded the highest user’s 

accuracy for water (100%) for the UPB method, water and woodland (both 100%) for the 
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SPB user’s accuracy, and for woodland (100%) for the OBB method (Table 5). User’s 

accuracy was least accurate in wet sand for UPB (7%), beachgrass for the SPB (52%), and 

beachgrass and wet sand (both 59%) for OBB method (Table 5).  

The user’s accuracy for the SPB with post-processing tools was generally similar to 

that of the SPB method without the use of the post-processing tools (Table 4b–c; Table 5). 

Similarly, the user’s accuracy for the OBB method with LiDAR was generally comparable to 

the OBB method without LiDAR (Table 4d–e), where user’s accuracy increased slightly 

(ranging from 62–100%; Table 5).  

For different land cover classes, the producer’s accuracy ranged from 12–100% for 

the UPB method, 52–100% for the SPB method, and 69–100% for the OBB method (Table 4 

a-b, d). Woodland cover type was classified with 100% producer’s accuracy with every 

method we tested (Table 4a-e), followed by the dry sand cover type, which was classified 

with 100% producer’s accuracy with 2 (SPB and SPB w/edits; Table 4b-c) out of 5 methods 

(UPB, SPB, SPB w/edits, OBB, OBB w/LiDAR) we tested. Producer’s accuracy was least 

accurate for beachgrass (12%) with the UPB method and shrub for both SPB (52%) and for 

OBB (69%) methods (Table 4 a-b, d).  

The producer’s accuracy for the SPB with post-processing tools was generally similar 

to that of the SPB method without the use of the post-processing tools (Table 4b-c). 

Similarly, the producer’s accuracy for the OBB method with LiDAR was generally 

comparable to the OBB method without LiDAR (Table 4d-e).  

The UPB method adjusted for land cover classification error, estimated less area of 

wet sand, marsh, and dry sand than our land cover map indicated, but slightly more 

beachgrass, shrub, and water (Fig.4a). Classification of woodland was highly accurate with 

the area mapped and the area adjusted overlapping (Fig.4a). With the SPB method, we found 

less area of beachgrass and dry sand than the mapped area would indicate, but more marsh, 

shrub, and water (Fig.4b). Woodland and wet sand were highly accurate with the area 

mapped and the area adjusted overlapping (Fig.4b). These trends were similar following the 

use of post-processing tools with the SPB approach (Fig. 4c).  

The mapped area of dry sand, shrub, and woodland land cover classes were highly 

accurate with the OBB method (Fig.4d). After adjusting for classification error in the OBB 

method, less area of beachgrass and wet sand were estimated but more area of marsh, and 
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water than the land cover map would indicate (Fig.4d). With the addition of LiDAR in the 

OBB method, all mapped areas fell within the 95% confidence intervals of the adjusted area 

estimates (Fig.4e).  

We found all approaches except the OBB (without LiDAR) overestimated the area of 

dry sand in the predicted land cover maps than the area once error adjusted (Ofolsson et al., 

2013; Fig.5). For both the pre- and post-edited SPB method, the mapped area of dry sand fell 

outside the 95% confidence intervals of the adjusted area (Fig.5). For the UPB and OBB 

(with LiDAR), the mapped area of dry sand fell within the upper 95% confidence intervals of 

the adjusted estimates. We found the smallest confidence intervals with the OBB (without 

LiDAR) method (Fig.5).   

The computational demands and user input varied with method (Appendix B). The 

object-based approach was the most time consuming and computationally demanding while 

the UPB method was the least intensive. Interactive time was particularly longer for less 

spectrally distinct classes, requiring more training samples, whereas more distinct land cover 

classes required fewer training samples.  

4. Discussion 

Overall accuracy was greater for supervised methods than for the unsupervised 

methods and greater for the object-based method (both without and with the addition of 

LiDAR) than for the two pixel-based methods. These results suggest that the OBB method 

has the greatest potential for extracting accurate land cover information in coastal barrier 

island habitats similar to those on Fire Island. This result supports previous work showing 

higher accuracy with supervised classification methods (Alrababah and Alhamad, 2006; 

McCarthy and Halls, 2014) and object-based land cover classification methods (Yu et al., 

2006; Whiteside and Ahmad, 2005; Myint et al., 2011). Overall accuracy was lowest in the 

unsupervised pixel-based method, as found in previous studies (Yan et al., 2006; Myint et al., 

2011). The use of post-processing tools and inclusion of LiDAR yielded in general a 

marginal increase in measures of accuracy.  

Each classification approach uses a unique classifier; ISODATA for UPB, Maximum 

Likelihood Classification (MLC) for SPB, and K-Nearest Neighbour (KNN) for the OBB 

approach. The overall accuracy of the SPB approach (79%, or 81% after post-processing 

tools) included the use of MLC algorithm, with these results supporting previous work by Lu 

et al. (2004) comparing classifiers. The MLC, considered a benchmark classifier, reportedly 
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offers lower accuracy than other classifiers, such as support vector machines, neural network 

methods, and random forest classifiers, though classifier suitability may vary across cases 

(Khatami et al., 2016). For example, in coastal salt marshes of the United States, the random 

forest algorithm out performed all others in marsh zonation (Correll et al., 2018). Moreover, 

classifier performance may vary with the training data sample size and range. MLC has 

shown decreases in accuracy with increased sample size, while a KNN (k =1) classifier may 

be more robust (Yu et al., 2006).   

The use of combined supervised and unsupervised methods may be useful when 

landscapes are spectrally complex, or when the analyst lacks familiarity with a site 

(Rozenstein and Karnieli, 2011). This combination may be applicable for regions where we 

experienced spectral overlap (such as between wet sand and beachgrass land cover types). 

Additionally, familiarity with the study area and access to ground reference data can improve 

the identification of habitats of interest. Accuracy assessment using photointerpretation may 

be the best option for users unable to access remote or challenging systems. Previous work 

found insignificant differences among photo interpreters (Congalton, 1983), supporting the 

use of photointerpretation as a form of validation.  We demonstrated the accuracy associated 

with photointerpretation of land cover classes (82%) from field-derived data.  

Overall accuracy is an important measure of classification performance, however, 

other parameters of accuracy (such as user’s accuracy, producer’s accuracy, and land cover 

error adjusted area estimates and confidence intervals) may be more informative. User’s 

accuracy allows the interpreter to understand accuracy in the thematic map they are using 

(Stehman, 1997).  

When presenting estimates of area, Olofsson et al. (2013) recommend presenting 

confidence intervals around the area estimate of each land cover types as a measure of 

uncertainty in land change interpretation. These values, which are derived from a 

classification error matrix, the proportion of land cover classes and image resolution, can 

provide information about class specific performance. We found a variation in land cover 

class accuracy and estimated areas among classes, and classification methods. Variation in 

land cover class accuracy may vary between classifiers (Yu et al., 2006). In general, distinct 

and unchanging classes, such as woodland had high accuracy with all approaches where 

mapped and adjusted area estimates overlapped. However, classes that have a broader 

spectral range contained greater variation among the three classification approaches. For 
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example, although overall accuracy was greater in the OBB (with LiDAR), the adjusted area 

estimate for dry sand was more accurate using the OBB method without LiDAR when 

compared with the mapped area. By understanding the associated accuracy for each class, we 

can make more reliable inferences about the land cover and whether the map is appropriate 

for habitat types of interest.  

In a recent review, Khatami et al. (2016) focused on two general factors 

(classification algorithms and input data manipulation), that are most easily manipulated by 

analysts to improve classification accuracy. Overall accuracy in image classification was 

most improved through the inclusion of additional spatial context information (Lu et al., 

2007; Khatami et al., 2016). We tested the impact of post-processing editing tools for the 

SPB method and the inclusion of LiDAR with the OBB approach in our assessment, and we 

found a marginal increase (2–4%) in overall classification accuracy. Previous studies of 

coastal classification mapping show a greater increase in accuracy with the inclusion of 

LiDAR (Lee and Shan, 2003; Chust et al., 2008). In one example of coastal mapping, the 

addition of Digital Terrain Model (DTM), derived from LiDAR, produced gains of 10–27% 

in user’s and producer’s accuracy (Chust et al., 2008). The inclusion of LiDAR derived 

Digital Elevation Models may be most applicable for classes that spectrally overlap but are 

distinct in height. Furthermore, given the generally homogeneous and low elevation 

landscape of our study area (as compared to an urban or forested environment), the inclusion 

of LiDAR may not have provided much additional information to the classification. There are 

other options to improve accuracy, such as clipping of man-made structures to reduce the 

spectral confusion among similar classes. We employed this approach in our imagery to 

remove human development, such as concrete structures, paved roads and buildings, which 

were easily identified. For analysts with limited resources and spectrally similar habitats, the 

financial cost of LiDAR acquisition may not be worth the small increase in overall accuracy, 

and other methods may be employed. 

Computational and logistical demands varied among the three image classification 

methods. Unsupervised pixel-based classification required the least amount of time among 

the three methods, with results achieved in a day. The other two methods, SPB and OBB, 

were more time intensive with the latter being the most time consuming, due to its two-step 

procedure, and iterative process of producing training samples. The computational options 

available to analysts, such as an array and access of software and classifier algorithms, can 

seem overwhelming, and may result in demanding financial, time or personnel resource.  
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5. Conclusion  

In this study, we compared two pixel-based methods commonly used for classification 

with an object-based approach to produce land cover classification maps using barrier island 

orthoimagery. We chose informational classes to assist studies of two coastal vertebrate 

species (piping plover and red fox). For species management, in particular, achieving high 

accuracy in land cover classification of key informational classes equates to interpretations 

that are more reliable and perhaps, more accurate understanding of key species attributes, 

such as habitat use. We believe the increased overall accuracy in the OBB approach is due, 

perhaps in part, to the additional segmentation step which accounts for a more ‘human like’ 

landscape interpretation, otherwise lost in the pixel-based approaches.  

Based on our results, we encourage the use of object-based classification methods if 

the necessary resources are available and if the interest is in high-resolution coastal land 

cover maps. Furthermore, we encourage users to produce and present error matrices for land 

cover maps and adjust their expected class areas accordingly.  
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Table 1  

Land cover classes, and descriptions (Dowhan and Rozsa, 1989), identified on Fire Island, New York, and training data details. The same 

training data was used for the supervised pixel-based (SPB) without and with editing tools, and the same training samples were used for the 

supervised object-based (OBB) without and with LiDAR.     

Land cover  Description SPB training sample count OBB training sample count 

beachgrass Vegetation cover of ≥20% dune grass where beach grass 

(Ammophila breviligulata) was the dominate plant 

species predominately on the primary dunes. 

21 polygons of 2,836 pixels 1,592 objects 

wet sand  Moist area of bare, wet sand between low and high tide. 

This also included moist sand found near ephemeral 

pools. 

15 polygons of 24,053 pixels 623 objects 

marsh Vegetation cover of ≥20% where wetland plant species 

dominated the cover, including Salt-meadow Cordgrass 

(Spartina patens), Salt-marsh Cordgrass (Spartina 

alterniflora), and common reed (Phragmites australis). 

17 polygons of 3,1795 pixels 1,421 objects 

dry sand Unvegetated or sparsely vegetated (<20% ground cover) 

with sandy or pebble substrate. This was predominately 

the beach along the ocean side of the island and some 

inland in unvegetated areas. 

27 polygons of 22,136 

(dry sand = 12 polygons of 14652 pixels, 

dark dry sand = 7 polygons of 1565 

pixels, red dry sand = 8 polygons of 5919 

pixels) 

1,268 objects 

(dry sand = 965 objects, dark dry sand = 303 

objects) 
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shrub Woody shrubs or lowland herbaceous ground cover 

dominated with species including Beach Heather 

(Hudsonia tomentosa), Catbriar (Smilax), Bayberry 

(Myrica pensylvanica). 

13 polygons of 2,958 pixels 1,071 objects 

water This included ocean, bay, mosquito ditches and inland 

ponds. 

14 polygons of 13,641 pixels 

(water = 5 polygons of 8,505 pixels, wave 

tops = 9 polygons of 5,136 pixels) 

1,185 objects 

(water (648 objects), wave tops (537)) 

woodland Dense vegetation cover dominated by tree species 

including Pitch Pine (Pinus rigida), Japanese Black Pine 

(Pinus thunbergii) or Black Oak (Quercus velutina). 

7 polygons of 1,888 pixels 29 objects 
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Table 2  

The classification scheme for LiDAR returns into informational classes to produce the Digital Terrain Model (DTM) and Digital Surface Model 

(DSM) used in one iteration of the object-based classification method.    

Description Cell count Range (m) 

Unassigned 469,472 Anything that could not be accurately identified as any of the other classes. 

E.g. Building tops, Powerlines, Towers 

Ground 1,832,725 Around 0 (near to but may be below and above) 

Low Vegetation 54 0.091–0.244 above ground 

Medium Vegetation 16,722 0.244–1.829 above ground 

High Vegetation 124,623 > 1.829 

Noise 67,188 Low or High (more radical points) 

Water 4,493,863 A hydro polygon classifies everything inside it from ground to water. 

Bridge Deck 2,401 The entire superstructure of the bridge 

High Noise 11,296 Low or High (more radical points) 
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Table 3  

The photo interpreter accuracy with field collected reference data using the entire of Fire Island from Moriches Inlet to Fire Island Inlet, and 

Cupsogue County Park, New York. The field collected reference data (columns) was based on island-wide data set (n = 248). The 

photointerpretation (rows) was based on analyst land cover class identification from the imagery at that point. Values in the matrix indicate the 

number of cells classified into the respective class categories, and the diagonal values (in bold) indicate the number of accurately classified cells.   

 
 

    Reference data       

  beachgrass wet sand marsh dry sand shrub water woodland total  overall  

accuracy (%) 

producer’s 

accuracy (%) 

user’s 

accuracy (%) 

P
h
o
to

in
te

rp
re

ta
ti

o
n

 

beachgrass 46 0 2 2 1 0 0 51 - 87 90 

wet sand 0 15 1 6 0 5 0 27 - 62 56 

marsh 0 2 37 0 2 1 0 42 - 90 88 

dry sand  6 5 0 66 1 1 2 81 - 88 81 

shrub 1 0 1 1 26 0 3 32 - 87 81 

water 0 2 0 0 0 5 0 7 - 42 71 

woodland 0 0 0 0 0 0 8 8 - 62 100 

total 53 24 41 75 30 12 13 248 82 - - 
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Table 4  

Error matrix and associated accuracy metrics: The overall accuracy for each classification method that is (a) unsupervised pixel-based (UPB), (b) 

supervised pixel-based (SPB), (c) supervised pixel-based including post-processing editing tools (SPB w/editing tools), (d) supervised object-

based (OBB), and (e) supervised object-based with LiDAR (OBB w/LiDAR). Reference data (columns) were randomly generated points 

(n=354) where land cover type was identified by a photo interpreter, and the predicted land cover type based on the thematic map produced from 

each method of image classification (rows). The numbers running diagonally in bold are those where reference and mapped land cover types 

were in agreement.  

 

 

(a) 
 

Reference data    
  

beachgrass wet sand marsh dry sand shrub water woodland total overall 

accuracy (%)  

producer’s 

accuracy 

(%) 

user’s  

accuracy 

(%)  

P
re

d
ic

te
d
 l

an
d
 c

o
v

er
 (

U
P

B
) 

beachgrass 3 0 7 0 1 0 0 11 - 12 27 

wet sand 9 2 1 12 2 1 0 27 - 18 7 

marsh 2 1 86 3 27 5 0 124 - 83 69 

dry sand 11 8 3 71 3 2 0 98 - 83 72 

shrub 0 0 7 0 12 0 0 19 - 25 63 

water 0 0 0 0 0 69 0 69 - 90 100 

woodland 0 0 0 0 3 0 3 6 - 100 50 

total 25 11 104 86 48 77 3 354 69 - - 
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(b)  Reference data     

  beachgrass wet sand marsh dry sand shrub water woodland total overall  

accuracy 

(%) 

producer’s 

accuracy 

(%) 

user’s  

accuracy 

(%)  

T
h
em

at
ic

 m
ap

 (
S

P
B

) 

beachgrass 14 0 11 0 2 0 0 27 - 56 52 

wet sand 2 7 0 0 0 1 0 10 - 64 70 

marsh 0 0 74 0 17 5 0 96 - 71 77 

dry sand 9 4 6 86 4 0 0 109 - 100 79 

shrub 0 0 13 0 25 0 0 38 - 52 66 

water 0 0 0 0 0 71 0 71 - 92 100 

woodland 0 0 0 0 0 0 3 3 - 100 100 

total 25 11 104 86 48 77 3 354 79 - - 
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(c) 
 

Reference data    
  

beachgrass wet sand marsh dry sand shrub water woodland total overall  

accuracy  

(%) 

producer’s 

accuracy 

(%) 

user’s  

accuracy  

(%)  

T
h
em

at
ic

 m
ap

 (
S

P
B

 w
/e

d
it

in
g
 

to
o
ls

) 

beachgrass 14 0 15 0 2 0 0 31 - 56 45 

wet sand 0 6 0 0 0 1 0 7 - 55 86 

marsh 0 0 74 0 12 4 0 90 - 71 82 

dry sand 11 5 7 86 3 1 0 113 - 100 76 

shrub 0 0 8 0 31 0 0 39 - 65 79 

water 0 0 0 0 0 71 0 71 - 92 100 

woodland 0 0 0 0 0 0 3 3 - 100 100 

total 25 11 104 86 48 77 3 354 81 - - 
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(d) 
 

Reference data    
  

beachgrass wet sand marsh dry sand shrub water woodland total overall  

accuracy  

(%) 

producer’s 

accuracy 

(%) 

user’s  

accuracy 

(%) 

T
h
em

at
ic

 m
ap

 (
O

B
B

) 

beachgrass 20 0 10 1 3 0 0 34 - 80 59 

wet sand 1 10 0 5 0 1 0 17 - 91 59 

marsh 0 0 82 0 10 3 0 95 - 79 86 

dry sand 4 1 1 80 2 0 0 88 - 93 91 

shrub 0 0 10 0 33 1 0 44 - 69 75 

water 0 0 1 0 0 72 0 73 - 94 99 

woodland 0 0 0 0 0 0 3 3 - 100 100 

total 25 11 104 86 48 77 3 354 85 - - 
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(e) 
 

Reference data    
  

beachgrass wet sand marsh dry sand shrub water woodland total overall  

accuracy 

(%) 

producer’s 

accuracy 

(%) 

user’s  

accuracy 

(%) 

T
h
em

at
ic

 m
ap

 (
O

B
B

 w
/L

iD
A

R
) beachgrass 18 0 6 1 4 0 0 29 - 72 62 

wet sand 0 10 0 2 0 1 0 13 - 91 77 

marsh 0 0 93 0 6 4 0 103 - 89 90 

dry sand 7 1 2 83 2 0 0 95 - 97 87 

shrub 0 0 3 0 35 0 0 38 - 73 92 

water 0 0 0 0 0 72 0 72 - 94 100 

woodland 0 0 0 0 1 0 3 4 - 100 75 

total 25 11 104 86 48 77 3 354 89 - - 
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Table 5  

The overall accuracy (%) in bold, and user’s accuracy (in columns; (%)) using a pixel-based assessment (n = 354) for the unsupervised pixel-

based (UPB), supervised pixel-based (SPB), supervised pixel-based with post-processing editing tools (SPB w/editing tools), supervised object-

based (OBB), and supervised object-based with LiDAR (OBB w/LiDAR) methods.  

