
 

 

 

ABSTRACT 

SMART, LINDSEY SUZANNE. Rising Seas and the Changing Coastal Landscape: Modeling 

Land Change Pattern and Social Process to Quantify the Socio-Ecological Impacts of Sea Level 

Rise.   (Under the direction of Dr. Ross K. Meentemeyer and Dr. Jordan W. Smith). 

 

Sea level rise and the salinization of freshwater ecosystems will have unprecedented negative 

consequences on coastal communities in the coming decades. Salinization is already transforming 

the coastal landscape in complex ways – altering the biogeochemistry, the vegetation composition, 

and the overall resilience of coastal systems. The economic dependence of many coastal 

communities on these regions’ natural resources only compounds the negative impacts from sea 

level rise. The continued ability of these systems to provide life-sustaining ecosystem benefits like 

food production, clean water, carbon sequestration, and storm surge is at risk. Driven by global 

climate change, sea level rise poses a complex problem; one that involves multiple spatial and 

temporal scales and complex multi-directional interactions between social and ecological systems. 

The benefits that humans derive from the landscape inextricably link climate change, social 

processes, and land change dynamics. And although recognized as an important process in land 

change studies, scientists struggle to incorporate human behavior and decision-making processes 

into models. This linkage is critical, particularly in the context of sea level rise because the adaptive 

decision-making in response to sea level rise threats will largely determine continued system 

resilience. The three research objectives in this dissertation were driven by the desire to explore 

linkages between spatial patterns of landscape change and the social processes driving change. In 

the first research study, I combined field data with repeat lidar surveys to map the extent and 

magnitude of coastal biomass change across the forest to marsh transition. Resultant maps showed 

highly heterogeneous patterns of change. In the second research study, these maps were then used 

to quantify the relative contributions of land-use and sea level rise drivers to coastal biomass 

decline. Land-use activities continue to be the dominant drivers of change, even in low-lying 

coastal regions exposed to sea level rise impacts. In the final research study, we examined the 

landscape-scale implications of potential future adaptation scenarios using socio-spatial factors 

derived from landscape patterns and empirically-grounded social science data on contingent 

adaptive behaviors. The goal of this dissertation was to quantify the biophysical changes resulting 

from sea level rise and land-use activities and explore potential synergies or trade-offs between 

adaptation and the continued persistence of ecosystem services.  
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CHAPTER 1 

 

 

INTRODUCTION 

 

 

1.1. INTRODUCTION 

Climate change is a multivalent and wicked problem; one that involves multiple spatial and 

temporal scales and complex multi-directional interactions between social and ecological systems. 

Climate change threatens the very ability of the landscape to provide the life-sustaining benefits 

upon which humans depend. These benefits humans derive from the landscape inextricably link 

climate change, social processes, and land change dynamics. And although recognized as an 

important process in land change studies, scientists struggle to incorporate human behavior and 

decision-making processes into models. This challenge exists because research focused on climate 

change and land-use and land cover change (LUCC) has been rooted in specific academic 

disciplines, limiting our ability to understand how social and ecological systems influence and 

feedback upon one another (Liu et al., 2007). Research is needed that links models of climate and 

landscape change with models of social dynamics that represent human decision-making at 

multiple spatial scales (Castella et al., 2007; Castella & Verburg, 2007; Filatova et al., 2013; Parker 

et al., 2003). For example, climate variability and extreme events will undoubtedly result in land 

change, but the main driver of regional LUCC will continue to be individual landowners’ responses 

to perceived vulnerabilities and their subsequent adaptation decisions – an area of research that 

has yet to be examined in an integrated way (Liu et al., 2013; Rounsevell et al., 2014). The 

adaptation decisions of individual landowners may reveal important trade-offs that would 

otherwise go unnoticed if the effects of multi-scale human decision making on land system change 

were not specifically addressed and modeled. This linkage is critical, particularly in the context of 

sea level rise because the adaptive decisions made in response to sea level rise threats will largely 

determine continued system resilience.  
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Driven by global climate change, sea level rise is already transforming coastal landscapes. 

We will continue to see unprecedented negative impacts from sea level rise in the coming decades. 

Since the 1900s, global mean sea level (GMSL) has risen by about 16 – 21 cm, with about 7 cm 

of rise occurring just since 1993 (Kopp et al., 2016). It is likely that we can expect a 9 – 18 cm rise 

in sea level by 2030, with 15 – 38 cm  by 2050, and 30 – 130 cm by 2100 (Kopp et al., 2014). 

Some predictions even suggest that a rise of 2.4 m is plausible by 2100 (citation). The exact 

measures of mean sea level rise is highly regional in nature, with certain regions expected to 

experience higher than global average rise in sea level. One example is the Southeast U.S., which 

is expected to experience a rise in sea level greater than the global average because of subsidence, 

water groundwater water withdrawals, and its low topographic relief. Corroborating the highly 

regionalized nature of the extent and severity of sea level rise impacts, a recent study that linked 

population growth with sea level rise inundation scenarios, indicated that inundation from a 1.8 m 

rise in sea level by 2100 would threaten approximately 13.1 million people; 70% of whom were 

located within the Southeastern United States alone (Hauer et al., 2016). In addition to direct 

inundation from sea level rise, coastal flooding and saltwater exposure are increasingly common 

occurrences in coastal areas, imparting negative impacts by altering biogeochemistry and 

vegetation composition, causing shoreline erosion, and further exacerbating storm surge and 

flooding events. As sea levels rise, the landward reach of impacted areas moves further inland, 

increasing the areal extent of land affected, increasing the number of communities and habitats at 

risk (Poulter & Halpin, 2008; Church et al., 2013). 

Although much attention and resources have been dedicated to heavily populated coastal 

areas, rural climate adaptation remains understudied. Rural coastal communities, however, are 

arguably the most vulnerable to sea level rise impacts because of their remoteness and resource 

limitations. Because of their remoteness, rural areas are home to a significant portion of the 

nation’s natural- and working-landscapes. Subsequently, rural areas provide ecosystem services 

upon which much of the rest of the United States depends – like food, energy, water, recreation, 

forests, cultural and spiritual benefits, and quality of life. This ties rural livelihoods and their 

economic foundations to natural systems and creates a tightly coupled socio-ecological system that 

is highly vulnerable to climate change. And because the rest of the U.S. is dependent upon these 

regions for goods and services, the impacts to rural coastal communities will have ripple effects 

far beyond the coastal fringe.  
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The resilience and adaptive capacities of these tightly coupled socio-ecological systems are 

partially a product of social interactions and existing governance systems – dynamic social 

processes that are often overlooked in climate adaptation science and policy (Koontz et al., 2015). 

Adaptation, as defined, is a modification of human or natural systems that allows the system to 

moderate new threats and also benefit from new opportunities (McCarthy, 2001). Adaptation is a 

socio-cognitive process that is not only comprised of adaptive behaviors but also the ever-evolving 

perceptions of risk, which are influenced by a range of objective and subjective factors (Grothmann 

& Patt, 2005; van Duinen et al., 2014).  Adaptation is a particularly complex issue because it 

requires individuals to implement measures for which they have no past experiences or prescribed 

routines. Additionally, synergies and trade-offs exist between adaptation activities that modify the 

land and the continued production of ecosystem services (Verburg, 2004). For example, restoring 

a forested wetland to serve as a storm buffer also sequesters carbon, provides wildlife habitat, and 

improves biodiversity. Thus, adaptation has the potential to provide dual benefits – protection from 

climate-related risks and also the provision of additional ecosystem goods and services. For these 

reasons, it’s critical to understand the interactions and feedbacks between sea level rise, land-use 

modifications, and adaptive decision-making.   

The focus of this dissertation is the exploration of linkages between spatial patterns of land 

change and the social processes driving the change in a tightly coupled socio-ecological system 

experiencing sea level rise. In this dissertation, I identified three research questions which 

subsequently framed the three chapters in the dissertation. These are: 

RQ1: What are the spatial patterns of vegetation change in a low-lying coastal landscape 

vulnerable to sea level rise and salinization impacts; 

RQ2: What are the relative contributions of land use- and sea level rise-drivers to the spatial 

patterns of vegetation change; and 

RQ3: What socio-spatial factors drive landowners’ adaptive behaviors?   

I’ve situated each of these three dissertation chapters within the socio-ecological systems 

framework (Ostrom, 2009) (Figure 1.1). To address RQ1, I quantified the magnitude and spatial 

pattern of coastal biomass declines across the forest to marsh transition. With rising sea levels, 

salinization of freshwater ecosystems via saltwater intrusion alters the vegetation composition on 

the landscape, causing widespread tree mortality in affected areas. Declines in forest health hinder 
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a coastal region’s ability to sequester carbon. To quantify these declines, I combined field data 

with repeat lidar surveys to map the extent and magnitude of coastal biomass change between 2001 

and 2014 across the study area, using the machine learning algorithm Random Forest. Results 

indicated spatially heterogeneous patterns of decline, both nearshore and inland likely resulting 

from a combination of anthropogenic- and natural- drivers. Using the maps produced, I addressed 

RQ2 and estimated the relative contributions of land use- and sea level rise-drivers to coastal 

carbon declines using a global regression method (Ordinary Least Squares Regression) and a local 

regression method (Geographically Weighted Regression) that allows for location-specific 

parameter estimates. Results from this research indicated that land-use activities remain the main 

drivers of carbon declines in this low-lying coastal region, with sea level rise drivers important in 

geographically limited areas. Given that land-use is still the largest driver of change in the region 

and modifications of land-use activities may be a more feasible adaptation strategy than mitigating 

global sea level rise directly, we addressed RQ3 by evaluating landowners’ contingent adaptive 

behaviors. We developed discrete choice experiments to understand landowner preferences for 

specific attributes of adaptation programs. We combined this empirically-grounded social science 

data with spatial factors derived from landscape patterns to explore landscape context as a driver 

in adaptive decision-making. Linking the social science data with geospatially-explicit data on 

landscape patterns, we were able to explore potential landscape-scale implications of alternate 

future adaptation scenarios.   
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Figure 1.1: Conceptual diagram of research questions situated within the socio-ecological systems framework as 

adapted from Ostrom, 2009. Dissertation research question 1(RQ1), situated fully within the ecological systems 

component of the framework, quantifies landscape-scale coastal aboveground biomass change over a 13-year period. 

Dissertation research question 2 (RQ2) examines the potential drivers of aboveground biomass change – natural 

disturbance drivers, sea level rise drivers, and land-use or anthropogenic drivers. By examining human influences on 

the landscape, I’ve situated this research question outside of the ecological systems component as it begins to explore 

the interactions between humans and landscape condition. Dissertation research question 3 (RQ3) examines the socio-

spatial factors driving landowners’ willingness to enroll in adaptation programs. We examine the influence of the 

landscape on individuals’ perceived risk and adaptive behaviors. As such, we’ve situated this research question slightly 

outside of the social systems component of the framework as it quantifies the influence of landscape context on the 

behavioral intentions of landowners as they respond to the impacts from sea level rise.  
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CHAPTER 2 

 

COASTAL BIOMASS LOSS FROM SEA LEVEL RISE 

QUANTIFIED WITH REPEAT LIDAR SURVEYS 

 

 

2.1. INTRODUCTION 

Though coastal forests comprise a small fraction of the Earth’s surface, they play an 

important role in global carbon storage and sequestration (Mcleod et al., 2011; Krauss et al., 2018). 

Due to human population growth, amenity-migration to coastal regions, and unsustainable land-

use practices, these areas are experiencing alarming and unprecedented declines (Weng, 2002; 

Thomas et al., 2017). Compounding these stressors are additional factors related to climate change 

– particularly direct inundation from sea level rise and saltwater intrusion (Young, 1995; Hackney 

and Yelverton, 1990; Pearsall and Poulter, 2005; Herbert et al., 2015). The accelerating rate of sea 

level rise is anticipated to have a significant impact on coastal forests throughout the 21st Century 

(i.e., Hauer et al., 2016; Karegar et al., 2016). As the landward extent of sea level rise impacts 

moves further inland,  inundation, flooding, erosion, and saltwater intrusion will become 

increasingly common occurrences in coastal forests (Hauer et al., 2016; Nicholls & Cazenave, 

2010). More salt-tolerant vegetation will begin to encroach into coastal forests as salinity intrudes 

and sea levels rise, reducing their extent and impacting the continued ability of coastal forests to 

serve as carbon sinks. The uncertain future makes it difficult to develop sound land-use 

management practices and policies to mitigate coastal forest decline. This highlights the growing 

need for rigorous studies of how land- and climate-change will affect coastal ecosystem function, 

carbon pools, and overall contributions to the global carbon budget. Consequently, methods to 

measure and monitor these vegetation responses are crucial for understanding the continued 

persistence of the coastal ecosystem services upon which human health and well-being depend. 

The broad spatial and temporal scales at which vegetation changes related to rising sea 

level occur make coastal carbon assessment challenging. The resource-intensive nature of field 
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data collection often limits practical use of field measurements of aboveground biomass (AGB) 

over large extents, especially for repeat and accurate measurements through time. Thus, analyses 

of landscape-scale processes warrant a combination of ground-based measures of change and 

remote sensing technologies. The use of remote sensing data in aboveground biomass estimation, 

with its broad coverage and moderate-to-high spectral, spatial and temporal resolutions has 

become an important field of research in recent years (Fatoyinbo et al., 2018). AGB has been 

successfully estimated using derived metrics from multi-spectral satellite imagery in correlative 

models linking these metrics with field data (DeFries et al., 2002; Kulawardhana et al., 2014; 

Lefsky et al., 2002). Particularly useful metrics for AGB estimation are derived vegetation indices 

like the normalized difference vegetation index (NDVI) and the enhanced vegetation index (EVI; 

Hardisky et al., 1986; Ramsey et al., 2014). Because of its predictive power, multi-spectral satellite 

imagery has become a common source for biomass estimation at regional scales as has the use of 

time-series satellite imagery to evaluate biomass dynamics (Klemas, 2001; Byrd et al., 2014; 

Pflugmacher et al., 2014). However, mixed pixels and data saturation often reduce accuracy in 

complex biophysical environments (Byrd et al., 2014; Lu, 2006).  

High spatial resolution Light Detection and Ranging (lidar) data are robust to many of 

multi-spectral satellite imagery’s limitations. Lidar data have been used in AGB estimation by 

relating lidar-derived vegetation structural metrics to their associated attributes from field 

measurements via empirical models. Examples of lidar-derived metrics used in models include 

crown size, basal area, canopy cover, diameter, and vertical profile (Lefsky et al., 2002; Lim et al., 

2003). AGB models derived from discrete-return lidar metrics have high average accuracies  

(R2=0.76, RMSE= 39.4 MgCha-1), according to a review of approximately 70 journal articles 

applying lidar data in forested environments (Zolkos et al., 2013). The addition of multi-spectral 

satellite imagery to lidar-derived AGB models has been used to improve quantification and 

monitoring. Data integration has proven successful in forested environments (Anderson et al., 

2006; Gwenzi and Lefsky, 2014; Lefsky et al., 2002; Sexton et al., 2009) but has yielded mixed 

results in low stature or mixed vegetation (Riegel et al., 2013; Kulawardhana et al., 2014). Though 

lidar data have been used in a range of biomes and vegetation types for biomass estimation, 

research has primarily focused on homogeneous forests at a single point or two points in time. 

Very few studies have assessed the utility of repeat lidar surveys for detecting biomass change in 

a highly heterogeneous environment with vegetation communities of varied stature. Even fewer 



 

10 

 

studies have evaluated the utility of integrating repeat lidar data and satellite imagery to quantify 

aboveground biomass dynamics in such varied environments. Thus, the applicability of repeat lidar 

and multi-spectral data integration in coastal environments remains promising, although as of yet, 

largely unexplored.  

Rapid advancements in these remote sensing technologies require the development of 

methods to reconcile datasets with disparate resolutions and different data collection 

specifications.  Analyses predicting biomass change using repeat lidar datasets, generally apply 

two main approaches for modeling AGB – direct and indirect. Direct approaches calculate biomass 

change based on the differences in lidar measurements from different time periods, whereas 

indirect approaches model biomass for each time period and then calculate the difference (Cao et 

al., 2016).  Studies  comparing the success of the two approaches have been mixed, with some 

suggesting that the direct approach provides much more accurate biomass estimates and change 

over time (Cao et al., 2016; Næsset et al., 2013) and others favoring the indirect approach; which 

has had particular success in young or managed forests (Hudak et al., 2012; Økseter et al., 2015). 

Despite methodological developments in lidar data processing and repeat data interpretation, a 

research gap exists integrating disparate multi-temporal remote sensing data sources along with 

the above-mentioned methods to measure AGB changes across large geographic extents composed 

of highly varied vegetation.   

In this study, we develop and apply an approach to quantify total AGB change over a 13-

year period in the South Atlantic Coastal Plain of the United States, a region experiencing some 

of the world’s fastest rates of sea level rise (Dangendorf et al., 2017; Karegar et al., 2017, 2016). 

We assess the utility of using repeat lidar and Landsat data, field surveys, and machine-learning 

models to estimate biomass and analyze the magnitude and spatial pattern of AGB change. Further, 

we test these methods in a highly heterogeneous coastal environment, one that is characterized not 

only by diverse natural vegetation communities with varied structural complexities, but also 

anthropogenically-modified vegetation communities as well. The objectives of this study are: (1) 

to evaluate the magnitude and distribution of AGB change in relation to coastal forest declines, (2) 

to compare both direct and indirect AGB modeling approaches, and (3) to quantify improvements 

in biomass prediction accuracies from data integration. Our methods provide a novel integrated 

remote sensing approach to explore potential impacts from global environmental change in a 
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highly heterogeneous coastal environment. Results from this research have the ability to directly 

inform management- and policy-related research related to global change and climate adaptation.   

2.2. METHODS 

We estimated biomass change from 2001 to 2014 using field measurements, Landsat and 

lidar datasets. We used the Random Forest algorithm (RF) to model changes in AGB across the 

study area. We employed (1) a direct approach where biomass change is calculated as the 

difference between the remote sensing metrics; and (2) an indirect approach where biomass is 

modeled for each point in time and then differenced to create biomass change. We predicted 

vegetation types at each time step using RF and then performed a change analysis using the two 

resultant maps. We evaluated the performance of model accuracies and assessed the accuracy 

gained by incorporating independent remote sensing data.  

 

2.2.1. Study system 

The Albemarle-Pamlico Peninsula in eastern North Carolina, USA, is an approximately 

6,600-km2 coastal region buffered from the Atlantic Ocean by a change of barrier islands and the 

Albemarle-Pamlico Estuary. Situated within the North American Coastal Plain, which has some 

of the highest biodiversity in all of North America, the Albemarle-Pamlico Peninsula has many 

unique natural ecosystems (Noss et al., 2015). Of particular ecological importance are the many 

peatland pocosins, the wet longleaf pine savannas, and freshwater forested wetlands which 

comprise more than 50 percent of the peninsula and the more than 15 tree species that characterize 

these ecological systems.  Aside from wetlands, the peninsula supports forestry and agricultural 

operations along with many private and public land inholdings interspersed. While the peninsula 

provides significant ecosystem services, such as wildlife habitat, carbon sequestration and storm 

surge protection, over half of this landscape is below 1-m in elevation making it highly vulnerable 

to sea level rise. 

Inundation from sea level rise and saltwater intrusion on the Peninsula has transformed 

terrestrial forest to shallow estuarine environments, resulting in coastal forest decline or retreat 

(Moorhead & Brinson, 1995; Battachan et al., 2018). Wet flatwoods characterized by loblolly pine 

(Pinus taeda), non-riverine hardwood forest dominated by bald cypress (Taxodium distichum), and 

pond pine woodland (Pinus serotina) are examples of freshwater dependent coastal forested 
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ecosystems common in the study area. Although tolerant of brief saltwater intrusion events, 

prolonged or extreme saltwater exposure in upland forests results in a gradual shift towards that of 

brackish or saline marsh characteristics of herbaceous plants like sawgrass (Cladium jamaicense) 

and black needlerush (Juncus romerianus) (Moorhead & Brinson, 1995; Poulter et al., 2009). This 

prevents regeneration as seedlings aren’t as tolerant to salinization events and also leads to die-off 

of mature trees, leaving stands of dead trees known as ‘ghost forests’. As saltwater intrusion and 

flooding become more frequent and severe, coastal forests gradually transition from multi-layered 

and structurally complex communities to herbaceous wetlands with little vertical complexity as 

more salt-tolerant species move into these areas once the canopy opens. A narrow transition zone 

marked by dead trees, salt-tolerant shrubs, and herbaceous ground cover typically lies in between 

these two zones.  

2.2.2. Field data collection 

We selected five sites to conduct field surveys along the shoreline of the Albemarle-

Pamlico Peninsula that were accessible by road, under 1-m elevation, and publicly owned.  To 

evenly distribute sampling locations across the forest-marsh interface, we delineated three 

vegetation zones at each site (forest, transition, and marsh), and randomly selected 7, 12-m radius 

vegetation plots in each zone (Figure 2.1). At one site, Palmetto Peartree, there was no marsh zone 

so we only established 14 plots, as opposed to the 21 plots established at the remaining 4 sites. We 

ensured each plot was 20 m away from the zone boundary and at least 60 m from any other plot 

center. We first inventoried vegetation between November 2003 and February of 2004, and then 

revisited the plots between April and July 2016 using the same protocol. We recorded species 

name, diameter at breast height (dbh) and height for live woody species greater than 2.5 cm in 

diameter at each plot. For vegetation less than 1-m in height, we recorded percent cover within 

five 1-m2 subplots and obtained an average cover value for each species at each plot by averaging 

across the five subplots. We applied allometric equations to each plant species found in the field 

plot using dbh for woody species greater than 2.5 cm and using percent cover for vegetation less 

than 1 m in height (Castillo et al., 2008; Trilla et al., 2009; Tyrrell et al., 2008) (Table 2.1). 
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Figure 2.1: The Albemarle-Pamlico Peninsula is located in eastern North Carolina of the United States. Ninety-

eight random field plots were established across five sites (with 21 plots in each site except for Palmetto Peartree, 

which lacked marsh communities) among three vegetation communities: forest, transition forest, and marsh. 

 

Table 2.1: Allometric biomass equations for woody and herbaceous vegetation. 

(a) WOODY & SHRUB (>2.5cm); field measure: basal diameter; sources: Jenkins et al., 2003 and 

Smith and Brand, 1983 

  β0 β1 Category  Obs r2 

pine*  –2.5356 2.4349 softwood 180 0.98 

softwood (dead stem wood)† -0.3737 -1.8055 softwood 781 0.15 

cedar (juniperus)*  –2.0336 2.2592 softwood 250 0.98 

soft maple (red maple)*  –1.9123 2.3651 hardwood 316 0.95 

mixed hardwoods*  –2.4800 2.4835 hardwood 289 0.98 

hardwood (dead stem wood)†  -0.3065 -5.424 hardwood 264 0.24 

Myrica pensylvanica‡  60.795 2.867 shrubs (>2.5cm) 20 0.98 

(b) HERBACEOUS & SHRUB (<2.5cm); field measure: percent cover; source: Smith and Brand, 

1983 

  A B Category  Obs r2 

Graminae‡  0.974 0.675 grasses 137 0.45 
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Table 2.1: Continued.     

