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Estuarine shorelines are highly dynamic due to their unique geological history, wave and weather
conditions, and human modifications to the shoreline. These interactions are heightened as sea
level rise intensifies and extreme storms become more frequent due to climate change. Estuarine
shoreline classification maps are critical to understanding the context and magnitude of storm-
induced erosion as well as ad hoc efforts to shoreline stabilization. Here, an object-based
ensemble analysis is used to map natural and engineered shoreline types observed within the
Neuse River Estuary (NRE), NC. Object-based ensemble analysis has emerged as a successful
framework to improve image classification but has yet to be tested in classifying an estuarine
shoreline environment. This approach used in-situ reference data, high-resolution aerial imagery,
and LiDAR point data to train an ensemble of five machine learning algorithms (Random Forest,
Support Vector Machine, LibLINEAR, Artificial Neural Network, and k-Nearest Neighbors).
The object-based ensemble produced the highest overall classification accuracy at 76.4% (Kappa
value = 0.66), 6.3% higher than the top performing pixel-based model, justifying its use to
produce the final shoreline classification map. NRE shoreline change and erosion vulnerability
were classified using the object-based image analysis and produced comparable erosion rates to

those observed in past studies. The object-based ensemble approach was an effective way to map



shoreline classifications in the NRE and should continue to be explored within other shoreline

management applications.






Estuarine Shoreline Mapping using Object-based Ensemble Analysis, Aerial Imagery, and

LiDAR: A Case Study in the Neuse River Estuary, NC

A Thesis
Presented to the Faculty of the Department of Geography, Planning, and Environment

East Carolina University

In Partial Fulfillment of the Requirements for the Degree

Master of Science in Geography

by
Jessica Richter

May 2022



© Jessica Richter. 2022



Estuarine Shoreline Mapping using Object-based Ensemble Analysis, Aerial imagery, and
LiDAR: A Case Study in the Neuse River Estuary, NC
By
Jessica Richter
APPROVED BY:

Director of Thesis

(Hannah Sirianni, PhD)

Committee Member

(Thad Wasklewicz, PhD)

Committee Member

(Yong Wang, PhD)

Committee Member

(Burrell Montz, PhD)

Chair of the Department of Geography, Planning, and Environment

(Jeff Popke, PhD)

Dean of the Graduate School

(Paul J. Gemperline, PhD)



DEDICATIONS
I would like to dedicate this manuscript to my parents and my partner, Elizabeth. This
thesis could not have been completed without their endless support over the past two years. I

cannot thank them enough for their continual encouragement throughout this whole process.



ACKNOWLEDGEMENTS
First and foremost, I would like to thank my advisor, Dr. Hannah Sirianni, for her support
and guidance throughout my time at East Carolina University. The experiences and skills I have
gained through her mentorship will be invaluable moving forward in my career. I would also like
to thank my committee members, Dr. Thad Wasklewicz, Dr. Yong Wang, and Dr. Burrell
Montz, for their support and feedback on this research. Lastly, I would like to thank Eric
Diaddorio, of ECU’s Dive and Water Safety team, as well as my lab mates for their valuable

assistance out in the field.



TABLE OF CONTENTS

LIST OF TABLES ..o oottt viii
LIST OF FIGURES ... e e ix
CHAPTER 1: INTRODUCTION.. ...ttt e 1
1.1 Previous Shoreline Mapping in the Neuse River Estuary...................coooiin 2
1.2 Pixel-Based vs. Object-Based Image Classification.................cooeviiiiiininnnnn 4
1.3 Machine learning (ML) in Shoreline Classification....................cooviiiiiiienn. 5
1.4 Ensemble Analysis and Uncertainty M@asures.............coeeevuiiiiniineniinnennnnenn 7
1.5 Shoreline Change and Vulnerability Assessment............c..ccoevieiiniiieiininnnn. 8
L O O o <o A 11
CHAPTER 2: STUDY AREA AND DATA . ...t 13
2.1 StUAY ATCa. ...ttt 13
B - - 14
2.2.1 In-situ Estuarine Shoreline Data Collection ..............c..cooooiiiiinniin 14
2.2.2 Remote Sensing Data...........coooiiiiiiiiiiiiiiii e 15
CHAPTER 3: METHODOLOGY ...ttt e, 17
3.1 Image SegmeENntation ..........c.ovuiinientitt ettt et et e 18
3.2 Training, Validating, and Testing the Machine Learning Classifiers.................. 19
3.3 Ensemble Analysis and Uncertainty Mapping ..........cooeevviiiiiiiiiiiiiinninnenn.n. 20

3.4 Calculating Error Matrix and Kappa StatistiC..........c.ooviiuiiiiiiiiiiiiiiiinnannnns 21



3.5 Shoreline Change and Vulnerability Assessment...............cooeviiiiiiinienannn... 21

CHAPTER 4: METHODOLOGY ....c ettt 24
4.1 Estuarine Shoreline Classification..............cooiiiiiiiiiiiiiiiiiiinieeee 24
4.2 Shoreline Change and Vulnerability Assessment..............coeveiiiiiiiiiiiinnn.. 28
CHAPTER 5: DISCUSSION.. ... ettt e e e e, 31
5.1 Object-Based Ensemble Performance.................ccoviiiiiiiiiiiiiiiiiiii. 31
5.2 MiSClasSSIfICAtIONS . .. ..ttt ettt et 31
5.3 Sources of Error and Limitations. ............covvuiiiiiiiiiiiiiiiiiiieneeenee, 33
5.4 Shoreline Change and Vulnerability Assessment...............ccoevviiiiiiinnian.n.. 34
5.5 Future Avenues and Applications. .........oouveiiiiiniiitiii i eeeaans 35
CHAPTER 6: CONCLUSION.. ... .ottt 37
CHAPTER 7: REFERENCES. ... e 39
APPENDIX A: MACHINE LEARNING PARAMETER LOGS.........coiiiiiiiiiiiiieee 47
APPENDIX B: R CODE. ... it e e 50

APPENDIX C: MACHINE LEARNING CLASSIFIER CONFUSION MATRICES............... 51



LIST OF TABLES

Table 1. Shoreline Classification Scheme. ... 15
Table 2. Coastal Vulnerability Index (CVI) Ranking ................cooiiiiiiiiiiiiiiiiiini, 22
Table 3. Overall Accuracy ReSults .........coooiuiiiiiiii e, 24
Table 4. Confusion Matrix for Object-Based Ensemble ..., 24
Table 5. Confusion Matrix for Pixel-Based Random Forest...................cooceiiiiiiiinn. 27
Table 6. Shoreline Change Results by Shoreline Class ..........ccoooviiiiiiiiiiiiiiiiiiin, 29

Table 7. Shoreline Change Results by Shoreline Orientation ...............cooiiiiiiiinin.. 29



LIST OF FIGURES

Figure 1. Study Area IMap......couoiniiiit e 14
Figure 2. Object-Based Ensemble Framework.............c..oooiiiiiiiii, 18
Figure 3. Shoreline Classification and Ensemble Certainty Results .................cccoooinit. 26
Figure 4. Shoreline Classification Distribution .............c.cooiiiiiiiiiiiiiiiiiiiiieee, 27
Figure 5. Ensemble Certainty by Shoreline Classification..................coooiiiiiiiiiiiinninn. 28

Figure 6. Vulnerability Ranking by Shoreline Classification...............cccooooiiiiiiiini.. 30



CHAPTER 1: INTRODUCTION

Natural and anthropogenic factors are changing estuarine systems across the globe.
Estuarine shorelines often erode at exceptionally high rates (Eulie et al., 2017) due to interactions
between basin geometry as well as wind and wave climate (Lorang and Stanford, 1993; Hardaway
and Gunn, 2010). These interactions are heightened as sea level rise intensifies and extreme storms
become more frequent due to climate change. Further studies are needed to better understand how
estuarine shorelines, and the communities along them, are changing in response to these complex
factors. Shoreline classification maps are critical tool for understanding the context and magnitude
of storm-induced erosion (Riggs and Ames, 2003). They enable coastal communities to better
understand erosion risks associated with different shoreline environments and are a tool for
monitoring natural and engineered changes along the shoreline. These maps also aid decision-

makers such as coastal managers in mitigating erosional hazards.

Coastal North Carolina has experienced an increase in the frequency of extreme storms
(Paerl et al., 2019), with over 36 tropical cyclones occurring since the late-1990s (Paerl et al.,
2019). The Albemarle-Pamlico Estuarine System (APES), the second-largest estuarine complex
in the United States, and its major tributaries are experiencing significant shoreline change in
response to extreme storms and rising sea levels. A substantial portion of these extreme storms has
impacted the Neuse River Estuary (NRE), a major tributary of the APES. Hurricane Bertha, in July
1996, produced a storm surge that raised water levels 2.0 to 2.4 meters above mean levels, causing
localized bluff retreat of 0.1 to 1.5 m between Otter Creek and Slocum Creek. Hurricane Fran, in
September 1996, caused an additional shoreline retreat of 3.0 to 12.0 m within the NRE (Phillips,

1999). In September 2018, Hurricane Florence brought storm-force waves that eroded east-facing



bluffs within the NRE, impacting hundreds of residences. The largest localized bluff retreat
observed from this storm was above 20.0 m, significantly greater than the retreat observed during
Hurricane Fran (Phillips, 1999; Phillips, 2022). The city of Havelock and town of Arapahoe, NC
experienced storm surges on the NRE of 2.4 to 3.1 m above the Mean Higher High Water
(MHHW) line (Stewart and Berg, 2019). Rates of erosion along the estuarine shorelines of North
Carolina can be greater than that of oceanfront shores (Corbett et al., 2008; Cowart et al., 2011),
with storm-generated forces posing a major threat. NRE shorelines are particularly prone to this
type of erosion as these extreme storms become more frequent (Phillips, 1999; Paerl et al., 2019).
No updated, high-resolution shoreline classification map currently exists for the NRE. Therefore,
creating such a map will allow communities to better understand erosion risks within the estuary

and support informed management of the NRE moving forward.

1.1 Previous Shoreline Mapping Efforts in the Neuse River Estuary

At the federal level, the National Oceanic and Atmospheric Administration (NOAA) has
consistently produced estuarine shoreline maps over the past decade through the Coastal Change
Analysis Program (C-CAP). C-CAP produced a regional land cover map of the NRE most recently
in 2016 with 30 m resolution using Landsat Thematic Mapper imagery. C-CAP regional land cover
maps span all coastal areas within the contiguous United States but feature a broader classification
scheme that incorporates land cover types across the country. C-CAP regional land cover maps are
helpful for detecting land cover change. Still, the coarse resolution of the maps does not allow for
fine and accurate classification of estuarine types. The C-CAP classification process combines

modeling, ancillary data, and hand-editing, which is both a labor-intensive and time-intensive



process. The C-CAP maps are produced to reach 85% overall accuracy, and NOAA aims to meet

80% accuracy per class, although this is not always achieved (McCombs et al., 2016).

At the state level, the most recent estuarine shoreline map of the NRE was produced in
2012 through the Estuarine Shoreline Mapping Project by the North Carolina Department of
Coastal Management (NC DCM) and East Carolina University (ECU). This project used 6-inch
resolution orthophotos from 2007, 2008, and 2010 and classified the shoreline via hand-editing
and an extensive QA/QC process (McVerry, 2012). The classification scheme used for this map
was based upon geomorphological characteristics and is comparable to the schemes used by Riggs
and Ames (2003) and Corbett et al. (2008). The estuarine shoreline map had high accuracy due to
hand-editing and the extensive QA/QC process, but this methodology is labor- and time-intensive.
More efficient classification methods will allow the latest remote sensing data to be processed

faster, providing coastal stakeholders with early access to critical decision-making tools.

Efforts to improve shoreline mapping within the APES, including the NRE, have been
ongoing over the past two decades. Initial efforts focused on defining and mapping current
shoreline classifications and quantifying shoreline change rates within the NRE (Corbett et al.,
2008; Cowart et al., 2011). More recent efforts have shifted to digitizing the estuarine shoreline
and investigating how land-use, land-cover, and stabilization structures correlate to shoreline

change rate (Cowart et al., 2011; McVerry, 2012; Polk and Eulie, 2018).

There remains a gap in the existence of a current, high-resolution shoreline classification
map of the NRE. Advanced digital image processing techniques, such as object-based
segmentation and machine learning classification, should be explored to take advantage of the

growing amount of high-resolution aerial imagery available to coastal stakeholders.