 UPB SPB SPB (w/editing tools) OBB OBB (w/LiDAR) 

beachgrass 27 52 45 59 62 

wet sand   7 70 86 59 77 

marsh 69 77 82 86 90 

dry sand 72 79 76 91 87 

shrub 63 66 80 75 92 

water 100 100 100 99 100 

woodland 50 100 100 100 75 

Overall accuracy 69 79 81 85 89 
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Table 6 

The mapped area (ha) for each land cover class (beachgrass, marsh, dry sand, shrub, wet sand, water, woodland) based on each method of 

classification (unsupervised pixel-based (UPB), supervised pixel-based (SPB), supervised pixel-based with post-processing editing tools (SPB 

w/editing tools), supervised object-based (OBB), and supervised object-based with LiDAR (OBB w/LiDAR)). The area was calculated using the 

spatial resolution of the imagery (pixel size = 0.15 cm), and the cell count for each land cover class.  

 Land cover UPB SPB SPB w/editing tools OBB OBB w/LiDAR 

beachgrass 41.21 90.07 97.80 105.47 84.60 

wet sand  81.26 22.43 17.30 45.99 39.40 

marsh 353.38 240.36 241.20 250.68 282.40 

dry sand 225.18 251.83 250.10 198.97 213.00 

shrub 47.41 138.78 135.80 139.23 119.90 

water 179.99 186.80 188.10 190.24 196.60 

woodland 3.27 1.44 1.40 1.12 1.30 
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Fig.1. Fire and Westhampton Islands, New York, with the subset of area used for testing the classification methods boxed in dashed black. The 

different management units shown in varying shades of grey.   
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Fig.2. An example of orthoimage (RGB display) with black lines marking the objects created through the segmentation process (step 1) of 

supervised object-based classification method. Segmentation is a process of grouping pixels with similar values to create the objects. These 

values are based on mean spectral, DEM and LAS (elevation) values.   

 

5m 
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Fig.3. East of Old Inlet, Fire Island, aerial imagery (top) collected February 2016, with the subset image 

outlined in dashed black line. Land cover maps produced from 1) unsupervised pixel-based method (middle 

top), 2) supervised pixel-based method (middle bottom), and 3) supervised object-based method (bottom).  
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(e) 

  

Fig.4. Mapped (hollow points) and adjusted area (solid squares, with 95% confidence intervals) estimates for land cover types for (a) unsupervised pixel-based 

(UPB), (b) supervised pixel-based (SPB), (c) supervised pixel-based including post-processing editing tools (SPB w/editing tools), (d) supervised object-based 

(OBB), and (e) supervised object-based with LiDAR (OBB w/LiDAR) methods.  
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Fig.5. Mapped (hollow points) and adjusted area (solid squares, with 95% confidence intervals) estimates for one land cover type (dry sand) using unsupervised 

pixel-based (UPB), supervised pixel-based (SPB), supervised pixel-based including post-processing editing tools (SPB wedits), supervised object-based (OBB), 

and supervised object-based with LiDAR (OBB wlidar) methods.  
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CHAPTER 3: VEGETATION SUCCESSION ON FIRE ISLAND AND 

WESTHAMPTON ISLAND, NEW YORK, AFTER HURRICANE SANDY 
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Abstract  

Barrier islands are dynamic environments, subject to natural and anthropogenic habitat changes. 

Humans have modified the North American Atlantic coast in the last century (e.g., beach 

nourishment, breach filling, inlet stabilization), as defense against storms and erosion, affecting 

the species that occupy this system. Hurricane Sandy reached Fire Island and Westhampton 

Island, New York, in October 2012, creating three breaches and multiple overwashes on the 

islands. In response, the United States Army Corps of Engineers filled two breaches (resulting in 

unvegetated, sandy patches), built dunes and row-planted American beachgrass (Ammophila 

breviligulata). Additionally, we created two restoration sites to mitigate nesting habitat loss for 

piping plovers (Charadrius melodus). We studied vegetation growth on four post-hurricane 

habitats (breach fills, manipulated overwashes, natural overwashes and restoration areas). We 

mapped the four habitats using aerial imagery and supervised object-based classification. We 

calculated the proportion of land cover (dry sand, wet sand, vegetation and water) for the spring 

immediately following the storm (2013) and spring and fall 3 to 4 years post-storm (2015–2017). 

To examine the rate of change in vegetation density, we compared vegetation density indices on 

66 transects in spring and summer (2016 and 2017) in planted dunes (n = 50) and in natural, 

unmodified overwashes (n = 16). After the initial devegetation by the hurricane, or manmade 

restoration project, vegetation cover increased following disturbance across all 4 habitat types 
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(particularly in the manipulated (30.1 % increase) and natural overwashes (37.9% increase)) and 

was lower in the spring than the fall. We modelled vegetation density indices, using a zero-

inflated mixed effects linear model, and found lower indices in the planted dunes than the natural 

overwashes. This is likely a reflection of the older, more established plants found in the natural 

overwashes that were not entirely removed during Hurricane Sandy, versus the younger newly-

planted beachgrass found on the engineered dunes. Vegetation density in the planted dunes and 

natural overwash was lower in the spring than in the summer, was higher in the second year of 

sampling (2017) and was higher with increased elevation. These results suggest vegetation 

removal may be necessary for maintenance of early successional habitats and disturbance-

dependent species on Fire and Westhampton Islands if natural overwash or disturbance events 

are not allowed to persist.  

Keywords: Ammophila breviligulata, barrier islands, hurricane, image classification, coastal 

engineering, vegetation growth.   

1. Introduction  

Barrier islands are thin strips of land oriented parallel to the mainland typically with a 

backshore, dune system, island interior and marsh bayside (Leatherman, 1988; Gieder et al., 

2014). The barrier islands on the Atlantic and Gulf coasts of the United States comprise 10% of 

the global number and 24% of the global total length of these islands (Stutz and Pilkey, 2001). 

Various natural drivers such as waves, sediment supply, ocean currents, and tides make barrier 

islands uniquely dynamic landscapes susceptible to frequent change (Dolan et al., 1980).  

The relative rates of sea level rise and sediment supply are strong drivers of shoreline 

change (McBride et al., 1995), but human habitat modifications also may have a large effect on 

the island geomorphology and response of barrier islands to sea-level rise (Miselis and Lorenzo-

Trueba, 2017). For example, dunes may be built by installing fences that trap sand and increase 

dune elevation (Grafals-Soto and Nordstrom, 2009; Grafals-Soto, 2012), and sand dredged 

offshore also may be placed on the beach to increase backshore width. American beachgrass 

(Ammophila breviligulata, hereafter ‘beachgrass’) may be planted, and discarded Christmas trees 

put on the beach to further trap sand and increase dune elevation (Morisawa and King, 1974; 

Melvin et al., 1991). Furthermore, plant species, density and height can shape dunes (Hesp and 

Walker, 2013), such as salt-tolerant plants including beachgrass (Stuckey and Gould, 2000), 
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which are planted to stabilize coastal dunes along the northeast Atlantic coast. Beachgrass is 

planted in rows along dune crests in an attempt to stabilize coastal dunes, often reducing 

abundance and diversity of other plant species (Cheplick, 2005). Although vegetation can help to 

build dunes over time, it is unknown how, or even if, plant roots can hold dune sand in place 

under breaking waves (Feagin et al., 2015).  

Coastal plant species establishment, distribution, diversity, dispersal and growth, all are 

affected by a variety of forces on the coast such as erosion, sand deposition, salt spray, tides, 

storminess, and anthropogenic activities (Miyanishi and Johnson, 2007; Miller et al., 2010; 

Isermann, 2011; Hesp and Walker, 2013; Feagin et al., 2015). The presence and persistence of 

vegetation on barrier island low-profile dunes promotes backshore accretion following 

hurricanes (Houser and Hamilton, 2009). Like other coastal grass species, beachgrass propagates 

with rhizomes, extensive, deep root systems and some seed production (Krajnyk and Maun, 

1981; Maun, 1984). Thus, beachgrass is important in reestablishment of plant communities 

following disturbances such as hurricanes (Cheplick, 2016). However, when storm erosion and 

scouring is severe, ground cover (rhizomes) and root systems can be destroyed, resulting in slow 

vegetation recovery (Morton et al., 1994). With a predicted increase in storm intensity in the 

Atlantic basin (Emanuel, 2013), research on barrier island vegetation succession and dune 

stability is fundamental in our understanding of barrier island ecology.  

The variety of New York barrier island plant communities support many vertebrates, 

including imperiled species such as salt marsh sparrows (Ammodramus caudacutus) which use 

dense, marsh side habitats, and American oystercatchers (Haematopus palliates), least terns 

(Sterna antillarum) and piping plovers (Charadrius melodus) which rely on early successional 

beach habitat (Knisley et al., 1998, Davis et al., 2001, Erwin et al., 2003, Fraser and Catlin, in 

press). In recent years, early successional habitat along coastal New York has been affected by 

beach nourishment, dune stabilization and increased dune elevation through engineering efforts 

that has resulted in a loss in potential beach nesting habitat for shorebirds (Rice 2017, Walker et 

al., in review).  

In October 2012, Hurricane Sandy arrived on the Atlantic Coast, altering the New York 

and New Jersey coastline (Rice, 2017). It transformed the geomorphology and plant communities 

of Fire Island and Westhampton Island, south of Long Island (Henderson et al., 2016). On these 
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barrier islands storm-surges and wave action pulled out deep-rooted plants and deposited 

sediment from ocean to bay, creating sandy overwash fans and flood-shoals. Three breaches 

occurred. One remains open (Old Inlet), while the other two were filled soon after the Hurricane 

by the United States Army Corps of Engineers (USACE) resulted in sandy, unvegetated patches. 

After Hurricane Sandy, the USACE implemented the Fire Island Inlet to Moriches Inlet 

Stabilization Project (FIMI) as a coastal risk reduction project designed to lessen future impacts 

of large storms and hurricanes on coastal communities (USACE, 2014). Dunes were elevated 

through dredged sand placement and row planting of beachgrass. In addition, some landowners 

placed snow fencing and Christmas trees in the area to further trap sand and foster dune growth. 

Because of concern that such stabilization efforts would reduce the longevity of the early 

successional habitats needed by piping plovers, the USACE built two restoration areas designed 

as nesting habitat (UASCE, 2014).  

The goal of our research was to describe previously unrecorded rates of vegetation 

succession in early successional habitats created by the hurricane or through human habitat 

modification after Hurricane Sandy on Fire and Westhampton Islands. Specifically, we aimed to 

1) assess the proportion of vegetation among four post-hurricane habitat types (USACE breach 

fill, manipulated overwashes, natural overwashes and restoration areas), and 2) compare 

vegetation density on row-planted dunes and natural overwashes.  

2. Methods 

2.1. Study Area 

The study area comprised 22.3 km of Fire Island and 1.9 km of Westhampton Island, 

New York, in Robert Moses State Park, Fire Island National Seashore, Smith Point County Park, 

Cupsogue County Park and Pike’s Beach (Fig. 1). These barrier islands are south of Long Island 

with the Atlantic Ocean to the South and the Great South Bay to the North (Fig. 1). The fore-

dune and inter-dune areas typically were dominated by beachgrass, beach heather (Hudsonia 

tomentosa), beach pea (Lathyrus japonicus) and beach plum (Prunus maritima; Klopfer et al., 

2002). In small herbaceous wetlands, or swales, mostly towards the bay side, hydrology and 

salinity affects vegetation community and structure. The dominant species in these areas was 

common reed (Phragmites australis) but herbaceous wetlands also included common three-

square (Scirpus pungens) and dwarf spikerush (Eleocharis parvula; Klopfer et al., 2002). Early 
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successional habitat on the islands also supported a variety of imperiled plant and animal species 

including seabeach amaranth (Amaranthus pumilus), and shorebirds including piping plovers 

(Charadrius melodus) and American Oystercatchers (Haematopus palliates).  

2.2. Habitat types and boundaries  

 We identified four post-hurricane habitats for study that were either created by the 

hurricane, created by the hurricane and then modified by humans, or created by humans to 

mitigate future losses of early successional habitat caused by the FIMI stabilization project 

(Fig.1; USACE, 2014). Breach fills were areas where water cut through the island connecting the 

Atlantic Ocean to the Great South Bay which later were filled by the USACE (Appendices C, D). 

Manipulated overwashes were areas inundated by high tides during Hurricane Sandy but were 

subsequently subjected to mechanical dune building, beachgrass row-planting, or snow fence 

and/or Christmas tree placement (Appendices C, E). Natural overwashes were inundated during 

the hurricane and sand was deposited on existing vegetation (Appendices C, F); no subsequent 

habitat management occurred in these natural overwashes. The USACE created two restoration 

areas to provide nesting habitat for threatened piping plovers. Great Gun Restoration Area 

(‘Great Gun’) and New Made Dredge Fill Restoration Area (‘New Made’) were completed in the 

spring of 2015 (Appendices C, G). In Great Gun, vegetation including most roots and rhizomes 

were removed, and the elevation of the area reduced to 2.7 m with one section reduced to 2.1 m 

to promote the formation of ephemeral pools (USFWS, 2014). In New Made, elevation was 

reduced to 1.2 m, and up to 0.6 m of sand was pumped on to this old dredge fill site covering up 

some existing vegetation matter. Part of a common reed (Phragmites australis) stand on the 

bayside of New Made was removed mechanically to allow access to the bay intertidal zone in the 

spring of 2016 (approximately 0.3 ha).  

 Additionally, we identified three geomorphic features within each habitat type including 

ocean backshore (spring high tide to the dune toe), dune, and overwash fan (Leatherman, 1988; 

Appendix C). These habitat and geomorphic boundaries were based on site descriptions from the 

USACE (2014) and field collected data (Appendix D-G).  

2.3. Field methods  



57 

 

We calculated the areas above spring tides that occur twice monthly at the times of the 

full and new moon and are generally the highest high tides of the month (Haslett, 2009). We 

identified the timing for each high tide using National Oceanic and Atmospheric Administration 

(NOAA) daily predictions (https://tidesandcurrents.noaa.gov/tide_predictions.html?gid=1407; 

Moriches Inlet, NY, USA (station number 8513398). We walked the ocean and bay water’s 

edges at high tide, typically in May, and recorded the track on a high resolution (<1 m) handheld 

Trimble Geo7x GPS unit (Trimble, Sunnyvale, California, USA) in 2013, 2015–2017.  

To assess temporal, elevation, and engineering effects on dune vegetation density, we 

surveyed 50 transects in row-planted dunes during May and August of 2016 and 2017, and 16 

transects in unmodified natural overwashes as reference data in May and August of 2017, using a 

modified vegetation profile board, or ‘density board’ (Higgins et al., 2012). The planted dunes on 

Fire Island were planted with beachgrass during the winter of 2014–2016, and transects walked 

on the dunes at Westhampton Island were likely planted with beachgrass during 1996–1997 

(Bocamazo et al. 2011). The reference transects were selected within the boundaries of the 

natural overwashes at approximately the same latitude as the planted dunes using a ‘Fishnet’ tool 

in ArcMap 10.5 (Environmental Systems Research Institute, Redlands, California, USA).  

Each transect extended from the southern (oceanward) toe of the dune up to 50 m 

northward across the dune to where the planted area ceased, or another habitat type began (e.g., 

shrubs). The location of the first transect was a randomly generated number of meters (between 

1–100 m) from the eastern boundary of the site (Appendices D-G). Each subsequent transect was 

at a randomly generated number of meters (between 1–100 m) west of the previous transect. 

Along each transect we sampled vegetation density every 10 m. The density board was a 1 m x 

50 cm rectangular PVC board, placed perpendicular to the ground with the long side on the 

substrate (Fig. 2). The board was divided into alternating red and white 10 cm x 10 cm squares 

(Fig. 2). We took a landscape photograph using an Apple iPhone 5s (Cupertino, California, 

USA) 1-m south of the board, and approximately 15 cm off the ground. We counted the number 

of obscured squares to give an index of vegetation density. A square was considered obscured if 

plant material obscured > 50% of that 10 x 10 cm square. At each sample location we recorded 

the geographic coordinates, type (planted or natural), year (2016 or 2017), season (May or 

https://tidesandcurrents.noaa.gov/tide_predictions.html?gid=1407
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August), plant species, distance (cm) between planted beachgrass stem bases, and year planted 

(based on the first time planted rows were seen in aerial imagery and Bocamazo et al., 2011).  