Rubus pubescens‡  0.0214 1.6346 vines 168 0.78 

Aster ‡  0.1192 1.0226 forbs 344 0.50 

vaccinium angustifolium ‡  0.1496 1.2458 shrubs (< 2.5cm) 104 0.72 

Pteridium aquilinum‡  0.459 0.7669 ferns 15 0.50 
       
* bm=Exp(β0 + β1lndbh), unit:kilograms                         † ratio=Exp(β0 + β1/dbh), unit:ratio                                  

 ‡ bm= aXb, unit: grams 

 

2.2.3. Lidar data processing 

We obtained lidar datasets for 2001 and 2014 for the entire study area from the NOAA 

Coastal Services Center (2001 data; https://coast.noaa.gov/digitalcoast/) and the US Fish and 

Wildlife Service and US Geological Survey (2014 data; Doug Newcomb, US FWS). The average 

point density was 0.11/m2 for the 2001 LiDAR data 2.0/m2 for the 2014 lidar data (Figure 2.2, 

Figure A.1). 

 

Figure 2.2: An example 450m2 forested field plot in the Palmetto Peartree study area, showing the difference in 

density between (a) 2001 and (b) 2014 lidar data. Dark grey color signifies points classified as vegetation and black 

color signifies points classified as ground. 
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 See Table 2.2 for flight specifications, densities, and vertical accuracies. A classification was 

provided for the 2014 lidar point cloud so this was used to differentiate the lidar returns. We used 

the multiscale curvature classification (MCC) algorithm to classify the 2001 lidar data into ground 

and vegetation types (Evans & Hudak, 2007). We used the average post spacing and a curvature 

threshold appropriate for the dominant vegetation in the study area, to adjust the scale parameters 

of the MCC algorithm (Tinkham. et al., 2012). We applied a regularized spline with tension 

method to interpolate digital elevation models (DEM) from the ground points at 3-m resolution for 

each period followed by a spline smoothing algorithm to remove noise (Mitasova et al., 2005). To 

ensure consistency between these two lidar datasets, we checked for systematic errors by 

comparing derived DEMs along permanent features with geodetic benchmarks found in the study 

area.  

Table 2.2:  Acquisition parameters for lidar surveys in 2001 and 2014. Lidar data collected as part of the North 

Carolina Floodplain Mapping Program. 

 

2.2.4. Lidar Vegetation Metrics 

We estimated vegetation height by subtracting the high resolution DEMs derived for each 

year from each year’s associated lidar point cloud data classified as vegetation. We generated 

landscape-scale vegetation height and density metrics across the entire study area using 12-m 

resolution grids, by binning the vegetation height points at the specified resolution and performing 

the appropriate univariate statistics (Table 2.3). Metrics most closely related to vegetation 

structural components and commonly used in other lidar vegetation studies were selected for 

inclusion in this study (Lefsky et al., 2001; Sexton et al., 2009; Singh et al., 2016; Smart et al., 

2012). Detailed descriptions of each of the metrics can be found in Table 3. Vegetation heights 

were also binned into height strata by applying height thresholds associated with vegetation 

understory, midstory, and overstory. The 12-m resolution was selected to ensure sufficient lidar 

data in each grid cell for 2001 while retaining some of the detailed information available with the 

Survey Date  Altitude  Multiple 

Returns 

Swath 

Width 

Scan 

Angle 

RMSEz Average Post 

Spacing  

Average 

Point 

Density 

Jan-March 2001 3,658 m 5 returns per 

pulse 

3,411 m 25° 0.2 m 3 m 
0.11/m

2

 

January 2014 1676 m 4 returns per 

pulse 

1,025 m 34° 0.17 m 0.7 m 
2.0/m

2
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2014 data. Later, we resampled these and the DEMs to 30 m using the bilinear resampling method 

to match the spatial resolution of Landsat imagery. The different spatial resolutions were then used 

to explore the effect of scale on total AGB predictions. We used invariant features such as road 

centerlines and parking lots as reference points to ensure alignment between the Landsat imagery 

and lidar-derived vegetation metrics.  In the end, we had sets of vegetation metrics for 2001 and 

2014 at both 12-m and 30-m resolution for each year.  

 
Table 2.3: Predictor variables derived from lidar data by binning the appropriate statistics at selected grid resolution 

(e.g. 12-m resolution as in this analysis). 

 

Due to the 18-fold difference in lidar point densities, three measures of vegetation structure 

collected in the field (mean, maximum, and standard deviation) were compared to the lidar-derived 

canopy height variables. Plotting the density distributions of field and lidar data for maximum and 

mean vegetation height, we notice a visible shift toward the origin – a shift that is apparent in both 

the field data and the lidar data (Figure 2.3).Though the shift is apparent in both the lidar and field 

data, the lidar distributions of maximum and mean height don’t align exactly with the field data in 

either year. Both lidar surveys underestimated mean vegetation height, a common phenomenon 

previously reported in lidar studies (Lim et al., 2003) but linear relationships between the field and 

lidar data were moderate to strong (R2
adj=0.4 for 2001 and R2

adj=0.53 for 2014). Maximum height 

was underestimated in 2001 and slightly overestimated in 2014 (Table 2.4). An additional accuracy 

Variable  Description 

Mean Vegetation Height Mean value of non-ground points 

Median Vegetation Height  Median value of non-ground points 

Maximum Vegetation Height Maximum value of non-ground points 

Std. Vegetation Height  Standard deviation of non-ground point values 

Standard Error Vegetation Height Standard error of non-ground point values 

Minimum Vegetation Height  Minimum value of non-ground points 

Variance Vegetation Height  Variance of non-ground point values 

Vegetation Height Skewness  Skewness of non-ground point values 

Vegetation Height Kurtosis  Kurtosis of non-ground point values 

CV. Vegetation Heights  Coefficient of variation of non-ground point values  

Vegetation Density  Non-ground returns/Non-ground returns + ground returns  

Prop. Stratum 1 Proportion of non-ground points that are < or = 4.5m 

Prop. Stratum 2 Proportion of non-ground points between >4.5m and < or = 10m 

Prop. Stratum 3 Proportion of non-ground point between >10m and < or = 20m 

Prop. Stratum 4  Proportion of non-ground points between >20m and < or = 30m 

Prop. Stratum 5  Proportion of non-ground points >30m 

Elevation  Ground elevation interpolated from ground points  

Aspect  Aspect calculated from interpolated ground points  

Slope  Slope calculated from interpolated ground points  
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check of the different DEMs used to generate the height metrics was performed and a comparison 

was made between the 2001 lidar vegetation height normalized by the 2001 DEM and the 2014 

DEM. Statistical comparisons showed no significant difference, with a mean difference of only 

0.02 m in height with a 1.2-m standard deviation across the entire study area (Figure A.2). Because 

the magnitude and direction of the lidar data shifts were similar, we made the decision not to 

perform a linear bias correction (normalizing the 2001 data by 2014 data). 

 

Figure 2.3: Comparison of field data and lidar data kernel density distributions for maximum vegetation height and 

mean vegetation height at the 98 study site plots. 

 

Table 2.4: Summary statistics of field and lidar data for plots across the three vegetation communities in 2001 and 

2014. All values are in meters. 

  Marsh (n=28) Transition Forest (n=35) Forest (n=35) 

  Mean Max. Std. Dev. Mean Max. Std. Dev. Mean  Max.  Std. Dev. 

2
0

0
1
 Field height  0.0 0.0 0.0 4.2 6.0 1.5 9.8 17.8 4.2 

Lidar height 0.6 1.1 0.3 2.6 9.3 3.4 7.4 15.5 5.5 

2
0

1
4
 Field height 0.1 0.1 0.0 1.9 3.6 0.6 4.9 11.9 2.6 

Lidar height 0.2 0.5 0.1 0.9 4.7 0.9 3.7 14.6 3.8 
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2.2.5. Landsat data processing 

We collected Landsat 7 ETM+ and Landsat 8 OLI images at path 14 and row 35 for 2001 

and 2014 from the USGS data portal (http://glovis.usgs.gov). We obtained cloud free images on 

or near the lidar flight dates and field survey seasons to maximize comparability, and examined 

the Palmer Drought Severity Index (PDSI) to confirm that the images were not from extreme dry 

years (Table 2.5). We calculated indices, such as tasseled cap brightness, greenness, wetness, 

tasseled cap wetness-greenness difference, normalized difference vegetation index (NDVI), and 

the enhanced vegetation index (EVI). To measure spectral signatures during periods of peak 

biomass, we obtained mid-summer NDVI and EVI images for 2001 and 2014 from Google Earth 

Engine (mean and maximum NDVI and EVI across cloudless portions of all 32-day composites 

from May to August; https://earthengine.google.com/). We used combinations of these indices in 

addition to the six spectral Landsat bands in the Random Forest models (Table 2.6).  

Table 2.5: Specifications of Landsat imagery for 2001 and 2014 along with Palmer Drought Severity Index (PDSI) 

for relative dryness that ranges from -10 (dry) to 10 (wet).  

Date  Source  Cloud Cover (%) Precipitation (in) PDSI* 

2000/11/28 Landsat 7 ETM+ 0.00 3.2 -0.64 

2013/11/24 Landsat 8 OLI 0.10 3.59 0.9 

2001/04/05 Landsat ETM+ 0.00 1.85 -1.69 

2014/04/01 Landsat 8 OLI 36.43 4.73 1.61 

 

 

Table 2.6: Metrics derived from spectral bands of Landsat data. 

Spectral Index Description  

NDVI Normalized difference vegetation index  

Average NDVI Average NDVI value of pixels from cloudless portions of all 32-day composites from May 

through August for 2001 and 2014 

 

Maximum 

NDVI 

Maximum NDVI value of pixels from cloudless portions of all 32-day composites from May 

through August for 2001 and 2014 

 

EVI Enhanced vegetation index   

Average EVI Average EVI value of pixels from cloudless portions of all 32-day composites from May 

through August for 2001 and 2014 

 

Maximum EVI Maximum EVI values of pixels from cloudless portions of all 32-day composites from May 

through August for 2001 and 2014 

 

TCW Tasseled cap wetness index  

TCB Tasseled cap brightness index   

TCGRN Tasseled cap greenness index   

TCWGD Difference between TCW and TCGRN   

Blue Band Band 1 in Landsat 7ETM+; Band 2 in Landsat 8OLI  

https://earthengine.google.com/
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Table 2.6: Continued.  

Green Band  Band 2 in Landsat 7ETM+; Band 3 in Landsat 8OLI  

NIR Band Near infrared; Band 4 in Landsat 7ETM+; Band 5 in Landsat 8OLI  

SWIR Band  Short wave infrared; Band 7 in Landsat 7ETM+; Band 7 in Landsat 8OLI  

 

2.2.6. Predictive modeling 

We used Random Forest (RF) to predict spatial and temporal changes in biomass. RF is an 

ensemble learning method for classification and regression that functions by constructing many 

decision trees for model training and then generating mean predictions or the mode of classes 

across the individual trees (Breiman, 2001; R statistical software package ‘randomForests’; R Core 

Development Team, 2018). The algorithm corrects for decision trees’ tendency of overfitting their 

training datasets through its bootstrap approach. We used the derived relationship between field 

biomass, Landsat data, and lidar data at the field training plots to predict total aboveground 

biomass for all other pixels at 12-m and 30-m resolution.  

To evaluate biomass change during the study period, we took two different approaches. 

First we used a direct approach by predicting biomass change directly using the differences in 

biomass estimated from the field-data and the differences in the remote sensing metrics between 

the two time steps. We then applied an indirect approach where we treated 2001 and 2014 as 

separate assessments and developed predictive biomass models separately but consistently for each 

time period (following Hudak et al., 2012). The indirect modeling approach was used to develop 

four model sets: (1) a 12-m lidar only model; (2) a 30-m lidar only model; (3) a 30-m Landsat only 

model; and (4) a 30-m lidar and Landsat integrated model (referred to as the 30-m resolution 

integrated model). We used the Model Improvement Ratio (MIR) function to select the best 

predictor variables among the suite of candidate variables (Table 2.3, Table 2.6). If selected 

predictor variables were highly correlated (r>0.9), we excluded the variable with the lower MIR 

value, re-ran the model selection function and re-evaluated the outputs (Hudak et al., 2012). We 

repeated these steps until we selected the most parsimonious model with the highest R2 and lowest 

multicollinearity among predictor variables.  

We also imputed the vegetation type using the classification mode of the RF algorithm. 

Field data were assigned a vegetation type (e.g., forest, transition forest, and marsh) at each plot 

during fieldwork. We used these classifications to independently assign vegetation types to grid 
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cells across the study area for 2001 and 2014 at 30-m resolution. To develop the most parsimonious 

model, we selected the predictor variables using the same methods we used for the biomass 

models. We performed a change analysis on these two classifications so that changes in imputed 

biomass could be mapped to changes in these vegetation types.  

 

2.2.7. Evaluation of model performance  

Because of the limited number of reference plots, we used all of the field data collected in 

2003 and 2016 to train the RF models. For time one, we used the 2003 field plots to train the 2001 

biomass model and for time two, we used the 2016 field plots to train the 2014 biomass model. 

We used a bootstrap approach to provide an independent assessment of model performance for 

validation. Using 1,000 permutations of the fitted RF model, we first tested model significance 

and then performed a 100-fold cross-validation withholding 10% of the data each time for 

validation and running the model on the subset data. Permutation tests of significance and cross-

validation were performed using the package ‘rfUtilities’ and ‘rfPermute’ in R (Evans and 

Murphy, 2018; R Core Development Team, 2018). We explored the linear relationship between 

biomass change measured at the field plots and predicted change from the RF models.  To 

summarize changes in biomass and vegetation types across the natural landscape, we used a 

systematic sample of the landscape at 500-m intervals.  We removed any portion of the landscape 

that was designated as cropland or developed, and finally, matched the study area extent to avoid 

discrepancies in summaries due to land loss from erosion and sea level rise. We also removed from 

the summaries, those areas that experienced biomass changes due to fire.  

2.3. RESULTS 

2.3.1. Plot level estimates of biomass change 

From the field data, we observed a significant decrease in AGB between 2003, referred to 

as T1, and 2016, referred to as T2 (mean= -8.8 Mgha-1 and p-value= 0. 03, Figure 2.4) at the plot 

scale. Plots classified as forest showed significant decline in mean AGB of 19.2 Mgha-1 (28% 

decrease) during the study period (T1= 69.3 Mgha-1, T2= 50.1 Mgha-1, p-value= 0.02). For 

transition plots, we observed a 5.4 Mgha-1 decline (39% decrease) in AGB, although it was not 

significant (T1= 12.4 Mgha-1, T2= 7.0 Mgha-1, p-value= 0.2). Marsh plots showed a 0.59 Mgha-1 
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decrease (36% decrease) in AGB, and although small, it was significant (T1= 0.5 Mgha-1, T2= 0.3 

Mgha-1, p-value= 0.05).  

 

Figure 2.4: Mean field-measured aboveground biomass by community type and year. The * denotes a statistically 

significant difference between years (p<0.05). 

 

 

2.3.2 Predictive model performance 

We mapped biomass change directly using field-measured change in AGB as the response 

variable along with 2001-2014 change maps of the suite of predictor variables. Overall model 

performance was poor and imputed AGB change for the majority of the landscape was negative 

with a mean biomass change of -10.7 Mgha-1 (cv- R2
adj.= 0.37; RMSE= 15.9, 15.6%). There was a 

significant improvement in model results using the indirect approach. As such, all results, figures, 

and tables in subsequent sections present information derived from the indirect approach.  
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We tested the fitted model significance against random and found that both the 2001 and 

2014 fitted models were statistically significant at the 0.001 level. Among indirect models, the 

2014 12-m resolution model performed the best with R2
adj. of 0.84 and RMSE of 7.8% compared 

to the 2001 12-m model with R2
adj. of 0.50 and RMSE of 17.7%. The 2001, 30-m resolution lidar 

only model performed moderately well at R2
adj. of 0.66 and RMSE of 15.7%. The 2014, 30-m 

resolution lidar only model performed only slightly worse than its 2014 30-m resolution integrated 

final model counterpart with R2
adj. of 0.76 and RMSE of 9.6%. 

When considering both time steps, the 30-m resolution integrated models performed the 

best with R2
adj. of 0.75 (RMSE= 12.6%) for 2001 and R2 adj. of 0.78 (RMSE= 9.5%) for 2014 

(Figure 2.5). In 2001, mean AGB measured 52.5 Mgha-1 with a standard deviation of 30.4 Mgha-1 

(cv-Radj.
2= 0.75; cv-RMSE= 18.3 Mgha-1, 12.6%). Mean AGB for the 2014 model measured 60.6 

Mgha-1 with a standard deviation of 40.8 Mgha-1 (cv- Radj.
2= 0.78; cv-RMSE= 15.0 Mgha-1, 9.5%) 

(Figure 2.4a, Figure 2.4b). Examining the model fit across the three community types, we find that 

for both 2001 and 2014, the best fit was found for the forest community followed by the transition 

forest community. The model’s ability to predict marsh aboveground biomass was poor in 

comparison to the other community types, particularly aboveground biomass measures below 4 

Mgha-1 (Figure 2.6).   
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Figure 2.5: Observed biomass plotted against the Random Forest imputed biomass estimates, derived from 1,000 

regression trees for (a) 2001 and (b) 2014. 
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Figure 2.6: Observed biomass plotted against the Random Forest imputed biomass estimates, derived from 1,000 

regression trees and separated by vegetation community type (Forest, Transition Forest, and Marsh) for (a) 2001 and 

(b) 2014. 

 

We calculated the standard deviation and coefficient of variation for each pixel in the 

landscape for the final integrated 30-m resolution model. The standard deviation maps were similar 

for 2001 and 2014, with the 2001 map having slightly higher minimum (2001 minimum= 0.5 

Mgha-1, 2014 minimum= 0.6 Mgha-1), higher maximum (2001 maximum= 68.8 Mgha-1, 2014 

maximum= 63.4 Mgha-1), and lower mean values (2001 mean= 26.7 Mgha-1, 2014 mean= 29.1 

Mgha-1) (Figure 2.7c, Figure 2.7d). The perimeter of the study area exhibited lower standard 

deviations in the 2014 map than the 2001 map. Areas within fire perimeters in 2014 had lower 

standard deviations than those areas in 2001. The range and mean coefficient of variation values 

were very similar between the 2001 and 2014 map but the spatial distribution of these values were 

not (Figure 2.7e, Figure 2.7f). The coefficient of variation of AGB values was much higher along 
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the perimeter of the study area (where marsh vegetation is most common) in 2001 than in 2014. 

The highest variability in the 2014 map appears to occur within the fire perimeters.  

We imputed the vegetation type for 2001 (cv-kappa = 0.76, cv-out-of-bag error= 15%) and 

2014 (cv-kappa= 0.60, cv-out-of-bag error= 26%). In 2001, class error for forest was 6%, transition 

was 20%, and marsh was 18%. In 2001, forest was misclassified as transition and transition was 

most commonly misclassified as marsh. In 2014, class error for forest was 17%, transition forest 

was 40%, and marsh was 18%. Both marsh and forest were most commonly misclassified as 

transition.  
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Figure 2.7: Total aboveground biomass maps derived from the 30-m resolution integrated model for (a) 2001 and 

(b) 2014.  Standard deviation for (c) 2001 and (d) 2014 aboveground biomass Random Forest imputation, derived 

from 1,000 permutations of the 30-m resolution integrated model. Coefficient of variation for (e) 2001 and (f) 2014 

aboveground biomass Random Forest imputation, derived from 1,000 permutations of the 30-m resolution integrated 

model. 
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2.3.3. Contribution of vegetation metrics 

Using the indirect modeling approach, we mapped two independent biomass predictions 

and have two separate, but consistent Random Forest models for evaluation. EVI and median 

vegetation height were the two most important predictor variables in the 2001 final integrated 30-

m model. (Figure 2.8). According to partial dependence plots, there were positive relationships 

between EVI and AGB as well as median height and AGB (Figure A.4). Mean vegetation height 

and variance in vegetation height were the most important predictor variables for the 2014 final 

integrated 30-m resolution model. According to the partial dependence plots, both predictor 

variables had positive relationships with AGB (Figure A.5). Additional important variables for 

both models were those associated with the different vegetation strata and metrics associated with 

canopy variation (standard deviation and variance). Although spectral indices were important for 

the model fit to the 2001 data, they did not provide statistically significant contributions to the 

overall predictive power of the model in 2014. Interestingly, the top two-predictor variables at any 

resolution (12-m resolution, 30-m resolution lidar only and 30-m resolution integrated) were 

consistent with mean or median vegetation height listed in all models (Table 2.7). The main 

difference between the final integrated models and the other models is the contribution of spring 

EVI to overall predictive power in the 2001 30-m resolution integrated model, improving the Radj.
2 

from 0.65 to 0.75.  
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Figure 2.8: Permutation importance of predictor variables derived from 1,000 permutations of the final fitted 

Random Forest models for (a) 2001 and (b) 2014. Percent increase in MSE is the increase in mean square error of 

predictions as a result of each variable being randomly permuted. The higher the increase, the more important the 

variable. Black color indicates contribution is statistically significant. 

 

Using the direct modeling approach, we mapped only one biomass change prediction. The 

most important predictor of change was the difference between the spring topographic wetness 

and greenness index, followed by structural metrics like change in proportion of stratum 2 

vegetation and change in the range of vegetation heights. Little to no change in the difference 

between topographic wetness and greenness index was indicative of no change or even a decrease 

in AGB according to the partial dependence plots. As the difference between the two indices 

increased in the positive direction (larger difference in 2014 than in 2001), AGB generally 

increased between years. With the change in proportion of stratum 2 vegetation, when there was 

no change between years there was no change in biomass. When there was a change in the positive 

direction (more stratum 2 vegetation in 2014 than 2001) we noticed an increase in AGB.  
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For the 2001 vegetation imputation, the most important predictor variable across all three-

vegetation classes was NDVI, followed by variance in vegetation heights compared to the 2014 

vegetation imputation, which showed EVI, followed by maximum vegetation heights as important 

predictors. In 2001, the most important class-level variables for predicting the forest type included 

spring NDVI, Looking at the most important class-level variables for 2001, we find that spring 

NDVI is important for all three vegetation communities. For forests, NDVI was followed by 

median and variance in vegetation heights. Spring SWIR and fall Tasseled Cap Wetness Index 

were the next most important predictors for transition forest. For marsh, in addition to NDVI, 

variance in vegetation heights and fall Tasseled Cap Greenness index were most important (Figure 

A.6, Figure A.7). In 2014, the most important class-level variables included maximum vegetation 

heights, fall EVI, and variance in vegetation heights for forest. Fall SWIR, fall Tasseled Cap 

Wetness Greenness Difference, and variance in vegetation heights were the most important 

predictors for transition forest. And for marsh, maximum vegetation heights, fall EVI, and median 

vegetation heights were most important (Figure A.8, Figure A.9).  