1.2 Pixel-Based vs. Object-Based Image Classification

Image classification in the context of remote sensing is the process of identifying cover
types using the spectral information of an image. It serves as the basic framework for shoreline
classification map development. A wide range of image classification techniques exist, but all
techniques can be split into two major approaches: pixel-based and object-based classification.
Pixel-based classification is the classification of an individual image pixel based upon extracted
spectral information. Object-based classification, using a process known as Object-Based Image
Analysis (OBIA), refers to the aggregation of image pixels into spectrally homogeneous objects
(image segmentation) and the subsequent classification of these image-objects based on feature
statistics (Liu and Xia, 2010). OBIA has emerged as a useful approach as objects provide
contextual information and can better represent landforms than pixels (Townshend et al., 2000;
Gercek etal., 2011; Martha et al., 2018; Cooper et al., 2019; Kotaridis and Lazaridou, 2021). OBIA
is also known to reduce local noise and heterogeneity, as well as the uncertainty of positional
discrepancy between imagery and in-situ data (Liu and Xia, 2010; Zhang et al., 2018). In principle,
the approach is considered more transferable and reproducible than pixel-based classification
(Hofmann et al., 2011). However, OBIA introduces the opportunity for additional error during the
image segmentation process (Moller et al., 2007; Kampouraki et al., 2008; Liu and Xia, 2010).
Both under- and over-segmentation can occur depending on imagery resolution, class
characteristics, and input parameters, affecting the classification accuracy. Additionally, a past
study comparing pixel-based and object-based classifications in an intertidal shoreline
environment showed that some shore classes had higher classification accuracies through pixel-

based classification (Demers et al., 2015).



Given the advantages, OBIA is anticipated to be the best approach for estuarine shoreline
classification. However, a pixel-based classification should also be conducted to confirm this

anticipation, given that neither approach has been used in the NRE prior to this study.

1.3 Machine learning (ML) in shoreline classification

Machine learning classification has emerged as a popular framework within remote sensing
research over the past two decades (Foody et al., 2007; Mountrakis et al., 2011; Belgiu and Dragut,
2016; Maxwell et al., 2018). Machine learning classification algorithms are able to predict
complex classes using a wide array of input training data without having to make any assumptions
about the distribution of the data (Maxwell et al., 2018). There are many machine learning
algorithms used for classifications, each with their pros and cons. For this reason, this study
compares the ability of five machine learning algorithms to classify estuarine shorelines. These
include random forest (RF), support vector machine (SVM), LibLINEAR (LL), artificial neural
network (ANN), and k-nearest neighbors (k-NN).

RF is a supervised learning algorithm that uses an ensemble of decision trees to determine
the final classification. RF is effective when applied to the classification of multi-source and
hyperspectral data (Crawford et al., 2003, Ham et al., 2005, Gislason et al., 2006, Lawrence et al.,
2006, Chan and Paelinckx, 2008). However, contradictory results exist on how sampling design
impacts RF classification results (Belgiu and Dragut, 2016). Mellor et al. (2015) determined that
RF is not sensitive to mislabeled training data while additional studies found that RF is sensitive
to spatial autocorrelation of training classes and training sample proportions (Dalponte et al., 2013;
Millard and Richardson, 2015).

SVM is a non-parametric and non-linear supervised learning algorithm that classifies data

by determining a boundary that maximizes the separation between support vectors. SVM has been



shown to improve land cover classification from remote sensing datasets as it avoids classification
noise through the use of a hyperplane (Mountrakis et al., 2011; Choung and Jo, 2017). A
disadvantage of SVM is that when applied to remote sensing datasets, the choice of kernel function
does not always provide an ideal SVM configuration (Mountrakis et al., 2011). Given its
similarities to SVM, linear classification, through the LibLINEAR package (Fan et al., 2008), also
has the potential to improve land cover classification.

ANN is another non-parametric learning algorithm that produces an output class by feeding
weighted input layers or ‘nodes’ into an activation function. This is an iterative process where the
weights of the input layers are modified, and modifications are either kept or discarded depending
on if the overall classification is improved. A downside to ANN is the “black box” technique,
where it becomes difficult to understand how classification decisions are made based upon input
data (Qiu and Jensen, 2004; Szuster et al., 2011). Both SVM and ANN have produced 94.15% and
94.99% accuracies, respectively, for land cover and land use classification within tropical coastal
zones (Szuster et al., 2011).

k-NN is a supervised learning algorithm that can classify an output by taking a majority
from the k-nearest neighbors, where a user determines k. k-NN classification is advantageous
because it produces spatially conscious predictions, but this involves a large number of
calculations. When a sample is unbalanced, the model is more susceptible to misclassification
(Wang et al., 2019). In a study regarding the land-cover classifications of coastal wetlands, k~-NN
produced an overall accuracy of 87.14% for Worldview-2 images (Wang et al., 2019). All five
algorithms present different advantages and disadvantages to classifying an estuarine shoreline
environment and have the potential to perform differently depending on training data and

algorithm parameters. Therefore, all five algorithms are explored within this study.



In recent years, machine learning approaches to land cover classification have trended
towards deep learning compared to other machine learning techniques (Vali et al., 2020; Zhang et
al., 2020). Deep learning has proven successful in working with large, complex datasets but is
relatively new in its application to remote sensing data. The five algorithms being explored in this
study were chosen over newer deep learning approaches as there is documented success of their
use in classifying a wide range of environments. As this study explores an object-based ensemble
approach in a new estuarine environment, the use of algorithms with proven success in a variety

of environments is key to maximizing the accuracy of the shoreline classification map.

1.4 Ensemble Analysis and Uncertainty Measures

An ensemble analysis is a classifier system that combines a diverse set of machine learning
classifier outputs to improve overall classification (Du et al., 2012). The combined strength of the
ensemble offsets the individual model variances and biases and improves the stability and
predictive power of the model. The result is often better than the worst individual classifier used
and generally more accurate than all individual classifiers (Liu et al., 2004; Foody et al., 2007).
Several different methods combine the outputs from individual classifiers into a final ensemble
classification. Two widely held methods are the majority vote and weighted vote (Kuncheva, 2004;
Du et al., 2012; Zhang et al., 2016). In the former, the class that obtains the majority of votes is
selected as the classification of the object. For the latter, the weight of each classifier is generated
based upon a chosen attribute. A straightforward approach is to weigh each classifier based on the
estimated accuracy of the training set (Du et al., 2012).

Another advantage of conducting an ensemble analysis is producing an uncertainty map.

An uncertainty map presents the confidence of the model in predicting each object. This can be



used to distinguish locations within the study area where differentiating a class is difficult (Foody
et al., 2007). Such information is useful when prioritizing future fieldwork locations and reducing
overall classification error.

An ensemble approach has been successfully applied in terrestrial (Waske et al.,
2009; Blaschke, 2010; Du et al., 2012), coastal (Zhang and Xie, 2014), and aquatic environments
(Zhang, 2015). Combining an object-based ensemble framework has also been successfully used
in vegetation classification (Zhang et al., 2016; Tonbul et al., 2020) but has yet to be applied to
estuarine shoreline classification. Therefore, employing an ensemble analysis to classify the NRE
shoreline should be valuable in maximizing the accuracy of the final estuarine shoreline
classification map. The associated uncertainty map aids in the prioritization of future classification

efforts within the NRE.

1.5 Shoreline Change and Vulnerability Assessment

A benefit to the object-based ensemble approach is resulting objects and classifications can
be used in various shoreline management applications, including shoreline change analysis and
assessment of shoreline vulnerability. Past efforts to quantify shoreline change within the NRE
have captured long-term change rates from 1950s-1990s and short-term change rates from 2010-
2011 (Corbett et al., 2008; Cowart et al., 2011; Eulie et al., 2017). In a historical assessment of
shoreline change in the NRE, Corbett et al. (2008) and Cowart et al. (2011) used the end-point rate
(EPR) method to calculate the mean annual shoreline change rate (SCR, m/yr) across a 40-year
period from 1958-1998. Mean SCR refers to the distance of change between delineated shorelines
divided by the time period to produce an average rate of change over time. The NRE shoreline was

delineated from aerial photographs in 1958 and 1998 based on the wet/dry line of sediment



shorelines and vegetation boundary of vegetated shorelines (Corbett et al., 2008; Cowart et al.,
2011). In a more recent assessment of shoreline change within the greater APES region, Eulie et
al. (2017) quantified both long-term (historical) and short-term SCRs also using the end-point
method and same shoreline delineation approach as Cowart et al. (2011). Long-term assessments
spanned across 1950s-2006/2007 along with various subsets of this time period and short-term
assessments spanned across June 2010-May 2011 along with three-month subsets. One advantage
of the EPR method is the avoidance of a reference baseline, allowing for direct comparison
between two different shoreline years. It also quantifies SCR without having to adjust or smooth
the shoreline prior to analysis. Conversely, the EPR method is known to provide a conservative
SCR estimate (Cowart et al., 2010) and this can oversimplify the complex morphodynamics of a
given system.

No assessment of shoreline change has been conducted within the NRE since 2011. This
lack of recent assessment introduces an opportunity to apply the object-based results to the
shoreline delineation and SCR quantification from 2016 - 2020. The range of 2016-2020 was
chosen to capture shoreline change pre- and post-Hurricane Florence (2018) and align with
available aerial imagery from the United States Department of Agriculture (USDA) National
Agriculture Imagery Program (NAIP). A goal is to determine if object-based ensemble results
produce comparable findings. A potential advantage of applying object-based analysis results to
assessing shoreline change is the approach provides both a shoreline delineation as well as
corresponding shoreline classification. In past studies, Land-Use Land-Cover (LULC)
classification has been considered for its effect on shoreline change within the NRE and change

rates were found to have some variability related to the classification (Cowart et al., 2011). An



object-based approach to SCR can then be used to assess shoreline vulnerability, an assessment
that has yet to be conducted at a local scale within the NRE.

Vulnerability assessments are used to characterize the susceptibility of a given system and
estimate the potential damage that may result from hazardous events (Wisner et al., 2014). Many
approaches exist for conducting vulnerability assessments, but one of the most well-known
approaches in the coastal environment is the coastal vulnerability index (CVI) (Gornitz, 1990;
Gornitz et al., 1994). CVI was initially created using seven physical variables to define coastal

vulnerability on the East Coast related to sea-level rise (Eq. 1).

_ J(axbxcxdxexf x g)
7

CVI (1

Where a = Relief (m), b = Rock Type, ¢ = Landform, d = Vertical Movement (RSL Change) (mm/yr), e =
Shoreline Displacement (m/yr), f = Mean Tidal Range (m), and g = Maximum Wave Height (m).

Modifications to the original CVI have been introduced since its inception and have
become widely used (Shaw et al., 1998; Thieler and Hammar-Klose, 1999; Lopez et al., 2016).
The CVI and derivatives have been applied in a variety of coastal environments (Shaw et al., 1998;
Thieler and Hammar-Klose, 1999; Pendleton et al., 2004: Boruff et al., 2005; Doukakis, 2005;
Diez et al., 2007; Nageswara Rao et al., 2008; Ozyurt and Ergin, 2010; Abuodha and Woodroffe,
2010; Lopez et al., 2016; Koroglu et al., 2019) and provide an organized framework that is well
known amongst coastal planners and managers. However, the set formula does not sufficiently
consider data availability as well as the unique features of the study location that can also influence
vulnerability (Bukvic et al., 2020). More recent approaches to CVI assessments have expanded to

incorporate social and economic vulnerabilities as well as other physical variables (Palmer et al.,
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2011; Balica et al., 2012; Mohamad et al., 2014; Kantamaneni et al., 2018; Ruzic et al., 2019;
Bukvic et al., 2020), but still do not improve upon the rigidity of the framework.

Given the familiarity and adaptability of the CVI framework, it was applied in this study
to assess shoreline erosion vulnerability within the NRE. Although recent CVI adaptations provide
a more robust assessment of vulnerability by including socioeconomic vulnerability, an assessment

of that scale goes beyond the scope of this study.