To better interpret the land cover types within the aerial imagery, we collected reference 

data across Fire Island and the western 1.9 km of Westhampton Island. We randomly sampled 

306 locations across the study area stratified by an initial classification into land cover types 

(beachgrass, intertidal wet sand, marsh, open beach, shrub, water and woodland) so that samples 

sizes were equal across cover types. We navigated to each location and re-recorded the 

geographic coordinate using a Trimble GPS unit. At each location, we recorded the land cover 

type, geological feature, and proportion of cover types (lichen/moss, live/dead grasses, live/dead 

forbs, live/dead shrubs, live/dead trees, organic litter, bare ground, and water). We took a 

photograph looking down at the location from 2 m above and one photograph in each cardinal 

direction using an iPhone 5s. We selected training samples for each classification based on 

photointerpretation from these field-derived reference data.   

2.4. Land cover classification  

High-resolution (15 cm) aerial imagery was captured during the spring of 2013 and 

2015–2017 and during the fall of 2015–2017, and LiDAR was collected in the spring of 2015–

2017 (Appendix H). We used supervised object-based classification in eCognition Essentials 1.3 

(Trimble, Sunnyville, California, USA) with a KNN classifier to identify four dominant land 

cover types (water, wet sand, dry sand, vegetation). We used training samples based on field-

derived reference data and photo interpretation (Chapter 1). In ArcMap 10.5 we converted the 

land cover maps into raster layers using ‘Polygon to Raster’ tool and calculated the area of 

vegetation cover and relative proportion above spring high tide for spring 2013, 2015–2017 and 

fall 2015–2017. 

2.5. Analytical methods 

Vegetation cover. Classification accuracy can be assessed using a variety of metrics 

(Congalton, 1991; Chapter 1). These metrics allow users to more accurately interpret land cover 

maps. High overall accuracy has previously been reported for supervised object-based 

classification in barrier island systems (Chapter 1). To assess the accuracy of the image 
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classifications, we selected a land cover classification of one natural overwash site from the 

spring of 2017 to represent the accuracy of this method. We converted the eCognition land cover 

map into a raster using the ‘Polygon to Raster’ tool to perform a pixel-based accuracy 

assessment. In ArcMap 10.5, we randomly generated 200 points within the boundaries of the 

natural overwash fan. We generated 50 points per land cover types (dry sand, wet sand, 

vegetation, water; Congalton, 1991). At each point, we extracted the land cover type predicted 

from the classification, and the land cover type according to the photo interpreter based on the 

imagery. We compared our photo interpreted land cover type to the predicted land cover 

classification to create an error matrix to assess accuracy (Congalton, 1991; Appendix I).  

To test the effect of covariates on changes in the proportion of vegetation cover, we z-

transformed the data to allow comparison of relative effect size among variables and used a 

generalized linear mixed model in R with the package “lme4” (Bates et al., 2015). We tested the 

fixed effect of years since disturbance, season (spring or fall), habitat type (breach fill, 

manipulated overwash, natural overwash, restoration area), and included an interactive effect of 

years since disturbance and habitat type on the proportion of vegetation.  

Dune vegetation density. To compare the growth rate of dune vegetation between the 

planted dunes and the natural overwashes, we used density board data from 2016 and 2017. The 

vegetation density index was an integer from 0–40 based on the number of obscured squares 

(Fig.2), and we fitted a zero-inflated Poisson mixed effects model using “glmmTMB” package in 

R (Brooks et al., 2017). We tested the fixed effect of year (2016 or 2017), season (May or 

August), type (planted dune or natural overwash) and elevation. We extracted annual elevation 

values at each sample location for 2016 and 2017 from a Digital Elevation Model derived from 

LiDAR data collected annual and included it as a covariate in the analysis. We used transect ID 

as a random effect to account for spatial autocorrelation.   

Previous research has shown plant species diversity decreases during succession 

(Denslow, 1980), particularly in regions where beachgrass is present (Cheplick, 2005). We 

recorded the number of species from the photographs at each density board sample location and 

calculated species richness as the number of species present (identification references Klopfer et 

al., 2002; Stalter et al., 1986). 
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Management recommendations typically suggest planting culms of beachgrass in rows 

between 12–20 inches apart (30.48–50.80 cm), depending on wind and erosion conditions 

(SeaGrant, New York, undated). To assess the effect of distance between beachgrass culms on 

vegetation density, we fitted a simple linear model in R using base function ‘lm’.  

2.6. Model inference 

To evaluate potential effects of variables on vegetation cover and vegetation density, we 

created model sets for each analysis using all possible combinations of variables using R package 

‘MuMIn’ (Barton, 2015; Appendix J). We ranked the model set using an information-theoretic 

approach and selected the best model based on Akaike Information Criterion Adjusted for small 

sample size (AICc; Burnham and Anderson, 2002). We used a threshold of delta (Δ) AICc <4 for 

the top model set and selected the top ranked model by comparing ΔAICc values. We considered 

a covariate to be significant if the 95% confidence intervals of the beta coefficients (β) did not 

include 0 and, if the presence of a covariate improved the model fit, compared to a similar model 

without that covariate (Arnold, 2010). For βs, we provided estimates from the top-ranked model 

(Cade, 2015) unless otherwise specified.  

3. Results  

3.1. Vegetation cover 

Generally, the area and percent cover of vegetation increased with year from 2013–2017, 

although this varied with habitat type (Table 1, Table 2). The proportion of vegetation was 

lowest in the breach fill sites and at Great Gun (<25% of the total area; Fig. 3) and generally 

declined between the fall and following spring (Fig. 3). The global model best explained the 

variation in the proportion of vegetation (Table 3, Appendix H) where habitat type and the years 

since disturbance contributed to the proportion of areas covered by vegetation (Table 3). The 

proportion of vegetation increased with the years since disturbance but only significantly in the 

manipulated and natural overwash habitats (βage*manipulated = 0.30, 95% CI = 0.04–0.56, βage*natural 

= 0.42, 95% CI = 0.13–0.70; Table 3). The proportion of vegetation cover was lower in the 

spring season compared to the fall (βspring = -0.77, 95% CI = -1.04– -0.51; Table 3).   

All sites, within their respective habitat types, followed similar trends except within the 

restoration areas, where we recorded higher proportions of vegetation in New Made than Great 
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Gun (Fig. 3). After just one year following the creation of the restoration areas, New Made had 

26% vegetation cover, while Great Gun had just over 1% (Fig. 3).   

3.2. Dune vegetation density  

We collected 678 samples from 66 transects in 2016 and 2017 from nine sites (Table 4, 

Appendix K). Beachgrass was the dominant species in the density board samples, both in the 

planted dunes and natural overwashes, but we recorded 8 additional plant species during the 

density board transects with a maximum of four species at a single sample location (Table 5). 

We recorded the highest mean vegetation density index when species richness equaled two, 

although we recorded fewer samples with multiple plant species (mean vegetation index: 13.64 ± 

2.19 (SE), Table 6).  

On Fire Island, the distance between plants varied among samples (mean distance: 50.15 

cm ± 1.13 (SE), range: 24–76 cm). Based on 139 measurements, vegetation density indices 

tended to be lower when the distance between culms of beachgrass was higher (R2 = 0.08, p = 

0.001; Fig. 4).   

Vegetation density indices were lower in the planted dunes than in the natural 

overwashes (βplanted = -0.77, 95% CI = -1.08– -0.46; Table 7). Moreover, dune vegetation density 

was higher in 2017 than in 2016 (β2017 = 0.47, 95% CI = 0.40–0.55; Table 7) and in August 

compared to May (βsummer = 0.47, 95% CI = 0.41–0.53; Table 7). We recorded higher density 

indices at higher elevations (β = 0.10, 95% CI = 0.05–0.15; Table 7). No other model was within 

4 ΔAICc of the top model (Appendix J).  

4. Discussion  

Hurricane Sandy and subsequent anthropogenic disturbances on Fire Island and 

Westhampton Island resulted in patches of sandy, unvegetated habitat. Following these 

disturbance events vegetation cover and vegetation density increased, with variation among the 

four post-hurricane habitat types. Vegetation cover increased more rapidly in the manipulated 

and natural overwashes and in New Made Dredge Fill Restoration Area compared to the breach 

fill and Great Gun Restoration Area. This was likely a reflection of the plants’ distribution and 

persistence in the different post-hurricane habitats. The extensive root and rhizome systems of 

existing beachgrass were probably not entirely removed from the manipulated and natural 
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overwash habitats, or the New Made Dredge Fill Restoration Area, during Hurricane Sandy or 

subsequent human habitat modifications. In fact, much of the deep root systems would have 

remained intact, partially or entirely buried under deposited sand during, and following 

Hurricane Sandy. Beachgrass can withstand and emerge from sand burial more than one meter 

below the surface (Disraeli, 1984; Maun and Lapierre, 1984; Harris et al., 2017), demonstrating 

the adaptation of this species to the sand fore-dune environment. In contrast, the breach fill 

habitat and Great Gun Restoration Area generally experienced severe storm and/or mechanical 

vegetation removal resulting in a slower rate of revegetation. 

The vegetation cover of sites within their respective habitat types followed similar trends 

over time. However, vegetation cover in the New Made Dredge Fill Restoration Area increased 

more rapidly than in the Great Gun Restoration Area. These differences in vegetation growth 

may reflect the differences in construction of these two sites. During construction at New Made 

Dredge Fill Restoration Area, 0.30–0.61 m of sand was placed on the existing substrate 

(USFWS, 2014). It is likely much of the existing substrate still contained plant matter. Moreover, 

New Made Dredge Fill Restoration Area had dense boundaries of common reed, which may 

have contributed through rhizome spread to the increased vegetation recovery and growth. 

Increased growth of common reed often follows disturbances (Minchinton and Bertness, 2003), 

and more dense growth has been observed at shrubby margins and increased growth following 

disturbance (specifically harrowing; Kollmann et al., 2011). In contrast, Great Gun Restoration 

Area was deeply grubbed, and most rhizomes and roots were probably removed during habitat 

construction.  

The influence of live buried vegetation on succession rates was further support by the 

density board data. In the natural overwash, where beachgrass was well established before 

Hurricane Sandy, was buried by sand during the hurricane and presumably did not get scoured 

away, we recorded higher vegetation density indices than in the newly planted dunes. In a similar 

study of coastal New York, beachgrass and other fore-dune species, such as seaside goldenrod 

(Solidago sempervirens), when partially buried, returned to equal or greater density than pre-

hurricane density within a year (Cheplick, 2016). Conversely, planted dune species can take up 

to two years to become established (Miller et al., 2001). Other abiotic factors such as 



63 

 

precipitation, pH, soil temperature and mineral concentrations likely play an important role in 

this system (Hellemaa, 1998; Miller et al., 2010).  

Vegetation density often increases with distance from the shoreline, particularly as 

nutrients increase (Looney and Gibson, 1995; Grafals-Soto, 2012). We observed increased 

vegetation density at higher elevations, supporting results showing increases in elevation may 

protect newly planted beachgrass allowing them to establish by reducing flooding or salt spray 

(Miller et al., 2010).  

Beachgrass, is most prevalent from July to September, after which it turns light grey and 

seeds form (Duncan, 1987; Silberhorn, 1999). In times of high disturbance and high salinity, 

such as between the autumn and following spring, coastal barrier island seed banks may decline 

(Looney and Gibson, 1995). Beachgrass, however, most commonly establishes new plants 

through radiating, or fragmented and transported rhizomes (Maun, 1984; Maun, 1985), and 

establishment via seed dispersal is relatively infrequent (Maun, 1985). This is consistent with the 

idea that regrowth of well-established plants in the overwash habitats was key to increases in 

plant cover.  

The seasonal decline in vegetation cover we observed between fall and the following 

spring is likely due to winter die off or increased storminess during the winter months (Miller et 

al., 2001), during which fore-dune species are susceptible to storm surges, increased winds, and 

wave action (Morton et al., 1994). Hence, over winter weather events may help increase 

available habitat for early successional species. Barrier island plant communities may take 2–10 

years to recover following disturbance (Miller et al., 2010; Houser et al., 2015), thus, we expect 

the vegetation in our study area to continue to increase.  

 As dune vegetation increases, the availability of sparsely vegetated areas for early 

successional species likely will decrease, potentially exacerbated by disturbance from human 

recreation, beach driving and management decisions which precludes species from open habitats 

that remain (Walker et al., in review). Increased vegetation poses a barrier for vulnerable ground 

nesting species, such as federally threatened piping plovers and American oystercatchers, and 

reduces visibility of approaching terrestrial predators. These species rely on the cyclical nature of 

overwash events during storms and hurricanes to create unvegetated, sandy habitat. Other early 
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successional dependent species, such as sea beach amaranth, may be vulnerable to decline as a 

result of loss in beach habitat (Sellars and Jolls, 2007). If the intent is to maintain unvegetated 

areas for early successional species, it will be imperative to consider the rate of vegetation 

succession and remove living plant material from below the surface in areas designed to support 

early successional species.  

5. Conclusion  

A variety of coastal species have their life history rooted in early successional habitats 

and therefore depend on habitat disturbance. In our study, we observed annual and seasonal 

increases in vegetation cover and density after Hurricane Sandy and human habitat creation. 

Given this increase in vegetation across the study site, we encourage continued monitoring with 

aerial imagery and field collected data to identify a growth plateau or climax community stage. 

Furthermore, vegetation succession did not increase uniformly across four post-hurricane habitat 

types but increased more rapidly in locations where vegetation material was buried under sand 

and remained intact. This suggests land managers, intent on conserving early successional 

habitats on Fire Island and Westhampton Island, may have to conduct mechanical or chemical 

removal of vegetation both above and below the surface to prolong the existence of sparsely 

vegetated areas. If vegetation management for early successional habitat is not conducted, we 

would expect revegetation across similar post-hurricane habitats to follow a similar trend as we 

described in this study.   
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Table 1 

The habitat area (ha), vegetation area (ha), and proportion of vegetation (%) above the annual spring high tide for each habitat type 

(breach fill, manipulated overwash, natural overwash, restoration area), each season (spring or fall) and for 2013, 2015–2017. We 

grouped values from each site and geomorphic features within the habitat type. Area was calculated using supervised object-based 

classification.  

Habitat Type  Season Year Sites (n) Total Area (ha) Vegetation (ha) Vegetation (%) 

breach fill  spring 2013 2 6.12 0.01 0.08 

  2015 2 5.19 0.11 2.02 

  2016 2 5.95 0.30 5.11 

  2017 2 6.15 0.69 11.17 

 fall 2015 1* 5.19 0.11 2.02 

  2016 2 5.95 0.70 11.84 

  2017 2 6.15 1.21 19.65 

manipulated overwash  spring 2013 3 36.88 1.34 3.63 

  2015 3 38.95 4.51 11.57 

  2016 3 38.98 8.20 21.04 

  2017 3 40.66 12.45 30.63 
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 fall 2015 3 38.95 10.48 26.91 

  2016 3 38.98 14.65 37.59 

  2017 3 40.66 18.79 46.22 

natural overwash  spring  2013 2 43.84 1.45 3.31 

  2015 2 40.92 11.14 27.21 

  2016 2 42.37 13.77 32.49 

  2017 2 40.43 18.07 44.69 

 fall 2015 2 40.92 19.42 47.46 

  2016 2 42.37 21.44 50.60 

  2017 2 40.43 22.78 56.35 

restoration area spring  2013 0** - - - 

  2015 2 22.68 0.19 0.85 

  2016 2 40.09 2.72 6.78 

  2017 2 41.04 4.66 11.36 

 fall 2015 2 22.68 3.35 14.79 

  2016 2 40.09 5.79 14.43 

  2017 2 41.04 6.78 16.52 
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*No imagery available for Fall 2015 for Cupsogue Breach.  

**Restoration areas were not complete until the spring of 2015.  
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Table 2  

Increases in the area of vegetation from 2013 to 2015, 2015 to 2016, and 2016 to 2017 for each habitat type. This is a measure of area 

from spring1 to spring2. Percentage increase was calculated as the difference in area of vegetation from spring1 to spring2 divided by 

spring1 total area above spring high tide times 100. Not all habitat types were of equal size, so area is relative to total area (Table 1.).  

 

2013–2015 2015–2016 2016–2017 

Habitat Vegetation area 

increase (ha) 

Vegetation 

increase (%) 

Vegetation area 

increase (ha) 

Vegetation 

increase (%) 

Vegetation area 

increase (ha) 

Vegetation 

increase (%) 

breach fill 0.10 1.63 0.20 3.86 0.38 11.55 

manipulated overwash  3.17 8.59 3.70 9.49 4.25 10.91 

natural overwash  9.68 22.10 2.63 6.43 4.30 10.15 

restoration areas -  - 2.52 11.13 1.95 4.85 
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Table 3  

β estimates and 95% confidence intervals from our top model for the effects on the proportion of vegetation on Fire and Westhampton 

Islands, New York, following Hurricane Sandy (see Appendix J for full model set).  

Variable β SE Lower 95% CI Upper 95% CI 

Intercept -0.72 0.43 -1.55 0.12 

Years since disturbance  0.10 0.11 -0.11 0.31 

Habitat type (manipulated) -0.95 0.51 -1.10 0.91 

Habitat type (natural)  0.09 0.56 -1.01 1.19 

Habitat type (restoration) -0.09 0.56 -1.18 1.00 

Season (spring)  -0.77 0.14 -1.04 -0.51 

Years since disturbance * Habitat (manipulated) 0.30 0.13 0.04 0.56 

Years since disturbance * Habitat (natural) 0.42 0.15 0.13 0.70 

Years since disturbance * Habitat (restoration) 0.34 0.21 -0.07   0.74 
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Table 4 

The distribution of density board samples from 2016 – 2017 by season (spring or summer), type (planted or natural), and the mean (± 

standard error) and median vegetation density index. Density board index was used as a proxy for vegetation density where a density 

of 40 equaled complete obscurity by vegetation.  