 

Table 2.7: Model performance measures and statistics for each of the tested models: 12-m resolution model with 

lidar data only, 30-m resolution data with lidar only, and 30-m resolution integrated model with both lidar and 

Landsat data. 

Model cv-

Radj.
2 

cv-RMSE 

(Mgha-1) 

Top Predictor 

Variables* 

Min 

(Mgha-1) 

Max 

(Mgha-1) 

Mean 

(Mgha-1) 

Standard 

Deviation 

(Mgha-1) 

2001 12-m 

Lidar 

0.50 25.0 

(17.8%) 

Mean Height; 

Median Height 

1.0 141.6 37.9 32.5 

2014 12-m 

Lidar 

0.84 12.2 

(7.8%) 

Mean Height; 

Variance Height 

1.0 157.7 57.0 39.6 

2001 30-m 

Lidar 

0.66 22.4 

(15.7%) 

Median Height; 

Prop. Stratum 2 

1.3 143.6 36.4 28.4 

2014 30-m 

Lidar 

0.76 15.5 

(9.6%) 

Mean Height; 

Variance Height 

0.7 162.8 58.6 40.6 

2001 30-m 

Landsat  

0.69 20.9 

(14.0%) 

Spring EVI; Fall 

SWIR 

0.6 145.9 65.3 44.1 

2014 30-m 

Landsat 

0.44 21.9 

(16.5%) 

Fall NDVI; Fall 

NIR 

0.5 132.3 47.8 29.4 

2001 30-m 

Integrated 

0.75 18.3 

(12.6%) 

Spring EVI; 

Median Height 

0.4 145.6 52.5 30.4 

2014 30-m 

Integrated 

0.78 15.0 

(9.5%) 

Mean Height; 

Variance Height 

0.5 158.7 60.6 40.8 

* Top two predictor variables contributing significantly to overall model predictive power as measured by percent 

increase in mean square error with predictor removal across all 1,000 permutations of the final models. 
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2.3.4. Coastal forest declines and aboveground biomass change 

Biomass change ranged from a low of -141.9 Mgha-1 to a high of 134.5 Mgha-1, with a 

mean of -0.9 Mgha-1, suggesting that the study area experienced a net decrease in AGB of 0.9 

Mgha-1. Although seemingly small, this translates to a potential loss of 163,949 metric tons of 

carbon over the timeframe across the study area or a loss of 12,611 metric tons of carbon per year. 

Maps of biomass change show spatially heterogeneous patterns that have important implications 

for carbon sequestration and overall vegetation health in the study area (Figure 2.9). We found 

decreases in total AGB nearer the coastline and biomass gains in the interior of the study area. A 

random sample of 63 managed parcels of upland pine plantations across the study area showed a 

net increase in AGB of 37.9 Mgha-1 over the 13-year timeframe, resulting in approximately 2.9 

Mgha-1 of net AGB gains a year.  
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Figure 2.9: Map of biomass change from the 30-m resolution integrated models for the study area, derived by 

subtracting the 2001 imputed Random Forest biomass map from the 2014 imputed Random Forest biomass map. 

Inset maps of biomass change for (a) eastern portion of the study area, near Stumpy Point, (b) northern portion of 

the study area at the mouth of the Alligator River, and (c) southeastern portion of the study area in Gull Rock Game 

Land.   
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 Using our change analysis of vegetation types, we showed that 73% of the study area did 

not experience a change in vegetation type (Figure 2.10). Forested areas that remained forested 

throughout the study period experienced an overall net AGB gain of 7.9 Mgha-1 (Figure 2.11). 

Areas experiencing coastal forest declines, or a change from forest to transition forest comprised 

18% of the landscape and showed an overall decrease in biomass of 31.2 Mgha-1. Areas changing 

from transition forest to marsh comprised only 1% of the landscape but showed a decrease in 

biomass of 15.6 Mgha-1. Both transition forest and marsh that remained static throughout the study 

period still exhibited overall net declines in AGB (-2.5 Mgha-1 and -6.6 Mgha-1, respectively).  

 

 

Figure 2.10: Vegetation class mapping using the RF model for (a) 2001 and (b) 2014 and (c) change analysis 

between years. 
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Figure 2.11: Relationship between aboveground biomass change and vegetation classification change between 2001 

and 2014. Mean AGB change was sampled using a systematic grid of points with a minimum distance between 

points of 500 m. Croplands, fires, and developed areas were excluded from the estimates.  On the secondary axis is 

mean distance to the estuarine shoreline (km) for each class. Area (km2) and percent of natural landscape for each 

transition type are included under each class transition. 

 

The relationships between all change models and the change measured in the field were 

strong (Figure 2.12). The strongest relationship between the field data and the imputed models was 

found for the 30-m resolution integrated model (Radj.
2=0.63, RMSE=9.1%), followed by the 12-m 

resolution model (Radj.
2=0.61, RMSE=9.5%), the 30-m resolution LiDAR only model (Radj.

2=0.58, 

RMSE=10.2%), and lastly the Landsat only model (Radj.
2=0. 1, RMSE=14.0%). All three models 

for the indirect modeling approach provided an increase in Radj.
2 and lower RMSE values compared 

to the modeled output for the direct modeling approach (Radj.
2=0.37, RMSE=15.7%). Not only 

were the biomass models from the indirect modeling approach for the individual years highly 

accurate, the change calculated from the resulting biomass maps were fairly accurate as well.  
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Figure 2.12: Relationship between field biomass change between 2001 and 2014 at the plots and predicted biomass 

change from (a) the 12-m resolution models; (b) the 30-m resolution lidar only models; (c) the 30-m resolution 

Landsat only models; and (d) 30-m resolution integrated models.  

 

2.4. DISCUSSION 

This study evaluated multi-sensor remote sensing data integration to predict AGB change 

across a vegetation gradient in a coastal ecosystem. Coastal vegetation dynamics are highly 

complex and are the result of a range of natural and anthropogenic disturbances, of which, a portion 

of these changes in biomass likely result from the negative consequences of sea level rise. In 

previous studies linking lidar data to biomass change in temperate forests, results generally 

indicated increasing trends in biomass (e.g. from natural forest succession) or decreasing trends 

related to forest management (e.g. harvesting) (Hudak et al., 2012; Cao et al., 2016; Naesset et al., 

2011). The integration of multi-spectral satellite imagery and lidar data in this study showed an 

overall decreasing trend in biomass across the study area.   

 

2.4.1. Heterogeneity in the magnitude and spatial patterns of aboveground biomass change 

Our results show highly heterogeneous spatial patterns of AGB change in the study area. 

From the maps produced, we were able to identify the magnitude of AGB change, the spatial 

patterns of change, and the locations that experienced the most change over the study period. In 

the study area’s interior, we mapped overall increases in biomass. A random sample of upland pine 
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plantations showed AGB increases (2.9 Mgha-1y-1) similar to the IPCC-reported annual 

accumulation of biomass in temperate loblolly plantation, which is listed as 4.0 Mgha-1y-1, but can 

vary by the age and other characteristics of the plantation (IPCC, 1996). Our study results showed 

a net loss of 0.9 Mgha-1 in aboveground biomass AGB over a 13-year time period in a dynamic 

coastal environment. The yearly value of carbon lost from this is equivalent to losing the carbon 

sequestration capacity of 220 km2 of forest a year or releasing greenhouse gas emissions from 

9,902 passenger vehicles driven in a year (epa.gov).  

Spatial extrapolation of biomass across the study area revealed carbon dynamics related to 

disturbance regimes that can act to either exacerbate or mitigate climate change effects. The spatial 

extrapolation revealed the effects of several fires in the study area that occurred during the 13-year 

period. High-intensity fire is the predominant disturbance in southeastern USA sawgrass and pine 

wetlands (Poulter et al., 2009b). Two large fires occurred between 2001 and 2014. The fire 

perimeters were confirmed using a vector shapefile available from the Monitoring Trends in Burn 

Severity Program (MTBS; https://www.mtbs.gov/). In 2008, the Evans Road fire burned in the 

central portion of the study area, south of Phelps Lake. The fire covered an area of 165.5km2 and 

resulted in an overall mean biomass decrease across the study period of 32.5 Mgha-1. In 2011, the 

Pains Bay fire burned approximately 151.6km2 in the eastern portion of the study area within the 

Alligator National Wildlife Refuge. Again, overall biomass decreased by 30.9 Mgha-1 at the end 

of the study timeframe. Although, there is regeneration within the fire perimeters as evidenced by 

some positive biomass change values, the overall mean remains negative.  

Quantifying the impacts of fire on carbon dynamics throughout the region is important. As 

demonstrated here, a large contributor to the changes in aboveground biomass were the large 

wildfires in the study area. Given the typical fire return intervals for this region (Frost, 1995) and 

the study time frame, we would expect that the regeneration from these disturbances would offset 

much of the loss in AGB which is not what we have shown here. It’s possible that as sea level 

continues to rise, the interaction between fire and salinization or inundation, could alter 

successional pathways post-fire. Despite the historic role of fire in maintaining vegetation structure 

and composition in this region, the effects of fire may change along with changing climate.  

Outside of these fires, we quantified decreases in aboveground biomass, much of which 

occurred along the shoreline.  Much of the biomass loss in unmanaged areas near the shore is likely 

the result of once forested nearshore environments transitioning to marsh (Brinson et al., 1995; 
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Kirwin and Megonigal, 2013; Krauss et al., 2018). We corroborated the likely transition events by 

intersecting the derived land cover change maps with the AGB change maps. With this 

intersection, we showed areas of within-type AGB variability that could represent the leading edge 

of the transition process. This is important and may have otherwise gone unquantified if we were 

to use common land-use and land cover change-driven carbon models (Brown, 2002; Houghton, 

2005). For vegetation types that showed no change throughout the study period, we showed there 

were at times significant changes in AGB for these types. For example, we observed a net AGB 

decrease within the transition forest-type extent that remained transition throughout the 13-year 

study period. This could suggest that some of these transition forests are moving toward a more 

marsh-like vegetation community, although they have not yet reached this new state (Brinson et 

al., 1995; Poulter et al., 2009b). The ability to identify these areas is critical because these wetlands 

at various stages of transition between forest and marsh represent the leading edge of climate 

change as salinity intrudes and sea levels rise and help us identify areas that are particularly 

vulnerable.  

 

2.4.2. Multi-sensor data integration proves beneficial 

Through predictive modeling and spatial mapping across a large landscape, our analysis 

demonstrates that an integration of lidar and Landsat satellite imagery can be highly effective at 

predicting biomass for multiple periods across a vegetation gradient from forest to marsh. Even at 

30-m resolution, models for both 2001 and 2014 produced R2 adj. values greater than 0.7, meeting 

or exceeding accuracies reported in previous AGB mapping studies (Cao et al., 2016; Zolkos, et 

al., 2013). Although previous research has provided mixed results on the utility of lidar and multi-

spectral satellite imagery to predict AGB in short-statured mixed herbaceous and woody 

environments, our study showed that an integration of multi-spectral satellite imagery and lidar 

data was successful in predicting total AGB and associated changes across a vegetation gradient 

from forest to marsh. Data integration of lidar and Landsat satellite imagery proved particularly 

successful for the 2001 biomass model. Because the lidar metrics had higher uncertainty in 2001, 

the models relied on vegetation indices, particularly EVI for improved predictive power. In fact, 

the contribution of EVI to the overall model performance proved statistically significant as 

measured by the percent increase in mean square error. Although NDVI was included in the 2014 

biomass model, it did not provide the statistically significant contribution to overall model 
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performance that the lidar -derived metrics did. Therefore, incorporating satellite imagery may be 

a way to improve the comparability of models derived for two different times with lidar surveys 

of varying point densities (Zolkos et al., 2013; Zald et al., 2016). 

Looking at the relationship between observed and predicted biomass change, the models 

including only lidar data proved almost as accurate as the final integrated model. Even though the 

accuracies of the 2001 lidar only models were lower than the others, the mapped change from the 

lidar-only models showed strong relationships with actual field-based changes. In this study, 

despite an 18-fold difference in lidar point densities, we were able to estimate biomass with high 

accuracy for both the 12-m and 30-m resolution models, although aggregation to 30-m resolution 

made the lidar data discrepancies between years less discernible. This corroborates Hudak et al., 

2012, which showed that despite large differences in lidar point densities, there was little impact 

on the ability to accurately map biomass change.  

Landsat only models however, proved poor estimators of biomass change (R2 adj. = 0.07), 

although the predictive power of the independent biomass models was moderate for 2001 and 

2014, with the 2001 model slightly outperforming the 2014 model. Because of the highly dynamic 

and varied nature of the vegetation being estimated, it’s likely that there is much more variability 

in the spectral signatures of the different vegetation communities than their structural 

characteristics. The spectral signatures can also be influenced by environmental characteristics like 

precipitation, cloud cover, etc. Although we did our best to account for these environmental 

characteristics, it is possible that the variability is too high to attempt biomass estimation from 

only one or two Landsat images for each year. An area of research warranting further investigation 

is the use of seasonal time series of satellite imagery and derived vegetation indices to estimate 

biomass dynamics (Zhu et al., 2015).  

For vegetation type imputation, Landsat imagery and lidar data integration was useful. It 

is relatively straightforward to distinguish forest from marsh in both their spectral traits as well as 

their structural traits (Allen et al., 2013; Homer et al., 2015; Singh et al., 2018). However, to map 

coastal forest decline, the characteristic transition forests share some traits that are common to both 

forests and marshes. This can make the classification of transition forest difficult with either 

remote sensing data type alone. With integration, our results show high variability in transition 

forest but generally a differentiation between transition and forest in the spectral domain and 

separation of transition and marsh in the three-dimensional domain. Predictor variables important 
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for transition forest classification in both years included spectral bands and spectral indices 

associated with moisture (e.g. shortwave infrared band and tasseled cap wetness index). It appears 

that transition forests fall between the less wet forest type and the very wet marsh type. These 

spectral indices may prove very useful, in conjunction with lidar, for mapping these transitions in 

other study areas. And as mentioned above, these transition forests have come to represent the 

leading edge of climate change, therefore the ability to map these areas accurately would allow 

researchers and planners to more precisely target areas currently vulnerable to sea level rise 

inundation and those that will be vulnerable in the near future.  

This study also provided evidence for the success of an indirect modeling approach for 

multi-temporal change analyses, particularly in cases where the underlying data are very different 

and the relationships between the field data and remote sensing data for one time might not hold 

true for another period. Although the direct method is often preferred because only a single set of 

prediction errors must be estimated (Bollandsas et al., 2013; Naesset et al., 2013), change in 

response variables may be actually more difficult to predict precisely than the response variable 

itself. According to McRoberts et al., (2015) the indirect method in their study produced more 

precise AGB change estimates than the direct methods. Our research corroborates that there may 

exist a suite of conditions under which indirect estimators produce more accurate AGB change 

estimates than direct methods and these might include large disparities in the datasets for the two 

time periods.  

 

2.4.3. Challenges of repeat measures  

Accuracy of landscape-scale biomass estimations using integrated remote sensing 

approaches is highly dependent upon field data used to train and validate the predictive models. 

Field data must be representative of the landscape being studied by capturing its variability. In our 

analysis, it is possible that biomass for forested areas may in fact be underestimated, due to the 

lower than average biomass measures for the field plots that were used to train and validate the RF 

models. Brinson and Blum (1995) stated that biomass in upland or wetland forest measures an 

average 199.6 Mgha-1, organic high marsh measures on average 3.6 Mgha-1, and intertidal low 

marsh measures 1.8- 6.4 Mgha-1. This is one example why the selection of field inventory data is 

critical for model accuracy. Performance variability, particularly across the vegetation gradient, is 

also highly dependent upon the allometric equations used to estimate biomass. In our study, the 
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forested areas had lower uncertainty values, followed by the transition forests, and then the marsh 

vegetation. This may also explain why data integration from multiple sensors is so important in 

highly variable vegetated environments. It is possible that the spectral indices were more useful in 

the low marsh environments, where the average marsh-vegetation height is only slightly greater 

than the average uncertainty in the lidar data itself. In addition, there was a temporal discrepancy 

between the field data we used and the lidar surveys. The 2003 field data were used to validate the 

2001 lidar data and 2016 field data were used to validate the 2014 lidar data. Clearly, this gap 

poses problems if between those years there was some disturbance (i.e., drought, fire, or hurricane) 

that was captured in the field data but had not yet occurred when the lidar data was collected. We 

did our best to ensure that this was not the case, but aligning field data with remote sensing data 

collection would alleviate this uncertainty although this is not always possible.  

As mentioned above, the direct and indirect approaches yielded very different results in 

terms of predictive performance. The indirect approach was much more successful at mapping the 

range of AGB values. The direct approach overestimated the amount of AGB decline across the 

landscape and had overall much lower predictive power than the individual models of biomass for 

the 2001 and 2014 study years. The poor performance of the direct approach is most likely the 

result of the field data used to train the model. Whereas in the indirect approach, where we were 

mapping AGB to remote sensing metrics, in the direct approach we used the field-estimated 

biomass change and mapped the change to the change value for each of the remote sensing metrics. 

For 72 out of 98 of the field plots, the estimated AGB change was negative. We therefore had very 

few training points to relate positive biomass changes to the remote sensing metrics, resulting in 

the overwhelming majority of the landscape being mapped with decreasing aboveground biomass. 

Additionally, although we corrected for the differences in the remote sensing technologies between 

years, there still may be sources of error inherent in these corrective measures, making a direct 

comparison of the changes less accurate. Contrary to Cao et al. (2016), we show that the indirect 

approach to mapping AGB change proved most accurate. Our results show that the choice to use 

a direct or indirect approach is highly dependent upon the field data and remote sensing data 

metrics themselves. If limited field data is available that captures the range of environmental 

characteristics, an indirect approach may be better suited to the data.  
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2.5. CONCLUSION 

The integration of multi-temporal data from multiple remote sensors has potential to 

increase the accuracy of biomass change estimates using remotely sensed data. We hypothesized 

that multi-sensor integration, by combining unique metrics derived to represent canopy structural 

and biophysical attributes would result in improved models of biomass change. This study suggests 

that combining sensor metrics provides information that each sensor alone cannot provide, 

overcoming some of the uncertainties associated with applications in different settings and under 

different conditions. The study also provides evidence that particular modeling approaches might 

be better suited for multi-temporal analyses that integrate disparate remote sensing technologies. 

Our results show that important predictors of AGB include both spectral and structural components 

with mean/median vegetation height, variation in vegetation heights, and NDVI or EVI being the 

variables contributing most to the RF models. Our research also supports multi-sensor integration 

of multi-temporal datasets for use in identifying the directionality and magnitude of AGB change 

in dynamic coastal environments experiencing impacts from sea level rise. While most previous 

studies have focused on forested environments exhibiting AGB growth and/or management, our 

study focuses on a coastal vegetation gradient predominantly experiencing AGB declines. In many 

coastal regions, forest retreat and marsh migration are becoming ever more commonplace, yet the 

implications of these processes for the continued production of ecosystem services have remained 

largely unexplored. Thus, multi-temporal and multi-sensor remote data integration is ripe for 

applications such as these that attempt to quantify and monitor impacts of global environmental 

changes on ecosystem health and function. 
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CHAPTER 3 

 

 

MODELING THE RELATIVE CONTRIBUTIONS OF SEA LEVEL 

RISE AND LAND-USE CHANGE TO FOREST CARBON 

DECLINE 

 

3.1. INTRODUCTION 

Changes in land-use and climate are two of the most fundamental pressures influencing the 

function of Earth’s landscapes, causing global environmental change and impacting human health 

and well-being (Folke, 1996; Ellis and Ramankutty, 2008; Rounsevell et al., 2014). There is no 

place that these two pressures are more inextricably linked than along the coast (Ramesh et al., 

2015). The concentration of people living in coastal areas exerts pressures on ecologically sensitive 

coastal ecosystems and makes these regions especially vulnerable to coastal hazards. In the United 

States, approximately 123. 3 million people or 39% of the nation’s population live along the coast 

(Crossett et al., 2014). Because of the topographic characteristics of coastal areas, they are 

disproportionately affected by climate change impacts of sea level rise and subsequent flooding 

and saltwater intrusion. Land-use change driven by human population growth and sea level rise 

both threaten the critical ecosystem services provided by coastal landscapes (Woodward and Wui, 

2001; Turner et al., 2000; Mitch and Gosselink, 2000; Barbier et al., 2015). Coastal and estuarine 

ecosystems around the world cover only 6% of the global surface, yet contribute almost 38% of 

the total global value of ecosystem services (Costanza et al., 1997; Costanza et al., 2014). The 

complex interactions and feedbacks between sea level rise and land-use impact the quantity and 

quality of ecosystem services supplied by coastal landscapes (Rounsevell et al., 2014). This 

complexity makes it difficult to disentangle the relative contributions of each in the overall 

persistence of these ecosystem services. It is imperative we develop approaches to attribute 

changes in ecosystem services production to underlying anthropogenic and climatic drivers. A 
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better understanding of the drivers will lead to more informed decision-making about appropriate 

land-use and climate adaptation policies.  

One particularly important ecosystem service provided by coastal landscapes is the storage 

and retention of carbon by vegetation (Barbier et al., 2015; Mcleod et al., 2011). Coastal 

ecosystems dominated by plants play a critical role in the global sequestration of carbon that would 

otherwise remain as atmospheric CO2 and exacerbate climate change (Chmura et al., 2003; Mcleod 

et al., 2010; Donato et al., 2011). Although these systems represent a much smaller area than 

terrestrial forests, their total contribution to long-term carbon sequestration is comparable to 

carbon sinks in terrestrial ecosystem types. Previous research however, has largely overlooked the 

critical role that vegetated coastal ecosystems play in carbon assessments and have instead focused 

on either ocean ecosystems or upland terrestrial systems. The continued persistence of these 

landscapes and their ability to serve as carbon sinks are threatened by increasing human 

dependence on these systems. Quantifying their role in carbon pools and flux is of paramount 

importance so that the aforementioned changes can be monitored. And although it is not entirely 

clear that carbon sequestered by coastal vegetated ecosystems is included in common estimates of 

global carbon pools, it is extremely important that losses of vegetated coastal ecosystems be taken 

into account when estimating sources and sinks of carbon in these ecosystems. 