1.6 Objectives

This study is designed with the goal of assessing the ability of an object-based ensemble
analysis framework to generate updated and accurate shoreline maps of the Neuse River Estuary
(NRE). Here, in-situ reference data, LiDAR-derived elevation and intensity data, and high-
resolution aerial imagery are used to train five machine learning algorithms to classify the NRE
shoreline. The shoreline classification scheme is derived from previous classification efforts
completed by Riggs and Ames (2003) and Corbett et al. (2008) and is refined in this study to
incorporate slope and engineered modifications. Random Forest (RF), Support Vector Machine
(SVM), LibLINEAR (LL), Artificial Neural Network (ANN), and k-Nearest Neighbors (k-NN),
are assessed both individually and as a multiple classifier system (MCS) or ensemble analysis, for
classification accuracy. Introducing machine learning classifiers and ensemble analysis within
NRE shoreline classification methods has the potential to improve overall classification accuracy
and efficiency while providing important context to coastal managers regarding shoreline erosion
and coastal development. Specific objectives include: 1) to compare five machine learning
algorithms, RF, SVM, LibLINEAR, k-NN, and ANN, to determine which is best suited for

classifying the NRE shoreline; 2) to evaluate and explore the effectiveness of an object-based

11



ensemble approach in classifying shoreline types within the NRE; and 3) to account for the effects
of uncertainty within the final shoreline classifications and map where object-based uncertainty is

present.

An additional objective of this study is to illustrate how an object-based ensemble approach
can be used in future shoreline management of the NRE. Quantifying shoreline change and
assessing shoreline vulnerability is a vital part of shoreline management and is therefore chosen as
an example application. More complex and precise approaches to assessing shoreline change and
shoreline vulnerability exist for estuarine shoreline environments. However, these approaches fall

beyond the scope of the study and have the potential to be explored in future work.
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CHAPTER 2: STUDY AREA AND DATA

2.1 Study Area

The study takes place along the NRE shoreline in North Carolina (Figure 1). The NRE is a
major sub-estuary of the Albemarle-Pamlico Estuarine System (APES) and flows through Craven,
Carteret, and Pamlico counties before emptying into the Pamlico Sound. The Neuse River feeds
into the NRE with an average annual discharge of 183 m? s!, providing a large volume of
freshwater flow into the Pamlico Sound (Cowart et al., 2011; U.S. Geological Survey, 2020). The
area was selected as it is representative of the geographic conditions of the greater APES region,
including the shoreline orientation, wind and wave energy, relative location, and erosional rate.
The NRE has low tidal influence, as it is separated from the Atlantic Ocean by the Outer Banks
barrier islands but is subject to a dynamic range of physical energy conditions, including storm-
driven waves and high winds (Cowart et al. 2011). The NRE also has a high density of
development along the coastline and offers numerous ecosystem services to the APES, including
filtration of excess nutrients and pollution (Day et al., 1989; Martin et al., 1996; Crossett et al.,
2004). The NRE is subject to natural and anthropogenic processes, with severe weather events,

sea-level rise, boat wakes, and urban development as known aggravates of erosion (Polk and Eulie,

2018).



Craven
County

3 Study Area
* Survey Points

Figure 1. A map illustrating the designated study area and survey points within the Neuse River Estuary, NC.
The red box within the insert map indicates the location of the Neuse River Estuary in relation to the Albemarle
and Pamlico Sounds in eastern North Carolina.

2.2 Data

2.2.1 In-situ Estuarine Shoreline Data Collection

In-situ reference data were collected for this study to evaluate the shoreline classification
(Figure 1). The shoreline classification scheme derived from previous classifications (Riggs and
Ames, 2003; Corbett et al., 2008) has been refined for this study to incorporate modified or
engineered structures (Table 1). The in-sifu data were collected onboard a vessel to survey the
entire length of coastline within the study area. An iPad with the ESRI application ArcGIS

Survey123 software (http://www.esri.com/) was used for logging data points on the vessel and

recording the associated shoreline classification along with the latitude and longitude of the vessel.
The date and time for each data point were also recorded within the application. A laser rangefinder

and compass were used to extrapolate the exact location of the shoreline by recording the distance
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in meters from boat to shoreline and the angle (degrees) of the distance measurement. A Sony R7R
IIT Camera was then used to capture imagery of each shoreline type, and the image number was
logged with each data point. Three hundred ninety-five data points were captured within the survey
area over four field days.

Initially, the modified shoreline classification was split into two sub-classes, modified
vertical shoreline (ex. bulkhead, seawall) and modified sloped shoreline (ex. rip-rap). This division
would provide a more detailed characterization of the modified structures present in the NRE as
well as insight to how these structures correlate with erosion rates, given the complex
morphodynamics of the NRE. However, statistically significant sample sizes of the two sub-
classes were not able to be obtained in the field and the two sub-classes were consolidated into one

modified shoreline classification.

Table 1. Shoreline classification scheme modified from previous classification efforts completed by Riggs and Ames
(2003) and Corbett et al. (2008).

Shoreline Category Shoreline Sub-Category Description
Low Sediment Bank Less than 1.5 m
Sediment Bank High Sediment Bank 1.5mto 6.1 m
Natural Bluff Greater than 6.1 m
Marsh Fresh, brackish, & salt waters
Organic . .
Swamp Forest Freshwater riverine floodplain

Non-natural shoreline

Modified Modified (Ex.: Rip-rap, bulkhead, seawall)

2.2.2 Remote Sensing Data
Aerial imagery was used to divide the captured images into vector objects. The most recent
aerial imagery was collected in 2020 by the USDA NAIP as natural color and color infrared

compressed county mosaics (CCMs) with 0.6-meter resolution. Earlier imagery was not used in
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the object-based ensemble analysis as the aim was to create an updated shoreline classification
map for 2020.

LiDAR all return point data and LiDAR intensity data were also used to classify imagery
and have 0.7 m nominal pulse spacing, respective of spring 2014 collection. LIDAR was collected
by the NOAA Office of Coastal Management (OCM) and North Carolina Floodplain Mapping
Program (NCFMP) using a Leica ALS70 LiDAR system, with 0.063 m vertical error and 1.0 m
horizontal error. The rasterization of the LIDAR point cloud to a DEM was completed with binning
interpolation using a minimum value. 2014 LiDAR was the most recent LIDAR dataset available
for the given study area when this analysis took place.

Some studies have shown that LiDAR intensity data, when combined with LiDAR
elevation, can improve land cover classification (Brennan and Webster, 2006; Antonarakis et al.,
2008) but images derived from the returned laser intensity can appear heterogeneous and speckled
(Flood, 2001; Kaasalainen et al., 2005; Maxwell et al., 2015). This is due to the wide range of
factors that impact the returned laser intensity including angle of reflectance, collection range,
roughness, moisture, and surface composition. Therefore, LiDAR intensity data was inspected
prior to inclusion in the overall mapping framework and it was determined that no calibration and
smoothing tools would be applied. The NOAA Data Access Viewer was used to obtain remotely

sensed data (https://coast.noaa.gov/dataviewer/)
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CHAPTER 3: METHODOLOGY

A framework was designed to evaluate the ability of an object-based machine learning
classifier ensemble approach to generate accurate shoreline maps of the NRE (Figure 2). The first
step in this framework was to use image segmentation to produce image objects from spectral
imagery. The objects created from this segmentation were then matched with four additional
parameters, LiDAR elevation, LiDAR intensity, Normalized Difference Vegetation Index
(NDVI), and slope, as well as in-situ reference data in order to create a matched dataset. Five
machine learning algorithms, RF, SVM, LibLINEAR, A-NN, and ANN, were trained on this
dataset and the outcome and accuracy of each algorithm informed the outcome determined by the
ensemble analysis. The results of this framework were compared against a pixel-based approach
to determine if an object-based methodology improves classification within an estuarine shoreline
environment. An estuarine shoreline classification map and corresponding uncertainty map were
produced from the object-based ensemble analysis.

The image objects resulting from this framework were then used to delineate a 2020
shoreline and were compared against 2016 and 2018 shorelines also derived from image objects.
EPR methodology was applied to calculate shoreline change within the 4-year period and
subsequently combined with 2020 shoreline classifications and slope (%) to assess overall

shoreline vulnerability.
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Figure 2. Framework for object-based ensemble analysis where RF = Random Forest, ANN = Artificial Neural
Network, SVM = Support Vector Machine, k- NN = K-nearest neighbor, and LL = LibLINEAR.

3.1 Image Segmentation

A multi-resolution image segmentation algorithm in eCognition Developer software was
used (Benz et al.,, 2004; Trimble, 2018) to conduct the object-based approach for image
classification. The segmentation algorithm divides spectral imagery into pixel segments and
merges adjacent segments based on a relative homogeneity threshold to create vector objects (Benz
et al., 2004; Trimble, 2008). The threshold was determined by the following input parameters:
scale, color/shape, and smoothness/compactness. Scale is the maximum standard deviation of the
homogeneity threshold and determines the size of objects. Larger-scale values result in larger
heterogeneous objects, and smaller-scale values result in smaller homogeneous objects (Cooper et
al., 2019). Scale values between 20 and 40 were tested to identify an optimal scale for defining
shoreline classifications. This range has been successfully used in a past study that applied object-
based image analysis to remotely sensed data of a similar resolution (Cooper et al., 2019). A scale
value of 25 was chosen as it produced the largest, homogeneous objects. Color represents the

digital value of the pixel and shape defines the textural homogeneity of the image objects by
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totaling smoothness and compactness. Smoothness optimizes objects by how similar the shape is
to a square, while compactness optimizes objects by how similar the pixel cluster is to a circle.
The color/shape and smoothness/compactness parameters sum to a weighted value of 1. For this
framework, the color/shape parameter was set to 0.2/0.8 for all bands, respectively, so that more
weight is given to the object’s geometry. Smoothness/compactness was set to 0.5/0.5 for all bands
so that equal weight is given to compact and non-compact segments.

In-situ reference data were then spatially matched with the vector objects. Image
segmentation was omitted for the comparative pixel-based approach and in-situ reference data was
simply matched with individual pixels. These matched datasets were then applied to the five

machine learning classifiers being assessed within this study.

3.2 Training, Validating, and Testing the Machine Learning Classifiers

Training of the RF, SVM, LibLINEAR, k-NN, and ANN classifiers was conducted using
Waikato Environment for Knowledge Analysis (Weka, Version 3.8.4), an open-source data mining
software (Hall et al., 2009; Frank et al., 2016). The predictors and parameters for each classifier
were fine-tuned using trial-and-error, and the k-fold cross-validation method, where A=10, was
used to train each machine learning classifier (Maxwell et al., 2018). In the RF classifier, maximum
tree depth has the most influence on overall prediction accuracy. In the SVM algorithm, four
kernel-based methods were tested: linear, sigmoidal, radial basis function (RBF), and polynomial
kernels. A linear kernel-based method produced higher overall accuracies than sigmoidal, RBF,
and polynomial kernel-based methods, and was selected as a final parameter. For the LibLINEAR
classifier, the optimal SVM type was L2-regularized L2-loss SVC (primal), with bias and cost

values set at 2.0. For &-NN, a value of k=3 was specified based upon the chosen number of user-
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defined training objects. In the ANN classifier, the learning rate was defined as 0.5 and number of

hidden layers as 0. A full list of parameters specifications can be found in APPENDIX A.

3.3 Ensemble Analysis and Uncertainty Mapping

An ensemble analysis was conducted from the outputs of RF, SVM, LibLINEAR, £-NN,
and ANN. A combination of the majority vote and weighted vote was used to determine the final
output classification (Zhang et al., 2015) (APPENDIX B). If the majority of the five classifiers
choose the same class, the object was assigned that class. If all five classifiers chose a different
class, a weighted vote was used and the classifier with the highest accuracy was assigned a weight
of 1 with all other classifiers assigned a weight of 0. In the case of a tie (e.g., SVM and RF vote
class 1, &-NN and ANN vote class 2, and LibLINEAR votes for class 3), the class that has the
highest summed accuracy between the two classifiers was chosen. The accuracy of the ensemble
was compared to the individual classifiers using overall accuracy, user’s accuracy, and producer’s
accuracy. User’s accuracy measures errors of commission or the likelihood that the map
classification agrees with the real-world classification. Producer’s accuracy measures errors of
omission or the likelihood that real-world classes are correct on the map produced.