Year Season Type Samples (n) Transects (n) Mean Density Index  ±SE Median Density Index 

2016 spring planted dune 135 47 2.36  0.37 1 

 
summer planted dune 134 48 7.36  0.65 5.5 

2017 spring planted dune 129 45 7.22 0.68 5 

 spring natural overwash 70 16 8.49  1.57 1 

 summer planted dune 140 48 10.74  0.85 8 

 summer natural overwash 70 16 13.47 1.82 6 
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Table 5 

Plant species recorded along vegetation density transects. The transect type references the location of the transect (natural overwash or 

planted dune). We recorded the number of times (abundance) a species was recorded at any sample location.   

Plant Species Transect Type Abundance 

American beachgrass (Ammophila breviligulata) natural overwash, planted dunes 484 

American searocket (Cakile edentula) planted dune 1 

Beach pea (Lathyrus japonicus maritimus) natural overwash, planted dune 24 

Common reed (Phragmites australis) natural overwash 1 

Dusty miller (Artemisia stelleriana) planted dune 8 

Northern bayberry (Myrica pensylvanica) natural overwash 2 

Poison ivy (Toxicodendrum (Rhus) radicans) natural overwash 1 

Russian thistle (Salsola kali) natural overwash, planted dune 3 

Seaside goldenrod (Solidago sempervirens) planted dune 13 
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Table 6 

Plant species richness (1 = one species, 2 = two species, 3 = three species, 4 = four species, including Ammophila breviligulata) and 

mean (± standard error), median and range of vegetation density index. Density board index was used as a proxy for vegetation 

density where a density of 40 equaled complete obscurity.  

Species Richness  Samples (n) Mean Density Index  SE Median Density Index Density Index Range 

1 633 7.52 0.39 3 0–40 

2 28 13.64 2.19 10 0–36 

3 7 13.57  3.05 12 8–31 

4 5 7.8 2.80 6 0–16 
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Table 7 

The β estimates and 95% confidence intervals from our top ranked zero-inflated Poisson model assessing the effects on dune 

vegetation density index on Fire and Westhampton Islands, New York, from 2016–2017 (see Appendix J for full model set).  

Variable β SE Lower 95% CI Upper 95% CI 

Intercept 2.15 0.14 1.87 2.43 

Year (2017) 0.47 0.04 0.40 0.55 

Season (summer) 0.47 0.03 0.41 0.53 

Elevation 0.10 0.03 0.05 0.15 

Type (planted) -0.77 0.16 -1.08 -0.46 
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Fig.1. Fire (Fire Island Inlet to Moriches Inlet) and Westhampton (East of Moriches Inlet) Islands, New York. Areas are managed by 

different agencies including Robert Moses State Park (NY State Parks) in solid black, Otis Pike Wilderness Area (National Park 

Service) in solid dark grey, and Smith Point County Park in spotted orange and Cupsogue County Park in pale solid grey (Suffolk 

County). The photographs indicate examples of each habitat type – (a) Narrow Bay West breach fill, (b) Pattersquash manipulated 

overwash, (c) natural overwash east of Old Inlet, and (d) Great Gun restoration area. Stars indicate locations where we conducted 

vegetation density transects.   
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Fig.2. Planted American beachgrass (Ammophila breviligulata) from Fire Island, New York (top left), and data collection (top right). 

Density board samples showing low vegetation density index (bottom left) and high vegetation density index (bottom right) from Fire 

Island.   
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Fig.3. The percentage of vegetation for each site (represented by each line) within the four habitat types: breach fill (pink), 

manipulated overwash (blue), natural overwash (green), restoration areas (purple) on Fire and Westhampton Islands, NY from 2013, 

2015–2017. The percentage of vegetation was calculated as the area of classified vegetation in spring (S) and fall (F) divided by the 

habitat area bound by each annual high tide. The missing point (breach fill site in Fall 2015) signifies no aerial imagery at that time.  
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Fig. 4. The distance between the two nearest plants of American beachgrass (Ammophila breviligulata) from plant base to plant base, 

and the dune vegetation density (n = 139). Correlation was weak but showed a decline in the distance between plants with increased 

dune vegetation density (R² = 0.08, df =137, p =0.001, f-statistic = 11.24).  
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ABSTRACT An increase in coastal habitat modification can impact coastal ecosystems and 

natural processes, affecting breeding shorebirds. The Atlantic Coast piping plover (Charadrius 

melodus, hereafter ‘plover’) is adapted to dynamic coastal systems where it nests on dry sandy 

substrates created when storms overwash barrier islands from ocean to bay. Following Hurricane 

Sandy in October 2012, the United States Army Corps of Engineers (USACE) proposed a coastal 

risk reduction project on Fire Island, New York, USA. To mitigate the impacts to breeding 

plovers approximately 45 hectares of restoration area were created during the winter of 2014 

(‘restoration areas’). Additionally, two breached areas were quickly filled following the 

hurricane, leaving areas of bare dry sand with little remaining vegetation or root material 

(‘breach fill’). Finally, parts of the Sandy-created overwashes were managed through beach 

widening, dune creation and stabilization (‘manipulated overwash’), while other areas were not 

managed (‘natural overwash’). We used high-resolution aerial imagery to map habitat types and 

create land cover classifications. Across the four habitat types we compared breeding density of 

plovers and reproductive success (number of eggs hatched, number of chicks fledged, and the 

condition of pre-fledgling chicks) by monitoring plovers on Fire Island and Westhampton Island 

from April to August (2015–2017). Dry sand declined in the study area from 2015–2017 (8% 

from 91.28 to 83.59 ha) as vegetation grew back. Plover pair density (pairs/ha of dry sand) 

increased during three years of monitoring in the breach fill, manipulated overwash, and natural 

overwash, but was variable in the restoration areas. We did not detect habitat selection for or 

against any habitat type by plover pairs in 2015 or 2016, however, in 2017 we observed a 

selection for breach fill habitat, and against restoration areas (χ2 = 29.47, df = 3, p<0.0001). We 

found no difference in reproductive success among the four habitat types, except a noticeable 

increase in the apparent nest success and brood success with the restoration area across three 

years (0%–100% from 2015 to 2017). Moreover, the body mass of pre-fledged chicks was not 

different among habitat types after accounting for chick age and annual variation. The restoration 
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areas on Fire Island were successful in attracting breeding plovers. However, pair densities in 

2016 and 2017 and adult return rates were lowest in the restoration areas and in the last year of 

our study plovers selected against this habitat type. As revegetation continues across the study 

site, we anticipate vegetation removal may be necessary in maintaining available habitat for this 

threatened shorebird on Fire Island and Westhampton Island.  

KEYWORDS barrier island, Charadrius melodus, coastal habitat engineering, habitat use, 

hurricane, New York, piping plover, restoration.  

Increases in coastal development and recreation have co-occurred with habitat modification and 

stabilization on the Atlantic seaboard, USA (Halpern et al. 2008, Maslo et al. 2012, Rice 2017), 

and globally (Halpern et al. 2008, Barragán and de Andrés 2015), resulting in a call for improved 

management of coastal areas (Noren et al. 2002, von Glasow et al. 2013). Climate models predict 

an increase in future storm intensity and flooding on the Atlantic Coast (Noren et al. 2002, 

Woodruff et al. 2013), foretelling future modifications of coastal habitats (Zhang et al. 2000) and 

further threatening coastal intertidal habitats (Galbraith et al. 2002). These changes to the coast 

will affect sediment dynamics, shoreline vulnerability, and species presence and abundance 

(Jackson et al. 2008, Ouillon 2018). 

Shorebird habitats may be particularly vulnerable to increases in coastal human activity 

and consequently shorebird populations may decline (Foster et al. 2009). Many shorebird species 

including the piping plover (Charadrius melodus, hereafter ‘plover’) depend on dynamic, early 

successional habitats (Fraser and Catlin in press). In their natural state, these habitats are created 

and maintained by overwash, erosion, and sand deposition (USFWS 2014, Hunt et al. 2018, 

Fraser and Catlin in press, Walker et al. in review). Plovers were listed in 1986 under the 

Endangered Species Act due to habitat loss, recreational land use, and coastal development 

(USFWS 1985, USFWS 1996).  

In the spring, plovers migrate to nest on the Atlantic Coast, the Great Lakes, and in the 

Great Plains of North America. On the Atlantic Coast, they nest on coastal beaches and barrier 

islands, where storms and sand deposition create sandy, sparsely or un-vegetated nesting habitat. 

Breaches and overwashes usually result in creation of nesting and foraging habitat such that 

plover numbers often increase following these events (Wilcox 1959, Cohen et al. 2009, Fraser 

and Catlin in press, Robinson et al. in prep, Walker et al. in review).  
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In October 2012, Hurricane Sandy arrived at the Atlantic Coast increasing plover nesting 

habitat in New York (Rice 2017, Walker et al. in review). Following the hurricane, the U.S. 

Army Corps of Engineers (USACE) proposed the Fire Island Inlet to Moriches Inlet Stabilization 

Project (FIMI), a coastal risk reduction project designed to reduce future impacts of large storms 

on coastal communities. The FIMI was initiated in the winter of 2014 and included dune 

construction and beach widening along 30.5 km of Fire Island. Under Section 7 of the 

Endangered Species Act (16 USC 1531 et seq.), the U. S. Fish and Wildlife Service (USFWS) 

developed a Biological Opinion (BIOP; USFWS 2014) to assess the potential impact of the FIMI 

project on breeding plovers because of their status and presence on Fire Island. The BIOP 

included habitat creation and management goals meant to mitigate loss of plover habitat from the 

project and approximately 45 ha of restoration area were created during the winter of 2014. The 

areas were designed to replace overwash habitat that could have overwise been created by 

natural processes if the FIMI project was not implemented.  

The goal of this study was to quantify plover habitat availability, use, selection and 

reproductive success from 2015–2017 in these restoration areas and to compare them with three 

additional post-hurricane habitat types (breach filled areas, manipulated overwashes and natural 

overwashes). We aimed to assess whether restoration areas were functionally similar to other 

hurricane created habitats, including some that also were altered by human efforts.   

STUDY AREA  

We worked on 22.3 km of Fire Island and 1.8 km of Westhampton Island, south of Long Island, 

New York, USA, in Fire Island National Seashore, Smith Point County Park and Cupsogue 

County Park (Fig. 1). Public land on these barrier islands are managed by New York State Office 

of Parks, the National Park Service, and Suffolk County Parks (Fig. 1). There also are private 

communities on the islands.  

 On Fire Island and Westhampton Island, Hurricane Sandy resulted in multiple washover 

events where water flowed over the island from ocean to bay, and three breaches that connected 

the ocean to the bay. The breaches were in the Otis Pike Wilderness of Fire Island National 

Seashore and Smith Point County Park on Fire Island, and Cupsogue Beach County Park on 

Westhampton Island. The breaches in the county parks were filled by the U.S. Army Corps of 

Engineers (USACE) immediately after the hurricane, creating ‘breach fill’ habitat (Appendix D). 

Other areas of the island which overwashed were stabilized using various methods, such as snow 
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fencing, Christmas tree placement, increased dune elevation and row-planting of American 

beachgrass (Ammophila breviligulata), creating ‘manipulated overwash’ habitat (Appendix E). 

The breach in Otis Pike Wilderness of Fire Island National Seashore, was left open and 

monitored. No human alteration of this inlet or overwashes therein occurred following hurricane 

Sandy (‘natural overwash’; Fig.1, Appendix F). The USACE created two ‘restoration areas’ over 

the winter of 2014 under the FIMI BIOP (USACE 2014, USFWS 2014). These were Great Gun 

Restoration Area (34.8 ha 2015; Fig. 1, Appendix G) and New Made Dredge Fill Restoration 

Area (6.6 ha 2015; Fig. 1, Appendix G). Great Gun was an extended engineered backshore, 

whereas New Made had a backshore, engineered dune, and an engineered overwash fan. New 

Made had dense, common reed (Phragmites australis) along the perimeter of the engineered 

overwash fan boundary. 

METHODS  

Study Species 

Plovers rely on open, sandy substrate, such as sandbars and beaches, for nesting (Elliot-Smith 

and Haig 2004, Fraser and Catlin in press). Land managers often put circular wire fences with a 

net ceiling (exclosures) around nests to exclude avian and mammalian predators, which may 

increase nest success (Melvin et al. 1992). Plovers often forage in moist, low wave energy 

substrates, such as around ephemeral pools or along protected intertidal areas, seeking their 

invertebrate food, such as polychaetes and flies (Elias et al. 2000, Elliot-Smith and Haig 2004). 

Typically, plovers lay a single clutch of 4 eggs, and raise one brood per breeding season, 

although double brooding has been documented (Hunt et al. 2015). Chicks are precocial and 

usually begin feeding themselves within a day of hatch. Thus, they need to walk to foraging 

habitats from their nest site. They must gain enough weight before fledging at approximately 25 

of age to enable them to disperse from their natal site (Loegering and Fraser 1995, Elias et al. 

2000).  

Field methods  

We searched for plover nests in suitable nesting habitat across the study area at least every two 

days. For each nest, we recorded the habitat type (breach fill, manipulated overwash, natural 

overwash, restoration area), geomorphic location (backshore, dune, or overwash fan), the number 

of eggs, and the presence of an exclosure, if any. We recorded the nest location using a high-

resolution (<1 m) handheld Trimble Geo7x GPS unit (Trimble, Sunnyvale, CA, USA). We 
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recorded the distance from the nest bowl to the nearest edge of dense vegetation (≥ 75% 

vegetation where the vegetated area was ≥ 5 m2) in 2016 and 2017. We monitored nests every 1–

3 days until hatch or nest failure. We determined the fate of the nest using situational evidence 

such as predator tracks, and expected hatch date.  

Plovers were trapped on the nest and uniquely marked with field-readable alpha-numeric 

flags on the upper tibiotarsus and a single orange band on the opposite upper tibiotarsus, 

allowing us to associate uniquely marked birds to a nest. We recorded the mass (±0.1 g) using a 

digital pocket scale (American Weigh, Norcross, Georgia, USA), age (second year adult or after 

second year adult) and sex using their bill and plumage characteristics (Cheri L. Gratto-Trevor et 

al. 2010). If the nest hatched, we recorded the number that hatched and captured chicks by hand 

soon after hatching and uniquely marked them in the same fashion as the adults.  

Each brood was monitored for at least 30 minutes every 1-3 days until the fate of chicks 

was determined. Body mass can be used as a proxy for birds’ body condition (Labocha and 

Hayes 2012), so we recaptured chicks at approximately 25 days of age using a hand held net and 

measured their body mass (Catlin et al. 2014).  

Land cover classification  

We hand-digitized the boundaries for the four habitat types based on descriptions from the 

USACE (2014). These were: 1) USACE breach-filled areas, 2) manipulated overwashes, 3) 

natural overwashes, and 4) USACE restoration areas (Table 1). Each habitat type was 

represented by at least two sites (Table 1). For each site, we identified three geomorphic 

locations: ocean backshore (spring high tide to south toe of dune), dune, and overwash fan 

(Leatherman 1988, Table 2, Appendices D–G). The natural overwash boundaries were based on 

field collected data (August 2013) and hand-digitized as no descriptions were provided by the 

USACE. 

 We used four band, high-resolution (15 cm) aerial imagery collected in April 2015, 

February 2016, and April 2017 (Axis Geospatial, Easton, Maryland, USA). We identified the 

area above high tide during the spring high tide (Table 3) because nests lower than this usually 

would be destroyed by flooding (Burger 1987). Spring high tide occurs twice monthly at the 

times of the full and new moon and is generally higher than the high tides at other times in the 

month (Haslett 2009). The spring high tide line was mapped each May by walking the water’s 

edge using a Trimble GPS unit.  
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We classified the aerial imagery using supervised object-based classification (eCognition 

Essentials 1.3 software, Trimble, Sunnyville, California, USA) to identify four cover types (dry 

sand, wet sand, water and vegetation) in each site. Based on previous research, we were 

confident in the image classification accuracy of identifying these key land cover types (85% 

overall accuracy; Chapter 1). Dry sand area above the high tide was considered available nesting 

habitat, hence we calculated the area of dry sand hectares for each habitat type in ArcMap 10.5 

((Environmental Systems Research Institute, Redlands, CA, USA).  

Analytical methods  

Pair density and return rates.–We calculated the annual pair density for each habitat type 

by dividing the number of pairs in the given habitat by the area of available nesting habitat in 

each habitat type (breach fill, manipulated overwash, natural overwash, and restoration area) for 

that year. Individuals were uniquely identifiable with their alphanumeric leg flags, and we 

defined a pair by the territorial male. We used the males as an indicator of pair numbers as they 

establish and hold the territories through the breeding season (Haig and Oring 1988). If a pair 

had multiple nesting attempts in more than one habitat type within a year, we used the first nest’s 

habitat as their initial selection.  

We calculated return rates for male and female plovers. If a pair nested in two habitat 

types in one season, we used the first selected habitat type. We calculated individual annual 

return rates for each of the four habitat types for 2015–2017.    

Habitat availability and use.–To understand if plovers were selecting each habitat in 

proportion to its availability, we calculated the proportion of use (proportion of pairs in the 

habitat within a year) and the proportion of expected use based on available area. If pairs had 

multiple nests in a year, we used the habitat of the pair’s first territory. We calculated 95% 

confidence intervals on the proportion of use and if the expected proportion of use fell within the 

95% confidence intervals, we considered plovers were using that habitat in proportion to its 

availability (Neu et al. 1974). We used Bonferroni correction to account for multiple habitat 

comparisons (Byers et al. 1984) and used a chi-squared test to determine overall selection within 

each year.  