3.1.1. Impacts of sea level rise on carbon storage in freshwater-dependent coastal ecosystems 

Previous research has shown that sea level rise can increase, maintain, or reduce carbon 

storage in coastal habitats (Mudd et al., 2009; Krauss et al., 2018b; Osland et al., 2014). For 

example, if elevation can be maintained relative to a rising sea (a process known as vertical 

accretion) carbon sequestration may be maintained or increased (Mcleod et al., 2011; Krauss et 

al., 2014). If carbon storage cannot keep pace with sea-level, flooding, saltwater intrusion and 

direct inundation will result in outright loss of vegetated ecosystems (Kirwin and Temmerman, 

2009; Craft, 2012; Herbert et al., 2015; Krauss et al., 2018a). Some research conducted in the 

Southeastern US has shown that carbon accumulation can increase with sea level rise until a critical 

threshold has been attained (Krauss et al., 2018a; Mudd et al., 2009). Alternatively, it has been 

shown that increases in sea-level may cause organic decay rates to slow, increasing the carbon 

storage capacity of intertidal sediments.  

The exposure of freshwater-dependent coastal ecosystems to saltwater from sea level rise 

has the potential to alter freshwater and terrestrial biota and biogeochemical cycling, subsequently 
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altering the carbon storage potential of these ecosystems. Saltwater intrusion is the inland 

movement of seawater via natural and manmade conduits (e.g., streams or irrigation canals) as 

sea-levels rise and storm surge events increase in frequency. The effects of salinization on wetland 

biogeochemistry include decreases in carbon storage with implications for climate regulation and 

wetland accretion (Herbert et al., 2015; Ardón et al., 2013). This is driven by the alteration in 

productivity and composition of freshwater species assemblages. Species unaccustomed to 

saltwater exposure are unable to maintain their current levels of productivity and regeneration, 

allowing more salt-tolerant plant species, often those with lower carbon storage potential, to 

migrate into areas where traditionally freshwater species thrived. The process is often referred to 

as marsh migration and the stands of dead or dying trees have come to be known colloquially as 

‘ghost forests’ (Krauss et al., 2018a). These conversion from forest to marsh begins once mean 

pore salinities reach 2.0 psu altering wetland condition in visible ways that impact carbon 

dynamics (Krauss et al., 2018b).  

While particularly vulnerable to sea level rise in the long-term, future saltwater intrusion 

events remain largely uncertain as the actual extent of intrusion is not only a function of global sea 

level rise but also land-use activities like human water management decisions, given the variety of 

water control structures that exist in coastal systems for drainage and irrigation purposes. These 

water control systems serve as conduits that allow saltwater to penetrate many kilometers inland, 

extending the impacts of sea level rise beyond that which is traditionally mapped by the ‘bathtub’ 

inundation models (Titus and Richman, 2001; Battachan et al., 2018). Thus, the vulnerability of 

the landscape is highly dependent on complex interactions between human management and 

external forcings (Poulter et al., 2008a, Poulter et al., 2008b). Additionally, the expectation that 

coastal wetland ecosystems will migrate landwards in response to rising seas will only be viable if 

the region can actually accommodate this migration. Low-lying urban- or agricultural areas can 

constrain migration and lead to wetland loss, a process referred to as “coastal squeeze” (Enright et 

al., 2016; Borchert et al., 2018; Schuerch et al., 2018). In short, the future of carbon in coastal 

vegetated ecosystems is highly spatially and temporally variable. Where, and how much, carbon 

is stored in these ecosystems will largely be a product of the rate of sea level rise as well as land-

use change.  
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3.1.2. Anthropogenic- and disturbance-impacts on carbon storage 

Human modifications to the landscape are significant in the global carbon budget and can 

serve as both sources and sinks of carbon (Houghton et al., 2017). The contributions of land-use 

and land-cover change to anthropogenic carbon emissions were about 33% of the total emissions 

over the last 150 years (Houghton et al., 1999). Global carbon emissions from land-use and land-

cover for the period 1990-2009 measured 1.14 ± 0.18 PgCyr-1 (Houghton et al., 2010). One of the 

largest and most significant carbon sinks impacted by these land-use and land cover changes are 

terrestrial ecosystems (US Climate Change Science Program, 2007). Forests specifically, are a 

considerable carbon sink in the US, but can be highly variable in their annual carbon-storage 

capacity due to natural disturbance and land-use decisions. Changes in the total extent of forested 

area and per-hectare changes in forest biomass resulting from management and regrowth dominate 

the long-term net flux of carbon between terrestrial ecosystems and the atmosphere (Houghton, 

2005). An understanding of the spatial distribution of forested area and changes in forest extent is 

important because knowledge of biomass is required for carbon accounting and because it enables 

measurements of changes through time (Houghton, 2005).  

Human land-use activities in coastal systems can disrupt the carbon storage capacity of 

wetlands, which serve as a potential carbon sink, although most of their associated carbon is stored 

in soils rather than in aboveground biomass. Even so, both woody and herbaceous vegetation in 

coastal wetlands contribute to carbon sequestration, particularly in coastal forested wetlands which 

exhibit characteristics of both terrestrial and wetland systems. The disruption of carbon 

sequestration in coastal ecosystems through human activities may result in a switch from being a 

net sink to a net source of carbon. This is due not only to the removal of aboveground biomass but 

also by lowering soil carbon accumulation and transitioning vegetation communities into 

successional stages with lower carbon storage capacities (Achard et al., 2007; Sigua et al, 2009).  

In theory, carbon flux associated with land-use and land-cover change includes only those 

fluxes attributable to direct human activity and excludes those fluxes attributable to natural or 

indirect human effects (Houghton et al., 2010). In practice, however, attribution is difficult because 

of interactions between direct and indirect effects (e.g., the combined effects of forest planting and 

increasing CO2 on carbon accumulation). Natural disturbance events also compound the effects of 

human activities and interact with land-use and environmental factors to affect carbon storage 

potential. Examples of disturbances include wildfire, fire control, and pest and disease outbreak. 
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Additionally, although the largest carbon emissions have been from land-cover change or the 

conversion of one type to another, land-use or management within a land-cover type (e.g., selective 

harvesting, ditching and draining, and fertilization) has implications for carbon emissions as well. 

Most analyses of shifts in terrestrial carbon storage however, do not acknowledge land-use 

(management within a cover type). To accurately quantify carbon changes, we must acknowledge 

that analyses of carbon pools and fluxes are much more nuanced than simple quantification of 

changes in area for different land-cover types.  

3.1.3. Quantifying drivers of carbon flux in dynamic systems 

Methods are needed to disentangle the drivers of carbon storage and flux at landscape-

scales. Research questions related to carbon sources and sinks need to be addressed at regional- 

and landscape-scales because of the complex interactions between different land-cover types in 

carbon accumulation and exchange. Because of the expanded domain of interest to accurately 

quantify the drivers of carbon change, we need methods that can account for the spatial 

heterogeneity or nonstationarity in the underlying driving processes. Traditional non-spatial 

regression models are adequate in the absence of extraneous structured variation but this type of 

truly spatially invariant phenomena is rare in nature (Finley, 2011; Mellin et al., 2014; Jetz et al., 

2015).  

Two common occurrences in ecology are spatial autocorrelation and spatial 

nonstationarity. Spatial autocorrelation is the tendency for objects that are close together to be 

more similar than those that are further apart. To overcome this, spatial regression models can be 

used that take into account autocorrelation of errors but these models assume the relationships are 

spatially stationary. These models are local in terms of attribute space (e.g., locally weighted sum 

of squares regression) but are still non-spatial in nature (Foody, 2004). Stationarity refers to the 

tendency for any relationship or process being modelled to vary spatially. If relationships exhibit 

spatial nonstationarity, regression coefficients describing these relationships cannot be constant; 

they too must vary spatially.  As such, it is often unreasonable to assume a single set of regression 

coefficients can adequately capture the potential space-varying and scale-dependent relationships 

between covariates and the outcome of the variable across the domain of interest (Finley, 2011). 

Local regression methods that can account for variation resulting from the location 

(nonstationarity) or the spatial scale considered (grain size, sampling interval, or spatial extent) are 



 

54 

 

well suited to more accurately quantify the relationships between drivers of carbon change and the 

change itself.  

Attributing changes in carbon stocks to a given cause can be challenging due to complex 

interactions between human management and environmental factors. Though attribution is 

difficult, it is necessitated so that we can develop accurate accounting methods, monitor changes 

through time, and develop interventions to prevent carbon loss as needed (Brown, 2002). It also 

improves our understanding of the interactions and feedbacks between human decision making 

and biophysical processes. Research is needed to determine the relative contributions of climate 

change, land-use practices, and other human impacts on carbon sequestration at regional- to 

landscape-scales, particularly in coastal ecosystems that are sensitive to the combined impacts 

from sea level rise and anthropogenic pressure. The nonstationarity of these processes require 

methods that take spatially heterogeneous influences into account to determine the factors that 

control carbon storage variability and change in vegetated coastal ecosystems. Our research 

addresses this gap through the careful examination of both land-use and climate factors that are 

thought to influence carbon capture and retention. Specific objectives of this research include (1) 

statistically modeling the relationships between potential drivers and coastal aboveground carbon 

declines across a vegetation gradient from forest to marsh; (2) quantifying the relative 

contributions and spatial patterns of anthropogenic (land-use) and climate drivers in carbon 

declines; and (3) applying the models developed in (1) to predict potential carbon futures in a 

particularly vulnerable low-lying coastal region.  

3.2. METHODS 

3.2.1. Study system 

The Albemarle-Pamlico Peninsula is an approximately 6,600-km2 coastal region located 

west of the Albemarle-Pamlico Estuary in eastern North Carolina, buffered from the Atlantic 

Ocean by a chain of barrier islands (Figure 3.1). Situated within the North American Coastal Plain, 

which has some of the highest biodiversity in all of North America, the Albemarle-Pamlico 

Peninsula has many unique natural ecosystems (Noss et al., 2015). Of particular ecological 

importance are the many peatland pocosins, the wet longleaf pine savannas, and freshwater 

forested wetlands which comprise more than 50 percent of the peninsula. Aside from wetlands, 

the peninsula supports forestry and agricultural operations along with many private and public land 
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inholdings interspersed. Agriculture and forestry are two of the major sources of income and land-

use activities on the peninsula, contributing to approximately $367 million in agriculture cash 

receipts and $342.8 million from forest output (NC State University Cooperative Extension, 2015).  

While the peninsula provides significant ecosystem services, such as wildlife habitat, 

carbon sequestration, and storm surge protection, over half of this landscape is below 1-m in 

elevation. A recent study suggested that several low lying counties on the peninsula would be 

likely to experience extreme exposure to sea level rise – Tyrrell County (94% of the projected 

population is located within the land area at risk) and Hyde County (82%) (Hauer et al., 2016). 

Freshwater-dependent coastal ecosystems are negatively impacted by inundation from sea level 

rise and the impacts of saltwater intrusion on the Peninsula, resulting in coastal forest decline or 

retreat (Moorhead and Brinson, 1995). As saltwater intrusion and flooding become more frequent 

and severe, coastal forests gradually transition from multi-layered and structurally complex 

communities to an herbaceous wetland with little vertical complexity leading to declines in 

aboveground carbon storage.  
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Figure 3.1. Map of study area. Land cover obtained from the 2011 National Land Cover Dataset (NLCD). Inset map 

shows the portion of the peninsula that is less than 1 m in elevation as measured from a digital elevation model. 

 

3.2.2. Carbon declines and spatial modeling unit 

Maps of aboveground biomass change between 2001 and 2014 were developed for the 

study area using a combination of field data, repeat lidar surveys, and Landsat imagery (Chapter 

1, Section 2.2). Structural and health metrics for vegetation were developed using the lidar and 

Landsat data for the two time periods. Aboveground biomass, measured in Mgha-1, was generated 

from the field data using allometric equations (Smith and Brand, 1983; Jenkins et al., 2003). The 

Random Forest machine learning algorithm (Breiman, 2001) was used to quantify relationships 

between the field data and the remotely sensed metrics and predict aboveground biomass across 

the entire study area for the two time periods. Maps of aboveground biomass for 2001 and 2014 

were then compared to find areas of change within the study area (Figure 3.2a). Biomass values 

were converted to carbon loads assuming a carbon concentration of 0.495 (Jain et al., 2010). We 

developed a binary 30-m resolution map of carbon decline, where a value of 1.0 represented any 
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cell with a decrease in carbon over the 13-year period and a value of 0.0 was assigned to any cell 

with either no change or an increase in carbon storage. 

Using variogram analysis, we identified 450m as an appropriate level of aggregation for 

the response variable. We overlaid the binary carbon decline map with a 450m x 450m regular 

grid and calculated the fraction of the percentage of vegetated area within each modeling unit 

experiencing carbon declines (Figure 3.2b, Figure 3.3). This value formed the dependent variable 

(Heimhuber et al., 2017) and was extracted at a random point location within each grid cell, along 

with all potential explanatory variables (described in Section 2.2.2). We excluded any grid cells 

that were less than 20% vegetated to ensure that enough data were available to measure the 

declines. Fractional carbon decline was then modeled as a function of all driver variables within 

the ordinary least squares regression- and geographically weighted regression modeling 

frameworks.  
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Figure 3.2: (a) Map of Landsat-lidar derived aboveground biomass change. (b) Fractional carbon decline as derived 

from map of aboveground biomass change.  
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Figure 3.3: Schematic of response variable calculation. Fractional carbon decline is the fraction (purple cells/green 

cells; 0.33) of the percentage of vegetation area (colored cells/total number of cells; 0.67) within each modeling unit 

experiencing decline.  

 

3.2.3. Driver variables and data preparation 

We developed a suite of potential drivers of carbon declines and classified them into 

different representative classes – land-use (anthropogenic) drivers and sea level rise (climate) 

drivers. Prior to fitting the model, we selected a set of significant (p < 0.05) and uncorrelated (r < 

0.5) predictors of carbon decline from our initial list of hypothesized driver variables using forward 

and backward stepwise regression techniques (Table 3.1). We scaled all variables to values 

between 0.0 and 1.0 using a minimum-maximum normalization which preserves the original 

distribution but allows us to qualitatively examine the effects of each predictor in relation to one 

another by comparing the strength of variable coefficients. We grouped the predictor variables into 

broader categories of land-use/disturbance drivers (agricultural pressure, harvest intensity, and 

time since fire) and sea level rise drivers (distance to estuarine shoreline, salinity interpolation, 

and connected canal density).  

Table 3.1: Predictor variables used in both global and local regression models. 

 Description Base Data Year Data Source 

Anthropogenic-Disturbance Drivers  

Time Since Fire  Using fire perimeters and year of fire, assigned 

number of years since fire across landscape 

Vector file  Current  MTBS 
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Table 3.1: Continued. 

Fallow Pressure  Gravity model, number of neighboring fallow 

cells within search distance and weighted by 

distance 

CDL, 

Cropscape  

2001, 

2014 

NASS 

Agricultural 

Pressure  

Gravity model, number of neighboring 

agriculture cells within search distance and 

weighted by distance 

CDL, 

Cropscape  

2001, 

2014 

NASS 

Harvest Intensity  Threshold applied to between-year mean NDVI 

change to create binary outputs of harvest/acute 

event, summed across years  

NDVI 2001-

2014 

Google 

Climate 

Engine 

Sea Level Rise Drivers  

Connected Canal 

Density  

Line density of only those canals connected to 

open water in study area, with influence at 

1000m distance 

NHD Current USGS 

Salinity  Inverse distance weighting interpolation of 

average salinity (ppt) from 2001 to 2014 

STORET  2001-

2014 

EPA 

Distance to 

Estuarine Shoreline  

Euclidean distance (km) to estuarine shoreline NHD  Current USGS 

MHHW Adjusted 

Elevation  

Elevation (m) adjusted by current mean higher 

high water 

MHHW, 

DEM 

 Derived 

Flow Accumulation  Flow accumulation DEM 2014 Derived 

Flow Direction  Flow direction  DEM 2014 Derived 

Slow Storm Surge  Slow storm surge categories  Vector file Current NC Onemap 

Fast Storm Surge  Fast storm surge categories  Vector file Current NC Onemap 

Distance to 

Freshwater  

Euclidean Distance (km) to fresh water bodies  CDL, 

Cropscape  

2014 NASS 

Mean Precipitation 

Deviation  

Yearly (2001-2014) average precipitation 

difference (mm) from historical norm (1990-

2000) 

 2001-

2014 

Google 

Climate 

Engine  
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Table 3.1: Continued. 

Minimum 

Temperature 

Deviation  

Yearly (2001-2014) minimum temperature 

difference (degrees Celsius) from historical 

norm (1990-2000) 

 2001-

2014 

Google 

Climate 

Engine 

Monitoring Trends in Burn Severity Program (MTBS), National Agricultural Statistics Service (NASS), US 

Environmental Protection Agency (US EPA), US Geological Survey (USGS) Digital Elevation Model (DEM), 

National Hydrography Dataset (NHD), Normalized Difference Vegetation Index (NDVI) 

 

To quantify acute events occurring on the landscape that might explain carbon declines, a 

‘harvest intensity’ metric was developed that served as one of the land-use/disturbance explanatory 

variables. We selected pre-processed annual average Landsat-based Enhanced Vegetation Index 

(Huete et al., 1994; Huete et al., 1997) for every year between 2001 and 2014 from Google Climate 

Engine (USGS, 2018; climateengine.org). Year-to-year EVI differences were calculated and a 

threshold was applied to the average change values to represent an acute- or harvest-event. The 

final threshold (+/- 0.12) selection was based on approximately one standard deviation from the 

average change values across all of the year-to-year differences. The binary rasters created from 

this threshold application (where 0 represented no acute event and 1 represented an acute event) 

were then summed to produce a harvest intensity metric where the value in each raster cell 

represented the number of times that a particular cell experienced an acute event throughout the 

study period. Acute events from wildfire were removed from the harvest intensity metric because 

they were already accounted for in the time since fire predictor variable. To account for pressures 

from agriculture that might influence carbon we extracted all agricultural lands from the 30-m 

resolution 2001 National Land Cover Dataset (NLCD) raster and applied a gravity modeling 

technique that essentially computes the number of neighboring agricultural cells within a search 

distance, weighted by distance (GRASS GIS, 2017).  

We also developed predictors to quantify the potential influence of saltwater intrusion and 

sea level rise on carbon declines. We used the U.S. Environmental Protection Agency’s STORET 

database to extract average salinity values (in parts per thousand; ppt) from 40 water quality 

monitoring sites in the Albemarle- and Pamlico- Sounds between 2001 and 2014. Values ranged 

from 0-ppt in the north to approximately 28-ppt in the south. Because saltwater intrusion impacts 

are experienced over land, we needed a wall-to-wall raster of not only potential salinity in aquatic 

environments but also potential salinity across the terrestrial environment as well. To create these 
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data, we performed a simple inverse distance weighting interpolation at 30-m resolution. We 

decided not to create resistance features based on topography or canals because these were 

accounted for in separate predictor variables. Connected canals can serve as conduits for saltwater 

intrusion and as such, we developed a predictor variable to represent this potential pathway for 

saltwater to move across the landscape. We extracted artificial drainage features from the National 

Hydrography Dataset and removed any isolated canals or drainage networks that were not 

connected by other canals or natural water features to the estuary. We then calculated the density 

of linear canal features in the neighborhood of each 30-m raster cell using a variety of search radii, 

ultimately selecting a 1,000-m search radius for the final predictor variable. Descriptions of 

remaining predictor variables and their data sources can be found in Table 1. All data were mapped 

at 30-m spatial resolution but then aggregated to the spatial modeling unit (450-m x 450-m grid 

cells) via majority (for nominal data) or mean (for continuous data) aggregation methods and 

extracted at random point locations within each grid cell for input into the regression models. 

3.2.4. Statistical modeling approach 

We modeled the relationships between fractional carbon decline and explanatory variables 

using a conventional global regression technique (ordinary least squares regression), and a local 

regression method, geographically weighted regression (GWR). GWR is used to explore and 

detect geographically localized deviations from the more broadly expected global trends (Harris 

et al., 2010). GWR investigates heterogeneity in data relationships across geographic space via the 

fitting of individual localized ordinary least squares regressions. This allows for local variations 

in rates of change so that the coefficients in the model rather than being global estimates, are 

instead specific to location i (Brundson et al., 1998; Fotheringham et al., 2002). The regression 

equation is then: 

𝑦𝑖 =  𝛼𝑖0 +  ∑ 𝛼𝑖𝑘

𝑘=1,𝑚

𝑥𝑖𝑘 +  𝜀𝑖 

where 𝑦𝑖   is the ith observation of the dependent variable, 𝑥𝑖𝑘  is the ith observation of the kth 

independent variable, 𝜀𝑖 is the error term and  𝛼𝑖𝑘 is the value of the kth parameter at location i. 

Estimates of are then based on observations taken at sample points close to i. A weighting function 

is then employed so that for each point i there is a bump of influence around i in such a way that 
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those observations near i have more influence in the estimation of parameters than those farther 

away.  

In ordinary least squares, the sum of the squared differences of predicted and observed yi 

is minimized in the coefficient estimates. In weighted least squares a weighting factor is applied 

to each squared difference before minimizing so that the inaccuracy of some predictions carries 

more of a penalty than others. In weighted regression models the values of the weighting factor 

are constant so that only one calibration is carried out but in geographically weighted regression, 

the weighting factor varies with location i so that a different calibration exists for every point in 

the study area. The geographical weighting is implemented through a spatial kernel function. 

Common choices for weighting function include Gaussian, bisquare, or tricubic (Brundson et al., 

1998; Fotheringham et al., 2002). In addition to the weighting function, a bandwidth is needed that 

determines the rate of distance decay for each of the data weightings. A large bandwidth smooths 

parameter estimates, approaching the estimates provided by the global regression and a small 

bandwidth tends to sharpen them (Lu et al., 2017).  The bandwidth can be user-defined or 

determined using cross-validation (CV) or Akaike’s Information Criterion (AIC) and can be either 

a fixed distance or a set number of nearest neighbors (adaptive bandwidth). To minimize potential 

edge effects, we used an adaptive Gaussian kernel function with an optimal bandwidth selected 

based on a least squares CV that minimized the squared error. All statistical analyses were carried 

out using R statistical software and the GWR analyses were performed using the ‘spgwr’ package 

for R (R Core Development Team, 2018; Bivand et al., 2017).  

For both the OLS and GWR analyses, we modeled fractional carbon decline as a function 

of (1) both land-use/disturbance and sea level rise drivers and; (2) sea level rise drivers alone. We 

hereafter refer to these models as the (1) Sea Level Rise + Land-use Model and (2) Sea Level Rise 

Model. To try to isolate the sea level rise impacts for the Sea Level Rise Model, we removed any 

sample points that had experienced fire or harvest during the study timeframe using the time since 

fire and harvest intensity variables.  