An uncertainty map was derived from the ensemble analysis classification results if the
ensemble produced a higher overall accuracy than individual classifiers. The map illustrated either
complete agreement, partial agreement, or no agreement between classifiers. Complete agreement
resulted from a unanimous vote, partial agreement from a majority vote that is not unanimous or a

tied vote, and no agreement resulted from each classifier voting differently.
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3.4 Calculating Error Matrix and Kappa Statistic

A standard approach to accuracy assessments in remote sensing is the use of an error matrix
and Kappa statistic (Congalton and Green, 2009). An error matrix was produced from the final
classifications for both object-based and pixel-based methods. The Kappa statistic was also derived
from the error matrix and a value greater than 0.80 indicated strong accuracy (Landis and Koch,

1977).

3.5 Shoreline Change and Vulnerability Assessment

With high-resolution NAIP imagery available from 2016, 2018, and 2020, an assessment
of both pre-Hurricane Florence (2016-2018) and post-Hurricane Florence (2018-2020) shoreline
change was conducted. Image objects created using the above object-based ensemble workflow
were then used to delineate the 2020 shoreline. Using ArcGIS Pro version 2.6

(http://www.esri.com/), objects were merged and converted from polygons to polylines. The

polylines were then edited to remove portions not bordering the water, and the remaining portions
were used as the delineated shoreline. The multi-resolution segmentation algorithm in eCognition
software was applied to create image objects for 2016 and 2018 NAIP imagery. Image objects
were then brought into ArcGIS Pro and followed the same delineation process as the 2020
shoreline.

Previous quantifications of shoreline change in the NRE (Cowart et al., 2011; Eulie et al.,
2017) successfully employed the EPR methodology conducted by Cowart et al. (2010) to calculate
a mean annual SCR (m/yr). The EPR methodology was adopted in this study to calculate SCR

from 2016-2020 and allow for direct comparisons of SCRs over time. However, context was
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provided on if observed rates aligned with shoreline changes observed in the field following
Hurricane Florence.

Similar to Cowart et al. (2010), the Generate Points Along Lines tool (Data Management
Toolbox) was used to create reference points every 50 m along the 2018 shoreline (n=1946). The
Near Tool within the Proximity Analysis Toolbox was then used to calculate the nearest distance
between these 2018 reference points and the 2016 and 2020 shorelines. The intersection of 2018
reference points with 2016 and 2020 image objects was used to determine if the calculated
shoreline change was erosional or depositional. Mean annual SCR (m/yr) over 2016-2020 was
calculated by dividing the sum of the shoreline change by 4 years. A spatial join was then used to
link 2018 reference points with the nearest 2020 image object in order to combine object attributes,
including shoreline class and slope, with the mean annual SCR.

The modified CVI framework created by Thieler and Hammar-Klose (1999) was adapted
to assess shoreline erosion vulnerability in this study. Given the scope of this study, three of the
six physical variables were selected for use in the assessment including geomorphology (here
shoreline class is used), slope (%) and shoreline erosion/accretion (m/yr) (Table 2) (Eq. 2).

Table 2. Ranking of coastal vulnerability index (CVI) risk variables included in the assessment.

Ranking of Coastal Vulnerability Index

Very Low Low Moderate High Very High
VARIABLE 1 2 3 4 5
. High Sediment Modified Marsh,
Shoreline Class Swamp Forest Bank Natural Bluff Shorcline  Low Sediment Bank
Coastal Slope (%) <3.0 3.0-6.0 6.0-9.0 9.0-12.0 12.0<
Shoreline Erosion/Accretion (m/yr) >2.0 1.0-2.0 -1.0-1.0 -1.0--2.0 <-2.0

CVI = —W (2)

where a = Shoreline Class, b = Shoreline Slope (%), and ¢ = Shoreline Erosion/Accretion (m/yr).
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Shoreline classes were ranked based upon previously documented levels of susceptibility
to erosion in the NRE (Riggs and Ames, 2003; Corbett et al., 2008). The variable of coastal slope
(%) was modified in this study to represent terrestrial slope up to the wet/dry line instead of both
terrestrial slope and near-shore bathymetric slope. This modification was completed as terrestrial
slope was an important predictor of the object-based ensemble analysis. The ranking of slope
ranges was also reversed as this CVI aims to predict shoreline vulnerability to erosion rather than
sea-level rise. Additionally, previous coastal slope rankings did not fully consider the susceptibility
of sloped shorelines at or above 90° to base undercutting and subsequent collapse, which has been
documented in the NRE. Shoreline erosion/accretion was defined by the variable rankings used by
Thieler and Hammar-Klose (1999) as these matched the broad range of shoreline changes observed
in the NRE. Quintiles of the CVI values were then calculated to define the 5 vulnerability

categories: very low, low, moderate, high, and very high.
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CHAPTER 4: RESULTS

4.1 Estuarine Shoreline Classification

The object-based ensemble performed best compared to all five individual algorithms.
However, accuracy improvement between the ensemble and the next highest individual algorithm,
the ANN classifier, was minimal (Table 3a). Regarding the user’s accuracy, the ANN classifier
produced the highest accuracy for the modified shoreline class, and the SVM algorithm produced
the highest accuracy for the natural bluff shoreline class (APPENDIX C). The ensemble had the

highest accuracies for high sediment bank, low sediment bank, swamp forest, and marsh shoreline

classes (Table 4).
Table 3a-b. Overall accuracies and kappa values for (a) object-based and (b) pixel-based approaches by algorithm.
a. Object-based b. Pixel-based
Algorithm Acgl\rlzgfu(% ) Kappa Value Algorithm Acgl\rlzia}lfu(% ) Kappa Value
RF 74.3 0.63 RF 70.1 0.57
kNN 69.2 0.57 kNN 64.3 0.5
SVM 72.2 0.61 SVM 65.3 0.5
LL 74.3 0.64 LL 64.3 0.49
ANN 75.1 0.65 ANN 65.6 0.51
Ensemble 76.4 0.66 Ensemble 69.1 0.56
Table 4. Error matrix for the object-based ensemble results by shoreline class.
Shoreline Classification gﬁ’)ﬂéﬁiﬂ Ngﬂg?l Selgsr%llént SeIc;i(;n‘Znt Sg’gi:;f Marsh Total Iz(c)gsrczfg;
Bank Bank (%)
Modified Shoreline 141 14 0 11 1 1 168 83.9%
Natural Bluff 21 42 0 1 0 0 64 65.6%
High Sediment Bank 8 1 1 1 1 0 12 8.3%
Low Sediment Bank 12 1 0 57 0 6 76 75.0%
Swamp Forest 7 0 0 1 3 3 14 21.4%
Marsh 1 0 0 1 0 53 55 96.4%
Total 190 58 1 72 5 63 Overall Accuracy:
User's Accuracy (%) 74.2% 72.4% 100.0% 79.2% 60.0% 84.1% 76.4%




No algorithm consistently produced the highest accuracy in each class regarding the
producer’s accuracy (APPENDIX C). The LibLINEAR algorithm produced the highest accuracy
for the high sediment bank class, the RF classifier produced the highest accuracy for the marsh
class, and the ANN approach produced the highest accuracy for the natural bluff and swamp forest
classes. The ensemble procedure produced the highest for the modified shoreline class (Table 4).
The RF, SVM, and ensemble algorithms are tied with the highest accuracy for the low sediment
bank class at 75%. This lack of consistency in high accuracies across all shoreline classes supports
the inclusion of the ensemble analysis in this study. Kappa values for the ensemble and all
algorithms, aside from the kNN classifier, were within an interpretation of ‘substantial’ agreement
per Landis and Koch (1977). The object-based ensemble accuracy was 6.3% higher than the top
pixel-based model, RF (Table 3a, b). Kappa values for the pixel-based approach fell within a range
of moderate agreement (Landis and Koch, 1977). Across both user’s and producer’s perspectives
in both approaches, high sediment bank and swamp forest classes had low accuracy values (Table
4, 5). A non-parametric McNemar test was conducted (Foody, 2004) on both object-based and
pixel-based results with a 95% confidence interval (z-score > 1.96) because of the minimal
improvement of overall accuracy in the ensemble from the highest individual algorithm. In the
object-based comparison of ANN and ensemble, there was no significant difference in
classification accuracy (z-score = 1.0) A significant difference was seen in the pixel-based results
of RF and ensemble accuracies (z-score = 5.7). The object-based ensemble was chosen to create
the estuarine shoreline map for the Neuse River Estuary due to higher class accuracies for the
majority of both user’s and producer’s perspectives compared to the object-based ANN model
(Table 4, APPENDIX C). Classification results from the object-based ensemble analysis were

placed over 2020 NAIP imagery to create the shoreline classification map (Figure 3a-d).
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Figure 3a-f- (a-b) 2020 NAIP imagery of the north (a) and south (b) shore of the Neuse River Estuary overlayed with (c-d)
shoreline classification and (e-f) ensemble certainty results from the object-based ensemble analysis.
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Table 5. Error matrix for the pixel-based Random Forest (RF) results by shoreline class.

Shoreline Classification gﬁ)ﬁiﬁi N];ltz.;?l Selgilﬁlgnt SeI&i(Xent SFngrl:le Marsh Total IZSSE:;Z;
Bank Bank (%)

Modified Shoreline 139 9 0 13 3 6 170 81.8%
Natural Bluff 27 36 1 0 0 0 64 56.3%
High Sediment Bank 6 4 0 2 0 0 12 0.0%
Low Sediment Bank 16 1 0 53 0 8 78 67.9%
Swamp Forest 6 1 0 4 0 3 14 0.0%
Marsh 2 0 0 6 0 49 57 86.0%
Total 196 51 1 78 3 66 Overall Accuracy:

User's Accuracy (%) 70.9% 70.6% 0.0% 67.9% 0.0% 74.2% 70.1%

Most identified shoreline classes within the object-based ensemble were modified
shorelines (Figure 4). This model shows a significant increase in percentage of modified shoreline
compared to the 32.2% observed by Corbett et al. (2008) and approximately a 3% increase in
modified shoreline from the classification conducted by McVerry in partnership with NC DCM

and ECU (2012). A 7% decrease in sediment bank shoreline was also observed compared to the

classification by McVerry (2012).

m Modified Shoreline

m Natural Bluff

m High Sediment Bank
Low Sediment Bank
Swamp Forest
Marsh

Figure 4. Distribution of shoreline classifications identified within the object-based ensemble model.
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An assessment of uncertainty was conducted from the object-based ensemble model
(Figure 3e, 3f). Complete certainty was seen in 31.8% of objects, partial certainty in 68.1%, and
no certainty in 0.2%. The largest proportion of certainty was seen within modified shoreline and
low sediment bank classes (Figure 5a, 5d). Consistent with accuracies observed in error matrices,
high sediment bank and swamp forest classes had the largest proportion of no certainty amongst

all classes, with 3.4% and 2.8% of objects respectively (Figure 5c, 5e).

h \

(a) Modified (b) Natural Bluff (¢) High Sediment Bank
(d) Low Sediment Bank (€) Swamp Forest (f) Marsh
. Complete Partial . None

Figure 5a-f. Distribution of object uncertainty by shoreline class within the object-based ensemble.

4.2 Shoreline Change and Vulnerability Assessment
From 2016 to 2020, approximately 76% of the NRE shoreline eroded, 22% accreted, and
2% remained the same. The mean annual SCR (m/yr) of -0.55 m/yr was observed across the

designated study area (Table 6, 7). The lowest mean SCRs and mean net shoreline changes were
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seen in modified shoreline and natural bluff shoreline classes and the highest in low sediment bank
and high sediment bank classes. Higher mean SCRs and mean net shoreline change were seen
along the south shore of the NRE, although not significantly different from the north shore (Table
7).

Table 6. Mean shoreline change rate (SCR) and mean net change (2016-2020) results of individual and all shoreline
classifications in the NRE.

Shoreline Classification Mean SCR (m/yr) Std. Dev. Meal}%ﬁ%?;g;(%e (m) Std. Dev.
Modified Shoreline -0.46 0.92 -1.83 3.70
Natural Bluff -0.49 1.08 -1.98 4.33
High Sediment Bank -0.66 1.17 -2.62 4.70
Low Sediment Bank -0.78 1.12 -3.10 4.49
Swamp Forest -0.59 0.79 -2.38 3.16
Marsh -0.56 0.99 -2.25 3.94
All Classes -0.55 0.99 -2.18 3.95

Table 7. Mean shoreline change rate (SCR) and mean net change (2016-2020) results based on shoreline orientation
within the NRE.