Reproductive success.–To assess nest and brood success across the four post-hurricane 

habitat types from 2015–2017, we used a generalized linear model with a binomial family 

adjustment (‘lme4’ package) in R program 3.5.1 (R Core Team 2018). We considered a nest 
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successful if ≥ 1 egg hatched and a brood successful if ≥ 1 chick survived to fledge and was 

observed in sustained flight. We included all nests in analyses, including within season renests.  

Potential explanatory variables included in the nest success model were the presence of a 

nest exclosure (yes/no), year (2015, 2016, or 2017), distance to vegetation (m), distance to water 

(m), habitat type, and geomorphic location. In 2015, land managers removed exclosures part way 

through the breeding season due to red fox harassment; these nests were considered unexclosed 

in our analysis. Plovers nest in sparsely vegetated habitat, presumably to get a clear view of 

approaching predators (Fraser and Catlin, in press). To assess the effect of distance from dense 

vegetation (a proxy for potential predation risk) on nest success, we included distance to dense 

vegetation in our model. Using the ‘geosphere’ package in R, we calculated the Euclidian 

distance from geographic coordinates of each nest to the field-measured coordinates of the 

nearest dense vegetation. To include the effect of flooding risk on nest success for each year, we 

calculated the distance from the nest bowl to the nearest bay or ocean high tide line of the same 

corresponding year in ArcMap 10.5 with the ‘measure’ tool using the perpendicular distance.  

For brood success, we included the habitat type (where the brood hatched) and 

geomorphic location of the nest. We accounted for the year, and brood size as the number of 

chicks in a brood would likely affect success. The number of chicks in the brood was recorded as 

the number of chicks that successfully hatched from that nest, recorded during the first visit to 

the nest immediately following hatch.  

Chick mass.–Body mass alone is a good predictor of condition, particularly when size 

corrected estimates are unverified (Labocha and Hayes 2012). We used chick mass data collected 

during brood recaptures to compare pre-fledgling mass across the four habitat types (in which the 

brood hatched). We analyzed these data with a generalized linear mixed effects model using 

‘lme4’ package in R. We used nest ID as a random effect to account for potential territory or 

maternal effects (Catlin et al. 2014). Although we attempted to recapture chicks at the same age 

there was variation in the age at capture (range: 20–25 days old), so we included chick age as a 

covariate in our model. We predicted intraspecific competition for foraging areas may reduce 

chick mass through space and resource competition (Catlin et al. 2014), so included the pair 

density of each habitat type in our model. We tested for collinearity among explanatory variables 

for multiple comparisons and used the cutoff value of 10 for the variance inflation factor 

(O’Brien 2007, Zuur et al. 2010).  
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Model selection.–Because our objective was to compare restoration areas to the three 

other habitat types, we used restoration area as the reference level in all models in which habitat 

type appeared. To allow comparison of the relative effect size among variables, we standardized 

continuous variables in all models (xi - x̅ / s, where xi = the mean of an observation, x̅ = mean, s 

= standard deviation). For each analysis (nest success, brood success, and chick mass), we 

developed a set of models with all combinations of covariates (Appendix L), using R package 

‘MuMIn’ (Barton, 2015). We ranked the models in the model set using an information-theoretic 

approach and Akaike Information Criterion adjusted for small sample size (AICc; Burnham and 

Anderson 2002). We selected the top ranked model by comparing delta (Δ) AICc values and 

unless otherwise indicated, we present the competitive model set (ΔAICc < 4). We estimated the 

effect sizes of covariates from the best-fit model and considered a covariate had significant 

effects if the 95% confidence intervals of the beta coefficients (β) did not overlap 0 and if it’s 

inclusion improved the model fit (Arnold 2010, Cade 2015).  

RESULTS 

Breeding pair density  

We detected 16, 18, and 33 plover pairs across the four habitat types in 2015, 2016, and 2017, 

respectively (Fig. 2). Since plovers primarily use open sand for nesting, we used sand only area 

to calculate pair density (Table 3). Pair densities increased within the dunes in the breach fill 

habitat type (0 pairs/ha to 3.19 pairs/ha; Table 3) and for the manipulated overwash habitat (0 

pairs/ha to 0.83 pairs/ha; Table 3) from 2015–2017. Density estimates within the backshore and 

overwash fans were variable from 2015–2017 across habitats. In the natural overwash habitat, 

the increase in pair density was concentrated in the overwash fan (0.05 pairs/ha to 0.73 pairs/ha; 

Table 3).    

In all years, pair density was highest in the breach fill habitat (Fig. 2, Table 3). In 2015, 

pair density was lowest in the natural overwash habitat (0.07 pairs/ha; Table 3). In 2016 and 

2017, pair density was lowest in the restoration habitat (0.06 and 0.13 pairs/ha respectively; 

Table 3). Pair density increased through the years in the breach fill, manipulated, and natural 

overwash habitats (Fig. 2). In the restoration areas, pair density declined from 2015 to 2016 and 

then increased slightly between 2016 and 2017 (Fig. 2).  

Habitat selection   
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The amount of available nesting habitat in the study site initially increased from 91.28 ha in 2015 

to 98.63 ha in 2016, in part due to a relatively high spring tide in 2015 that reduced availability, 

especially in the restoration sites. From 2016 to 2017, overall available habitat declined from 

98.63 ha to 83.59 ha (Table 3) as vegetation grew back (Chapter 2).  

Available habitat declined in manipulated (34.31 ha to 23.96 ha; Table 3) and the natural 

overwashes (30.05 ha to 17.96 ha; Table 3) from 2015–2017. The available breach fill habitat 

was similar in the three years (ranging from 5.01 ha to 5.64 ha; Table 3) and variable in the 

restoration areas (ranging from 21.91 ha to 37.16 ha; Table 3).  

 In 2015 and 2016, plovers used all habitat types in proportion to their availability (Table 

4). However, in 2017, plovers used restoration areas less than expected and breach fill habitat 

more than expected based on habitat availability (χ2 = 29.47, df = 3, p<0.0001; Table 4). 

Nest and brood success  

We monitored 83 nests from 2015–2017 (Table 5). During 2015–2017, the nest numbers 

increased in the breach fill and natural overwash habitats and were variable in the manipulated 

overwash (Table 5). In the restoration habitat, the number of nests ranged from 3–8 (Table 5), 

but the two sites within the restoration habitat showed opposite trends (Appendix M). The 

number of nests at Great Gun increased from 2 to 5, while nest numbers declined from 6 in 2015 

to 1 nest in each subsequent year at New Made (Appendix M).   

Apparent nest success (≥ one egg hatched) varied by year and habitat type (range 0–

100%; Table 5). Across the four habitat types, the apparent hatching success was variable across 

years and habitat types (range: 0-100%; Table 5). The highest apparent hatching success was in 

the natural overwashes in 2015 (50%), the breach fill and restoration areas in 2016 (100%), and 

the restoration areas in 2017 (100%; Table 5). The lowest apparent hatching success was 

observed in the breach fill area in 2015 (0%), and the manipulated overwash in 2016 and 2017 

(67%, and 57%, respectively; Table 5).  

Nest exclosures were used by land managers across all the habitat types to reduce risk of 

predation during the nesting stage. However, due to landscape features, time or resource 

constraints, not every nest was exclosed. In 2015, red foxes broke into two exclosures predating 

the nests. This prompted land managers from Smith Point County Park to remove exclosures 

from three nests during incubation in an attempt to reduce red fox from cuing into the exclosures 

within our study site. These three nests were predated and did not successfully hatch (Table 6). 
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During our monitoring, 42 nests were exclosed by land managers and left in place for the 

duration of incubation, and 38 nests were left without an exclosure (Table 6). Of 38 nests without 

an exclosure, 11 nests (29%) successfully hatched, resulting in a total of 19 fledglings (Table 6). 

Of these 11 successful unexclosed nests most were in the natural overwash habitat (5; Table 6). 

The probable cause of hatching failure varied including flooding, abandonment, and predation 

(Table 7).  

Of the 42 exclosed nests, 39 (93%) successfully hatched, resulting in a total of 72 

fledglings (Table 6). Of these successful exclosed nests, 10 were in the breach fill, 7 in the 

manipulated overwash, 13 in the natural overwash and 9 in the restoration areas. 

The highest-ranked model for hatching success did not include the habitat type (Table 8, 

Appendix L). There was greater hatching success in 2016 than 2015 but no difference in 

hatching success between 2017 and 2015 (Table 8). As we observed in our apparent hatch 

success, the use of nest exclosures increased hatching success (βexclosed = 3.72, 95% CI = 2.13–

5.76; Table 9). 

From 2015–2017, 91 chicks fledged across the four habitat types (Table 6 and 7). The 

number of fledglings increased in the natural overwashes and restoration areas from 2015–2017 

but varied in the breach fill and manipulated overwashes (Table 6). The proportion of successful 

broods (≥ 1 fledged chick) varied with habitat type and year, ranging from 0–100% (Table 6). In 

2015, the highest proportion of successful broods was observed in the natural overwash habitat 

(50%) while the breach fill and restoration habitats had the lowest apparent brood success (0% in 

both; Table 6). In 2016, all four habitat types had ≥ 67% apparent brood success, where 

restoration habitat was greatest at 100% (Table 6). In 2017, apparent brood success was highest 

in the restoration habitat (100%) and lowest in the natural overwash habitat (54%; Table 6).  

There was no difference in brood success among habitat types (Table 9; Appendix L). 

Fledging success did not vary significantly among years but increased with brood size (Table 9).  

Chick mass   

We recaptured chicks from 20 to 25 days of age (n = 71). In 2015, no chicks survived to fledge 

in the breach fill and restoration area habitats, and in 2016 and 2017, the average age of 

recapture varied across habitat types (Fig. 3). Median pre-fledgling chick mass was highest in the 

natural overwashes in 2015, the breach fill habitat in 2016, and the natural overwashes in 2017 

(Fig.3).  
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The highest-ranked mixed effects linear model, however, did not include habitat type 

(Table 10, Appendix E). We found older chicks had a higher mass (βage = 2.86, 95% CI = 1.85–

3.90; Table 10) and chick mass was higher in 2015 compared to 2017 (Table 10).   

Return rates    

The return rate of adult plovers to the same habitat type they nested in the previous year varied 

among habitat types and years. In 2015 and 2017, the breach fill habitat had the highest number 

of returning male plovers (Table 11). In 2016, the male return rates were equal across three of 

the four habitat types (33% in breach fill, natural overwash and manipulated overwash; Table 

11). For adult males, the lowest return rates were recorded in the manipulated overwash habitat 

in 2015, the restoration habitat in 2016, and the natural overwash habitat in 2017 (Table 11).  

In female plovers, return rates generally were lower than or equal to males across all 

years and all habitat types, except in the natural overwash in 2017 (Table 11). Female return 

rates were highest in the natural overwashes, every year (range: 30–50%; Table 11). The lowest 

return rates for female plovers were observed in the restoration habitat (0% for 2015–2017; 

Table 11).   

DISCUSSION 

The restoration habitat built by the USACE on Fire Island successfully attracted breeding plovers 

which had high apparent nest and brood success, annual increases in the number of fledglings 

(0–13 from 2015–2017) and chick masses were similar to other habitat types. Engineered 

habitats may be biologically effective, helping populations reach local and regional recovery 

goals if they meet the biological requirements of the target species, and plovers have been shown 

to use engineered habitat (Cohen et al. 2009, Catlin et al. 2011, 2015, Maslo et al. 2012). For 

example, breeding piping plovers on the Missouri River selected for engineered habitats where 

they had good nest success (Catlin et al. 2011). 

After a relatively high density at Great Gun Restoration Area in 2015 (0.13), pair 

densities in the restoration areas remained low compared to other habitats, likely due to the drop 

off in pairs using the New Made Dredge Fill Restoration Area site after the first year. In 2017, 

plovers selected against restoration area habitats using these areas less than expected based on 

available area. Moreover, pairs using the restoration areas to date have fallen short of the 

estimates upon which the “no jeopardy” Biological Opinion was based (16.85 estimated pairs in 

Great Gun and 3.00 pairs in New Made (USFWS, 2014) versus 6 observed in 2017, this study). 
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These estimates were made based on total habitat area, versus available area as used in this 

study, hence may be an overestimate of pair numbers. The population is still increasing, so the 

implications of this shortfall are uncertain. Additionally, the restoration areas were not completed 

until the spring of 2015, just before the beginning of this study, whereas the other post-hurricane 

habitats were formed in 2012 and 2013. There may be a lag between habitat formation and 

settlement (Cohen et al. 2009, Bourque et al. 2015, Robinson et al. in prep). The discovery of 

new habitat may take some time, and settlement may be limited by the number of returning birds 

(Catlin et al. 2015), and development of invertebrate prey populations (Dernie et al. 2003). Every 

bird that nested in Great Gun was a second-year bird (first time breeder).  

Although pair densities were lowest in the restoration areas in 2016 and 2017, pair 

numbers continue to increase on Fire Island and Westhampton Island including increases at 

Great Gun Restoration Area. Peak pair densities may depend on food resources (Elias et al. 2000, 

Cohen et al. 2009). On an area adjacent to this study area, Westhampton Dunes, pair densities 

peaked at 1.05 pairs/ha where walking chicks could access both the bay intertidal zone and the 

ocean intertidal zone. In contrast a 13 year mean density was only 0.44 pairs/ha where chicks had 

access only the ocean intertidal zone (Cohen et al. 2009). This is likely due to denser invertebrate 

populations on the bay side of barrier islands compared to the ocean side (Patterson et al. 1991, 

Loegering and Fraser 1995, Elias et al. 2000, Cohen et al. 2009). In 2017, plovers used the 

breach fill habitats in higher proportion than expected based on the available area, perhaps a 

reflection of high-quality foraging resources within this habitat type. Pair densities were highest 

in the breach fill habitats (1.65 pairs/ha in 2017) where chicks would have had access to bay side 

foraging. Many birds nest at higher densities in areas of high abundant food resource (Burke and 

Nol 1998, Newton 2002).    

 For some species, higher reproductive success leads to a higher probability of site fidelity 

(Haas 1998, Flynn et al. 1999). No females ever returned to nest in the restoration areas even 

though in 2016 and 2017 we recorded the highest apparent success in this habitat type (100%). 

Although it is typical for return rates to be lower for females than male plovers (Friedrich et al. 

2015), even male return rates were low (2 of 16 males ever returning to assume territories in the 

restoration areas). Previous reports of piping plover site fidelity on Long Island have been 

generally high (0.703 ± 0.032 (SE); Cohen et al. 2006). The reasons for this low return rate 

remain to be discovered.  
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Habitat management is key in providing longevity to plover nesting habitats (Melvin et 

al. 1991, Maslo et al. 2011). The plant species found on coastal barrier islands are well adapted 

to respond to sand burial which can stimulate growth (Disraeli 1984) and some sites were 

bordered by dense common reed (Phragmites australis) known to respond positively to 

disturbance (Minchinton and Bertness 2003). In other plover breeding locations on the Missouri 

River, vegetation removal (targeting Phragmites) was effective in maintaining nesting sandbars 

through early habitat management (before sites became overgrown (<3 years of growth)), and the 

with the combination of mechanical and chemical (Glyphosate and Imazapyr) treatments 

(USACE 2015). We observed increases in the proportion of vegetation cover in all four post-

hurricane habitat types (Chapter 2). We recorded a shift in nest numbers away from the overwash 

fans, lower success in those pairs that did nest in the overwash fan, and an increase in pair 

densities in the dunes, perhaps in part as a response to this revegetation. Although the overwash 

habitats (manipulated and natural) experienced high apparent nest and brood success during our 

study, the vegetation at these sites was buried under sand during Hurricane Sandy (versus 

grubbing during the hurricane or mechanical removal), and without additional storm overwash or 

habitat management, these habitats will likely degrade as revegetation continues (Chapter 2). 

Some limited vegetation removal has occurred in New Made Dredge Fill Restoration Area and 

Great Gun Restoration Area but perhaps not sufficiently to significantly reduce vegetation cover 

(Chapter 2).  

In 2015, we observed a particularly high spring tide that was most notable at Great Gun 

Restoration Area, a potential risk to ground nesting plovers. This loss of available nesting habitat 

may be a result of the design of this restoration area where slope and elevation were lower, 

allowing the high tide waters to rush in. This was an intentional design to increase moist 

substrate foraging habitat, but it resulted in flooding of potential nesting area in the early nesting 

period.  

Our study focused on the effects of habitat type alone, but numerous studies have 

highlighted the impact of human disturbance on shorebird fitness and survival (Lafferty et al. 

2006, Weston et al. 2012, DeRose-Wilson et al. 2018, Gibson et al. 2018). Fire Island and 

Westhampton Island are popular locations for human recreation, experiencing high numbers of 

visitors during the summer months (681,518 visitors in 2017 on National Park Service sites on 

Fire Island alone; NPS undated). Access to invertebrate rich intertidal bayside foraging substrate 
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would provide valuable foraging opportunities, important for chick foraging, development and 

survival (DeRose-Wilson et al. 2018). It is likely broods all experienced some level of 

disturbance potentially compounding any effect of habitat. Managing the potential combination 

of these effects on habitat selection, foraging access and reproductive success will be important 

as coastal development increases.  

MANAGEMENT IMPLICATIONS 

Because of the human desire for stabilized coastal habitats, this habitat that may limit piping 

plover populations will likely be in short supply (Catlin et al. 2015, Robinson et al. in prep). 