3.2.5. Evaluation of model performance 

We evaluated model performance by examining and comparing the variance explained by 

each of the models as well as the statistical significance of the explanatory variables. Parameter 

estimates were compared between models as well. Evidence of spatial dependence and spatial 

nonstationarity were explored by mapping residuals and testing the interquartile ranges of the local 
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coefficient estimates provided by GWR. According to Fotheringham et al. (2002), if the inter-

quartile range of a GWR coefficient is greater than two times the standard error of the global 

regression model, it is a general indicator of spatial nonstationarity for that particular variable 

under consideration in GWR. For GWR, because regression coefficients vary across geographic 

space, statistical significance for a particular explanatory variable will also vary. To examine 

statistical significance of explanatory variables from the GWR, we derived a significance test that 

examines the absolute value of the coefficient against two times its standard error. If the coefficient 

estimate is more than two standard errors away from zero, it is statistically significant at the 95% 

confidence level (Fotheringham et al., 2002).  

3.2.6. Predicting future aboveground carbon declines 

We used spatial models of future sea level rise inundation based on IPCC scenarios 

provided by the National Oceanic and Atmospheric Administration’s (NOAA) Coastal Services 

Center (NOAA, 2017, coast.noaa.gov). The data depict the potential inundation of coastal areas 

resulting from a projected 0.3-m (1 foot) to 1.8-m (6 feet) rise in sea level above current Mean 

Higher High Water (MHHW) conditions. The model used to produce the data does not account for 

erosion, subsidence, or any future changes in an area’s hydrodynamics but does account for 

hydrologic connectivity to coastal areas. We selected the suite of inundation data that corresponds 

to the U.S. Interagency Sea Level Rise Task Force’s revised global mean sea level rise (GMSL) 

scenarios for the United States.  We specifically looked at the Intermediate-High GMSL scenario 

which predicts sea levels slightly above the high end of very likely range under RCP 8.5. We used 

the GMSL scenarios to estimate potential total aboveground carbon lost due to sea level rise at 

different levels of inundation. In addition to estimating total carbon loss, we estimated potential 

future declines in aboveground carbon using the OLS and GWR results from the Sea Level Rise 

Model. To do this, we took the estuarine shoreline extent under the different sea level rise 

inundation scenarios (0.3-m to 1.8-m rise in sea level) and updated, for every pixel on the 

landscape, distance to the estuarine shoreline. Both the OLS and GWR models were re-run with 

all explanatory variables held constant except for this distance to estuarine shoreline variable and 

modeled output was mapped for each scenario for both OLS and GWR.  
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3.3. RESULTS 

3.3.1. Statistical modeling of coastal terrestrial aboveground carbon declines 

After removing highly correlated variables and variables whose relationship with fractional 

aboveground carbon decline was not statistically significant, the remaining variables were then 

used to build the Sea Level Rise + Land-use Model (Table 3.2b). A subset of these variables 

thought to contribute to sea level rise impacts on the landscape were used in the Sea Level Rise 

Model (Table 3.2a). For the global regression models, the Sea Level Rise + Land-use Model 

explained 39% of the variation in fractional aboveground carbon declines and the Sea Level Rise 

Model explained only 5% of the declines and all variables included in both models were 

statistically significant (p < 0.05). We found negative relationships between the agricultural 

pressure, time since fire, and distance to estuarine shoreline and fractional aboveground carbon 

declines. For example, as the distance to estuarine shoreline increased, fractional aboveground 

carbon declines decreased. We found positive relationships between canal density, harvest 

intensity, and salinity and fractional carbon declines; as salinity increased, fractional aboveground 

carbon declines also increased. In the Sea Level Rise Model, we found a positive relationship 

between salinity and fractional aboveground carbon declines and negative relationships between 

both canal density and distance to estuarine shoreline and fraction declines.  

Table 3.2: Global and local regression model results for Sea Level Rise Model and Sea Level Rise + Land-use 

Model.  

  OLS GWR 

 Coeff. SE 

Coeff. 

mean (range) 

SE 

mean (range) 

(a) Sea Level Rise      

Intercept***+ 0.306 0.004 0.34 (-0.74, 1.52) 0.037 (0.011, 0.134) 

Connected Canal 

Density***+ -0.208 0.015 -0.30 (-1.95, 1.92) 0.081 (0.029, 0.222) 

Distance to Shoreline***+ -0.035 0.009 -0.26 (-2.78, 2.25) 0.080 (0.025, 0.371) 

Salinity***+ 0.262 0.009 0.21 (-7.52, 7.17) 0.217 (0.020, 1.353) 

(b)  Sea Level Rise + 

Land-Use     

Intercept***+ 0.891 0.009 0.825 (0.120, 1.765) 0.054 (0.026, 0.273) 

Agricultural Pressure***+ -0.431 0.006 -0.387 (-1.140, -0.075) 0.029 (0.015, 0.232) 
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Table 3.2: Continued. 

Connected Canal 

Density***+ 0.084 0.013 0.168 (-1.308, 1.629) 0.075 (0.026, 0.198) 

Time Since Fire***+ -0.471 0.007 -0.398 (-1.250, 0.507) 0.048 (0.014, 0.311) 

Harvest Intensity***+ 0.16 0.012 0.186 (-0.225, 2.573) 0.058 (0.028, 0.238) 

Distance to Shoreline*+ -0.015 0.008 -0.119 (-1.872, 0.895) 0.101 (0.030, 0.375) 

Salinity***+ -0.049 0.008 0.003 (-5.128, 5.210) 0.117 (0.017, 1.000) 

Sea Level Rise Model| OLS: R2 =0.05, AIC=8257.8| GWR: R2=0.43, AIC = -3707.9, RSS = 1241.2 

Sea Level Rise + Land-use Model| OLS: R2 =0.39, AIC=-2413.6| GWR R2=0.56, AIC = -9981.7, RSS = 952.1 
+ Nonstationarity in relationship between predictor variable and response 
* Statistically significant at p<0.05; ** Statistically significant at p<0.01; *** Statistically significant at p<0.001 

 

We obtained bootstrapped confidence intervals for relative importance of the explanatory 

variables using the method developed by Lindemann, Merenda, and Gold (1980) found in the 

‘relaimpo’ package in R (Groemping, 2018). According to the relative importance rankings, land-

use and disturbance metrics were the most important predictors of fractional carbon decline for the 

Sea Level Rise + Land-use Model, with agricultural pressure explaining the most variation, 

followed by the time since fire variable. From the bootstrapped variable ranking for the Sea Level 

Rise Model, we found that salinity was the most important explanatory variable followed by 

distance to estuarine shoreline, and lastly canal density (Figure 3.4). Moran’s I tests for 

autocorrelation indicated that there was autocorrelation in the response variable, even at the 

aggregated 450-m resolution (Moran’s Index= 0.75, z-score= 167.77, p-value< 0.0001). 

Additionally, the studentized Breusch-Pagan test for heteroscedasticity was used to determine if 

there were non-constant variance in the errors. The results were statistically significant, suggesting 

that the relationship between some or all of the explanatory variables and the dependent variable 

exhibited nonstationarity (Breusch-Pagan statistic=4092.4, p-value < 0001).  
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Figure 3.4: Relative importance for fractional decline with 95% bootstrap confidence intervals using method 

Lindemann, Merenda, and Gold (1980). Metrics are normalized to sum to 100%. Results are presented for the Sea 

Level Rise + Land-use model (R2 = 39.0%) and the Sea Level Rise Model (R2= 5.36%). 

Predictive performance improved with the use of GWR for both the Sea Level Rise + Land-

use Model and the Sea Level Rise Model. With GWR, the Sea Level Rise + Land-use Model 

explained 52% of the variance, according to the Quasi-global R2 and 43% for the Sea Level Rise 

Model. Because GWR fits a local regression at each sample point, local R2 values are available 

across the study area. For the Sea Level Rise + Land-use Model, these R2 values ranged from 0.08 

to 0.79, with more than fifty percent of the landscape having a local R2 value greater than the global 

R2 of 0.39 (Figure 3.5a). Standard errors ranged from a low of 0.006 to a high of 0.06. All 

explanatory variables exhibited patterns of spatial nonstationarity based on tests for predictors in 

both the Sea Level Rise Model and the Sea Level Rise + Land-use Model. Because a set of 

regression coefficients is generated for each location, we can also provide statistical significance 

for each of the regression coefficients across the landscape. Based on the Sea Level Rise + Land-

use Model, mapping the influence of each of the predictors on the landscape revealed 

heterogeneous patterns of explanatory power (Figure 3.6).  
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Figure 3.5: (a) GWR local R2. (b) Spatial distribution of predictor variable importance grouped into two broad 

categories - land use/disturbance and sea level rise explanatory variables. 
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Figure 3.6: Maps of GWR regression coefficients for each of the predictor variables. 
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As agricultural pressure increased, fractional carbon decline decreased across the study 

area and this relationship was statistically significant across almost the entire landscape as well. 

Generally as canal density increased, fractional decline decreased only in the northern portion of 

the landscape close to the shore. In the southern portion of the study area and farther inland, as 

canal density increased fractional decline increased as well. These relationships were statistically 

significant across a large portion of the study area. Distance to estuarine shoreline had a negative 

relationship with fractional decline in the eastern portion of the study area, suggesting that as the 

distance to the estuarine shoreline increased, the fractional decline decreased. This relationship 

was generally statistically significant. The positive relationship between distance to estuarine 

shoreline and fractional decline farther inland did not prove statistically significant, signifying that 

other variables contributed more strongly to the carbon declines in the interior of the study area. 

Overall, a statistically significant positive relationship was found between harvest intensity and 

fractional decline. The few areas with negative relationships between harvest intensity and 

fractional decline were not statistically significant. Salinity had a highly heterogeneous 

relationship with fractional decline, along with a highly heterogeneous pattern of statistical 

significance. On the eastern portion of the study area, as salinity increased, fractional carbon 

decline also increased, with some of these areas being statistically significant relationships and 

some not. Finally, across the majority of the study area, the time since fire explanatory variable 

had a negative relationship, meaning that the longer the time since a fire event, the less fractional 

carbon decline. This relationship was also statistically significant across the majority of the 

landscape.  

We then categorized the landscape based on which driver category had the largest effect 

on fractional carbon declines within each spatial modeling unit using the GWR regression 

coefficients (Figure 3.5b). Results from the categorization and mapping suggest that for 

approximately 52% of the landscape, the land-use/disturbance drivers had the strongest regression 

coefficients (13% of the total landscape for agricultural pressure, 13% for harvest intensity, and 

26% for time since fire) and for 48% of the landscape the sea level rise variables had the largest 

regression coefficients (2% of the total landscape for canal density, 20% for distance to estuarine 

shoreline, and 27% for salinity). In the southeast portion of the study area, the sea level rise drivers 

were important and explained the declines in carbon the best. In the northeast portion of the study 

area, both land-use/disturbance drivers and sea level rise drivers appeared to be contributors to 
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declines. The relationships within the interior of the study area were mixed, with land-use drivers 

most important in areas dominated by agricultural and forestry operations and sea level rise drivers 

generally most important in interior areas connected to the estuaries via canals.  

 Exploring the relationships between the NLCD land cover type in 2001 and the 

regression coefficients for several of the explanatory variables at the sampled locations, we found 

that the regression coefficients for the explanatory variables varied by land cover type. There was 

significant variability in salinity coefficients across land cover types (Figure 3.7). Median 

coefficient values were generally positive for those land cover types closer to the shoreline 

(herbaceous wetland and forested wetlands) and negative for those types farther from the coast 

(upland forests). The regression coefficients for distance to the shoreline also varied by land cover 

type and landscape position. Those land cover types closer to the shore (wetland forest and 

herbaceous wetland) had negative median values for the distance regression coefficients whereas 

those types farther from the shore had values that neared zero or were slightly positive.  
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Figure 3.7: (a) Violin plots of salinity regression coefficient across different NLCD 2001 land use and land-cover 

types. (b) Violin plots of distance to shoreline regression coefficient across different NLCD 2001 land use and land-

cover types.  

 

3.3.2. Future coastal terrestrial carbon declines 

Using carbon as measured in 2014, we summarized potential carbon loss by sea level rise 

inundation scenarios and found that the study area could experience carbon losses between 32.4-

TgC for a 0.3-m rise in mean sea-level and 95.7-TgC for a 1.8-m rise in sea-level (Figure 3.8). 
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Average per-modeling unit aboveground biomass lost between scenarios ranged from 52.6 Mgha-

1 (26.3 MgCha-1 of carbon) at the low 0.3-m inundation scenario and 58.4 Mgha-1 (29.2 MgCha-1 

of carbon) at the high 1.8-m inundation scenario. Summarizing fractional carbon decline on the 

remaining landscape with the GWR models updated based on the revised distance to estuarine 

shoreline explanatory variable for each sea level rise inundation scenario (0.3-m to 1.8-m), we find 

that fractional declines in the remainder of the landscape increased from 29% to 32% (Figure 3.8). 

Performing the same analysis using the global model, we did not find much change in fractional 

decline across different scenarios; average carbon decline stayed relatively constant at 35% across 

all scenarios of inundation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.8: Total aboveground carbon lost under inundation from the Intermediate-High scenario (ranging from 0.3 

m to 1.8 m) and predicted fractional carbon decline of remaining landscape under SLR scenarios.  
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Figure 3.9: Fractional decline under the Intermediate-High sea level rise scenario using GWR regression. 

3.4. DISCUSSION 

Because of the valuable carbon sequestration capacity of vegetated coastal ecosystems (in 

addition to the other ecosystem services they provide) and the numerous human- and climate-

driven threats to these systems, it is imperative that we improve our understanding of carbon pools 
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and fluxes in these systems. Specifically, research should address their function as carbon sinks, 

quantify the current environmental and land-use characteristics that drive their carbon storage, and 

estimate their potential responses to future changes in these conditions. As of yet, little emphasis 

has been placed on how anthropogenic impacts and climate change (specifically sea level rise) 

may affect carbon storage in coastal vegetated systems (Mcleod et al., 2011). In this study, we 

began to address this gap using a landscape-scale approach to identify the relative contributions of 

potential drivers on carbon declines and the spatial heterogeneity of their influence in an 

ecologically sensitive coastal region. 

3.4.1. Ecological implications 

We modeled carbon decline as a function of land-use/disturbance- and sea level rise 

variables and found the patterns of their influence to be spatially heterogeneous. In our global 

model, we found that agricultural pressure, time since fire, and harvest intensity explained most 

of the variation in the model. Salinity, distance to the estuarine shoreline, and connected canal 

density explained very little. However, using these same variables in the local regression model, 

we found that in some locations salinity, distance to shoreline, and canal density were important 

and statistically significant as evidenced by a strong effect on carbon declines. In the global model, 

canal density had a positive relationship with carbon decline, suggesting that as canal density 

increased, the landscape experienced more carbon declines. This is a likely finding because canals 

can serve as conduits for saltwater during storm events and from gradual inundation (Poulter et 

al., 2008; Battachan et al., 2018).  In the local regression, we found that certain regions of the 

landscape deviated from this relationship, particularly in the northeast region of the study area 

where land is managed closely by the U.S. Fish and Wildlife Service as a National Wildlife Refuge. 

Here, a series of canals are used specifically to manage and prevent saltwater intrusion into the 

forested wetlands within the interior of the refuge, leading us to observe an inverse relationship 

between canal density and carbon decline (Alligator River National Wildlife Refuge 

Comprehensive Conservation Plan, 2008). And on the outer edge of the refuge, where canals are 

more limited, there have been large declines in carbon due to wildfires and other acute events. The 

distance to shoreline predictor variable plays an important role in carbon declines along the eastern 

portion of the study area, but has a largely negligible effect in the study area’s interior. Except for 

a few areas on the eastern edge of the study area, as the distance to the estuarine shoreline 

decreases, carbon declines increase. Therefore, the closer the location is to the shoreline, the more 
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likely it is to experience declines in carbon. In the global regression, distance to shoreline has a 

largely negligible effect on the overall predictive power of the model. We also showed with the 

local R2, that the model had higher predictive power in certain portions of the landscape than 

others. For example, carbon declines in the central portion of the landscape where the wildfire 

occurred and the eastern edge of the landscape were fit by the model well. 

3.4.2. Future scenarios  

Our future scenarios suggested that by 2100, using inundation scenarios closely aligned 

with the Intermediate to Intermediate-High sea level rise scenarios, the study area could 

experience an approximately 95.7 TgC loss in aboveground carbon, based on the derived 2014 

carbon maps. This loss of carbon is equivalent to the greenhouse gas emissions from approximately 

75,000,000 passenger vehicles driven for a year or the release of 351,000,000 metric tons of CO2 

(EPA, 2018). This of course does not account for future vegetation growth or succession, nor does 

it consider the possibility of a shift from aboveground carbon storage to belowground carbon 

storage. Krauss et al. (2018a) suggested the conversion of forest to marsh, an expected outcome of 

sea level rise-induced saltwater intrusion, changes the relative ratios of aboveground-to-

belowground carbon, with aboveground carbon decreasing and belowground carbon increasing. 

Additionally, despite finding a decrease in carbon persistence and increased decomposition of 

organic matter as wetlands transitioned from forest to marsh, Krauss and others found that total 

carbon storage increased in some marshes. This illustrates the importance of considering soil- and 

belowground-carbon storage in these estimates as well as landscape context because shifts in 

carbon storage in one location alter the amount of carbon stored in another location.  

The future scenarios were intended to measure first order potential effects of inundation on 

aboveground carbon loss and potential future carbon declines in relation to the shifting coastline. 

The intent of this portion of the analysis was to provide a general estimate of loss and potential 

spatial locations of future declines. We are able to do this based on the trend of decline exhibited 

over the past decade. To extend this, we could apply process-based models that account for abiotic 

factors like vertical accretion and subsidence as well as biotic factors like plant growth and 

senescence. We would also need to take into account human interventions and land-use activities 

that could serve to further exacerbate or mitigate these trends. The purpose of the future scenarios 

presented in this analysis is to initiate a dialogue about coastal aboveground carbon loss and 

potential policy solutions.  
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3.4.3. Model limitations  

By implementing a local regression technique that allows intercepts and explanatory 

parameters to vary in space, we found stronger relationships between predictors and carbon decline 

than we did in the conventional global model using the same set of parameters. This spatial 

heterogeneity results from unobserved covariates causing local spatial dependence and varying the 

relationships between carbon and the observed variables across the landscape.  Previous research 

corroborates that global regression models can obscure the space-varying nature of relationships 

between the outcome variable of interest and its covariates (Brundson et al., 1998; Fotheringham 

et al., 2002; Foody, 2004; Finley et al., 2011; Smith et al., 2013; Sanchez et al., 2018). Among 

others, Foody (2004) argued against the use of global regressions because they mask spatial 

variation in relationships. Instead, he advocated for the use of GWR to better accommodate spatial 

autocorrelation, scale, and geographic location into regression models. In our case, carbon declines 

are influenced by both individual and landscape factors. Unobserved individual characteristics of 

the vegetation itself like age, species, and genetics can influence rate and extent of declines. 

Additionally, environmental factors like soil, water quality, and light availability can contribute to 

overall decline or persistence. These factors can cause local spatial dependence in the fractional 

decline and vary relationships between fractional decline and the driver variables across the 

modeled landscape.  

The ability to represent local variation in the influence of explanatory variables, makes 

GWR an appealing method for modeling spatially nonstationary processes. In landscape ecology, 

an ever-increasing need exists to address questions at landscape- and regional scales. With 

expanding domains of interest comes an increased propensity for nonstationarity in the underlying 

spatial process (Finley, 2010), limiting the utility of traditional nonspatial regression methods. 

Using conventional regression analysis and ignoring spatially structured residuals poses particular 

risks. For example, in our case the conventional regression would have led us to conclude 

incorrectly that most of the variance was unexplained by the variables we selected, potentially 

leading us to underestimate the importance of these variables (Foody, 2004; Hoeting, 2009).  

Because GWR accommodates spatial dependence among residuals and non-stationary 

processes, we were able to expand our domain of interest and analysis extent to look at sea level 

rise-induced carbon declines in the context of other land-use/disturbance activities that 

simultaneously drive carbon declines on the landscape. Instead of using a priori knowledge or a 



 

78 

 

set of heuristics to limit the study area extent and remove non sea level rise-induced declines, 

GWR enabled us to explore a landscape-scale approach that revealed nuanced patterns and 

potential interactions between land-use/disturbance activities and sea level rise. As such, a 

geographically weighted regression approach can provide greater local insight to ultimately inform 

understanding and management activities (Atkinson et al., 2003; Foody, 2004).  

GWR is not without its limitations. First, GWR assumes a uniform scale or magnitude for 

the non-stationarities for all dependent-independent relationships. Additionally, the GWR method 

is highly sensitive to the selection of bandwidth. GWR models with smaller bandwidths fit the data 

better, however they also produced large coefficient variability. Very large bandwidths default to 

the global regression as the geographical weights tend to unity.  Models based on the fixed 

bandwidth produced smoothed spatial distributions of coefficients as compared to the adaptive 

bandwidth (Guo et al., 2008). Thus, selection of the bandwidth has a strong impact on the 

descriptive and predictive power of GWR models. GWR has been shown to produce erroneous 

results in the presence of collinearity among covariates (Wheeler and Tiefelsdorf, 2005). Thus it 

is important to ensure that the final variable selection excludes all highly correlated variables to 

ensure appropriate interpretation of model results. Because GWR is based on ordinary least 

squares regression, its implementation is limited by its inability to include qualitative factors, 

account for non-linear relationships, or readily handle non-Gaussian error distributions (Mellin et 

al., 2014). Overcoming limitations by implementing the underpinnings of GWR in more flexible 

modeling techniques (i.e., machine learning) as has been demonstrated by Mellin et al. (2014). 

GWR is useful for a first assessment of nonstationarity and the effects of spatial scale in ecological 

data.  

3.5. CONCLUSION 

From the global regression, our results suggest that land-use/disturbance drivers are the 

most important factor in determining the degree of carbon decline across the Albemarle-Pamlico 

peninsula. However, results from the GWR models suggest this does not hold true across the entire 

landscape. In fact, carbon declines across a significant portion of the landscape are largely 

determined by sea level rise drivers. We used a holistic approach that revealed how land-use and 

disturbance drivers can complicate quantification of sea level rise-induced impacts on carbon 

declines in coastal vegetated ecosystems. This certainly has implications for policy, given that 
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human behavioral modifications to preserve carbon via regional land-use activities (e.g., planting 

perennial vegetation on less productive portions of agricultural fields, retaining forested buffer 

strips along streams, selective harvesting on pine plantations instead of clear cutting) may be a 

more attainable objective than those directed toward sea level rise, which is more globally-driven. 