. . . Mean Net Change (m)

Shoreline Orientation Mean SCR (m/yr) Std. Dev. (2016-2020) Std. Dev.
North Shore -0.48 0.80 -1.90 3.21
South Shore -0.60 1.11 -2.40 443

All Shore Orientations -0.55 0.99 -2.18 3.95
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Across all shoreline classes, 45% of the NRE shoreline is highly or very highly vulnerable
and 41% has low or very low vulnerability (Figure 6). Swamp forest and high sediment bank
classes had the largest percentage of very low and low vulnerability rankings among the respective
classes. Low sediment bank had the largest percentage of high and very high vulnerability with

64% of sampled points along the shoreline falling under these two rankings (Figure 6).

100%
2 80%
7R .
22 70% m Very High
g‘ % 60% High
% 'Tg 50% Moderate
g —cz) 40% Low
> O m Very Low
2 30%
5
° 20%
Y
0%
Modified  Natural High Low Swamp Marsh All
Shoreline Bluff Sediment  Sediment Forest Shoreline
Bank Bank Classes

Shoreline Classification

Figure 6. Distribution (%) of vulnerability rankings within individual and all shoreline classes based on CVI assessment
of the NRE.
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CHAPTER 5. DISCUSSION

5.1 Object-Based Ensemble Performance

The overall accuracy of the object-based ensemble model (76.4%) was 6.3% higher than
the RF pixel-based model (70.1%), and higher user’s and producer’s accuracies were observed
across all shoreline classes (Table 4, 5). Other coastal land classification studies that used different
predictors or classification methodologies (McCarthy and Hall, 2013; Demers et al., 2015; Juel et
al., 2015) produced overall accuracies between 63.3% to 92.1%. The object-based ensemble
approach created and applied by Zhang et al. (2016) for classifying inland vegetation in the Florida
Everglades produced an overall accuracy of 91.1%. The results from this study fall within the
expected range of accuracy for remote sensing coastal classification but falls below the potential
accuracy possible for the object-based ensemble methodology as a whole. This illustrates that the
object-based ensemble approach is a viable way of classifying an estuarine shoreline environment
such as the NRE but improvements are needed to maximize the full potential of the model. These

improvements are discussed in subsequent sub-sections of this study.

5.2 Misclassifications

The largest percentage of misclassifications occurred within the high sediment bank and
swamp forest classes (Table 4). These classes also saw highest percentage of total uncertainty in
the ensemble model (Figure 5c, 5e). Both classes made up a combined 5% of the in-situ reference
data collected for this study. Rogers and Skrabal (2001) and Riggs and Ames (2003) saw high
sediment bank and swamp forest class abundance as <6% of the Neuse River. Although the

percentage of reference data classes is comparable to these studies, the smaller sample size does



limit the range of spectral and elevation values collected for the two respective classes. High
sediment bank misclassifications would also improve through the addition of a more recent LiDAR
dataset for the NRE. The specific bank height range of the high sediment bank class, 1.5 m to 6.1
m, requires the most accurate LiDAR elevation data available in order to make accurate class
predictions. Therefore, the use of a 2014 LiDAR dataset limits the accuracy to which this class can
be identified within this study. It should be noted that in March 2022, a 2019-2020 NOAA National
Geodetic Survey (NGS) Topobathy LiDAR dataset was published with point-spacing of 0.2 m but
was not possible to incorporate into this study given time constraints. This new dataset should be

incorporated into future studies within the NRE.

Over 15% of natural bluff and low sediment bank classes were misclassified as modified
shoreline within the ensemble model. The wide spectral range of the modified shore class objects
had significant overlap between the wide spectral range of the low sediment bank. The wide
spectral range of the low sediment bank may be attributed to the variety of low sediment bank sub-
classes that fall under this class (e.g., beach, low sediment bank with tree stumps, low sediment
bank with marsh fringe, etc.). Separating a beach sub-class from the low sediment bank has the
potential to improve classifications for both low sediment bank and modified shoreline classes.
Separating other low sediment bank sub-classes may improve overall classification as well.
Misclassifications of natural bluff shorelines as modified shorelines may be attributed to the wide
LiDAR elevation ranges observed in the modified shoreline class. Vertical modified shorelines
such as bulkheads and seawalls feature similar elevation characteristics as high sediment bank and
natural bluff shorelines (i.e., presence of a vertical or near-vertical slope), especially when these

modified structures are set back from the land/water interface.

32



5.3 Sources of Error and Limitations

There are two main sources of error that contribute to the class specific and overall
accuracies observed in the object-based ensemble model. First, the differing spatial resolutions of
the aerial imagery (0.6 m resolution) and LiDAR dataset (0.7 m pulse spacing) forced aerial
imagery to be resampled in order to match the LiDAR dataset. Point spacing of LIDAR ground-
return points, as classified by vendor, was calculated as 2 m, therefore aerial imagery was
resampled to this same resolution. Through this resampling, finer spatial detail was lost and likely

contributed to reduced accuracies of all shoreline class types.

A second main source of error was noted in the collection times of remotely sensed and in-
situ datasets. 2020 NAIP imagery was collected in September and October 2020 and aligned with
in-situ reference data collection that occurred between September and November 2020. The most
recent LIDAR dataset available for the NRE was from spring 2014 collection. This significant time
gap was both a limitation and source of error within the study. Given the number of storm events
that occurred in the NRE between 2014 and 2020, the 2014 LiDAR collection likely included
outdated elevation measurements that added to the probable error within the shoreline class
predictions. However, a LIDAR dataset was necessary to distinguish between natural bluff, high
sediment bank, and low sediment bank classes and the inclusion of the 2014 collection did improve
both overall and individual class accuracies within the object-based ensemble model. Despite the
potential error introduced by including the outdated LiDAR collection, it was still a necessary

inclusion to produce the highest model accuracy possible.
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5.4 Shoreline Change and Vulnerability Assessment

The EPR method and resulting rates of change are simple to calculate and have been widely
used in past studies of erosion in the NRE. The -0.55 m/yr mean SCR (SD: £+ 0.99 m/yr) observed
across the NRE is comparable to past calculations of mean SCR at -0.58 m/yr (SD: + 0.54 m/yr)
over a 40-year period (Corbett et al., 2008; Cowart et al., 2011). However, given the significant
erosion that was observed during Hurricane Florence, the -0.55 m/yr mean SCR calculated in this
study is extremely conservative and does not align with the significant shoreline changes observed
in the field. Shoreline change in the NRE is episodic in nature, with storm-driven dynamics largely
influencing this change. Reducing shoreline change to an average rate per year oversimplifies and
misrepresents the complex morphodynamics at play during these extreme storms. An initial study
of Hurricane Florence’s impacts on the NRE measured average bluff retreat at 11 m (Phillips,
2022). In this study, the lowest mean SCRs and mean net shoreline changes were seen in modified
shoreline and natural bluff shoreline classes (Table 6). The significant bluff retreat observed during
Hurricane Florence is not captured within this methodology when bluff erosion occurs inland
behind a low sediment bank. Additionally, the mean SCR only represents a 2D change rate, rather
than a 3D rate, which would likely provide a more accurate quantification the erosion observed
along natural bluff and high sediment bank shorelines. Although past literature supports the use of
the EPR methodology and associated change rates, in this study they provide an oversimplified
quantification that should not be used without additional context or conversely, calculated through

a different approach altogether.

The vulnerability assessment conducted does well at providing a base assessment of
erosion risk within the NRE. The high proportions of high and very high vulnerability observed in

the low sediment bank class align with the higher rates of erosion seen in both mean annual SCR
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and net shoreline change from 2016-2020. A similar alignment is seen in the high proportion of
low and very low vulnerability observed in the swamp forest class. This current assessment can be
built on in future studies by refining current CVI variables, including improving the shoreline
change quantification to incorporate NRE morphodynamics, and adding new physical and
socioeconomic variables such as fetch, wave energy, mean tide range, economic value of property,
and population. However, the approach shown in this study provides a valid example of how
object-based ensemble results can inform an assessment of shoreline vulnerability and aid coastal

managers in future shoreline management.

5.5 Future Avenues and Applications

The object-based ensemble analysis produced a high-resolution estuarine shoreline map
that will aid coastal managers and other stakeholders in future shoreline management. In addition
to the creation of additional sub-classes and incorporation of newer LiDAR data, another future
avenue of this study would be to recreate the object-based ensemble workflow using entirely open-
source software. With marked improvements over the past decade, QGIS and Orfeo ToolBox have
the potential to produce similar OBIA results to ESRI ArcGIS Pro and eCognition. An open-source
workflow would remove additional access barriers for coastal managers and allow for more
frequent assessments of shoreline characterizations in the NRE.

Deep learning should also be explored in future classification studies within the NRE. As
the volume of remote sensing data continues to grow at a remarkable pace, deep learning is a
promising approach due to the success shown in working with large, complex datasets. Deep

learning networks, especially convolutional neural networks (CNNs), have the potential to
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improve shoreline classification accuracy by processing more robust remote sensing datasets and
providing an end-to-end method that encompasses both segmentation and classification.
Refinement of the methodology used to quantify shoreline change would better align the
rates with the erosion observed in the field following Hurricane Florence. Splitting the modified
shoreline class into vertical and sloped sub-classes would provide additional context to how
shoreline erosion rates are impacted by the modified structure in place. Added field sampling to
obtain statistically significant sample sizes of these two sub-classes is recommended. Furthermore,
change rate quantification in the NRE may improve through separate examination of the north and

south shores as storm paths can change the wind and wave energy channeled into the estuary.

Additional applications to future shoreline management should also be explored beyond
this study. The object-based ensemble analysis can be used to assess shoreline classification
changes over time by using objects from a base year and substituting remotely sensed data from a
different year to create new shoreline classification predictions. Observing how shoreline
classifications evolve over time would provide coastal managers with valuable information that
can be used to track both natural and engineered shoreline developments. It also has the potential

to improve assessments of vulnerability by knowing how land cover has shifted over time.

The vulnerability assessment conducted within this study is highly adaptable and could
also inform setback regulations within the NRE. Shoreline classification, coastal slope, and
shoreline change are all variables that can be used to quantify how the distance of structures to
water varies along different areas of the NRE. This information can then be used to improve

setback regulations and reduce future hazards.
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CHAPTER 6: CONCLUSIONS

Shoreline classification maps enable coastal communities to better understand erosion risks
associated with different shoreline environments and are a tool for monitoring both natural and
engineered changes along the shoreline. These maps also aid decision-makers, such as coastal
managers, mitigating erosional hazards. Before this study, a recent, high-resolution shoreline
classification map of the NRE did not exist. An object-based ensemble analysis approach is known
to produce high accuracy classification results but has yet to be used in an estuarine shoreline
environment such as the NRE. Therefore, this approach was applied to create an updated shoreline
classification map of the NRE, evaluate the effectiveness of the object-based ensemble approach
in an estuarine shoreline environment, and account for the effects of uncertainty within the final

shoreline classification.

This study demonstrates that an object-based ensemble approach is an effective way to map
shoreline classifications in the NRE. The object-based ensemble produced an overall accuracy of
76.4% and outperformed the pixel-based approach by 6.3%. By addressing known sources of error
and limitations, the approach has the potential to reach accuracy percentages above 90%, but
additional exploration is needed. This approach is advantageous compared to pixel-based
classification as the resulting objects can be used to investigate numerous shoreline management

applications.