Thus, restoration areas may be continually required for the conservation of this species. We 

found evidence that these restoration habitats will support piping plovers, though design may be 

improved such as providing both ocean and bay side access. Moreover, these habitats must be 

managed to reduce revegetation through mechanical or herbicide vegetation removal, and 

protected from human disturbance or their utility will be lost (DeRose-Wilson et al. 2018, 

Walker at al. in review).  
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Figure 1. Fire (west and central islands) and Westhampton (east) Islands, New York. Areas were managed by different agencies 

including the National Park Service (Otis Pike Wilderness Area in solid dark grey) and the Suffolk County Parks (Smith Point County 

Park in hashed grey, and Cupsogue County Park in pale solid grey). Colors indicated the four habitat types: (a) breach fill in pink, (b) 

manipulated overwashes in blue, (c) natural overwashes in green and (d) restoration areas in purple (New Made Dredge Fill 

Restoration Area is in the middle of Fire island and Great Gun Restoration Area is the larger, eastern-most section near Moriches 

Inlet).  
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Figure 2. Estimated pair density for each habitat type (breach fill, manipulated overwash, natural overwash and restoration area) 

monitored from 2015–2017. The solid line indicates pair density for the total habitat area, and the dashed line indicates pair density for 

available nesting area (i.e. dry sand land cover above annual high tide). The number above the lines indicate the number of breeding 

pairs for each habitat type and year.   
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Figure 3. The median chick mass, in the thick solid line, for each habitat type in each year of the study, the lower and upper quartiles 

denoted by the box, and the range by the dashed lines. Unfilled circles mark outliers, and the mean chick age at recapture is given 

above each habitat type. In 2015, no chicks survived to fledge in the restoration areas or breach fill.   
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Table 1. Definitions and the total maximum area (ha) of four habitat types in 2015. Habitat categories were based on the USACE 

polygons (USACE 2014). Further details of how areas were obtained, and vary from year to year, are described in the methods. 

Management actions describe any anthropogenic habitat management implemented since habitat creation (either immediately 

following Hurricane Sandy, or in subsequent years).  

Habitat Site (abbreviation) Management unit Total area (ha) Management actions 

breach fill  1.Cupsogue breach fill (CSW_br) 

2.Narrow bay breach management 

area (NBW_br) 

 

Suffolk County Parks 6.87 Filled immediately following 

Hurricane Sandy with dredge 

material. 

Managed with sand and silt 

fencing. 

manipulated 

overwash 

 

1.Narrow bay east (NBE) 

2.Narrow bay west of breach fill 

(NBW) 

3.Pattersquash overwash (PSO) 

 

Suffolk County Parks 42.57  

Annual snow fencing 

Silt fencing in 2017 

natural overwash 1.Bridge overwash (BRO) 

2.Old inlet east overwash (OIE) 

 

National Park 

Services 

42.02  

None 
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restoration area 

 

1.Great gun restoration area (SPTE) 

2.New made dredge fill restoration 

area (NMA) 

 

Suffolk County Park 47.58 New Made bayside mechanical 

vegetation removal 

(approximately 0.3 ha, spring 

2016). 

Great Gun minor physical 

removal of common reed along 

north edge  (black plastic 

sheeting 0.05 ha*) 

*Calculated using aerial imagery to hand digitize the boundaries of the black plastic sheeting. 
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Table 2. Habitat and geological terminology used on Fire Island and Westhampton Islands, New York.  

Habitat Definition 

backshore The ocean side dry sand area between the spring high tide water line and the southern toe of the first dune 

moving inland. 

breach fill The two areas of Fire Island and Cupsogue County Park (Westhampton Island) that breached from ocean to bay 

during Hurricane Sandy, which were filled with dredged sand shortly after the hurricane by the USACE. Both 

breach fill areas were also subject to manipulation through the placement of sand fencing. 

dune  The elevated area at the end of the backshore. This starts with the southern toe of the primary dune and runs 

until the northern toe of the dune system. 

manipulated overwash Areas of Fire Island that overwashed from ocean to bay picking up sand and gravel and depositing on existing 

vegetation or substrate during Hurricane Sandy, but have since been altered including manipulated dunes, 

additional sand and silt fencing placement, or vegetation management. The boundaries for this habitat type 

were outlined by the USACE to management under the FIMI. 

natural overwash Areas of Fire Island National Seashore that overwashed (some from ocean to bay) picking up sand and gravel 

and depositing on existing vegetation or substrate during Hurricane Sandy but have not been further modified. 

This included the NPS property on Fire Island. 

overwash fan The area extending from the north toe of the dune system to the bayside spring high tide line. 
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restoration area Areas of Fire Island that were human created, designed to mimic natural overwash events. These were the 

result of the FIMI Biological Opinion as commitments to offset the habitat-altering project. These include the 

Great Gun Restoration Area and the New Made Dredge Fill Restoration Area (USACE 2014). They were 

created during the winter of 2014–2015. 
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Table 3. Annual estimates of dry sand area size (hectares), total number of breeding pairs, and pair density for three geomorphic areas 

within each of the four habitat types (breach fill, natural overwash, manipulated overwash and restoration area) in 2015–2017. 

Estimated area was based on supervised object-based classification and only included the dry sand area above the annual high tide 

line.  

  Backshore Dune Overwash fan  

Habitat Year Area  Pairs Pair  

density 

Area  Pairs Pair  

density 

Area  Pairs Pair  

density 

Total 

area  

Total  

pairs 

Pair 

density 

breach fill 2015 1.14 0 0 1.45 0 0 2.42 3 1.24 5.01 3 0.60 

 2016 2.22 0 0 1.38 2 1.45 2.04 1 0.49 5.64 3 0.53 

 2017 2.15 1 0.46 1.26 4 3.19 2.03 4 1.97 5.44 9 1.65 

manipulated 

overwash 

2015 6.21 0 0 7.95 0 0 20.15 5 0.25 34.31 5 0.15 

 2016 6.52 0 0 8.10 2 0.25 13.95 4 0.29 28.57 6 0.21 

 2017 5.48 0 0 7.23 6 0.83 11.26 1 0.09 23.96 7 0.29 

natural overwash 2015 7.84 1 0.13 - - - 22.21 1 0.05 30.05 2 0.07 

 2016 9.13 4 0.44 - - - 18.12 2 0.11 27.26 6 0.22 

 2017 6.94 3 0.43 - - - 11.02 8 0.73 17.97 11 0.61 
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restoration areas 2015 11.80 2 0.17 4.17 0 0 5.94 4 0.67 21.91 6 0.13 

 2016 29.00 2 0.07 3.56 0 0 4.48 1 0.22 37.16 3 0.06 

 2017 29.55 5 0.17 3.32 0 0 3.35 1 0.30 36.22 6 0.13 
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Table 4. Proportion of used (Pu) vs. expected use based on available habitat (Pa) within four habitat types on Fire Island and 

Westhampton Island, New York, 215–2017. Pu was calculated as the number of pairs (n) in a given habitat type divided by the total 

number of pairs found in that year, and, Pa was calculated as the area size of available (dry sand land cover) nesting habitat type 

divided by the total area size for the given year. Bonferronized 95% confidence intervals (95% CI) are provided on the proportion of 

use. The direction of selection is indicated with ‘+’ (for), ‘-’ (against), and ‘=’ (indifferent). Years marked with an asterisk showed 

significant selection for or against a given habitat based on the χ2 goodness-of-fit test (2015: χ2 = 8.54, df = 3, p = 0.04; 2016: χ2 = 

6.19, df = 3, p = 0.10; 2017: χ2 = 29.47, df = 3, p<0.0001). 

 Breach fill Manipulated overwash Natural overwash Restoration habitat 

Year n Pa Pu 95% CI  n Pa Pu 95% CI  n Pa Pu 95% CI 

 

n Pa Pu 95% CI  

2015 3 0.065 0.18

8 

-0.056–

0.431 

= 5 0.376 0.313 0.023–

0.602 

= 2 0.329 0.125 -0.082–

0.332 

= 6 0.240 0.375 0.073–

0.677 

= 

2016 3 0.057 0.16

7 

-0.053–

0.386 

= 6 0.290 0.333 0.056–

0.611 

= 6 0.277 0.333 0.056–

0.611 

= 3 0.376 0.167 -0.053–

0.386 

= 

2017* 9 0.065 0.27

3 

0.079 

0.466 

+ 7 0.287 0.212 0.034–

0.390 

= 11 0.215 0.333 0.128–

0.538 

= 6 0.433 0.182 0.014–

0.350 

- 
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Table 5. The annual total counts of piping plover breeding pairs, nests with at least one egg hatched or one fledged chick, and 

fledglings for each of the four post-Hurricane habitat types, 2015–2017. Any nest and renest within the habitat were included (≥1 

egg).   

Habitat Year Pairs  Nests  Successful nests (%)  Successful broods (%) Fledglings 

breach fill  2015 3 5 2 (40%) 0 (0%) 0 

 2016 3 4 4 (100%) 4 (100%) 7 

 2017 9 11 7 (64%) 4 (33%) 6 

manipulated overwash  2015 5 9 2 (22%) 2 (22%) 4 

 2016 6 6 4 (67%) 4 (67%) 10 

 2017 7 7 4 (57%) 4 (57%) 7 

natural overwash 2015 2 4 2 (50%) 2 (50%) 5 

 2016 6 7 6 (86%) 5 (71%) 13 

 2017 11 13 10 (77%) 7 (54%) 17 

restoration areas 2015 6 8 0 (0%) 0 (0%) 0 

 2016 3 3 3 (100%) 3 (100%) 9 

 2017 6 6 6 (100%) 6 (100%) 13 
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Table 6. The annual counts of piping plover nests with at least one egg hatched and one fledged chick for nests with or without a 

predator exclosure within each of the four habitat types. The number of chicks that fledged in exclosed and unexclosed nests. In 2015, 

3 nests had exclosures removed during the incubation period at Smith Point County Park (‘partially exclosed’).    

  

Habitat 

Year Nests Exclosed  Unexclosed  Partially exclosed 

   Total  Hatched  Fledglings Total Hatched  Fledglings Total  Hatched 

breach fill  2015 5 1 1 0 3 1 0 1 0 

 2016 4 3 3 6 1 1 1 - - 

 2017 11 6 6 6 5 1 0 - - 

manipulated overwash  2015 9 1 0 0 7 2 4 1 0 

 2016 6 3 3 7 3 1 3 - - 

 2017 7 4 4 7 3 0 0 - - 

natural overwash  2015 4 0 0 0 4 2 5 0 0 

 2016 7 4 4 7 3 2 6 - - 

 2017 13 11 9 17 2 1 0 - - 

restoration area 2015 8 0 0 0 7 0 0 1 0 
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 2016 3 3 3 9 0 0 0 - - 

 2017 6 6 6 13 0 0 0 - - 

total  -  83 42 39 72 38 11 19 3 0 
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Table 7. The annual total counts of piping plover nests by the cause of hatching failure. Successful nests were defined as a nest 

successfully hatching ≥ 1 egg. The cause was determined using evidence (such as tracks etc.) found at and within 5 meters of the nest 

bowl. Avian predators included one unknown and one American crow (Corvus brachyrhynchos). Mammalian predator included only 

red fox (Vulpes vulpes).  

Habitat Year Nests Successful 

nests 

Cause of nest loss 

 Mammalian 

predator 

Avian 

predator 

Unknown 

predator 

Abandonment Flooding Unknown 

cause 

breach fill  2015 5 2 1 0 1 0 0 1 

 2016 4 4 0 0 0 0 0 0 

 2017 11 7 0 0 1 1 0 2 

manipulated overwash  2015 9 2 7 0 0 0 0 0 

 2016 6 4 0 0 0 1 0 1 

 2017 7 4 1 1 0 1 0 0 

natural overwash  2015 4 2 2 0 0 0 0 0 

 2016 7 6 0 0 0 0 0 1 

 2017 13 10 0 0 0 1 1 1 
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restoration area 2015 8 0 4 1 1 0 0 2 

 2016 3 3 0 0 0 0 0 0 

 2017 6 6 0 0 0 0 0 0 

total  - 83 50 16 2 3 4 1 8 
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Table 8. Effect size (β) of covariates included in the best-fit model for piping plover hatch success on Fire and Westhampton Islands, 

New York (see Appendix L for full model set). We present standard error and 95% confidence intervals. The reference level for the 

geomorphic setting was the backshore.  

Variable β SE Lower 95% CI Upper 95% CI 

Intercept -0.76 0.77 -2.37 -0.72 

Exclosed (Y) 3.72 0.91 2.13 5.76 

Year (2016) 1.87 0.93 0.10 3.83 

Year (2017) 0.17 0.86 -1.65 1.82 

Geomorphic (Dune) 0.02 0.96 -1.90 1.94 

Geomorphic (Overwash Fan) -1.46 0.85 -3.24 0.16 
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Table 9. Effect size (β) of covariates included in the best-fit model for piping plover brood success on Fire and Westhampton Islands, 

New York (see Appendix L for full model set). We present standard error and 95% confidence intervals. 

Variable β SE Lower 95% CI Upper 95% CI 

Intercept  -3.39 0.92 -5.59 -1.88 

# of chicks  1.52 0.32 0.98 2.28 

Year (2016) 1.92 1.17 -0.33 4.39 

Year (2017) -0.25 1.14 -2.72 1.90 
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Table 10. Effect size (β) of covariates included in the best-fit model for pre-fledged piping plover chick mass brood success on Fire 

and Westhampton Islands, New York (see Appendix L for full model set). We present standard error and 95% confidence intervals. 

Variable β SE Lower 95% CI Upper 95% CI 

Intercept 38.98 1.93 35.05 42.82 

Chick age 2.86 0.51 1.85 3.90 

Year (2016) -4.10 2.12 -8.34 0.20 

Year (2017) -6.67 2.08 -10.83 -2.44 
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Table 11. The number (and percentage in parentheses) of adult breeders that returned to the same habitat as the previous year shown 

by habitat types, year, and sex. Renests were excluded from calculations. Given the restoration areas were created in 2014–2015, there 

was no 2014 pair data to calculate return rates for the 2015 breeding season, hence ‘-’ denotes no data for that period.  

Habitat Year Total males  Returning males Total females Returning females 

breach fill  2015 3 3  3 1  

 2016 3 1  3 0  

 2017 9 4  9 2  

manipulated overwash 2015 4 1   4 1  

 2016 6 2  6 1  

 2017 7 2  7 0  

natural overwash 2015 2 1  2 1  

 2016 6 2  6 2  

 2017 11 2  10 3  

restoration areas 2015 7 - 6 - 

 2016 3 0  3 0  

 2017 6 2  6 0  
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CHAPTER 5: CONCLUSION 

Hurricane Sandy caused habitat alterations to the Atlantic Coast following its arrival in October 

2012 (Rice 2017). In this thesis, I addressed three goals related to those habitat changes. I 

compared three image classification methods using barrier island aerial imagery, quantified 

vegetation changes on two New York barrier islands after the hurricane and monitored piping 

plover response to post-hurricane human created restoration areas and three other habitats. The 

results I have outlined are emphasize the need for habitat monitoring and manageable in regard 

to species conservation for piping plovers on Fire Island and Westhampton Island.  

Coastal systems are highly dynamic making them a challenging environment to map 

through time. I present the benefits of supervised object-based classification, achieving high 

overall accuracy (85%) using high-resolution barrier island aerial imagery. Land cover area 

estimates can be adjusted to account for classification error (Olofsson et al. 2013). In Chapter 1, I 

applied these accuracy estimates to coastal barrier island aerial imagery and demonstrated the 

ability to generate accurate land cover area estimates and produce confidence intervals for these 

area estimates. This is important for accurately representing land cover areas for use in habitat 

availability or resource selection for piping plovers and may be applied to the study of other 

similar imperiled species. Measures of accuracy are often not presented fully or at all (Olofsson 

et al. 2013, 2014), thus I encourage the presentation of this data for users of land cover maps. 

The applications of this research are increased accuracy land cover maps for use in change 

detection and interpreting available area for piping plover nesting on Fire Island.  

Although prior studies have shown an increase in accuracy with the addition of other data 

such as LiDAR (Chust et al. 2008, Elaksher 2008), I observed marginal increases (2-4%) in 

accuracy with the inclusion of LiDAR suggesting users may wish to consider the costs and 

benefits of agency resources before committing to this option. Furthermore, I found minimal 

increases in accuracy using post-processing tools for pixel-based methods. The use of post-

processing tools may be a cheaper, easier alternative to LiDAR for resource-limited users.  

The acquisition of field derived reference data for image classification can be time 

consuming and challenging resulting in imperfect data (Foody 2010). With some familiarity with 



   

 

127 

 

the site and habitat types, I demonstrated photo interpretation can be used as an accurate 

alternative to field reference data to create training samples for land cover maps, benefiting users 

with limited resources or working in remote systems. Furthermore, if human and computation 

resources are limiting map production, I present the expected accuracy using pixel-based 

unsupervised and supervised methods in this coastal system.  

After hurricane Sandy, all four habitat types (breach fill, manipulated overwash, natural 

overwash and restoration areas) were subject to vegetation succession as I described in Chapter 

2. The lowest increase in the proportion of vegetation was observed in sites which experienced 

complete plant material removal (breach fill sites and the Great Gun Restoration Area), while the 

greatest increase in proportion of vegetation was observed in the overwashes and New Made 

Dredge Fill Restoration Area where sand was deposited onto existing plants which persisted 

following the hurricane. These results are biologically intuitive considering the nature of coastal 

plant communities. Beachgrass specifically, the fore-dune dominant species, is adapted to 

cyclical sand burial and responses positively to sand burial (Maun and Lapierre 1984) 

suggesting, if the goal of managers is to maintain unvegetated or sparsely vegetated habitat, it is 

likely entire above and below ground vegetation removal will be required. The removal of 

vegetation below the surface, such as deep roots and rhizomes would be necessary to maximize 

the longevity of early successional habitat. 