For example, it may be a heftier endeavor to slow sea level rise-induced coastal forest mortality 

than to encourage landowners to enroll in carbon sequestration programs that will offset some of 

the losses from sea level rise.  Obviously, more complex modeling is necessary to inform real 

world decisions, as GWR is generally viewed as a tool for descriptive and exploratory data analysis 

(Finley, 2011). This analysis is the critical first step toward understanding the spatial drivers of 

carbon declines in coastal vegetated ecosystems.  
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CHAPTER 4 

 

SOCIO-SPATIAL FACTORS DETERMINE LANDOWNERS’ 

INTEREST IN SEA LEVEL RISE ADAPTATION PROGRAMS 

 

 

4.1. INTRODUCTION 

Sea level rise and salinization of freshwater ecosystems will have unprecedented negative 

impacts on the livelihoods of natural-resource dependent coastal communities (Sweet et al., 2014; 

Cinner et al., 2018). These threats position rural coastal communities on the front lines of climate 

change. Adaptation, by employing land management practices that moderate the negative effects 

of sea level rise, will be a critical strategy to reduce the socio-economic vulnerability of natural 

resource dependent communities. Although the development of formalized adaptation strategies 

is on the rise, on-the-ground implementation is still largely lacking (Woodruff and Stults, 2016). 

In the aggregate, the adaptive capacity of coastal communities depends, to a large degree, on the 

individual decisions of agricultural and forest landowners who manage a disproportionate amount 

of the coastal landscape (NOAA, 2010; Homer et al., 2015). Consequently, it is critical to 

understand the factors that drive the adaptive land management decision making of rural coastal 

landowners; as the persistence of many coastal communities and ecosystems hinge on their 

adaptive behaviors.  

Research on climate change adaptation strategies within the agricultural and forestry 

sectors is on the rise (4th NCA, 2014; Woodruff and Stults, 2016). Yet, despite the success or 

appeal of these innovations in concept or in test locations, their benefits will only be obtained if 

private landowners are actually willing to implement them on their own properties. Very little 

research has been conducted to identify the factors that contribute to adoption of climate change 

adaptation practices amongst agricultural and forest landowners. Currently, there is a gap in our 

understanding of the factors that drive agricultural and forest landowners’ willingness to enroll in 

climate adaptation programs. When it comes to making adaptation decisions, there are multiple 



 

87 

 

and at times, conflicting motivations that can guide agricultural and forest landowners’ decisions. 

In the context of adaptation decisions involving land management activities, there has been a gap 

in research testing the influence of social norms, spatial context, and risk perceptions. This gap 

may be due to the inherent challenges of eliciting behavioral intentions related to climate change, 

which in many agricultural and forest landowners’ minds is clouded by uncertainty, long time 

scales, and diffuse impacts. Additionally, understanding adaptive behaviors requires asking 

landowners to consider situations for which they have no past experience or existing decision rules; 

in essence they are being asked to adopt ‘out-of-sample’ measures. Therein lies the challenge in 

describing the individual and social behaviors that underpin adaptation.  

In this study, we used stated-preference methods to elicit coastal landowners’ intentions to 

enroll in an incentives-based program that encourages adaptive land management activities to 

reduce the negative impacts of sea level rise to properties. The objective of this research is to gain 

a better understanding of the factors driving participation in sea level rise adaptation within a rural 

coastal region consisting of highly natural resource-dependent communities. Specifically, we 

sought to answer the following research questions: 

(1) what landowner characteristics are associated with participation in adaptation programs; 

(2) are preferred program attributes for adaptation similar to those found in previous research 

for conservation programs; 

(3) do social norms and landowner social sensitivity increase participation; 

(4) what is the effect of risk perception on willingness to participate; and  

(5) what is the influence of spatial context on willingness to enroll in an adaptation program? 

 

4.1.1. Coastal sea level rise adaptation in the Southeast U.S. 

According to the Intergovernmental Panel on Climate Change (IPCC), adaptation is an 

adjustment in natural or human systems in response to actual or expected climatic stimuli or their 

effects, which moderates harm or exploits beneficial opportunities (McCarthy, 2001; IPCC, 2014). 

Adaptation is a form of iterative risk management. Adaptation actions aim to reduce exposure to 

threats and the degree to which a system is adversely affected by exposure, while increasing the 

adaptive capacity or resilience of the system. Adaptive capacity is the ability to prepare for, adjust 

to, respond to, and recover from threats (IPCC, 2014). Coastal sea level rise adaptation is a unique 

form of adaptation, as coastal communities are largely at the forefront of climate change impacts. 
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Global average sea level has risen about 16-21cm since 1900, with almost half the rise occurring 

since 1993 as oceans have warmed and land-based ice has melted. Relative to the year 2000, sea 

level is very likely to rise 0.3 to 1.3m by the end of the century, with possibly a rise as much as 

2.4m feasible (Melillo et al., 2014; Kopp et al., 2017; Sweet et al., 2017). The increasing sea levels 

only serve to exacerbate the severity, extent, and frequency of ever more common large storm 

events, also driven by climate change. For coastal agricultural and forest landowners, increased 

flood and salinization damage from coastal storm surges can render crops unsuitable for market, 

delay planting, and damage young plants. Recent economic losses from 2018’s Hurricane Florence 

totaled more than $1.1 billion for North Carolina farmers and livestock growers, with damaged 

and destroyed row crops valued at nearly $987 million. In addition to row crops, estimated losses 

for commercial forestry operations totaled $70 million.  These losses far exceeded those of 2016’s 

Hurricane Matthew, despite the extensive flooding that occurred after that storm (USDA, 2018).  

Coastal agricultural and forest land management activities can be used to reduce the 

negative consequences of sea level rise and saltwater intrusion. Crop and vegetation diversification 

are commonly mentioned adaptation strategies for both agricultural and forest landowners 

(Janowiak et al., 2011; Janowiak et al., 2014; Hatfield et al., 2011; Walsh et al., 2014; Stein et al, 

2014; McGranahan 2014). Activities supporting these strategies include: 

 selecting mixes of tree species or species adapted to a range of growth and 

disturbance conditions; 

 converting areas to perennial crops like grasses, shrubs, or tree crops; 

 complementing existing annual cropping systems with new combinations of 

varieties more resistant to floods and saltwater; 

 and increasing landscape diversity and connectivity.   

All of these activities as implemented, provide multiple benefits as they not only serve the purpose 

of mitigating risks but also improve overall biodiversity, wildlife habitat, connectivity, and 

resilience. All of the potential adaptation strategies available to agricultural and forest landowners 

not only serve to reduce individual risk, but also provide a broader range of ecosystem services 

like carbon sequestration, storm buffers, wildlife habitat, recreation opportunities, and increased 

biodiversity. Thus investing in adaptation activities provides dual benefits – protection from 

climate-related threats as well as increased ecosystem services provisioning. (Swanston and 

Janowiak 2012; Liebman and Schulte, 2015). However, for these benefits to be realized, a 
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substantial proportion of coastal agricultural and forest landowners must be involved in 

implementing adaptive land management decisions.  

4.1.2. Factors influencing landowners’ adaptive decision-making behaviors  

Adaptation is also a socio-cognitive process that involves ever-evolving individual 

perceptions about climate change risks (Grothmann & Patt, 2005; Leiserowitz, 2006; Jurjonas & 

Seekamp, 2018). The ability of coastal communities to adapt to the undesirable consequences of 

climate change depends on the individual adaptation actions of agricultural and forest landowners. 

Landowners are often thought of as economically rational utility maximizers that are motivated by 

the desire to maximize financial returns (Sun & Müller, 2012). Hesitance to change land 

management strategies is often attributed to perceived uncertainties about financial returns. 

However, human employ a variety of strategies in land-use decisions that extend beyond the 

maximization of profits or minimization of risks.  

Adaptation requires a change in current land management behaviors, the capacity for which 

is affected by a wide range of financial as well as social and psychological factors like cultural 

habits, past experiences, attitudes or beliefs, and normative influences (Meyfroidt, 2013).  Little 

empirical research exists on factors’ influencing agricultural and forest owners’ interest in 

adaptation incentive programs aimed at reducing the negative consequences of sea level rise and 

salinization while providing additional ecosystem benefits. However, we can draw from the 

extensive literature on forest and agricultural landowners’ willingness to participate in broader 

incentive-based conservation programs (e.g. Beach et al., 2005; Engel et al., 2008; Kauneckis & 

York, 2009; Sorice et al., 2013; Knoot et al., 2015; Smith et al., 2017). For example, Beach and 

others (2005) indicated that there were four major drivers of private non-industrial forest owners’ 

behavior, which included market drivers, policy variables, owner characteristics, and resource 

condition. As such, it is expected that program characteristics might influence program 

participation, and in fact, research has examined several program attributes’ influence on program 

participation. It has also been found that landowners generally prefer higher financial incentives 

and shorter contract lengths (Kramer et al., 2004; Eisen-Hecht et al., 2005; Markowksi-Lindsay et 

al., 2011; Rabotyagov & Lin, 2013). The influence of program administration has been mixed in 

previous research with several studies indicating no significant influence across different 

institutional arrangements (Kramer et al., 2004; Knoot et al., 2015; Smith et al., 2017) despite other 

research suggesting preferences for decentralized governance structures (Zanella et al., 2014).  
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This literature has also shed some light on characteristics of landowners that are positively 

correlated with program participation. Factors like sense of place, natural-resource dependence, 

conservation ethics, stewardship obligations, and appreciation of beauty in nature have been 

empirically tied to the willingness of landowners to participate in incentive-based conservation 

programs (Kauneckis & York, 2009; Sorice et al., 2013; Dorning et al., 2015). Given that many 

adaptation programs may, in fact, mirror voluntary or incentive-based conservation programs 

when operationalized, we wanted to explore if the landowners’ preferences toward incentive-based 

conservation programs were similarly exhibited in preferences for adaptation incentives programs. 

Additionally, we were interested in determining if the same landowner characteristics that drive 

conservation program participation also drive interest in adaptation program participation. But 

because adaptation decisions are situated within the context of threat from climate change, we 

posited that risk perception as well as social and spatial contexts would be particularly salient in 

adaptive decision-making processes. Adaptive decisions are not made in isolation; rather, they are 

made in social and spatial contexts. Despite this relatively intuitive observation, limited research 

has examined the interaction between normative influence, spatial context, and risk perception and 

how these factors can directly and indirectly affect adaptation participation.  

 

4.1.3 Influence of social norms, social networks, & information diffusion on adaptive behaviors 

Primary among the exogenous factors that influence landowners’ decisions are social 

(peer) influences (Prell and Bodin, 2011) because individuals rarely make decisions in isolation. 

Individuals make land-use decisions not only based on their socioeconomic characteristics and 

physical traits of their land, but they also learn from and adopt other landowners’ actions and 

exhibit contingent behavior in the process of adopting a policy or technology (Weisbuch, 2000; 

Weisbuch et al., 2003). Whether acknowledged by the individual or not, decisions influence and 

are influenced by others. Indirect influences can be diffused through changes in the individuals’ 

shared environment or via social norms, which in turn alter the individuals’ perceptions of their 

environment and perceptions of which decisions are socially acceptable. When facing the decision 

to adopt an innovation, a new product or a practice, individuals mutually influence each other’s 

beliefs for informational and normative reasons (Deffuant et al., 2000; Wejnert, 2002; Weisbuch 

et al., 2003).  
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In addition to indirect influences, landowners’ decisions can be affected by direct social 

(peer) influence, through the sharing of information or resources. At the broadest level, social 

norms can be defined as shared understandings of how individual members in a community will 

behave in a given circumstance (Coleman, 1990; Bendor & Swistak, 2001; Nyborg et al., 2016; 

Ostrom, 2009). Social norms are studied within different social science disciplines as a key 

element affecting decision-making (Cialdini & Goldstein, 2004; Cialdini et al., 1990). According 

to the theory of descriptive norms, it is assumed that observing the behavior of others can have an 

impact on a person’s behavior. Other people’s behaviors can serve as a cue in deciding the proper 

action to take in a particular situation. Through repeated observations of others’ behaviors, 

individuals learn the descriptive norm, and thus, the dominant behavior observed becomes more 

salient. Studies indicate that both economic incentives and social norms are key factors 

determining behavior in common resources management contexts. Additionally, individuals 

whose land-use decisions differ from the majority in the community may be exposed to social 

pressures from the community (Chen et al., 2009). Riley (2006) found the influence of neighbors 

is characterized by three distinct phases: an information phase where program details are discussed 

between neighbors primarily before adoption; uptake as landholders were influenced by observing 

the practices of others already involved in a program; and conformity where neighbors reminded 

one another of obligations to ensure program guidelines are met (Riley, 2006; Torabi et al., 2016).  

Social norms have been shown to be important in collective actions for natural resource 

management.  Social norms emerge through interactions among stakeholders within social 

networks and observations of others’ behaviors (Chen et al., 2009; Chen et al., 2012). Both social 

norms and diffusion of innovations can be better understood by incorporating the relational 

structure of social networks, from which social norms emerge and through which, information is 

diffused. Previous theoretical and empirical work suggests social networks play an important role 

in the heterogeneity of land-management decisions (Cialdini & Goldstein, 2004; Cialdini et al., 

1990; Janssen & Ostrom, 2006; Norberg, 2005; Widener, Horner, & Metcalf, 2013). In fact, 

landowners’ social networks are critical to understanding land-use decision making processes. 

Socially connected individuals or neighbors can aid in the diffusion of knowledge, attitudes, or 

practices of adaptation. Recent research has identified the existence of social networks as the 

common thread in cases where different stakeholders have come together to effectively deal with 

natural resource problems.  
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Taking a relational approach to studying human behavior has led to a better understanding 

of many socially-dependent behavioral outcomes like obesity, poverty, smoking cessation, 

depression, and more (Shoham et al., 2012). Social networks can influence natural resource and 

land-use management through: (i) the generation, acquisition, and diffusion of knowledge 

(diffusion of innovation); (ii) allocation of key resources for effective governance; (iii) 

commitment to common rules among actors (social norms); and (iv) resolution of conflicts (Bodin 

& Crona, 2009). This relational approach can be extended to socially-dependent behavioral 

outcomes affecting land-use and land cover patterns (Bodin et al., 2006). It comprises diverse 

methods for the study of how resources, goods, and information flow through particular 

configurations of social ties. It is from and through these interactions that social norms and 

innovation diffusion emerge. These are critical factors influencing and framing outcomes of 

natural resource management and governance. For example, in Satake et al. (2007), the authors 

tested harvesting of a forested landscape in both a strongly-connected landowner society and a 

weakly-connected society. Simulation results suggested that landowners are familiar with one 

another in a strongly-connected society and have information about other landowners’ behaviors. 

In a weakly-connected society landowners do not communicate and need to make subjective 

predictions about the behaviors of others without adequate information. This arrangement leads to 

higher harvest rates in the weakly-connected than the strongly-connected society and the 

emergence of a more robust forested landscape in the strongly-connected society. 

The spatial autocorrelation and agglomeration patterns exhibited in land-use change often 

go beyond the clustered distribution of biophysical features of landscapes and are also 

characterized by social interactions among land managers (Verburg et al., 2004). Therefore, it is 

important to understand how the structural patterns of social networks may lead to patterns of land-

use on the landscape. In a proximity network, it is expected that land management activities would 

occur mainly in isolation, without much information sharing between landowners except for the 

closest neighbors. If this is the case in the proximity network, one would expect the spatial 

configuration of the adaptive land-use activities on the landscape to be highly localized and limited 

to relatively small neighborhoods. This localized effect has been demonstrated in relation to 

hurricane evacuation (Widener et. al., 2013). In networks with low densities, information about 

land-use activities and adaptive land management practices would travel through the network 

relatively slowly. This would allow for individuals to develop their own mental models of behavior 
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and potentially increase the diversity of opinion and experiences, which is beneficial when 

considering adaptive capacity or resilience of the system. This is consistent with Bodin and 

Norberg (2005), who found that networks of low to moderate link densities significantly increased 

the resilience of the utility returns. In networks with high densities, information transfer occurs 

quickly and it is possible that a dominant behavior becomes more salient due to the large number 

of links between other individuals. Networks of higher link densities have been shown to 

contribute to highly synchronized behaviors among agents, which can cause occasional large-scale 

ecological crises between periods of stable and high utility returns (Bodin and Norberg, 2005). 

Landowners frequently base their adoption decisions on information conveyed to them by 

their peers (Berger, 2004; Deffuant et al., 2000), make decisions under the influence of social 

norms (Chen et al., 2012, 2009a), and sometimes simply imitate the land-use practices adopted by 

their peers (Gotts and Polhill, 2009). As such, social norms and innovation diffusion processes can 

significantly influence landowner adaptive decision-making and in turn, the resilience and 

adaptive capacity of both the ecosystem and human community. Therefore, the normative 

influence of neighbors or adjacent landowners is highly relevant when considering decisions 

related to adoption of different land-use practices or enrollment in different climate change 

adaptation programs. When it comes to land management actions that require a change in current 

practices, it is important that landowners have appropriate access to information, whether this be 

through: (i) a formal network of extension agents and government personnel; (ii) an informal 

network with an innovative and trusted community member or local champion with a central 

position in the social network; or (iii) a combination of both formal and informal networks. For 

climate adaptation policies to have a chance at successful implementation, a better understanding 

of these social factors driving landowners’ adaptive decision-making is imperative. If proactive 

climate change communication efforts and adaptive land-use planning efforts are to be effective, 

science needs to provide a clear understanding of how these social (peer) influences shape 

landowners’ adaptive land-use decisions. The normative influence of neighbors or adjacent 

landowners is highly relevant when considering decisions related to adoption of different land-use 

practices designed to reduce the negative impacts of sea level rise of freshwater salinization. 

Despite its importance, the operationalization of normative influence on land-use decisions and 

interactions within social networks has been limited in studies of adaptation.  
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4.1.4. Choice under risk – landowner climate change risk perceptions   

Perceived risk is an important factor that shapes individuals’ adaptation decisions in the 

context of climate change (van Duinen et al., 2015). Both theoretical and empirical evidence 

suggest a positive causal relationship between perceived risk and adaptive decision-making. 

Prospect theory and salience theory can both be used to describe individuals’ choices under risk 

(Bordalo et al., 2013; De Palma et al., 2008; Filatova et al., 2011; Kahneman, 1979; Wakker, 

2010). Both theories suggest individuals’ decisions are biased as a result of their aversion to risk. 

According to these theories, individuals have a certain aversion to risk (prospect theory) that can 

be influenced or changed based upon past experiences and how recent influential events occurred 

(salience theory). With climate change, as risks become more imminent one might expect 

increasing perception of risk but, in fact, research has shown perceived risk remains low. In fact, 

many inhabitants of flood-prone areas worldwide have very low risk perceptions (Filatova, 2014) 

but this may change as the probability of extreme events (e.g., flooding and hurricanes) increases. 

Findings indicate that the strength of the relationship between perceived risk and support for 

adaptation action is influenced by the nature and magnitude of perceived risk and the specific type 

of action required to reduce potential vulnerabilities (Kettle & Dow, 2016). Differences in the 

levels of perceived risk can be mediated by heuristics, political ideologies, attitudes, environmental 

beliefs, and actual vulnerabilities (Grothmann and Patt, 2005; Leiserowitz, 2006; Adger, 2006; 

Adger et al., 2009). In essence, risk perception is influenced by both subjective and objective 

factors (van Duinen et al., 2015). This underscores the theoretical importance of understanding 

how perceived risk relates to support for adaptation. For effective climate change policy 

formulation, we must consider these adaptive choices under risk and the potential influence of 

these choices on the spatial patterns of land-use and land cover that can contribute to the health 

and well-being of the region into the future.  

The evolution of risk perceptions can be amplified by social interactions and opinions about 

hazards. Empirical research suggests that social networks can be an important factor in influencing 

farmers’ risk perceptions and adaptive behavior (Le Dang et al., 2014; Rebaudo & Dangles, 2015; 

Tang et al., 2013). Individual risk perceptions are susceptible to social norms through interactions 

within social networks. Social networks serve as a means to exchange information about risks and 

threats, leading to the amplification of risk. There is of course, significant heterogeneity among 

individuals in their receptiveness to this type of information from networks. Some individuals are 
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more sensitive to social influence than others and this sensitivity can heighten the influence of 

network information and social norms on their behaviors. Risk perceptions and social influence, 

through both social networks and social norms, are inextricably linked, play a large role in adaptive 

decision-making, and must be considered together for effective climate change policy formulation.  

 

4.1.5. Spatial context as a driver of program adoption 

Spatial context is another important factor shaping landowners’ decision making behaviors 

in both the context of conservation incentives program enrollment and perceptions of risk (e.g., 

incentives programs - Beach et al., 2005; Kauneckis & York, 2009; Dorning et al., 2015; risk 

perceptions – Gallopin, 2006; Botzen et al., 2009; Khan et al., 2012; van Duinen et al., 2015). It 

has been shown that the likelihood of agricultural and forest owners enrolling in conservation 

programs is influenced by the proportion of income they derive from their property, the size of 

their property, the number of additional properties they manage or own, and the mix of land-uses 

on their properties (Kauneckis & York, 2009). Dorning and others (2015) found that local land use 

patterns influenced landowners’ willingness to manage their landscapes for bioenegery. In their 

research, the rural nature of an area, as quantified by the amount of farmland surrounding a 

landowners’ property, had a statistically significant positive relationship on willingness to 

participate in bioenergy. van Duinen and others (2015) found that the percentage of land with 

salinization issues had a significant and strongly positive influence on farmer’s risk perception.  

The influence of the biophysical environment and the land-use characteristics of 

individuals’ properties may prove particularly important in adaption decisions in coastal areas 

given sea level rise impacts and geographic space are inextricably linked. Thus, the interaction 

between sea level rise and the geographic location of a property may have a significant influence 

on property owners’ perceived vulnerabilities as well as their motivations to make adaption 

decisions. We were specifically interested in understanding the influences of spatial context 

directly on interest in adaptation and indirectly through its influence on perceptions of risk. A 

better understanding of the ways geographic space influences adaptation decisions and how those 

decisions in turn impact the landscape is critical. These feedbacks are important as the success of 

coastal climate change adaptation programs will be dependent upon collective responses of 

landowners. To achieve landscape-level and community-wide benefits, adaptation programs 
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targeting private agricultural and forest landowners must be attractive to as many agricultural and 

forest landowners as possible. 

 

4.2. METHODS 

4.2.1. Study system 

The Albemarle-Pamlico peninsula is a landscape of approximately 6,600-km2 located west 

of the Albemarle-Pamlico estuary in eastern North Carolina (Figure 4.1a). A chain of barrier 

islands buffers the estuary from the Atlantic Ocean. More than fifty percent of the peninsula is 

comprised of wetlands like pocosin forests, loblolly pine flatwoods, and marshes dominated by 

black-needlerush (Juncus) and sawgrass (Cladium). While the peninsula provides significant 

ecosystem services, such as wildlife habitat, carbon sequestration, and storm surge protection, over 

half of this landscape is below 1m in elevation making it highly vulnerable to sea level rise (Figure 

4.1c).  