An application of shoreline change and vulnerability assessment was explored within this
study and produced shoreline change rates comparable to past studies in the NRE. However, a
different approach to measuring shoreline change should be considered in future studies to better

address the complex morphodynamics present in the NRE. As storm-induced erosion continues to



pose a significant threat to the NRE, refinement of these applications as well as new applications
of the object-based ensemble analysis should continue to be explored to improve future shoreline

management and reduce hazards moving forward.
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APPENDIX A: MACHINE LEARNING PARAMETER LOGS

1. Random Forest (RF)

RANDOM FOREST (RF)

‘Attributes (Predictors) ML Parameters
R R G [ B B NR NR Inten Lidar Lidar Lidar | e
Date Run: File Name ness Diff Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Med Max Min Stdev Mode Mean Med Max Min Stdev Mean Med Max Min Stdev| Size Iterations | Depth | Accuracy (%)
7/21/21 Scale25 (now deleted) x X x X X X X X x X x X x X x X X unlir d 64.00%
7/28/21 ML_FieldDataset_PreQA x X x x x X x X x x X x X x X x X x 100 100 unlimited 66.00%
7/28/21 ML_FieldDataset_QA x x x x x x x x X x X x X x X x x x 100 100 unlimited 70.50%
7/28/21 ML_FieldDataset_QA x X x X x x x x x x x x x x X x x x 100 150 unlimited 7033%
7/28/21 ML_FieldDataset_QA x x x x x x x x x x x x x x x x x x 100 200 unli d 71.35%
7/28/21 ML_FieldDataset_QA x x x X x x X X X M X x X x X x X x 200 200 unlimited 7135%
7/28/21 ML_FieldDataset_QA x X x x x x x X X X x x X x X x x x 200 100 unlimited 70.58%
7/28/21 ML_FieldDataset_QA x x x x x x x x x x x x x x x x x x 100 250 unlimited 70.84%
7/28/21 ML_FieldDataset_QA x X x x x x x X x X X x X x X x X x 100 300 unlimited 70.84%
7/28/21 ML_FieldDataset_QA x X x x x x x x X X X X X x X X x x 100 200 4 70.33%
7/28/21 ML_FieldDataset_QA x X x x x x x x x x x x x x X x x x 100 200 5 7161%
7/28/21 ML_FieldDataset_QA x x x x x x x x x x x x x x x x x x 100 200 6 70.32%
7/28/21 ML _FieldDataset_QA X x X x X x x x x x x X X X X X x X 100 300 5 7161%
7/28/21 ML_FieldDataset_QA x x x x x x x X X X x x X x x x x x 100 250 5 71.35%
7/28/21 ML_FieldDataset_QA x x x x x x x x x x x x x x x x x x 100 150 5 71.87%
7/28/21 ML_FieldDataset_QA x X x X x x x X x x X x X x X x X x 100 100 5 7125%
9/17/21  ML_Dataset_QA_NewPredicts x x x x x x x x X x X X X x X x x x X X X X X X X x X X 100 150 5 73.01%
9/17/21 ML Dataset_QA_NewPredicts | x x x x x x x x x x x x x x x x x x x x x x x x x x X x 100 250 unlimited 72.49%
9/17/21 ML Dataset QA_NewPredicts | x X x x x x x X x x x x x x x x x x x x x x x x x x x x 100 200 5 72.75%
9/17/21  ML_Dataset_QA_NewPredicts x x x X X X X X X X X x X x X x X x X x X X X X X x x x 100 250 5 72.49%
9/27/21 ML _Dataset_QA_NewPredicts x x x x x x X X X x X x X x x x x X x X X X x X x x 100 150 5 70.95%
9/27/21 ML Dataset_QA_NewPredicts |  x X x x x x x x x x x x x x x x x x x x x x x x x x 100 150 5 72.49%
9/27/21 ML Dataset_QA_NewPredicts | x X x X x x x x X x X x X x X x x x x x X x x x x x 100 150 5 73.52%
9/27/21  ML_Dataset_QA_NewPredicts x x x X x x X x X X X x X x X X X X X x X X X x X X 100 150 5 72.24%
9/27/21 ML Dataset_QA_NewPredicts |  x x x x x x x x x x X x X x x x x x x x x x x X x x 100 150 5 73.01%
9/27/21 ML Dataset QA_NewPredicts | x X x x x x x x x x x x x x x x x x x x x x x x x x 100 150 5 72.49%
9/27/21 ML Dataset_QA_NewPredicts |  x X X x x X x x x x x X x X x X x X x X X X X X 100 150 5 72.49%
9/27/21 ML _Dataset_QA_NewPredicts x x x x x x X X X x X x x x x x 100 150 5 71.47%
9/27/21 ML Dataset_QA_NewPredicts |  x x x x x x x x x x x x x x x x x x x x x 100 150 5 7121%
9/27/21 ML Dataset_QA_NewPredicts | x X x X x X x x x x X x X x X x x x X x x 100 150 5 72.75%
9/27/21  ML_Dataset_QA_NewPredicts x X x x x x X x X X x X X x X X X x X x 100 150 5 67.61%
9/27/21 ML Dataset_QA_NewPredicts |  x x x x X x x x x 100 150 5 72.24%
9/27/21 ML Dataset_QA_NewPredicts | x X x x x x x x x 100 150 5 69.92%
9/27/21 ML Dataset_QA_NewPredicts | x x x X X X X X x X x x x 100 150 5 73.52%
9/27/21 ML _Dataset_QA_NewPredicts x x x x x X x x x x X x x x 100 150 5 74.29%
9/27/21 ML Dataset QA NewPredicts x x x x x x x x x x x x x X X 100 150 5 72.49%
2. k-Nearest Neighbor (kNN)
k-Nearest Neighbor (kNN)
“Attributes (Predictors) ML Parameters
Bright Mx R R G G B B NR Uder Ldar LUdar Ldar Slope Slope Slope Slope Slope NDVI NDVI NDVI NDVI NDVI| Batch  Distance.

Date Ry File Name ness Diff Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Med Max in _Stdev Mode Mean Med Max Min Stdev Mean Med Max Stdev| k Size _ Weighting ch Algorithe |Accuracy (%)
7/21/21 Scale25 (now deleted) x X x x x x x x x x x x X x x X x x 3 100 N LinearNNSearch EuclideanDistance | 57.00°
7/28/21 ML FieldDataset_PreQA x X oxox X ox ox X ox ox X oxox X x x X x 3 100 N LinearNNSearch EudlideanDistance |  58.00%
7/28/21 ML_FieldDataset_QA x x x x x x x x x x x x x X x X x x 3 100 N LinearNNSearch EuclideanDistance | 61.00%
7/28/21 ML FieldDataset QA x x x o x X oxox X oxox X x x x o ox x x o ox 3 150 N LinearNNSearch EudlideanDistance |  61.64%
7/28/21 ML_FieldDataset_QA x x x x x x x x x x x x x x x x x x 3 200 N LinearNNSearch EuclideanDistance | 61.64%
7/28/21 ML FieldDataset QA X X ox x X oxox X oxox x o x x x o x x x o x 3 300 N LinearNNSearch EuclideanDistance | 61.64%
7/28/21 ML_FieldDataset_QA x x x x x x x x x x x x x x x x x x 3 150 LinearNNSearch EuclideanDistance | 62.92%
7/28/21 ML_FieldDataset_QA x x X x X oxx X oxx X ox X X ox X X x 3 200 LinearNNSearch EuclideanDistance | 62.92%
7/28/21 ML_FieldDataset_QA x x x x x x x x x x x x x x x x x x 3 100 LinearNNSearch EuclideanDistance | 62.92%
7/28/21 ML_FieldDataset_QA x X x x x x x x x x x x X x x X x x 3 150 LinearNNSearch EuclideanDistance | 62.66%
7/28/21 ML_FieldDataset_QA x x x x x x x x x x x x x x x x x x 3 200 LinearNNSearch EuclideanDistance | 62.66%
8/2/21 ML_FieldDataset_QA x X x x X x x x x X x x X x x X x x 3 200 LinearNNSearch ChebyshevDistance |  58.31%
8/2/21 ML _FieldDataset_ QA x x x x x x x x x x x x x x x x x x 3 200 LinearNNSearch FilteredDistance 54.48%
8/2/21 ML_FieldDataset_QA x x x x x x x x x x x x X x x X x x 3 200 LinearNNSearch ManhattanDistance | 63.17%
8221 ML_FieldDataset_QA xox ox xxxxx x x x x x x x x x x 3 200 1/distance LinearNNSearch MinkowskiDistance | 62.92%
8/2/21 ML FieldDataset QA x X x x X x x x x X X x X x x X x x 3 200 N LinearNNSearch ManhattanDistance | 64.19%
8/2/21 ML FieldDataset QA x x x o x X oxox X oxox x o x x x o x x x o x 3 200 1-distance 63.17%
8/2/21 ML _FieldDataset_ QA X x x X x x X x x X x x X x x x x x 3 200 BallTree. EuclideanDistance | 61.63%
8/2/21 ML FieldDataset QA X x X x X oxox X oxox X ox x x o x x x o x 3 200 1-distance BallTree EudlideanDistance | 62.66%
8/2/21 ML_FieldDataset_QA x x x x x x x x x x x x x x x x x x 3 200 1/distance BallTree. EudideanDistance | 62.91%
8/2/21 ML_FieldDataset_QA X x X x x X x X x x X ox X X x X x o x 3 200 N CoverTree EuclideanDistance | 61.64%
8/2/21 ML_FieldDataset_ QA X x x x x x x x x x x x x x x x x x 3 200 1-distance CoverTree EuclideanDistance | 62.66%
8/2/21 ML_FieldDataset_QA x x x x x x x x x x x x x x x X x x 3 200 1/distance CoverTree udideanDistance | 62.92%
8/2/21 ML _FieldDataset QA X x x x x x X x x X x x x x x x x x 3 200 N FilteredNeighborhoodSearch  EuclideanDistance |  61.64%
8/2/21 ML_FieldDataset_QA x X x x X x X x x X x x X x x X x x 3 200 1/distance ~ FilteredNeighborhoodSearch  EudlideanDistance | 62.92%
8/2/21 ML_FieldDataset_ QA x x x x x x x x x x x x x x x x x x 3 200  1-distance FilteredNeighborhoodSearch EuclideanDistance | 62.66%
8/2/21 ML_FieldDataset_QA x x x x x x x x x x x x X x x X x x 3 200 N KDTree EuclideanDistance | 61.63%
8/2/21 ML_FieldDataset_QA xox ox xx x x x x x x x x x x x x x 3 200 1/distance KDTree EuclideanDistance | 62.92%
8/2/21 ML_FieldDataset_QA x x x x x x x x x x x x X x x X x x 3 200 KDTre EuclideanDistance | 62.66%
9/17/21 ML Dataset QA_NewPredicts | x X oxox X ox ox X oxox X ox ox x o ox x x o x x x o x x X x x x o x x | 3 200 LinearNNSearch ManhattanDistance |  67.35%
9/17/21  ML_Dataset_QA_NewPredicts [ x x x x x x x x x x x x x x x X x x X x x X x x X x x x 3 150 N LinearNNSearch ManhattanDistance | 67.35%
9/17/21 ML Dataset QA_NewPredicts | x x x o x X oxox X oxox x o x x X x x x o x x x o x x x o x x x o x x | 3 20 N LinearNNSearch ManhattanDistance | 67.35%
9/17/21 ML _Dataset QA_NewPredicts [  x x x x x x x x x x x x x x x X x x X x x X x x X x x x 3 200 1/distance LinearNNSearch ManhattanDistance | 67.10%
9/17/21 ML Dataset_QA_NewPredicts | x X oxox X ox x X ox x X ox X X ox X X x X x o x x x o x x x o x x | 3 200 1-distance LinearNNSearct ManhattanDistance |  67.10%
9/17/21 ML _Dataset_QA_NewPredicts [ x x x x x x x x x x x x x x x x x x X x x X x x x x x x 3 200 N FilteredNeighborhoodSearch  EudlideanDistance | 64.78%
9/17/21 ML _Dataset_QA_NewPredicts [ x x x x x x x x x x x x x x x x x x x x x x x x x x x x 3 200 1-distance FilteredNeighborhoodSearch  EudlideanDistance | 63.75%
9/17/21  MI_Dataset_QA_NewPredicts [ x X x x X x x x x X x x X x x X x x X x x X x x X x x X 3 200 N BallTree EuclideanDistance | 64.78%
9/17/21 ML _Dataset QA_NewPredicts [  x x x x x x x x x x x x x x x x x x x x x x x x x x x x 3 200 1/distance BallTree EuclideanDistance | 63.75%
9/17/21  ML_Dataset_QA_NewPredicts [ x X x x X x x x x X x x X x x X x x X x x X x x X x x X 3 200 BallTree EuclideanDistance | 63.75%
9/17/21 ML _Dataset_QA_NewPredicts [ x x x x x x x x x x x x x x x x x x x x x x x x x x x x 3 200 N KDTree EuclideanDistance | 64.78%
9/17/21  ML_Dataset_QA_NewPredicts [ x X x x X x x X x x x x X x x x x x X x x X x x X x x X 3 200 N CoverTree EuclideanDistance | 64.78%
9/27/21 ML Dataset QA_NewPredicts X x X oxox X oxox X oxox X xox X xox X x X oxox X oxox x | 3 200 N LinearNNSearch ManhattanDistance | 69.15%.
9/27/21  ML_Dataset_QA_NewPredicts [  x X X x x x x X X x X x x X x x X x x X x x X x x X 3 200 N LinearNNSearch ManhattanDistance | 67.10%
9/27/21 ML Dataset QA_NewPredicts | x x x o x x X oxox X x x X x x x o ox x x o x x x o x x x o x x | 3 200 N LinearNNSearch ManhattanDistance |  67.61%
9/27/21 ML _Dataset_QA_NewPredicts [ x x x x x x x x x x x x x X x x X x x X x x X x x x 3 200 N LinearNNSearch ManhattanDistance | 67.61%
9/27/21 ML Dataset_QA_NewPredicts | x X ox x X oxox x x o x x x o x x x o x x x o x x x o ox x x o x x | 3 200 N LinearNNSearch ManhattanDistance |  67.61%
9/27/21 ML _Dataset_QA_NewPredicts [ x x x x x x x x x x x x x x x x X x x X x x x x x x 3 200 N LinearNNSearch ManhattanDistance |  66.84%
9/27/21 ML_Dataset_QA_NewPredicts x o ox x X ox X ox x X x X X ox X x o ox 3 200 N LinearNNSearch ManhattanDistance |  64.78%
9/27/21 ML _Dataset_QA_NewPredicts x x x x x x x x x x x x x x x x X x x x x 3 200 N LinearNNSearch ManhattanDistance | 68.12%
9/27/21 ML _Dataset_QA_NewPredicts x x x x x x x x x x x x x x x x x x x x x x x x 3 200 N LinearNNSearch ManhattanDistance | 67.09%
9/27/21  ML_Dataset_QA_NewPredicts x x X x x x x X x x X x X X x X x x x 3 200 N LinearNNSearch ManhattanDistance |  65.04%
9/27/21 ML _Dataset_QA_NewPredicts x x x x x x x x x x x x x x x x x x x x x x 3 200 N LinearNNSearch ManhattanDistance | 67.61%