Barrier island plant communities may take 2–10 years to recover following disturbance 

(Miller et al., 2010; Houser et al., 2015). Particularly the establishment of planted species used in 

dune engineering, such as similar coastal grass species (sea oats, Uniola paniculate, and bitter 

panicum, Panicum amarum), took longer to establish when planted before or during winter 

versus in the spring (Miller et al. 2001). The density board indices analysis supported this as I 

observed lower densities of vegetation in the younger row-planted dunes than those that persisted 

in the natural overwashes. Beachgrass commonly is planted along the Atlantic coast to stabilize 

dune systems, and longer-term study may eliminate the effects this has on barrier island ecology 

as it becomes more dense. Given the increases in vegetation density and portion of cover I 

observed in this system, it is likely vegetation on Fire and Westhampton Islands will continue to 

increase until it reaches pre-hurricane densities or climax community.  
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The two restoration sites built by the U.S. Army Corps of Engineers (USACE) were 

completed by the spring of 2015. These were designed as mitigation for the Fire Island to 

Moriches Inlet stabilization project, and I found they functioned differently to other post-

hurricane habitat types. The differences in revegetation and use by piping plovers of the two sites 

reflects the design of each restoration site (as described in Chapter 2 and 3). Great Gun 

Restoration Area has experienced increased longevity in available nesting habitat for piping 

plovers, resulting in an increase in pair and nest numbers, while in the New Made Dredge Fill 

Restoration Area vegetation increased at a similar rate to the manipulated overwashes, resulting 

in a loss in available nesting habitat and one breeding pair of plovers in the last two years of our 

study. The U.S. Fish and Wildlife Service estimated the potential number of pairs each site could 

support, and these were more three times greater than our observed counts in this study (Great 

Gun Restoration Area: 16.85 pairs versus 5 pairs in 2017, and New Made: 3 pairs versus 1 pair in 

2017; USFWS 2014). These estimates in the Biological Opinion were based on total site area, 

not accounting for revegetation that contributed to reduced nesting habitat for plover pairs. But 

the population is still increasing, and it is unclear if these estimates may yet be reached.  

Previous studies have documented a lag in the settlement in newly created habitat by 

piping plovers (Cohen et al. 2009, Bourque et al. 2015). The discovery of new habitat may take 

some time and be further limited by the number of returning birds (Catlin et al. 2015). Every bird 

that nested in Great Gun Restoration Area during this study was a second-year bird (first time 

breeder). At other locations, peak pair numbers were recorded 4-5 years following disturbance 

(Robinson et al. in prep). The post-hurricane habitats were available from the breeding season of 

2013, while the restoration areas were not yet complete until the spring of 2015, suggesting this 

location may still be experiencing a delay in discovery. Although pair densities were lowest in 

the restoration areas compare to the other three habitat types in 2016 and 2017, pair numbers 

continue to increase across Fire Island and Cupsogue County Park (58 pairs in 2018 compared to 

45 pairs in 2017). The number of plover pairs in the Great Gun Restoration Area increased from 

5 pairs in 2017 to 8 pairs in 2018. In New York, piping plover pair numbers experienced a 

decline (37% from 457 pairs in 2007 to 286 pairs in 2014; USFWS 2016) with low productivity 

during this time (highest at 1.30 chicks/pair in 2014; USFWS 2016). The Long Island 

population, of which Fire Island and Westhampton Island are part, contributed to much of these 
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trends (USWFS 2016). Since 2014, pair numbers and productivity has increased. The annual 

regional variation in productivity may have contributed to the lag in post-hurricane habitat 

settlement observed on Fire Island and Westhampton Island.  

Multiple studies have shown plover numbers increase following habitat-creating events 

(Wilcox 1959, Cohen et al. 2009, Hunt et al. 2018, Robinson et al.in prep). Available nesting 

habitat increased for piping plovers on Fire Island and Westhampton Island immediately 

following Hurricane Sandy (Walker et al. in review), followed by an increase in plover pairs on 

these barrier islands from 2015–2017 in this study (Chapter 3). However, vegetation succession 

resulted in a decline (8% from 91.28 to 83.59 ha) in available plover habitat among four post-

hurricane habitat types as revegetation occurred following Hurricane Sandy. Previous pair 

density estimates from a 13-year study at a nearby barrier island site in New York, found pair 

densities peaked at 1.05 pairs/ha (Cohen 2009), and although comparable at some sites in this 

study (ranging from 0.06–1.65 pairs/ha) an increasing population suggests Fire Island and 

Westhampton Island may not have reached carrying capacity.  

Engineered habitats may be biologically effective, helping populations reach local and 

regional recovery goals if they meet the biological requirements of the target species, and plovers 

have been shown to use engineered habitat (Cohen et al. 2009, Catlin et al. 2011, 2015, Maslo et 

al. 2012). Missouri River plovers selected for engineered habitats where they had good nest 

success (Catlin et al. 2011). In this study plovers used restoration areas and were successful in 

producing nests and broods. In fact, apparent nest and brood success was the highest in the 

restoration areas compared to the other three post-hurricane habitats in 2016 and 2017 (100%), 

and there was no effect of habitat type on modeled nest and brood success. Although chick 

condition was similar across all post-hurricane habitats, in 2017 plovers selected against the 

restoration areas in relation to the available area. High nest success resulted in high site fidelity 

in other species (Haas 1998, Flynn et al. 1999), but return rates were the lowest in restoration 

areas despite good nest success in 2016 and 2017. The reasons for this low return rate remain to 

be discovered and may be a future area of research.  

With climate models predicting increases in storm intensity, precipitation and sea-level 

rise, anthropogenic coastline habitat alterations are likely to increase, likely reducing available 
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piping plover nesting habitat. If managers wish to protect early successional habitat for species 

such as piping plovers, habitat monitoring, management, protections, and appropriate restoration 

habitat design will be necessary in the absence of natural disturbance.   
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Appendix A  

Table A.1. Imagery and LiDAR data and collection details.  

Collection date Type Resolution Bands Source Cost 

February 26th –  

March 3rd 2016 

Orthophoto 15 cm 4 (Blue, Green, Red and Near 

InfraRed) 

NY State GIS Clearinghouse Free data source funded by 

NY State* 

April 25th 2016 LiDAR 100 cm 1 Axis Geospatial©, Maryland. $47,676 

 * For readers benefit, we collected annual aerial imagery and the cost for a private contact for aerial imagery was $12,931. 
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Appendix B 

Table B.1. The expected requirements of each method based on our case study. Time was based on the total number of working days 

required to produce results (1 day = around 8 hours).   

Method Algorithm Data Software Hardware Time 

Unsupervised 

pixel-based (UPB) 

 

ISODATA 

 

aerial imagery ArcMap 10.5 with spatial analyst 

extension to access Iso Cluster 

Unsupervised Classification tool 

Dell 

desktop 

RAM 32 

 

< 1 day 

easy - medium 

Supervised pixel-

based (SPB) 

 

Maximum 

Likelihood 

Classification 

(MLC) 

aerial imagery ArcMap 10.5 with spatial analyst 

extension to access Maximum 

Likelihood Classification tool 

Dell 

desktop 

RAM 32 

 

1 – 3 days 

(including post-

processing tools) 

medium to difficult 

 

Supervised pixel-

based (OBB) 

 

K-Nearest 

Neighbour 

(KNN) 

aerial imagery 

LiDAR data to create 

Digital Surface Model 

(DSM) and Digital 

Terrane Model (DTM) 

ArcMap 10.5 with spatial analyst 

extension 

eCognition Essentials 1.3 for 

Object-based classification 

Dell 

desktop 

RAM 128 

up to 1 week 

medium to difficult 

(unfamiliar 

software, creation 

of elevation layers) 
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Appendix C  

Table C.1 Habitat type descriptions, sites representing them, area (ha) and geomorphic features found there. The area was as of spring 

2015 (the first season and year following Hurricane Sandy all habitat types were present), and by boundaries based on descriptions 

from USACE (2014), or field-mapped data.  

Habitat type Site (acronym) Area (ha) Geomorphic features 

Breach fill  Cupsogue Breach (CSWbr) 2.97 backshore, dune, overwash fan 

Breach fill Narrow Bay Breach (NBWbr) 3.90 backshore, dune, overwash fan 

Manipulated overwash  Pattersquash overwash (PSO) 18.50 backshore, engineered/planted dune, overwash fan 

Manipulated overwash Narrow Bay East (NBE) 18.47 backshore, engineered/planted dune, overwash fan 

Manipulated overwash Narrow Bay West overwash (NBW) 5.93 backshore, engineered/planted dune, overwash fan 

Natural overwash  Old Inlet East (OIE) 35.85 backshore, overwash fan 

Natural overwash  Bridge overwash (BRO) 6.17 backshore, overwash fan 

Restoration area  New Made Dredge Fill (NMA) 9.65 backshore, engineered/planted dune, overwash fan 

Restoration area  Great Gunn (SPTE) 37.93 backshore, dune 
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Appendix D. Maps of habitat boundaries for USACE breach fill habitat. 

 

Fig.D.1 Cupsogue County Park breach fill boundaries lie over 2015 spring aerial imagery. The original (immediately post-hurricane 

2013) boundaries are marked in orange, the planted dunes (dashed black line) are central in the image, the bay and ocean high tide 

area marked for 2015 (pink), 2016 (green), 2017 (blue).  
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Fig.D.2 Narrow Bay West breach fill area, Smith Point County Park, boundaries lie over 2015 spring aerial imagery. The original 

(immediately post-hurricane 2013) boundaries are marked in orange, the planted dunes (dashed black line) are central in the image, 

the bay and ocean high tide area marked for 2015 (pink), 2016 (green), 2017 (blue).  
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Appendix E. Maps of habitat boundaries for manipulated overwash habitat.  

 

Fig.E.1 Narrow Bay East, Smith Point County Park, boundaries lie over 2015 spring aerial imagery. Ocean and bay high tides are 

marked for 2015 (pink), 2016 (green) and 2017 (blue). Where there is no bay tide line visible (2016 and 2017), the bay high tide did 

not come above the USACE habitat boundaries. The USACE project management boundaries (USACE 2014) are designated in 

orange, and black dashed lines indicate the USACE planted dunes footprint. 
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Fig.E.2 Narrow Bay West overwash, Smith Point County Park, boundaries lie over 2015 spring aerial imagery. Ocean and bay high 

tides are marked for 2015 (pink), 2016 (green) and 2017 (blue). The USACE project management boundaries (USACE 2014) are 

designated in orange, and black dashed lines indicate the USACE planted dunes footprint. 
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Fig.E.3 Pattersquash overwash, Smith Point County Park, boundaries lie over 2015 spring aerial imagery. Ocean and bay high tides 

are marked for 2015 (pink), 2016 (green) and 2017 (blue). The USACE project management boundaries (USACE 2014) are 

designated in orange, and black dashed lines indicate the USACE planted dunes footprint. 
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Appendix F. Maps of habitat boundaries for natural overwash habitat.  

 

Fig.F.1 Bridge overwash, Fire Island National Seashore (National Park Service), boundaries lie over 2015 spring aerial imagery. 

Ocean high tides are marked for 2015 (pink), 2016 (green) and 2017 (blue). The habitat boundaries are shown in orange from field-

collected data collected in 2013 the spring following Hurricane Sandy.  
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Fig.F.2 Old Inlet East overwash, Fire Island National Seashore (National Park Service), boundaries lie over 2015 spring aerial 

imagery. Ocean high tides are marked for 2015 (pink), 2016 (green) and 2017 (blue). The habitat boundaries are shown in orange from 

field-collected data collected in 2013 the spring following Hurricane Sandy.  
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Appendix G. Maps of habitat boundaries for restoration area habitat. 

 

Fig.G.1 Great Gun Restoration area, Smith Point County Park, boundaries lie over 2015 spring aerial imagery. The USACE project 

management boundaries (USACE 2014) are designated in orange, and black dashed lines indicate the USACE planted dunes footprint. 

The ocean high tide is marked for 2015 (pink), 2016 (green), 2017 (blue).  
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Fig.G.2 New Made Restoration area, Smith Point County Park, boundaries lie over 2015 spring aerial imagery. The USACE project 

boundaries (USACE 2014), and black dashed line = planted dunes footprint, the ocean high tide is marked for 2015 (pink), 2016 

(green), 2017 (blue).  
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Appendix H. 

Table H.1. Data collection details for remotely sensed data. All aerial imagery was collected in NAD 1983 State Plane New York, 

Long Island, FIPS 3104 (feet) and all measurements were converted from feet to meters. Data collected by Axis Geospatial Inc. 

(Easton, Maryland, USA) was prepared following the American Society for Photogrammetry and Remote Sensing (ASPRS) Positional 

Accuracy Standards for Digital GeoSpatial Data, Edition 1, Version 1.0 (2014).  

Date Season category Data type Number of bands Resolution (m) Source 

April 3rd 2013 Spring Aerial Imagery 4 0.15 NYSGIS Clearinghouse 

April 19th 2015 Spring Aerial Imagery 4 0.15 Axis Geospatial 

April 16th 2015 Spring LiDAR 1 1 Axis Geospatial 

October 21st 2015 Fall Aerial Imagery 4 0.15 Axis Geospatial 

February 26th 2016 Spring Aerial Imagery 4 0.15 NYSGIS Clearinghouse 

April 25th 2016 Annual LiDAR 1 1 NYSGIS Clearinghouse 

September 13th 2016 Fall Aerial Imagery 4 0.15 Axis Geospatial 

April 4th 2017 Spring Aerial Imagery 4 0.15 Axis Geospatial 

April 11th 2017 Annual LiDAR 1 1m Axis Geospatial 

September 23rd 2017 Fall Aerial Imagery 4 15cm Axis Geospatial 
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Appendix I. Accuracy assessment results for supervised object-based classification methods.  

Table I.1. Error matrix for the classification of Old Inlet East (spring 2017) using 200 random points and comparing photo 

interpretation (reference) with the land cover classification classes (predicted). Overall accuracy is the percentage of times the 

classification agreed with the photo interpreter, producer’s accuracy indicates the quality of the classification of training set pixels, and 

user’s accuracy is the probability that the classification (predicted values) represent reality.  

  Reference   

  dry sand wet sand vegetation water total user’s accuracy (%) 

P
re

d
ic

te
d

 

dry sand  50 0 6 0 56 89 

wet sand  3 13 14 0 30 43 

vegetation 2 0 107 4 113 95 

water  0 0 0 1 1 100 

total  55 13 127 5 200 - 

 producer’s accuracy (%) 91 100 84 20 -  

 overall accuracy - - - - 86 - 
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Figure I.1.The mapped (hollow circles) and error adjusted (solid squares including 95% confidence intervals) area of each land cover 

type (dry sand, vegetation, water and wet sand). Only one reference point fell within the water class as it was a rare land cover type, 

hence we could not calculate confidence intervals for this land cover type.   
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Appendix J. Full model sets from model selection in vegetation analyses.  

Table J.1. The full model set using a generalized linear model to evaluate the proportion of vegetation for each post-hurricane Sandy 

habitat (breach fill, manipulated overwash, natural overwash, restoration area) on Fire and Westhampton Islands, New York, 2013, 

2015–2017. 

Modela kb AICc ΔAICc logLik wc 

age + habitat + season + age*habitat  10 101.32 0.00 -38.42 0.66 

age + habitat + season  7 102.69 1.37 -43.27 0.34 

age + habitat 6 125.61 24.29 -56.01 0.00 

age + habitat + age*habitat 9 128.04 26.72 -53.22 0.00 

habitat + season 6 132.62 31.30 -59.52 0.00 

age + season  4 141.54 40.22 -66.41 0.00 

age  3 154.50 53.18 -74.03 0.00 

habitat 5 156.75 55.43 -72.82 0.00 

season 3 158.68 57.36 -76.13 0.00 

null 2 173.47 72.15 -84.63 0.00 
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aVariables used in the models: age – the number of years since the habitat was created through a disturbance event (Hurricane Sandy 

or engineering efforts), habitat – the categorical habitat type (breach fill, manipulated overwash, natural overwash, or restoration area), 

season – the season when the proportion of vegetation was calculated (Spring or Fall), and age*habitat – an interactive effect of years 

since disturbance and the type of habitat.  

bThe number of parameters in the model.  

cThe individual model weight from the AIC model selection.  

 

 

 

 

 

 

 

 

 



   

 

150 

 

Table J.2. The full model set using a linear zero-inflated mixed effects model to evaluate the vegetation density indices for each post-

hurricane Sandy habitat (breach fill, manipulated overwash, natural overwash, restoration area) on Fire and Westhampton Islands, 

New York, 2013, 2015–2017. 

Modela kb AICc ΔAICc logLik wc 

elevation + season + type + year 7 4685.27 0.00 -2335.55 1.00 

elevation + season + year 6 4703.43 18.16 -2345.65 0.00 

elevation + season + type  6 4850.10 164.83 -2418.98 0.00 

elevation + season  5 4877.44 192.16 -2433.67 0.00 

elevation + type + year 6 4927.49 242.22 -2457.68 0.00 

elevation + year 5 4944.98 259.70 -2467.44 0.00 

elevation + type 5 5067.88 382.60 -2528.89 0.00 

elevation  4 5039.42 407.97 -2542.59 0.00 

season + type + year 6 5113.92 428.64 -2550.90 0.00 

season + year 5 5128.06 442.79 -2558.99 0.00 

season + type  5 5266.41 581.14 -2628.16 0.00 
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season  4 5288.49 603.21 -2640.21 0.00 

type + year 5 5337.79 652.52 -2663.85 0.00 

year 4 5351.96 666.68 -2671.95 0.00 

type 4 5468.65 783.37 -2730.29 0.00 

null 3 5490.05 804.77 -2742.01 0.00 

aVariables used in the models: type – the categorical type of vegetation (natural overwash or planted dunes), year – the year the 

sample was collected (2016 or 2017), season – the season when the samples were collected (May or August), and elevation – a 

continuous variable based on the sample elevation extracted from the relevant annual Digital Elevation Model.  

bThe number of parameters in the model.  

cThe individual model weight from the AIC model selection.  
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Appendix K. Data collection details for vegetation densities indices.  