The study region, with a population of 100,000 is characterized by natural resource 

dependent livelihoods, high exposure to coastal climate change impacts, higher than state average 

poverty rates, an aging population, and distinct minority communities (Poulter et al., 2008; U.S. 

Census Bureau, 2010; Jurjonas & Seekamp, 2018)). The study region includes mainland Dare, 

mainland Hyde, Tyrrell, Washington, and Beaufort counties. Over 25% of the peninsula’s 

population is over 65 years old. The region has experienced little or no population growth in the 

last 10-years and is expected to see minimal population growth in the coming decades (U.S. Census 

Bureau, 2016). The average income and education level on the peninsula are lower than the nearby 

urban counties and roughly 18% of its residents are living in poverty (US Census Bureau, 2016). 

The mean annual household income for Hyde and Tyrrell counties combined is $42,679, while the 

national annual household mean is $79,883 (U.S. Census Bureau, 2016). Communities on the 

peninsula are primarily dependent on agriculture, timber, and commercial fisheries. Agriculture 

and forestry are two of the major sources of income, contributing to approximately $367 million 

in agriculture cash receipts and $342.8 million from forest output (NC State University 

Cooperative Extension, 2015).  

Given these demographics and the rural nature of the region, the peninsula is particularly 

vulnerable to sea level rise. In a recent study, Tyrrell County and Hyde County were mentioned as 

being at risk for extreme exposure to negative impacts from sea level rise, with 94% and 82% of 
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the projected population, respectively, at risk of a 1.8m rise in sea level by 2100 (Hauer et al., 

2016). The impacts of sea level rise are complicated by the extensive drainage and water 

management systems in the region that have been traditionally used to manage water flow for 

agricultural and forestry operations. This makes future temporal and spatial trajectories of sea level 

rise and saltwater intrusion uncertain because it is especially dependent on landowner decisions 

about water management (Poulter et al., 2009).  

 

Figure 4.1: Study area maps. (a) Southeast US with North Carolina’s Albemarle-Pamlico Peninsula as inset map; (b) 

parcel typologies developed for landowner sampling stratification; (c) area of the Albemarle-Pamlico Peninsula less 

than 1m in elevation; (d) parcels meeting requirements for the sampling frame (e.g., privately owned, less than 1m in 

elevation on any portion of property, greater than 5 acres in size, and owner’s permanent residence on the APP).  

 

4.2.2. Survey sample frame 

Parcel data from county tax assessors’ offices for Dare, Hyde, Tyrrell, Washington, and 

Beaufort counties were used to select a sample of landowners on the peninsula. To capture the 

heterogeneity of parcel land-uses, the sample was stratified based on broad categories or parcel 
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typologies (Figure 4.1b). These typologies were based on a k-means nearest neighbor cluster 

analysis. Data used to cluster the parcels into typologies included land-use and land cover 

classifications (NASS, CropScape, 2014), ditching and drainage (National Hydrography Dataset), 

elevation above sea level, and total parcel size. The resultant nine cluster solution was selected 

based on analysis of scree plots, exploratory data analysis, and examination of the descriptive 

statistics from the outputs. These typologies became the groupings from which the sample was 

stratified and samples were randomly drawn across three typologies of interest: forested; wetland; 

and agriculture. Of the approximately 67,000 parcels in the study area, approximately 29,000 were 

classified as ‘forested’; these had a mean parcel size of 28.2 acres (11.4 ha). A total of 11,000 

parcels were classified as agriculture; these had a mean size of 38.8 acres (15.7 ha). We included 

only those parcels that met the following requirements: (1) equal to or greater than 5 acres (2.02 

ha); (2) equal to or less than 1m in elevation on any portion of the parcel; (3) privately owned; and 

(4) permanent residence of landowner must be located on the Albemarle-Pamlico Peninsula. A 

total of 6,000 parcels (10%) were greater than five acres, less than 1m in elevation, and privately 

owned (Figure 1d). Of these, only approximately 3,500 had landowners whose permanent 

residence was also located on the peninsula.  

We randomly selected 500 agricultural, 500 forested, and 200 wetland parcels based on the 

number of parcels in each classification. From this oversample, we removed businesses or trusts 

(as specified in the parcel data as LLC, INC, HEIRS, CO, or TRUSTS), any address that was only 

a PO Box, and duplicate landowner entries (landowner’s will only be surveyed once and for one 

particular parcel even if they own multiple parcels). This was a multi-stage process in which we 

first selected landowners and then randomly sampled all of the parcels they owned, selecting only 

one. After removing duplicates, we resampled from our oversample until we met the required 

sample size of 180 parcels per type, giving us 360 potential sample parcels with oversamples 

available for both the agricultural and forested parcel types from which we could draw should 

issues arise with ownership or addresses.  

 

4.2.3. Data collection 

A modified drop-off and pick-up survey method was used to administer a survey to the 

landowners of sampled parcels (Steel et al., 2001; Allred and Davis, 2011). For each address in 

our sample, we attempted five contacts between February and May 2017. For the initial contact, 
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each potential participant received a mailed letter explaining the purpose of the study and the fact 

that we would be out in their community administering these surveys. The second contact attempt 

was made by a team of research assistants that visited each of the addresses to drop off a survey 

packet. The survey packet included a paper version of the survey, along with a letter explaining 

the purpose of the study, a postage-paid business reply envelope, and an information card with 

instructions for participating in associated incentive. If a potential respondent was not home at the 

time of our first visit, we attempted to make contact two more times before leaving the survey 

packet on their door. If contact was made, we informed the participant that they had the option of 

completing the survey and hanging it on their door for a pre-arranged pick up time or they could 

place their completed survey in the postage-paid business reply envelope and mail it back to us. If 

the respondent scheduled a survey pick up time and the survey packet was not on the door at that 

pre-arranged time, we left a reminder on the doorknob that requested the respondent mail the 

completed survey.  

After visiting all addresses, we mailed a reminder to the potential respondents that had yet 

to return their surveys. Finally, as a last attempt for the remaining respondents that hadn’t returned 

their survey, we mailed a new survey packet, a final notice letter, a postage-paid business reply 

envelope, and the incentive notecard. The incentive notecard in the survey packets thanked the 

respondent for participating and asked if participants wanted to enter an incentive raffle. To 

increase survey response rates, we raffled $50 gift cards to five randomly selected respondents.  

Each landowner was assigned a unique survey identification number to maintain confidentiality of 

the names and addresses. As part of the survey procedure, each landowner was asked to consider 

a specific parcel belonging him or her that may or may not be his/her permanent residence. We 

asked the landowner to respond to all questions in reference to this particular parcel, excluding 

additional properties the he or she might own. In associating the responses to a specific property, 

we could link the survey responses to specific landscape metrics derived from geospatial data.   

 

4.2.4. Survey instrument and measures 

4.2.4.1. Discrete choice experiment design 

We developed a discrete choice experiment to explore the contingent behaviors of 

landowners in response to hypothetical payments for enrollment in adaptation programs given 

scenarios with four varying attributes: payment; program administration; contract length; and 
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neighbor participation. Stated choice methods are commonly used to understand individuals’ 

behavioral responses to hypothetical choices (Louviere et al., 2000). Our goal was to understand 

which factors exhibit the most influence on landowners’ behavioral intentions, including the 

attributes of the program itself as well as psychological and sociodemographic characteristics of 

the landowner and the geophysical characteristics of his/her property. We selected discrete choice 

experiments because they require respondents to cognitively evaluate specific trade-offs among 

program attributes (Hanley et al., 2001). These methods allow respondents to consider new 

situations likely to unfold in a few years that have yet to be captured in landowners’ past 

experiences and decision rules. Thus, they are a well-suited tool to collect data on future adaptation 

behaviors.   

 

4.2.4.2. Scenario attributes 

Our discrete choice experiment examined factors influencing a landowner’s willingness to 

accept payment for implementing adaptation measures on his/her property. There are four 

attributes, each with at least two levels. In this experiment, there were 81 possible combinations 

of attribute levels. In stated-choice models, it is generally impractical and statistically inefficient 

to include all possible combinations of attribute levels within an experiment. Instead, a subset of 

the attribute combinations that maintains independent variation among the attributes is usually 

used. To understand the main effects of each scenario on landowner decisions, we used a main-

effects design in which each of the four attribute arrays are orthogonal to one another. In this study, 

the survey respondents were randomly divided into four groups and the groups were administered 

four different surveys with four choice questions so that there was no need for each respondent to 

consider and respond to the full suite of potential scenarios; this was done to avoid survey fatigue. 

We designed the scenarios to capture a range of conditions, some of which are currently feasible 

and some of which might be feasible in the future. To elicit the most valid responses, the survey 

instrument included a narrative frame describing the general characteristics of the situation and the 

adaptation program. Following a narrative framing statement, respondents were given four discrete 

choice questions, each with two scenarios, from which they were asked to select their most 

preferred scenario. The more-preferred scenario in each choice set was coded as ‘1’ and the less-

preferred scenario was coded as ‘0’. Respondents were also given an opt-out response option to 

avoid the likelihood of a landowner providing a response if he or she felt uninformed or unqualified 
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to make a decision (Banzaf et al., 2001; Kontoleon and Yabe, 2003). The opt-out responses were 

not removed from the analysis but rather treated as unwilling (‘0s’) in all scenarios across all four 

choice questions.  

Payment per acre per year. Survey respondents were informed that payment per acre per 

year referred to the amount they would be paid for enrolling a portion of their property in a program 

that requires implementation of adaptation measures. There were three levels of payment ($75, 

$140, and $225), the values of which were derived based on the approximate cost of preparing 

soils and planting more salt-tolerant trees/crops and current payments offered by environmental 

cost-share programs like the Environmental Quality Incentives Program (EQIP) (NRCS, 2015). 

EQIP is a voluntary conservation program that helps agricultural producers in a manner that 

promotes agricultural production and environmental quality as compatible goals. Through EQIP, 

agricultural producers receive financial and technical assistance to implement conservation 

practices that optimize environmental benefits on working agricultural land.   

Program administration. We included three levels of program administration – federal 

agency, state agency, and conservation organization. Previous research on enrollment in payment 

for ecosystem services programs has shown trust in government agencies or entities administering 

the programs play a pivotal role in whether or not a landowner will participate. Distrust is partly 

the result of a tendency for conservation policy to clash with entrenched landholder perspectives 

on rights afforded to them by private property ownership (Cooke et al., 2016). If a previous 

conservation initiative in the region has been poorly received, a perception of agency 

incompetence among landholders can emerge (Leahy and Anderson, 2008). 

Contract length. We included two levels of program length (5 years and 15 years). The 

lengths chosen are slightly shorter than other conservation contract terms but given the dynamic 

nature of sea level rise, we felt that contract length longer that those listed were not as appropriate. 

Contract length was included as an attribute given previous research has shown that landowners 

are concerned about permanent enrollment terms, and that long or permanent enrollment may 

discourage participation (Kramer et al., 2009). When enrolling in conservation programs, 

landowners prefer to maintain control of their land-use options and prefer shorter and less 

restrictive contracts (Kramer et al., 2004; Eisen-Hecht et al., 2005). 

Neighborhood participation. To examine the potential influence of social norms or 

networks on decisions to enroll in adaptation programs we examined three levels of neighborhood 
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participation (no neighbors participating, majority of neighbors participating, or all neighbors 

participating in an adaptation program). 

 

4.2.4.3. Individual attributes  

In addition to examining the influence of the scenario attributes on enrollment in adaptation 

programs, we also wanted to examine the influence of individual attributes like socio-demographic 

factors, risk perceptions, and landscape context on respondents’ choices. In addition to the discrete 

choice experiment, the survey included socio-demographic questions (age, sex, residence on 

property in question, residence time within 50 miles of current residence, income, education, and 

race), questions about land management activities and information sources, and climate change 

risk perception questions (for the full survey questionnaire, see Appendix C). These questions were 

developed to better understand the diversity of land management activities and potential 

information sources for land management practices in the study area. Perceived risk was assessed 

using a set of nine questions about current and future flooding, saltwater intrusion, and temperature 

variation risk. For the risk perception questions, respondents were asked to indicate their level of 

agreement with specific statements; possible response option ranged from strongly disagree to 

agree. Two combined risk scores were developed from these questions – one for flooding and one 

for saltwater intrusion. The score was based on the combined average risk value of current and 

future flooding and saltwater intrusion risk. Responses marked as ‘unsure’ for these agreement 

questions were removed from the discrete choice experiment analysis. Geospatial data were used 

to extract landscape information describing the geophysical characteristics of the unique sampled 

parcel each respondent was asked to consider. The characteristics we explored included distance 

to estuarine shoreline, elevation, water drainage density, land cover, harvest intensity index, and 

property acres. To understand the relationships between these questions and respondents’ 

probabilities of enrolling in an adaptation program at all (irrespective of any scenario attributes), 

we regressed each individual attribute against adaptation program enrollment choice. 

 

4.2.5. Analysis of discrete choice experiment 

Discrete choice experiments assume that when landowners are faced with a decision 

consisting of multiple components (choice scenarios) they will base their decision on that which 

maximizes their satisfaction or utility. A mixed effects logistic regression was used to determine 
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the probability that landowners would enroll their property in an adaptation program depending 

on the scenario and individual level attributes provided by estimating a utility function following 

McFadden (1974). The mixed effects logistic regression explicitly accounts for heterogeneity in 

preferences across the population and for correlation in unobserved factors that arise over repeated 

observations from the same individual (Dorning, et al., 2015; Gelman and Hill 2006; Train, 2009). 

The probability of individual n choosing to enroll (j) in choice scenario t is determined by: 

 

Pr(pnjt=1) = (eU
njt/(1+ eU

njt) 

 

where the utility is a function of the alternative and individual attributes as described in the 

following: 

Unjt = αnj + βxnjt +εnjt 

 

Unjt is the utility that individual n receives from choosing j in scenario t. αnj is the individual-

specific intercept for alternative j arising from n’s unobserved preferences. βj is a vector of 

coefficients that do not vary over individuals or choice questions, related to a vector of scenario 

and individual level attributes xnjt. We fit the model using Laplace approximation in the ‘lme4’ 

package in R (R Core Development Team, 2018). 

 

4.3. RESULTS 

4.3.1. Socio-demographic characteristics 

Contact was attempted at a total of 371 addresses. Of those addresses, 60 (16%) were not 

locatable in the field and deemed undeliverable by the post office during the mail attempt. We 

subsequently removed these from the potential sample. An additional 25 (7%) addresses were 

discovered to be abandoned homes when attempting contact in the field, leaving us with 286 

potential participants. Of those potential participants, 21 refused during contact at their residences. 

A total of 108 valid surveys were returned, giving us a 38% response rate. Survey respondents 

were typically male (79% for agricultural owners, 71% for forest owners) and the average age of 

respondents was over 65 (68 for agricultural and forest owners, Table 4.1). More than 50% of the 

respondents had attained at least some level of college education. Over half of the respondents 

resided on the sampled property and have owned the properties for approximately 30 years (33 
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years for agricultural owners and 27 years for forest owners). Average property size was slightly 

smaller for forest owners than agricultural owners (approximately 25 acres and 41 acres, 

respectively) and forest owners tended to live closer to the shoreline than agricultural landowners. 

The demographic characteristics of agricultural landowner respondents are similar to a previous 

mail survey administered on the Albemarle-Pamlico Peninsula in 2009. Of the 293 respondents in 

the previous mail survey, 92% were male, the average age was 60 years old, the most common 

level of educational attainment was high school, and the average income was %60-80k (Kramer 

et al., 2009). Similarly, the forest landowner respondents in our study shared very similar 

characteristics to those in the broader population of private forest landowners nationwide (Butler, 

2008). 

Table 4.1: Summary of socio-demographic and property characteristics of survey respondents. 

 Agricultural Owner Forest Owner 

Characteristics % Mean SD % Mean SD 

Individual Characteristics  

Gender (male) (NA=7) 78.7   71.4   

Race (NA=7)       

Asian 0   0   

American Indian or Alaska Native  0   0   

White  97.6   92.9   

Black or African American 2.4   1.8   

Native Hawaiian of Pacific Islander  0   0   

Prefer not to say 0   5.4   

Age (NA=8)  68.1 11.8  68.2 10.1 

Years Owned  (NA=0)  33.4 19.4  27.1 18.4 

Residence on Property (NA=1) 53.3    61.0  

Education (NA=7)       

Some high school 0    7.1  

High school or GED 28.6    26.8  

Some college 26.2    21.4  

Associate’s  23.8    16.1  

Bachelor’s 19.0    14.3  

Master’s  2.4    12.5  

PhD 0    1.8  

Prefer not to say  0    0  

Income (NA=7)       

Under $25,000 4.8     14.3 

$25,000-$34,999 4.8     12.5 

$35,000-$49,999 23.8     8.9 

$50,000-$74,999 23.8     17.9 

$75,000-$99,999 2.4     8.9 

Over $100,000 9.5     8.9 

Prefer not to say 31.0     28.6 

Property Characteristics  

Property Size (NA=3)*  41.1 37.7  24.5 22.8  

Written Management Plan (NA=2) 6.7   13.8    

Tax Program (NA=2)* 50.0   26.3    
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Table 4.1: Continued.        

Water Management Structure (NA=1) 28.3   24.1    

Elevation (m) (NA=3)  1.3 1.1  1.1 1.1  

Distance to shoreline (km) (NA=3)  3.8 3.  1.9 2.9  

Risk Perception 

Flood Risk Score (NA=11)  0.3 1.5  0.9 1.4  

SWI Risk Score (NA=12)  -0.1 1.6  0.2 1.6  

*Statistically significant difference, Fisher’s Exact Test, p-value <0.05 

 

4.3.2. Perceptions of risk among survey respondents 

Results from the original risk perception questions showed that landowners believe 

flooding is more of a risk than saltwater intrusion, both currently and in the future (Figure 4.2). 

According to landowners, flooding presents both a strong current and future risk whereas saltwater 

intrusion presents a stronger risk in the future than it does currently. Forest landowners tend to 

perceive more of a risk from both flooding and saltwater intrusion, both currently and in the future, 

than agricultural landowners. Almost one-quarter of the landowners did not feel strongly about the 

effectiveness of management activities at reducing flooding (20%) and saltwater intrusion risk 

(23%), as evidenced by selecting ‘neutral’ when asked. ‘Uncertain’ responses for the risk 

perception questions were not analyzed in this study and were treated as NA in subsequent 

regression models.  
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Figure 4.2: Survey responses to risk perception statements, grouped by landowner typology. 

 

4.3.3. Results from the discrete choice experiment 

About 19% of the respondents selected the ‘opt-out’ option, saying they would not enroll 

in an adaptation program under any of the conditions presented. Common reasons listed for 

landowners to opt out of program enrollment entirely were family or generational land transfer in 

the imminent future and no perceived risk to their property.  
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Approximately 28% of respondents only partially completed the discrete choice questions 

or left them blank; this left us with approximately 53% of the respondents indicating some interest 

in program enrollment (for the model with scenario attributes alone: N = 84, # of discrete choices 

= 656). We evaluated the differences between those that opted-out and those that did not against a 

suite of survey questions of interest, which were grouped into broad categories: 

demographic/property characteristics, social influence, landscape context, and risk perception. 

Responses to each of these questions were examined against each individual’s intention to enroll 

in an adaptation program under any circumstances (not considering programs attributes and 

levels). We found that income, residence on the property, interest in conservation program 

enrollment, and belief in the effectiveness of sea level rise management activities were the most 

important drivers of whether an individual would opt-out or not (Figure 4.3). Strong relationships 

(both statistically significant relationships and others) between the responses and stated intentions 

to enroll were tested for significance in subsequent regression models. 

 

Figure 4.3: Parameter estimates that have been converted to odds ratios for variables from the survey that 

potentially influence behavioral intentions with respect to adaptation program enrollment. Bars are 95% confidence 

intervals and dots are means. Variables have been grouped into broad categories relating to different sections of the 

survey aimed to elicit information about landowners, information networks, and risk perception. Landscape 

characteristics were derived from geospatial data. ** indicates statistically significant relationship at p-value<0.05 

and * indicates statistically significant relationship at p-value<0.10.  
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The results of the discrete choice experiment indicated that all scenario attributes were 

important factors in respondents’ willingness to enroll in an adaptation program (p<0.05, Table 

4.2) and that heterogeneity in landowner preferences was present as evidenced by the random 

effects intercepts for each landowner (Figure 4.4). We modeled choice based on the scenario 

attributes alone (referred to as Model 1) and based on both scenario- and individual-attributes 

(Model 2, Figure 4.5). Model results from the combined scenario- and individual-attributes showed 

that program administration had a significant effect on enrollment, with landowners preferring 

administration by conservation organizations over state agencies or the federal government (Wald 

test, X2=11.1; p>X2=0.004). Landowners were also more likely to enroll if their neighbors were 

participating in an adaptation program (Wald test, X2=7.8; p>X2=0.02), if the payment per acre per 

year was higher (p-value<0.001), and if the contract length was lower (p-value<0.001). Several 

characteristics of the landowners, as well as their relationships to the sampled properties, were 

important as well. For example, the longer a landowner owned his/her property, the less likely 

he/she was to enroll in an adaptation program (p-value = 0.09). The influence of the landowner’s 

perceived risk on willingness to enroll was conditional on distance to estuarine shoreline; meaning 

the closer a respondent’s property was to the shoreline, the greater the perceived risk and the more 

likely she/he was to indicate willingness to participate (p-value < 0.05). Agricultural and forest 

landowners differed in their decision-making processes, but these differences were not statistically 

significant (p-value = 0.15). Forest landowners were more likely to enroll in the adaptation 

program but less influenced by neighborhood participation than agricultural landowners.  

 

 

Figure 4.4: Heterogeneity in the random effects of landowner on model intercepts, sorted from negative to positive.  



 

109 

 

 

Figure 4.5: Parameter estimates converted to odds ratios from the final mixed effects logistic regression model 

considering the scenario levels alone (Model 1) and considering both scenario levels and individual/property 

attributes (Model 2). Bars are the 95% confidence intervals and bars that do not cross the axis at one are statistically 

significant.  

 

Table 4.2: Estimates from the mixed effects logistic regression predicting landowner’s probability of enrollment 

based on scenario levels and individual attributes. Estimates and 95% confidence intervals provided.  