3. Support Vector Machine (SVM)

Support Vector Machine (SVM)

Attributes (Predictors) ML Parameters
Brigt Max R R 6 6 B B NR NR Inten Inten Lidar Lidar Lidar Ldar Lidar Lidar Slope Slope Slope Slope Slope NDVI NODVI NDVI NDVI NDVI| Bat
Date Run: File Name ness Diff Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Med Max Min Stdev Mode Mean Med Min_Stdey Mean Med Max Min Stdev| Size degree  KernelType Accuracy (%)
72121 Scale2s (now deleted) X x  x  x x x x x x x x x x x x x x x 100 3 linear 63.00%
72821 MUFieldDataset Pre@A | x  x  x  x  x X x X X x x x x x x x x x 00 3 linear 65.00%
7/28/21 ML FieldDataset QA X ox xx x x x x x x x xx x x x x x 00 3 linear 69.05%
82121 ML_FieldDataset QA X oxxoxxxxxxxxxxxx x xx 00 3 linear 69.05%
8/2/21 ML FieldDataset QA X ox x x x x x x x x x xox x x x x x 00 3 linear 69.31%
8/2/21 ML FieldDataset QA X ox xx x x x x xx xxx xxx x x 100 3 radial basis function 4297%
8/2/21 ML_FieldDataset QA X oxxxxx o xx o xxxxxxxxxx 100 3 sigmoidal 4297%
8/2/21 ML FieldDataset QA X x x x x x x x x x x xox x x x x x 00 3 polynomial 61.64%
8/2/21 ML FieldDataset QA X ox xx x x xx x x x x x x x x x x 00 3 polynomial 61.64%
9/17/21 ML Dataset QA Newpredicts| x  x  x  x  x  x  x x x x x x x x x x x x x x x x x x x x x x |10 3 linear 70.18%
9/17/21 ML Dataset QA NewPredicts| x  x  x  x  x x x x x x x x x x x x x x x x x x x x x x x x |10 3 radalbasisfunction 43.19%
9/17/21 ML Dataset QA Newpredits| x  x  x  x  x x x X x x x x x x x x x x x x x x x x x x x x |10 3 64.30%
9/17/21 MLDataset QA Newpredicts| x  x  x  x  x  x  x x x x x x x x x x x x x x x x x x x x x x |10 3 43.19%
9/17/21 MU Dataset QA Newpredicts| x  x  x  x  x x X X x X x X x x x x x x x x x x x x x x x x |10 2 70.18%
9/17/21 MIDataset OA Newpredits| x  x  x  x  x  x x x x x x x x x x x x x x x x x x x x x x x |10 2 70.18%
9/17/21 MLDataset QA Newpredicts| x  x  x  x  x  x  x x x x x x x x x x x x x x x x x x x x x x |10 4 70.18%
9/17/21 MIUDataset QA Newpredicts| x  x  x  x x X x X x x x x x x x x x x x x x x x x x x x x |10 3 70.18%
9/17/21 MIDataset QA Newpredits| x  x  x  x x x x x x x x x x x x x x x x x x x x x x x x x |10 3 00001 | 70.8%
9/1721 ML Dataset QA Newpredicts| x  x  x x x x x x x x x x x x x x x x x x x x x x x x x x |10 3 000001 | 70.18%
9/27/21  MI_Dataset QA NewPredicts X X x  x x x X x X X X x X x x x x x x x x x x x x x |10 3 70.69%
9/27/21  MI_Dataset QA Newpredicts| x  x X X x  x x  x x x x x x x x x x x x x x x x x x x |10 3 6838%
9/27/21 ML Dataset QA Newpredicts| x  x  x X X x ox  x x x x x x x x x x x x x x x x x x x |10 3 70.95%
9/27/21 ML Dataset QA Newpredicts| x  x  x  x  x X X x x x x x x x X x x x x x x x x x x x |10 3 68.38%
9/27/21 MIDataset OA Newpredits| x  x  x  x  x x x  «x X x x  x x x x x x x x x x x x x x x |10 3 67.87%
9/27/21 MI Dataset OA Newpredicts| x  x  x x x x x x x «x X x x x x x x x x x x x x x x x|[100 3 70.69%
9/27/21  MI_Dataset QA NewPredicts xox xox o ox o x X x x x x x x x x x x x x x x x |10 3 66.07%
9/27/21 MIDataset OA Newpredicts| x  x  x  «x X oxxxxxxxxxxx 00 3 69.92%
9/27/21 ML Dataset QA Newpredicts| x  x  x X Xoox o xxxxxx o xxxxxxxxx 00 3 69.67%
9/27/21 ML Dataset OA Newpredicts| x  x  x  x X ox o xxxxoxxxxxx x x ox x x| 100 3 70.43%
9/27/21 MI Dataset OA Newpredicts| x  x  x  «x X ox o oxxxx X x x  x x x x x x x |10 3 68.12%
9/27/21 ML Dataset QA Newpredicts| x  x  x X X ox o oxxxxxxxxxxx xox x xox ox ox |[100 3 69.29%
9/27/21 MIDataset OA Newpredicts| x  x  x  x X oxxxxxxxxxoxox X ox x x ox x x| 100 3 71.20%
9/27/21 MU Dataset OA Newpredicts| x  x  x  x X ox o oxxxxxxx xxx x o x x X x 00 3 7172%
9/27/21 ML Dataset QA Newpredicts| x  x  x X X ox oxx x  x ox x x x x x xx x o x 00 3 71.21%
9/27/21 ML Dataset OA Newpredicts| x  x  x  x X x oxxxxx xox o x xox x o x 00 3 7147%
9/27/21 MIDataset OA Newpredicts| x  x  x  x X oxoxxxxx x o x X x x o x 00 3 70.95%
9/27/21 ML Dataset QA Newpredicts| x  x  x x x x X ox o oxxx o x xox x x o x 00 3 7220%
4. 1ibLINEAR (LL)
libLINEAR
Attributes (Predictors) WL Parameters
Bright Max R R 6 G B B NR NR Inten Inten Ldar Ldar Ldar Lidar Lidar NDVI NDVI NDVI NDVI NDVI Accuracy
Date Run Eile Name ness Diff Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Med Max Min Stdev Mode Mean Med Min_Stdev Mean Med Max Min Stdev| Batchsize SVM Type Bias iterations [cost®| (%)
8/2/21 ML_FieldDataset_ QA X x ox ox x ox x x x x x x x x x x 100 2-regularized L2-loss SVC (primal) 1 000 1 | 7008%
8/2/21 ML FieldDataset QA X oxxxxx o xxxxxxxxxx 200 L2-regularized L2-loss SVC (primal) 1 1000 1 | 7008%
8/2/21 ML_FieldDataset QA X ox X x x o xxxxxxxxxxx 100 L2-regularized L2-1oss SVC (primal) 1 000 2 | 7084%
8/2/21 ML_FieldDataset_ QA X ox o oxxox o xxx o xxx o xxxxx 100 L2-regularized L2-loss SVC (primal) 1 1000 3 | 7058%
8/2/21 ML FieldDataset QA X oxxxxxxxxxxxxxxx 100 L2-regularized L2-loss SVC (primal) 1 000 2 | 7084%
8/2/21 ML_FieldDataset QA X ox X x x o xxxx o x X xxxxx 100 L2-regularized L2-loss SVC (primal) 1 500 2 | 708a%
8/2/21 ML_FieldDataset_ QA X ox o ox xx o xxx o xxxxxxxx 100 L2-regularized 12-loss SVC (primal) O 1000 2 | 7033%
8/2/21 ML FieldDataset QA X ox X xx xx xxx X xxxxx 100 L2-regularized 12-loss SVC (primal) 2 000 2 | 7136%
8/2/21 ML_FieldDataset QA X ox X xxxxx o xxxxxxxx 100 L2-regularized L2-loss SVC (primal) 3 000 2 | 7110%
8/2/21 ML_FieldDataset_ QA X ox o ox xxxxx o xx xxxxx xxx 100 L2regularized 2loss SVC (primal) 15 1000 2 | 70.08%
9/17/21  MLDataset QA Newpredicts| x  x  x  x  x x X x x x x x x x x x x x xox o x xoxx 100 L2-regularized L2-loss SVC (primal) 2 000 2 | 7043%
9/17/21  MiDatset QA Newpredicts| x  x  x  x  x x x x  x x x x x x x x x x x x x x x x x x x «x 100 L2-regularized L2-loss SVC (primal) 1 w00 2 | 7L7%
9/17/21  MLDataset QA Newpredicts| x  x  x  x  x x x x x x x x x x x x x x x x x x x x x x x «x 100 L2-regularized L2-loss SVC (primal) 2 000 3 | 7121%
9/27/21  ML_Dataset QA _NewPredicts XX x xxx o xxxxxxxxxx o xxxx o xxxx o x 100 L2-regularized L2-1oss SVC (primal) 1 000 2 | 7121%
9/27/21  Mi_Dataset QA Newpredicts| x X X ox o xxxxxx o xx xxxxx x x x x x x x x x 100 L2-regularized 2-loss SVC (primal) 1 1000 2 | 6607%
9/27/21 ML Dataset OA Newpredicts| x  x  x  x X ox o ox x xxxxxxxxxxxxxxxxxx 100 L2-regularized 2-loss SVC (primal) 1 1000 2 | 69.41%
9/27/21 ML Dataset QA Newpredicts| x  x  x  x  x  x X xxxxx o xxxxxxxxxxxxx 100 L2-regularized L2-loss SVC (primal) 1 000 2 | 6992%
9/27/21 MiDataset OA Newpredicts| x  x  x  x  x  x  x  x X ox ox ox x x x x x x x x x x x x x x 100 L2-regularized 2-loss SVC (primal) 1 1000 2 | 6992%
9/27/21  MLDataset OA Newpredicts| x  x  x  x  x x x x x x X oxoxxxxxxxxxx o xxoxx 100 L2-regularized 2-loss SVC (primal) 1 000 2 | 7018%
927/21 M Dataset QA Newpredics| x  x  x  x  x  x x x x x x x x x x x x x XX xx 100 L2-regularized L2-loss SVC (primal) 1 000 2 | 7275%
9/27/21 Ml Dataset OA Newpredicts| x  x  x  x  x x x x x x x x x x x x x x x x x x x 100 L2-regularized L2-loss SVC (primal) 1 1000 2 | 6992%
9/27/21  MLDataset OA Newpredicts| x  x  x  x  x x x x x x x x x x x x x x 100 L2-regularized 2-loss SVC (primal) 1 000 2 | 7198%
9/27/21  MiDataset QA Newpredicts| x  x  x  x  x  x x  x x x x x Xoox o xx o x o xxxx 100 L2-regularized 12-loss SVC (primal) 1 1000 2 | 6992%
9/27/21  MiDataset QA Newpredics| x  x  x  x  x x x x x x x x x x x x x x X x xox o oxox o x 100 L2-regularized L2-loss SVC (primal) 1 w000 2 | 7378%
9/27/21  MLDataset QA Newpredicts| x  x  x  x  x x x x x x x x x x x x x x X ox xox o oxox o x 100 L2-regularized 2-loss SVC (primal) 1 000 2 | 7275%
9/27/21  Mi_Dataset QA Newpredicts| x XX xxx o xxxxx o xxxx xox XX x o x 100 L2-regularized L2-loss SVC (primal) 1 1000 2 | 7400%
9/27/21  ML_Dataset QA _NewPredicts| x x x x x x xox o ox o oxoxx x o x xox o oxoxx 100 L2-regularized L2-loss SVC (primal) 1 1000 2 | 6992%
9/27/21 ML Dataset QA Newpredicts| XX xxxx xxxxx o xoxxx X ox XX o xx 100 L2-reaularized 12-loss SVC lorimall 2 100 2 [T7a20%
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5. Artificial Neural Network (ANN)