Table K.1. The latitude and longitude of each starting samples of each unique transect. The latitude and longitude are the first 

recorded locations from time the transect was established. The natural transects were only sampled in 2017, hence ‘-’, denotes no data. 

If a transect was inaccessible for some reason and not sampled in that time period an ‘N’ denotes no data collected, and ‘Y’ denotes 

the transect was accessible and sampled.  

Transect ID Type Site Latitude Longitude 

Spring 

2016 

Summer 

2016 

Spring 

2017 

Summer 

2017 

BRO_T1 natural Bridge Overwash (BRO) 40.73000 -72.87390 - - Y Y 

BRO_T2 natural  40.72973 -72.87446 - - Y Y 

BRO_T3 natural  40.72956 -72.87479 - - Y Y 

BRO_T4 natural  40.73042 -72.87247 - - Y Y 

BRO_T5 natural  40.73077 -72.87117 - - Y Y 

BRO_T6 natural  40.73062 -72.87170 - - Y Y 

BRO_T7 natural  40.73050 -72.87212 - - Y Y 

FIL_T1 planted Fire Island Lighthouse Tract (FIL) 40.62908 -73.22206 Y N N N 

FIL_T2 planted  40.62911 -73.22195 Y Y Y Y 
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FIL_T3 planted  40.62909356 -73.22201311 Y Y Y Y 

FIL_T4 planted  40.62900657 -73.22242263 Y Y Y Y 

FIL_T5 planted  40.62881792 -73.22333654 Y Y Y Y 

FLD5_T1 planted Field Five, Robert Moses State Park 

(FLD5) 
40.62875602 -73.22364733 

Y Y Y Y 

FLD5_T2 planted  40.62868902 -73.22389409 Y Y Y Y 

FLD5_T3 planted  40.6285167 -73.22470984 Y Y Y Y 

FLD5_T4 planted  40.62856701 -73.2244753 Y Y Y Y 

FLD5_T5 planted  40.62835713 -73.2254503 Y Y Y Y 

FLD5_T6 planted  40.62826 -73.22597 Y Y Y Y 

FLD5_T7 planted  40.62815 -73.22682 Y Y Y Y 

FLD5_T8 planted  40.62815 -73.22723 Y y Y Y 

NMA_T1 planted New Made Dredge Fill Restoration 

Area 
40.75143 -72.80332 

Y Y Y Y 

NMA _T2 planted  40.75131 -72.80372 Y Y Y Y 

NMA _T3 planted  40.75108 -72.80460 Y Y Y Y 



   

 

154 

 

NMA _T4 planted  40.75084 -72.80556 Y Y Y Y 

NMA _T5 planted  40.75072 -72.80611 Y Y Y Y 

NMA _T6 planted  40.75066 -72.80631 Y Y Y Y 

NMA _T7 planted  40.75061 -72.80655 Y Y Y Y 

NMA _T8 planted  40.75047 -72.80709 Y Y Y Y 

NMA _T9 planted  40.75026 -72.80815 Y Y Y Y 

NMA _T10 planted  40.75004 -72.80903 Y Y Y Y 

NBE_T1 planted Narrow Bay East Overwash 40.75423 -72.79424 Y Y Y Y 

NBE_T2 planted  40.75404 -72.79485 Y Y Y Y 

NBE_T3 planted  40.75402 -72.79493 Y Y Y Y 

NBE_T4 planted  40.75390 -72.79531 Y Y Y Y 

NBE_T5 planted  40.75358 -72.79636 Y Y Y Y 

NBE_T6 planted  40.75343 -72.79683 Y Y Y Y 

NBE_T7 planted  40.75315 -72.79771 Y Y Y Y 

NBE_T8 planted  40.75297 -72.79830 Y Y Y Y 
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NBE_T9 planted  40.75271 -72.79911 Y Y Y Y 

NBE_T10 planted  40.75258 -72.79954 Y Y Y Y 

OIE_T1 natural Old Inlet East Overwash (OIE) 40.72721 -72.88245 - - Y Y 

OIE_T2 natural  40.72570 -72.88737 - - Y Y 

OIE_T3 natural  40.72546 -72.88843 - - Y Y 

OIE_T4 natural  40.72498 -72.89047 - - Y Y 

OIE_T5 natural  40.72491 -72.89065 - - Y Y 

OIE_T6 natural  40.72472 -72.89121 - - Y Y 

OIE_T7 natural  40.72448 -72.89212 - - Y Y 

OIE_T8 natural  40.72435 -72.89279 - - Y Y 

OIE_T9 natural  40.72423 -72.89393 - - Y Y 

PSO_T1 planted Pattersquash Overwash (PSO) 40.74421 -72.827957 Y Y Y Y 

PSO_T2 planted  40.74413 -72.82822 Y Y Y Y 

PSO_T3 planted  40.74389 -72.82891 Y Y Y Y 

PSO_T4 planted  40.74362 -72.82971 Y Y Y Y 
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PSO_T5 planted  40.74362 -72.82978 N Y N Y 

PSO_T6 planted  40.74346 -72.83022 N Y N Y 

PSO_T7 planted  40.74313 -72.83121 N Y N Y 

SPTW_T1 planted Smith Point West (SPTW) 40.75585 -72.78899 Y Y Y Y 

SPTW_T2 planted  40.75561 -72.78972 Y Y Y Y 

SPTW_T3 planted  40.75540 -72.79044 Y Y Y Y 

SPTW_T4 planted  40.75509 -72.79144 Y Y Y Y 

SPTW_T5 planted  40.75474765 -72.79252133 Y Y Y Y 

SPTW_T6 planted  40.75470231 -72.79269743 Y Y Y Y 

SPTW_T7 planted  40.75448567 -72.79340691 Y Y Y Y 

WHD_T1 planted Westhampton dunes (WHD) 40.77725073 -72.70780307 Y Y Y Y 

WHD_T2 planted  40.77740189 -72.70689377 Y Y Y Y 

WHD_T3 planted  40.77698861 -72.70848991 Y Y Y Y 
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APPENDIX L. Full model sets used in model selection and estimates tables for piping plover reproductive analyses (nest and brood 

success, and chick mass). 

Table L1. Model selection for generalized linear model (binomial) used to evaluate hatching success (at least one egg hatched from a 

nest) of adult piping plovers on Fire and Westhampton Islands, New York, 2015–2017.  

Modela kb AICc ΔAICc logLik wc 

exclosed + geomorphic + year 6 72.01 0.00 -29.45 0.14 

exclosed + year 4 72.19 0.18 -31.84 0.12 

exclosed + geomorphic 4 72.30 0.29 -31.89 0.12 

D2DV + exclosed + year 5 73.26 1.25 -31.24 0.08 

exclosed 2 73.45 1.44 -34.65 0.07 

D2H20 + exclosed + year 5 73.73 1.72 -31.47 0.06 

D2DV + exclosed + geomorphic + year 7 74.22 2.21 -29.37 0.05 

D2H20 + exclosed + geomorphic + year 7 74.35 2.34 -29.43 0.04 

D2H20 + exclosed + geomorphic 5 74.47 2.46 -31.84 0.04 

D2DV + exclosed + geomorphic 5 74.56 2.55 -31.89 0.04 

D2H20 + exclosed 3 74.56 2.55 -34.13 0.04 

D2DV + exclosed 3 74.91 2.90 -34.30 0.03 
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D2DV + D2H20 + exclosed + year 6 74.93 2.92 -30.91 0.03 

D2DV + D2H20 + exclosed 4 76.16 4.15 -33.83 0.02 

D2DV + D2H20 + exclosed + geomorphic + year 8 76.61 4.61 -29.33 0.01 

D2DV + D2H20 + exclosed + geomorphic 6 76.79 4.78 -31.84 0.01 

habitat + exclosed + geomorphic 7 76.87 4.86 -30.69 0.01 

habitat + exclosed + year 7 76.93 4.92 -30.72 0.01 

habitat + exclosed + geomorphic + year 9 77.00 4.99 -28.27 0.01 

habitat + exclosed 5 77.17 5.16 -33.20 0.01 

habitat + D2DV + exclosed + year 8 78.07 6.06 -30.06 0.00 

habitat + D2DV + exclosed  6 78.58 6.57 -32.74 0.00 

habitat +  D2H20 + exclosed + year 8 79.12 7.11 -30.59 0.00 

habitat +  D2H20 + exclosed 6 79.25 7.24 -33.07 0.00 

habitat +  D2H20 + exclosed + geomorphic 8 79.29 7.28 -30.67 0.00 

habitat +  D2DV + exclosed + geomorphic 8 79.32 7.31 -30.69 0.00 

habitat +  D2DV + exclosed + geomorphic + year 10 79.49 7.48 -28.22 0.00 

habitat +  D2H20 + exclosed + geomorphic + year 10 79.55 7.536 -28.25 0.00 
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habitat +   D2DV + D2H20 + exclosed + year 9 80.35 8.34 -29.94 0.00 

habitat +   D2DV + D2H20 + exclosed 7 80.75 8.74 -32.63 0.00 

habitat +   D2DV + D2H20 + exclosed + geomorphic 9 81.81 9.80 -30.67 0.00 

habitat +   D2DV + D2H20 + exclosed + geomorphic + year 11 82.16 10.17 -28.20 0.00 

year 3 94.48 22.47 -44.09 0.00 

geomorphic + year 5 95.21 23.20 -42.22 0.00 

D2H20 + year 4 95.68 23.67 -43.58 0.00 

D2DV + year 4 96.24 24.23 -43.87 0.00 

D2H20 +  geomorphic + year 6 96.99 24.98 -41.9 0.00 

D2DV + D2H20 + year 5 97.47 25.47 -43.35 0.00 

D2DV + geomorphic + year 6 97.50 25.49 -42.20 0.00 

habitat + year 6 99.12 27.11 -43.01 0.00 

D2DV + geomorphic + year 7 99.32 27.31 -41.91 0.00 

habitat + D2H20 + year 7 99.62 27.61 -42.06 0.00 

habitat +  geomorphic + year 8 100.37 28.36 -41.21 0.00 

habitat + D2DV + year 7 100.68 28.67 -42.60 0.00 
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habitat + D2DV +  D2H20 + year 8 101.40 29.39 -41.73 0.00 

habitat + D2H20 + geomorphic + year 9 102.07 30.061 -40.80 0.00 

habitat + D2DV + geomorphic + year 9 102.80 30.79 -41.17 0.00 

habitat + D2DV + D2H20 + geomorphic + year 10 104.55 32.54 -40.75 0.00 

geomorphic 3 111.43 39.42 -52.56 0.00 

D2H20 + geomorphic 4 112.41 40.40 -51.95 0.00 

D2H20  2 113.45 41.44 -54.65 0.00 

D2DV + geomorphic 4 113.52 41.51 -52.50 0.00 

null 1 113.61 41.60 -55.78 0.00 

habitat +  geomorphic 6 113.79 41.78 -50.34 0.00 

D2DV + D2H20 + geomorphic 5 114.61 42.60 -51.92 0.00 

habitat 4 115.23 43.22 -53.36 0.00 

habitat + D2H20 + geomorphic 7 115.44 43.43 -49.97 0.00 

D2DV + D2H20 3 115.46 43.45 -54.58 0.00 

habitat + D2H20 5 115.48 43.47 -52.35 0.00 

D2DV 2 115.57 43.56 -55.71 0.00 
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aVariables used in the models: exclosed-variable describing the management practice (Yes or No), year-a categorical variable used for 

year of data collection (2015, 2016 or 2017), geo_location-variable describing the geomorphic location of the nest (backshore, dune, 

overwash fan), D2DV-a continuous variable for the distance (meters) from the nest bowl to the nearest edge of a 5m2 patch of dense 

(>70% ground cover) vegetation, D2H20_m-a continuous variable for the distance (meters) from the nest bowl to the nearest (bay or 

ocean) spring high tide, habitat – categorical variable for habitat type (breach fill, manipulated overwash, natural overwash, or 

restoration area). 

bThe number of parameters in the model.  

cThe individual model weight from the AICc model selection.  

 

 

 

 

habitat + D2DV + geomorphic 7 116.16 44.15 -50.33 0.00 

habitat + D2DV 5 116.94 44.93 -53.08 0.00 

habitat + D2DV + D2H20 6 117.42 45.41 -52.16 0.00 

habitat + D2DV + D2H20 + geomorphic 8 117.88 45.87 -49.97 0.00 
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Table L2. Model selection for generalized linear model (binomial) used to evaluate brood success (at least 1 chick fledged from a 

nest) of adult piping plovers on Fire and Westhampton Islands, New York, 2015–2017. 

Modela kb AICc ΔAICc logLik wc 

# of chicks + year  4 50.68 0.00 -21.08 0.50 

# of chicks  2 52.15 1.47 -24.00 0.24 

habitat_hatch + # of chicks + year  7 53.85 3.17 -19.18 0.10 

geo_location + # of chicks + year  6 54.37 3.69 -20.63 0.08 

geo_location + # of chicks 4 56.28 5.60 -23.88 0.03 

habitat_hatch + # of chicks 5 56.32 5.64 -22.77 0.01 

habitat_hatch + geo_location + # of chicks + year 9 58.06 7.38 -18.80 0.00 

habitat_hatch + geo_location + # of chicks 7 60.94 10.25 -22.72 0.00 

year 3 99.26 48.58 -46.48 0.00 

geo_location + year 5 101.51 50.83 -45.37 0.00 

habitat_hatch + year 6 103.41 52.73 -45.15 0.00 

habitat_hatch + geo_location + year 8 105.28 54.60 -43.67 0.00 
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geo_location  3 116.97 66.29 -55.33 0.00 

null 1 117.10 66.42 -57.53 0.00 

habitat_hatch + geo_location 6 121.27 70.59 -54.08 0.00 

habitat_hatch 4 121.86 71.18 -56.67 0.00 

 

aVariables used in the models: # of chicks-variable for the number of chicks that hatched in each given brood, year-a categorical 

variable used for year of data collection (2015, 2016 or 2017), geo_location-variable describing the geomorphic location of the nest 

(backshore, dune, overwash fan, road), habitat_hatch-a categorical variable describing the habitat type the brood hatched in (breach 

fill, manipulated overwash, natural overwash, or restoration area).  

bThe number of parameters in the model.  

cThe individual model weight from the AICc model selection.  
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Table L3. Model selection for linear mixed effects model used to evaluate chick mass of pre-fledgling piping plovers on Fire and 

Westhampton Islands, New York, 2015–2017.  

Modela kb AICc ΔAICc logLik wc 

chick_age + year + (1 | field.nest) 6 377.59 0.00 -182.14 0.47 

chick_age + pair.density + year + (1 | field.nest) 7 378.97 1.38 -181.60 0.24 

chick_age + habitat_hatch + year + (1 | field.nest) 9 380.18 2.59 -179.61 0.13 

chick_age + pair.density + habitat_hatch + (1 | field.nest) 8 382.00 4.41 -181.84 0.05 

chick_age + pair.density + habitat_hatch + year + (1 | field.nest) 10 382.74 5.16 -179.54 0.04 

chick_age + habitat_hatch + (1 | field.nest) 7 383.09 5.50 -183.66 0.03 

chick_age + (1 | field.nest) 4 383.16 5.57 -187.28 0.03 

chick_age + pair.density + (1 | field.nest) 5 385.30 7.71 -187.19 0.01 

habitat_hatch + (1 | field.nest) 6 397.06 19.47 -191.87 0.00 

pair.density + habitat_hatch + (1 | field.nest) 7 398.06 20.47 -191.14 0.00 

habitat_hatch + year + (1 | field.nest) 8 399.57 21.98 -190.62 0.00 
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null 3 399.85 22.27 -196.75 0.00 

year + (1 | field.nest) 5 400.97 23.38 -195.02 0.00 

pair.density + habitat_hatch + year + (1 | field.nest) 9 401.11 23.53 -190.08 0.00 

pair.density + (1 | field.nest) 4 402.06 24.48 -196.73 0.00 

pair.density + year + (1 | field.nest) 6 403.19 25.60 -194.94 0.00 

 

aVariables used in the models: chick_age - the age at which the chick was recaptured and weighed, year-a categorical variable used for 

year of data collection (2015, 2016 or 2017), pair.density - a variable for the pair density of the given habitat type within the year the 

data was collected (pair density = number of piping plover pairs/sand only hectares in the given habitat type), habitat.type_hatch - 

habitat type in which the chick’s nest was established (breach fill, manipulated overwash, natural overwash or restoration area), 

field.nest- random effect variable of nest ID to control for maternal effects of individual broods throughout the study.    

bThe number of parameters in the model.  

cThe cumulative weight from the AIC model selection.  
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APPENDIX M 

Table M1. The count of piping plover breeding pairs, nests and fledgling numbers by site in the four habitat types on Fire Island and 

Westhampton Island, New York, from 2015–2017.  

Habitat Year Site Pairs Nests Fledglings 

breach fill 2015 CSW 2 4 0 

  NBW 1 1 0 

 2016 CSW 1 1 1 

  NBW 2 3 6 

 2017 CSW 3 5 0 

  NBW 6 7 6 

manipulated overwash  2015 NBE 2 4 1 

  NBW 0 0 0 

  PSO 3 5 3 

 2016 NBE 2 2 3 

  NBW 1 1 1 

  PSO 3 3 6 

 2017 NBE 2 2 3 
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  NBW 1 1 0 

  PSO 4 4 4 

natural overwash 2015 BRO 0 0 0 

  OIE 2 4 5 

 2016 BRO 1 1 1 

  OIE 5 6 12 

 2017 BRO 1 1 3 

  OIE 10 12 14 

restoration area 2015 GG 2 2 0 

  NMA 4 6 0 

 2016 GG 2 2 5 

  NMA 1 1 4 

 2017 GG 5 5 10 

  NMA 1 1 3 

 