WTA Scenario and Attribute Levels 

 Estimate   95% Confidence Interval 

Intercept -0.509      [-1.461, 0.444]    

Payment  1.283  *** [0.751, 1.816]    

Program Administrationa    

Federal Agency  -0.959  ** [-1.552, -0.366]    

State Agency  -0.192       [-0.673, 0.290]    

Neighborhood Participationb    

Majority of Neighbors 0.919  **  [0.229, 1.609]    

All Neighbors  0.946   *  [0.083, 1.809]    

Contract Length  -1.382  ***  [-1.851, -0.913] 

Land Typology - Forest 0.565       [-0.211, 1.341]    
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Table 4.2: Continued    

Years Owned -0.453     .  [-0.973, 0.066]    

SWI Risk Score:  Distance to Shoreline 0.225     *  [-0.002, 0.356]    

Majority Neighbors: Land Typology - Forest -1.253  **  [-2.165, -0.341] 

All Neighbors: Land Typology - Forest -0.018      [-1.123, 1.087]    

N 566           

N(Landowner)      72           

AIC 678.786       

BIC 735.188       

Table 4.2: Continued 

R2 (fixed) 0.205       

R2 (total) 0.342       

 *** p < 0.001;  ** p < 0.01;  * p < 0.05. ‘.’ 0.1 ‘ ’ 1 
aConservation Organization is base category|  
bNo neighbors is base category 

SWI = Saltwater Intrusion 

 

Predicted probabilities of enrollment indicate variability in the influence of payment and 

contract length across the three different program administration levels; these also vary between 

forest and agricultural landowners (Figure 4.6, Figure 4.7). Even at the lowest payments, 

agricultural landowners had an approximately 30% probability of enrolling under Federal Agency 

administration and this value increases to almost 50% for administration by a Conservation 

Organization. For forest landowners, there was an approximately 50% probability of enrollment 

under Federal Agency administration at the lowest payment level and this value increases to almost 

70% for administration by a Conservation Organization. Predicted probabilities for payments 

across different proportions of neighbors participating indicated a greater influence of 

neighborhood participation on enrollment under the different payment schemes for agricultural 

landowners than for forest owners (Figure 4.8). Agricultural landowners greatly increase their 

acceptance of lower enrollment payments when the majority or all of their neighbors are 

participating, compared to the scenario where none of their neighbors are participating.  
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Figure 4.6: Predicted probabilities of enrollment across different payments by program administration type for (a) 

agricultural landowners and (b) forest landowners, derived from a scenario based on average contract length and 

majority of neighbor participation. 
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Figure 4.7: Predicted probabilities of enrollment across different contract lengths by program administration type 

for (a) agricultural landowners and (b) forest landowners, derived from a scenario based on average payment and 

majority of neighbor participation. 
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Figure 4.8: Predicted probabilities of enrollment across different payments based on varying neighborhood 

participation levels for (a) agricultural landowners and (b) forest landowners, derived from a scenario based on 

average contract length and state agency program administration. 



   

114 

 

4.4. DISCUSSION 

Coastal climate adaptation planning can help identify and devise solutions to reduce the 

negative impacts of sea level rise and freshwater salinization. However, there is little empirical 

evidence of the content and quality of these plans because there has yet to be extensive on-the-

ground implementation (Woodruff and Stults, 2016; Vogel et al., 2017). Moreover, there is even 

less information on the factors that might influence landowners’ willingness to participate in 

adaptation planning despite the fact that the success of such plans largely hinges on landowner 

buy-in. With estimated annual adaptation costs valued between 10 and 100 billion U.S. dollars a 

year (Sussman, 2014), it’s critical to understand what drives landowners’ support for, and interest 

in climate adaptation programs. The purpose of this study was to gain a better understanding of 

the socio-spatial drivers of rural coastal landowners’ adaptive behaviors through the use of stated 

preference survey methods.  

 

4.4.1. Individual and property characteristics influencing participation 

Natural-resource dependence, like that exhibited on the Albemarle-Pamlico Peninsula, 

could be considered analogous or similar to place dependence or economic dependence. It has 

been shown that these attributes of landowners’ identity (which are often considered alongside 

place identity and place attachment; or sense of place) play an important role in conservation 

program or enrollment in payments for ecosystem services (Dorning et al., 2015; Smith et al., 

2017). We expected that the number of years a landowner owned a property or lived within 50 

miles of the property, would increase his or her likelihood of enrolling in a climate adaptation 

program. We found the opposite effect; the longer an individual owned his or her property, the less 

likely they were to be interested in any of the program options. This finding may be the result of 

an aging landowner population: aging out of active management of their properties, no longer 

generating a significant amount of income from their lands, and characterized by a general 

ambivalence toward the long-term impacts of sea level rise on their lands. For example, previous 

research has indicated negative relationships between age and both risk perception and adaptation 

(van Duinen et al., 2015; Uddin et al., 2014).  

The entire peninsula has a significantly large proportion of their population older than 65; 

this was reflected in the average age of our survey respondents (approximately 68). As such, it 
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may be reasonable that our results indicated a negative relationship between the number of years 

a landowner owned his property and interest in adaptation. This is further exemplified by one 

landowner noting on the survey instrument that most of the property on the peninsula is “being 

sold or given to the next generation. [I ] Really don’t think much will happen in my remaining 

years”. This may also be correlated to the high perceived percentage of land abandonment on the 

peninsula. Approximately 7% of the addresses attempted were abandoned home sites. And 

according to the U.S. Census Bureau, this region has been witness to outmigration of the younger 

generations. With younger generations moving to large urban centers and little projected 

population growth in the coming years, it is reasonable to expect more land abandonment in the 

near future. This bears the question of whether government buyouts might be an appropriate 

adaptation mechanism for some of these properties (Alexander et al., 2012). In situations where a 

landowner has willed property to children or grandchildren that no longer reside on the peninsula, 

government buyouts or fee simple purchases by conservation organizations may in fact, be a viable 

option. Then, adaptive management would be the responsibility of the entity that has purchased 

the property and neighboring landowners may be able to reap some of the protective benefits of 

the adaptive measures undertaken on these properties. If successful, these adaptive measures may 

motivate others to implement in a similar fashion, as normative influence appears strong in the 

sample of individuals surveyed in this study (discussed further in Section 4.4.4.).  

 

4.4.2. Program attributes associated with adaptation program interest   

We surveyed landowners’ willingness to enroll in adaptation programs by eliciting their 

responses to hypothetical scenarios of program options through discrete choice experiments. 

Consistent with previous research, we found that program characteristics like the amount of the 

payments and the length of the contracts are important factors shaping landowners’ willingness to 

enroll in adaptation programs. Landowners prefer higher payments for their enrollment but shorter 

contract lengths (Kramer et al., 2009; Cross et al, 2011). There was also a strong effect of program 

administration on program enrollment. In terms of the administering entity, conservation 

organizations were the most preferred option, followed by state agencies, and lastly the federal 

government. As landowners in the US have strong attitudes toward private property rights, one 

might expect landowners with strong attitudes toward property ownership to have particular 

perceptions about government involvement in the management of their property. Landowners have 
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often viewed regulatory interventions concerning environmental policies, particularly the 

regulatory command and control approaches traditionally favored by Western governments, as 

particularly onerous and undermining private property rights (Cooke et al., 2016). This has been 

shown to lead to perverse incentives that undermine any benefit derived from the programs (Cooke 

et al., 2016). Additionally, this clash between conservation policy and entrenched landholder 

perspectives on private property rights has resulted in distrust in government agencies (Cooke et 

al., 2016).  

Empirical evidence has shown that distrust in government agencies or entities 

administering programs plays a pivotal role in whether or not a landowner will participate in a 

program (Cooke et al., 2016; Walker et al., 2004; Zanella et al., 2014). If a previous conservation 

initiative in the region has been poorly received, a perception of agency incompetence among 

landholders can emerge (Leahy and Anderson, 2008). In our study area, past experiences with 

government conservation programs may have contributed to a sense of distrust in government 

management of natural resources or a perception of incompetence on behalf of the government. 

The attitudes of the landowners in the region toward particular governing entities might be one of 

great distrust. This lack of trust was directly corroborated by one respondent commenting on the 

survey instrument that he/she “does not trust the federal or state government.” Thus, 

implementation of an adaptation program by an NGO may be more successful. Interestingly, when 

asked about information sharing and information sources in the survey, landowners responded that 

they rarely communicated or shared information with conservation organizations, with only 7% of 

the survey respondents indicated that they interacted with conservation organizations at all (N=7, 

NA=9). Despite this, they found these non-governmental organizations the most preferred when it 

came to administering a land management program on their private property. Results suggest that 

top-down, one-size policies are not favored by landowners nor are they representative of either the 

experiences or the circumstances of local populations. More fitting may be grassroots process that 

are polycentric, multi-tiered governance structures that can build trust, agency, and incentives for 

involvement in adaptation.  

 

4.4.3. Risk perception  

Decisions to implement adaptation strategies are highly dependent upon individual risk 

perceptions because adaptation is a socio-cognitive process that is influenced by both subjective 
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and objective factors (Bubeck et al., 2012; Grothmann and Patt, 2005). Recent studies on farmer’s 

adaptive behaviors emphasize the positive causal relationship between risk perception and 

adaptive decision-making (Tucker et al., 2010; Arbuckle et al., 2013). Because humans are not 

perfectly rational and don’t have full knowledge of the environment within which we are acting, 

risk perception is influenced by social and economic norms, socio-demographic and psycho-

sociological factors (van Duinen et al., 2015; Kettle and Dow, 2016). Risk perception is much 

more nuanced and complicated than simple climate awareness. Not only is risk perception 

associated with the actual probability of climate-related impacts, but also the associated negative 

consequences, as well as the feelings of dread related to these events. And although biophysical 

characteristics influence risk perception, perceived risk often deviates from actual risk exposures 

(Gallopin, 2006; Khan et al., 2012).  

Given that risk perception extends beyond objective risk factors, how then can this 

knowledge be used by management to increase support for climate adaptation? Can this be used 

to anticipate or steer behavioral responses toward appropriate adaptation efforts to minimize risk? 

More than anything else, these findings suggest that no matter how much scientific information an 

individual may have about a particular threat; knowledge may not influence their perceived risk 

sufficiently to initiate adaptive action. Instead, risk perception is shaped by deeply rooted feelings 

and attitudes that may be difficult to influence at the management level. As such, these findings 

should remind us to avoid the assumption that an individual exposed to greater risk actually 

perceives greater risk (Wachinger et al., 2013). Communication efforts developed that rely on 

heightened risk perceptions to encourage adaptive action may not work in all situations. Therefore, 

it’s important to consider heterogeneity in risk perceptions and the diversification of 

communication agendas on the part of policy makes and management agencies.  

 

4.4.4. Social norms and information networks 

In our study, we found that neighborhood participation in adaptation increased survey 

respondents’ willingness to participate in an adaptation program. It’s possible that this is the effect 

of social norms. In Chen et al., (2009), in addition to payment level, social norms played a 

significant role in landowners’ decisions to reenroll their lands in payment for ecosystem services 

programs. If most people in the community were to enroll their land in a conservation program, 

the extra cost to the entity administering the program for conserving an additional unit of land 



   

118 

 

would be lower due to social norms. This is due to the fact that, even at lower compensation or 

payment levels, individuals are willing to enroll because their neighbors are also enrolling.  This 

is also the case in our study, suggesting that the incremental cost of providing adaptation assistance 

for another unit of land can be reduced when social norms are leveraged. This is an important 

finding given the limited resources currently available for adaptation activities. Given this, 

management agencies could leverage social norms as an important strategy for extending 

resources.  

If leveraging social norms, it’s important that landowners see examples of successful 

implementation to lend agency and trust in the process. Communication and information sharing 

through networks is important. Access to information about payment for ecosystem services 

programs has shown to be important drivers of participation, as is the way the information is 

communicated (Cooke et al., 2016; Kauneckis & York, 2009; Lindenberg & Steg, 2007; Zanella 

et al., 2014). Information can be accessed through either formal networks like cooperative 

extension agents or private consultants or informal social networks like neighbors, other 

landowners, or family and friends. In the agricultural sector, informal peer networks have been 

indicated as important sources of information (Feder and Slade, 1984; Wozniak, 1987; Manson et 

al, 2016).  Interestingly, the majority of respondents indicated that they did not share land 

management information with other individuals often. In fact, 84% of the survey respondents 

indicated that they consulted with other less than 25% of the time when making land management 

decisions on their properties (N=88, NA=3). Sixty-eight percent of respondents also indicated that 

they felt information about land management activities or new technologies related to land 

management traveled slowly across the Peninsula, with forest landowners perceiving even slower 

transfer of information than agricultural landowners (N = 40 for forest landowners, N = 26 for 

agricultural landowners; NA=10). Despite this seeming lack of communication via social networks 

on the peninsula, there is this stated peer or neighborhood influence on behavioral intentions. This 

has implications for management. For example, a lack of information about adaptation strategies 

and novel technologies could lead to a lack of interest in adaptation programs. Strategies to 

overcome this barrier include: enhanced communication campaigns from governance structures to 

increase interest and trust in the process and using local champions to operationalize existing 

strategies may be another option to increase overall participation and interest in programs.  
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Risk perceptions (as described in Section 4.4.3.) are also subject and susceptible to social 

norms through interactions within social networks. This is often referred to as the social 

amplification of risk (Kasperson et al., 1988). Social networks serve as mediums to exchange 

perceptions and information about risks. Receptiveness or sensitivity to this is dependent upon 

one’s desire to conform to social norms. This process can be used to validate one’s risk perception 

against the social norm (Tang et al., 2013; Willy, et al., 2013). Here, social networks can be 

leveraged to help communicate actual risk and encourage proper adaptation and mitigation 

activities to reduce socio-economic vulnerability to climate change.  

 

4.4.5. Landscape position and spatial context 

Spatial context also influenced willingness to participate in adaptation activities indirectly 

through its strong direct effect on landowners’ risk perceptions. Distance to shoreline, elevation, 

and fractional biomass declines were all significantly associated with flood risk perceptions and 

saltwater intrusion risk perceptions. The interaction between saltwater risk perception and distance 

to estuarine shoreline though, had a statistically significant effect on enrollment in an adaptation 

program. This suggests that distance to shoreline indirectly influences program enrollment through 

its positive effect on saltwater intrusion risk perception. This corroborates previous research where 

farmer’s drought risk perceptions reflected actual risk exposure and sensitivity (van Duinen et al., 

2015). Peacock et al., (2005) reported a significant correlation between residence in locations 

identified as high risk for hurricanes in Florida and their associated homeowner risk perception. 

Objective risk factors like distance to waterbodies and elevation have been shown to have a 

significant influence on risk perception in flood hazard studies as well (Botzen et al., 2009). 

Therefore, respondents’ location and proximity to hazards or threats can influence perceptions of 

risk. Using physical vulnerability, like proximity to a hazard or threat, is one means to identify 

areas that are most vulnerable and where individuals might be most amenable to implementation 

of adaptation or mitigation activities intended to reduce risks associated with climate change. 

However, it is important to note that the influence of spatial context is weak in comparison to other 

socio-cognitive processes (e.g. perceived behavioral control or personal efficacy) and 

socioeconomic characteristics. Therefore, spatial context must be considered in concert with other 

factors so that a more holistic perspective on adaptive decision-making can be achieved.  
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Regression results indicated that there were differences between the dominant land-use and 

land cover on survey respondents’ properties, specifically agriculture and forest. Forest 

landowners and agricultural landowners differed in their perceptions of climate change risks, their 

likelihoods of conservation program enrollment, and their sensitivity to neighbors and other 

landowner influences. On the peninsula, forest and agricultural landowners represent two 

divergent groups of landholdings, which can lead to subsequent divergence in landowner 

motivations. Properties both between and within groups can be equally as diverse - ranging from 

small landholdings with mixed land-uses to large intensively managed landholdings.  One can 

imagine that the opportunity costs for landowners of these different landholdings might be very 

different and might lead to different decisions regarding program enrollment. Studies have shown 

that these multi-land use characteristics have proven important when landowners consider placing 

their land in conservation easements (Kauneckis & York, 2009). Our study corroborates this 

finding by explicitly examining the inherent differences between landowners with different land-

use and land cover types on their properties. These groups are often studied independently but 

efforts to study the combined effects or interactions between the responses of different landowner 

groups to the same threats may prove insightful because landscapes are heterogeneous mosaics of 

different land-use types.  

4.4.6. Landscape-scale implications for adaptation  

Climate adaptation strategies often have dual benefits in that they not only protect 

individuals or communities from climate threats or risks but in their implementation they also 

provide additional ecosystem goods and services beyond that which was intended (Arkema et al., 

2013). Thus, in many cases the long-term benefits far exceed the near-term or up-front costs. As 

such, it is important for institutions to incentivize adaptation to help absorb some of the up-front 

costs – which in turn, will make it a lower stakes decision. This can help meet the critical 

participation needed to realize the benefits from the adaptation activity as well as the additional 

ecosystem goods and services provided.  

 

4.5. CONCLUSION 

Because the extent of future climate and sea level rise impacts is, uncertain as of yet, it is 

difficult to quantify potential adaptive behavior by landowners because it requires them to make 
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decisions for which they have no past experiences or decision rules. However, extensive research 

suggests landowner behavior is motivated by a suite of factors, primary among them being 

financial considerations. And although financial considerations are an important component, they 

are not the only one, particularly as it relates to climate and sea level rise adaptation. Coastal 

adaptation programs have the potential for success because of their dual benefit in that they 

encourage land-use behaviors that not only protect landowners from negative impacts of climate 

change but also provide additional ecosystem goods and services. Although adaptation planning 

is receiving greater attention, there has been little on-the-ground implementation to date. From 

research on payment for ecosystem services programs, placing too much emphasis on financial 

incentives can crowd out intrinsic motivations that have been documented empirically to drive 

conservation decisions. Even the intrinsic motivations of those individuals not affected by financial 

incentives may diminish (Lindenberg & Steg, 2007) and cause disillusionment with the process 

(Cooke et al., 2016). In addition, there is a concern that financial incentives could become a norm, 

engendering a culture of expectation amongst landowners towards subsidy payments for even 

basic land management tasks (Cooke et al., 2016).  

Incentive-based instruments should be considered as just one tool in the climate change 

adaptation toolset. If we acknowledge the substantive body of research that suggests individuals 

are motivated by a range of factors that include attitudes, subjective norms, and abilities, we can 

incorporate different tools adapted to the particular social context. Regardless of the program 

implemented, whether it be via a voluntary mechanism or a market-based mechanism, a program 

that incorporates stakeholders from the initial phases of policy development and continues to 

consider the stakeholders throughout the process, will be most successful. A careful consideration 

and sensitivity to the local context and history of government interaction will also lead to a better 

understanding on how to best communicate adaptation program policy. A program that encourages 

bottom-up approaches and collaborative governance structures will also likely witness more buy-

in from stakeholders, who will be more likely to feel a sense of ownership and attribute legitimacy 

to the program. Connections between community members and adaptation program administrators 

is critical to transfer important information to the community at large. Examples of successful 

adaptation implementation within a community or a local champion pioneering innovative 

strategies can serve to exponentially increase other landowner involvement.  
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In all, long term sustainability and socio-ecological resilience will be dependent upon the 

sustainability of the adaptation programs themselves. As with all decision-making processes, it is 

important to move away from the concept of individuals as economically-driven and consider that 

human decision-making is heterogeneous, driven by complex and at times, conflicting 

motivations.  A market-based incentive approach provides one method in a suite of potential 

approaches for adaptive decision-making and conservation. It does not have to be a stand-alone 

approach, but rather can be complemented by and situated within the larger context of both market 

and non-market interventions, interventions that address a range of landowner motivations and 

preferences for ecosystem services provision and protection. In this research, we have shown that 

rural coastal landowners are, in fact, interested and willing to implement adaptation measures on 

their properties through adaptation program enrollment. We have also shown that there are 

particular preferred adaptation program attributes that would increase enrollment. Outside of 

program attributes, we found that risk perceptions and social norms have a significant influence 

on intended adaptation program enrollment. Also indirectly influential is the spatial context and 

landscape position of a landowner’s property. These finding have important implications for policy 

and successful program implementation by administering entities. As we continue to explore 

climate change adaptation and efficacy, and as rural coastal communities are increasingly affected 

by negative impacts from climate change-associated events, understanding the drivers of 

adaptation adoption becomes ever more critical. As demonstrated here, the adaptation decisions of 

rural coastal landowners will continue to be key drivers shaping the future and ultimately, the 

socio-ecological resilience of coastal landscapes. 
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APPENDIX A 

 

CHAPTER 2 

 

 

 
 
Figure A.1: (a) Study area with 30 m wide transect highlighted; (b) Schematic of the forest-transition forest-marsh 

vegetation gradient; (c) aerial imagery of selected 30m transect within study area that represents the forest to marsh 

vegetation gradient; (d) lidar point clouds of 30 m transect of vegetation gradient (top image: overhead view, bottom 

image: side view). 
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Figure A.2:  A portion of the study area, showing the vegetation height difference map between the 2001 lidar top 

of canopy data normalized by the 2001 lidar-derived DEM and the 2001 top of canopy data normalized by the 2014 

DEM derived from the higher density lidar data.  
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Figure A.3: Kernel density estimates of lidar vegetation height distributions across the five major study areas and 

vegetation communities. 
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Figure A.4: Partial dependence plots showing relationships between the predictor variables from the 2001 final 

integrated model and total aboveground biomass. Fifty percent confidence intervals are shown in grey.  
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Figure A.5: Partial dependence plots showing relationships between the predictor variables from the 2014 final 

integrated model and total aboveground biomass. Fifty percent confidence intervals are shown in grey.  
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Figure A.6: Partial dependence plots of the top three predictor variables and their relationship with vegetation 

classes for the 2001 vegetation classification. 
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Figure A.7: Permuted variable contributions toward the classification of each vegetation type for the 2001 Random 

Forest classification model. Black color indicates statistically significant predictors (grey color indicates predictor is 

not statistically significant). X-axis represents mean decrease in accuracy 
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Figure A.8: Partial dependence plots of the top three predictor variables and their relationship with vegetation 

classes for the 2014 vegetation classification. 
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Figure A.9: Permuted variable contributions toward the classification of each vegetation type for the 2014 Random 

Forest classification model. Black color indicates statistically significant predictors (grey color indicates predictor is 

not statistically significant). X-axis represents mean decrease in accuracy. 
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APPENDIX B 

 

CHAPTER 3 

 

 

 

 
Figure B.1: Map showing spatial autocorrelation in the residuals from the ordinary least squares global regression 

model.   
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Figure B.2: Scaled predictor variables selected for use in the ordinary least squares global regression model and the 

local geographically weighted regression model.  
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Figure C.1: Albemarle-Pamlico Peninsula landowner survey.  
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Figure C.1: Continued.  
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Figure C.1: Continued.  
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Figure C.1: Continued.  
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Figure C.1: Continued.  
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Figure C.1: Continued.  
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Figure C.1: Continued.  
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Figure C.1: Continued.  
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Figure C.1: Continued.  
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Figure C.1: Continued.  