Multilayer Perceptron (ANN)

Date Run:

9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/17/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21
9/28/21

le Name
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_ QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_ QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_ QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset_QA_NewPredicts
ML_Dataset_QA_NewPredicts
ML Dataset QA_NewPredicts
ML_Dataset QA_NewPredicts
ML Dataset QA NewPredicts

Attributes (Predictors)

ML Parameters

B 6 6 B B NR NR Inen Inmen Udor Ldor Ldor Ldar Ldar Ldar Slope Slope Slope Slope Siope NDVI NDVI NDVI NDVI NDVI| Batch Hidden Learning momentu| Training
Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Stdev Mean Max Stdev Mean Med Max Sie layers Rate m | Time
X x  x x x x x x x x x x x x x x x x x x x x x x x x x x| 100 a 03 02 500
x x x x x x x x x x x x x x x x x x x x x x x x x x x x 100 a 05 02 500
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 100 a 07 02 50
x x x X x x x X x x X X x x x X x x X X x x X X x x X X 150 a 05 02 500
x x x x x x x x x x x x x x x x x x x x x x x x x x x x 50 a 05 02 500
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 10 a 05 04 500
x x x x x x x x x x x x x x x x x x x x x x x x x x x x 100 a 05 06 500
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 100 a 05 05 50
x x x X x x X x x x X X x x X x x x X x x x X X x x x x 100 a 05 03 500
x x x x X x x x x x x x X x x x x x x x x x x x X x X x 100 a 05 02 1000
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 10 a 05 02 20
x x x x x x x x x x x x x x x x x x x x x x x x x x x x 100 a 05 02 350
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 100 a 05 02 40
x x x x x x x x x x x x x x x x x x x X x x X x x x x x 100 a 05 02 300
x x x x x x x x x x x x X x x x X x x x x x x x x x X x 100 a 05 02 325
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 1m0 a 05 02 275
x x x x x x x x x x x x x x x x x x x x x x x x x x x x 100 0 05 02 300
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 100 0o 05 02 350
X x x x x x x x x x x x x x x x x x x x x x x X x x x x 100 0 05 02 400
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 100 0 05 02 450
X ox  x  x  x  x x x x x x x x x x x x x x x x x x x x x x x |10 i 05 02 30
x x x x x x x x x x x x x x x x x x x x x x x x x x x x 100 i 05 02 350
X x x x x x x x x x x x x x x x x x x x x x x x x x x x |10 i 05 02 40
x x x x x x x x x x x x x x x X x x x x x x x x x x x x 100 o 05 02 300
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 100 o 05 02 350
x x x X x x x X x x x X x x x X x x X X x x X X x x X X 100 o 05 02 400
x x x x x x x x x x x x x x x x x x x x x x x x x x x x 100 t 05 02 300
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 10 t 05 02 350
x x x x x x x x x x x x x x x x x x x x x x x x x x X x 100 t 05 02 400
X x x x x x x x x x x x x x x x x x x x x x x x x x x x| 10 t 05 02 40
x x x X x x x X x x X X x x x X x x x X x x X X x x X X 100 t 05 02 500
x x x x x x x x x x x x x x x x x x x x x x x x x x x x 100 [ 05 02 375
X x x x x x x x x x x x x x x x x x x x x x x x x x| 100 0 05 02 40
x x x x x x x x x x x x x x x x x x x x x x x x x x 100 [ 05 02 400
xox o oxx x x x x x x x x x x x x x x x x x x x x x x |10 o 05 02 a0
x x X X x x x x X X x x X X x x x X x x X X x x x X 100 0 05 02 400
X x x x x x x x x x x x x x x x x x x x x x x x x x 100 [ 05 02 400
X ox ox x x x x x x  x x x x x x x x x x x x x x x x x| 1m0 0o 05 02 40
x x x x x x x x x x x x x x x x x x x x x x x 100 0 05 02 400
X ox o ox x o xx x xxx x xx x x x x  «x x x x x x| 10 0 05 02 400
x x x x x x x x x x x x x x X x x x x X x x X 100 0 05 02 400
x x x x x x x x X x x x x x x x x x x x x 100 [ 05 02 400
X ox ox xxx xx X oxoxxoxx x x x x x| 100 0o 05 02 40
x x x x x x x x x x x x x x x x x x x 100 [ 05 02 400 67.10%
X ox o ox xxx xx x x x x x x x x x x| 10 0o 05 02 40 | 7069%
x x x x x x x x x x x x x x x x x 100 0 05 02 400 73.52%
x x x x X x x x x x X x x x X 100 [ 05 02 400 74.04%
X ox o x xx o xxx x x x xox 10 0 05 02 400 | 7198%
x x x x x x x x x x x 100 [ 05 02 400 69.92%
X ox o x x x x x x 10 0 05 02 400 | 7326%
X x x x X x x x x x x x X 100 0 05 02 400 73.52%
x x x x X x X x X x X x x x X 100 [ 05 02 450 75.06%

49




APPENDIX B: R CODE

#Author: Jessica Richter

#Majority Vote Calculator for ML Ensemble Analysis

#Created: Oct. 27, 2021

#Last Updated: Oct. 29, 2021

#This script assesses the classification results of five machine learning algorithms and selects the classification based upon a majority vote and weighted vote (algorithm accuracy).
#Can be used for object-based or pixel-based analyses.

#Read .csv and .xls files
library(readr)
library(readxl)

#Load results from five individual algorithms
results <- read_csv("Pixel_TestingResults_Compiled_Expanded_pt1.csv")

#Create ensemble table where ensemble results will be populated
ensemble <- read_csv("Ensemble_results.csv")

#Initialize loop constants
i<1
j<1

#While loop is indexed at every 5 instances
while (i <743192) {

modified_sum <- 0

bluff_sum <- 0

marsh_sum <- 0

swamp_sum <- 0

low_sum <- 0

high_sum <- 0

#For loops through a window of 5 instances at a time; assigns accuracy % to each shoreclass value
for (iin seq(from =i, to =i + 4)) {
if (results$Result[i] == "1:modified_shoreline") {
modified_sum <- modified_sum + results$Accuracyfi]
}else if (results$Result[i] == "2:natural_bluff") {
bluff_sum <- bluff_sum + results$Accuracy(i]
}else if (results$Result[i] == "3:marsh") {
marsh_sum <- marsh_sum + results$Accuracyfi]
}else if (results$Result[i] == "4:swamp_forest") {
swamp_sum <- swamp_sum + results$Accuracyl[i]
}else if (results$Result[i] == "5:low_sediment_bank") {
low_sum <- low_sum + results$Accuracy[i]
}else if (results$Result[i] == "6:high_sediment_bank") {
high_sum <- high_sum + results$Accuracy(i]
}

}

#Majority vote assigned to shoreline class with highest summed value, then result is populated in ensemble table
sums <- ¢(modified_sum, bluff_sum, marsh_sum, swamp_sum, low_sum, high_sum)
ensemble$ensemble_selection[j] <- which.max(sums)

i<-i+d
j<-j+1
}

#Export results
write.csv(ensemble, "pixel_ensembleresults_pt1.csv")



APPENDIX C: MACHINE LEARNING CLASSIFIER CONFUSION MATRICES

1. Confusion matrix for object-based ANN classifier.

Shoreline Classification Selgsr%llént SeIc;i(;n‘Znt Marsh gﬁ%ﬁﬂiﬁ N];IE;?I SFV(Z?:;? Total Af:{:frraiy
Bank Bank (%)
High Sediment Bank 1 1 0 2 0 0 4 25.0%
Low Sediment Bank 2 55 1 12 0 2 72 76.4%
Marsh 0 5 51 1 2 2 61 83.6%
Modified Shoreline 7 14 2 135 17 3 178 75.8%
Natural Bluff 0 0 0 15 44 1 60 73.3%
Swamp Forest 2 1 1 3 1 6 14 42.9%
Total 12 76 55 168 64 14 Overall Accuracy:
Producer's Accuracy (%) 8.3% 72.4% 92.7% 80.4% 68.8% 42.9% 75.1%

2. Confusion matrix for object-based LibLINEAR classifier.

High Low User's

Shoreline Classification Sediment Sediment  Marsh MOdlﬁ.ed Natural = Swamp Total Accuracy
Shoreline Bluff Forest

Bank Bank (%)
High Sediment Bank 4 1 0 0 1 0 6 66.7%
Low Sediment Bank 1 54 2 10 1 4 72 75.0%
Marsh 0 7 52 3 0 2 64 81.3%
Modified Shoreline 6 11 1 136 22 4 180 75.6%
Natural Bluff 0 2 0 19 39 0 60 65.0%
Swamp Forest 1 1 0 0 1 4 7 57.1%
Total 12 76 55 168 64 14 Overall Accuracy:
Producer's Accuracy 33.3% 71.1% 94.5% 81.0% 60.9% 28.6% 74.3%




3. Confusion matrix for object-based SVM classifier.

High Low User's

Shoreline Classification Sediment Sediment  Marsh MOdlﬁ.ed Natural - Swamp Total Accuracy
Shoreline Bluff Forest

Bank Bank (%)
High Sediment Bank 3 1 0 1 0 0 5 60.0%
Low Sediment Bank 1 57 4 21 2 2 87 65.5%
Marsh 0 7 49 2 0 3 61 80.3%
Modified Shoreline 7 11 2 130 23 6 179 72.6%
Natural Bluff 0 0 0 12 39 0 51 76.5%
Swamp Forest 1 0 0 2 0 3 6 50.0%
Total 12 76 55 168 64 14 Overall Accuracy:
Producer's Accuracy 25.0% 75.0% 89.1% 77.4% 60.9% 21.4% 72.2%

4. Confusion matrix for object-based kNN classifier.

High Low User's

Shoreline Classification Sediment Sediment  Marsh MOdlﬁ.ed Natural - Swamp Total Accuracy
Shoreline Bluff Forest

Bank Bank (%)
High Sediment Bank 0 0 0 1 0 0 1 0.0%
Low Sediment Bank 4 52 1 16 2 3 78 66.7%
Marsh 0 5 48 5 1 5 64 75.0%
Modified Shoreline 7 14 5 125 18 4 173 72.3%
Natural Bluff 1 4 0 21 43 1 70 61.4%
Swamp Forest 0 1 1 0 0 1 3 33.3%
Total 12 76 55 168 64 14 Overall Accuracy:
Producer's Accuracy 0.0% 68.4% 87.3% 74.4% 67.2% 7.1% 69.2%
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5. Confusion matrix for object-based RF classifier.

High Low User’s

Shoreline Classification Sediment Sediment  Marsh MOdlﬁ.ed Natural - Swamp Total Accuracy
Shoreline Bluff Forest

Bank Bank (%)
High Sediment Bank 0 0 0 0 0 0 0 0.0%
Low Sediment Bank 0 57 1 11 0 1 70 81.4%
Marsh 0 6 54 3 0 7 70 77.1%
Modified Shoreline 11 13 0 139 25 6 194 71.6%
Natural Bluff 1 0 0 15 39 0 55 70.9%
Swamp Forest 0 0 0 0 0 0 0 0.0%
Total 12 76 55 168 64 14 Overall Accuracy:
Producer’s Accuracy 0.0% 75.0% 98.2% 82.7% 60.9% 0.0% 74.3%
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